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Abstract Time variant catchment transit time distributions are fundamental descriptors of catchment
function but yet not fully understood, characterized, and modeled. Here we present a new approach for use
with standard runoff and tracer data sets that is based on tracking of tracer and age information and time
variant catchment mixing. Our new approach is able to deal with nonstationarity of flow paths and catch-
ment mixing, and an irregular shape of the transit time distribution. The approach extracts information on
catchment mixing from the stable isotope time series instead of prior assumptions of mixing or the shape
of transit time distribution. We first demonstrate proof of concept of the approach with artificial data; the
Nash-Sutcliffe efficiencies in tracer and instantaneous transit times were >0.9. The model provides very
accurate estimates of time variant transit times when the boundary conditions and fluxes are fully known.
We then tested the model with real rainfall-runoff flow and isotope tracer time series from the H.J. Andrews
Watershed 10 (WS10) in Oregon. Model efficiencies were 0.37 for the '®0 modeling for a 2 year time series;
the efficiencies increased to 0.86 for the second year underlying the need of long time tracer time series
with a long overlap of tracer input and output. The approach was able to determine time variant transit
time of WS10 with field data and showed how it follows the storage dynamics and related changes in flow
paths where wet periods with high flows resulted in clearly shorter transit times compared to dry low flow
periods.

1. Introduction

Understanding the velocities, celerities, and transit time distributions of the headwater hydrograph is a
community challenge [McDonnell and Beven, 2014]. We now know that the time that it takes water particles
to travel through a catchment to a stream is different to the celerity that yields the hydrograph dynamics,
often observed as a fast responding hydrograph that mainly consists of old water [Kirchner, 2003]. Transit
time, the time water particles take to travel through the catchment, is therefore a fundamental descriptor of
catchment properties [McDonnell et al., 2010]. Mean transit times (MTT) and the transit time distributions
(TTD) (also referred to as the probability density function (pdf) of transit times) integrate catchment flow
path variability, and the combined effects of water storage and fluxes as water is transported through catch-
ments [Broxton et al., 2009; Botter et al.,, 2010; Benettin et al., 2013a, 2013b]. The traditional approach for
quantifying MTT and TTD of catchments is via the convolution integral that relates the input and the output
of a measured conservative tracer time series with a transfer function that determines the shape of the TTD
(for review see McGuire and McDonnell [2006]). While many studies have applied this approach since the
pioneering work of Dincer et al. [1970] and Maloszewski and Zuber [1982], recent papers have commented
on the assumptions and highlighted the limitations of the technique [Hrachowitz et al., 2010; Botter et al.,
2010; Rinaldo et al., 2011].

The main limitation with the standard convolution approach, as noted first by Niemi [1977] and restated
more recently by Hrachowitz et al. [2013], is that convolution usually does not account for the temporal
dynamics of water flow paths and their changing distributions through time, by simplifying the system to a
time invariant one. Time variance in the TTD has become the focus of recent studies [e.g., van der Velde
et al.,, 2010; Botter et al.,, 2010, 2011]—the consensus is that the assumption of time invariance will lead to
unrealistic representations of MTT [Rinaldo et al., 2011].
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The time variant transit time (TT) and TTD vary with different wetness conditions in catchments [e.g., Birkel
et al., 2012; Heidbuchel et al., 2013]. The time variance of TT and TTD can also be related to precipitation
regime and storage [Sayama and McDonnell, 2009]. Hrachowitz et al. [2009] showed the impact of meteoro-
logical boundary conditions on time variant TT by using a moving window in the parameter estimation of
the transfer function approach. They showed that the shape parameter of the TTD can be strongly corre-
lated to precipitation amount and intensity [Hrachowitz et al., 2010]. Recent theoretical work of Rinaldo et al.
[2011] showed that the time variant behavior of TT and TTD depends on hydrological forcing together with
evapotranspiration in addition to the storage and flow path distribution of the catchment. The TTD reflects
apparent mixing dynamics, variability in precipitation and evapotranspiration, and the related variability in
the hydrological response [Botter et al., 2010, 2011]. Catchment mixing is a concept that integrates flow
path variability, connectivity, and disconnectivity of different contributing storages, and “should not be
viewed as analogous to a physical ‘mixer’ stirring the water in the catchment” [van der Velde et al., 2015].
The influence of various combinations of catchment mixing on TTD was recently evaluated by van der Velde
et al. [2015]. A new concept of how catchment discharge “selects” water from within the storage (linked to
catchment mixing) has emerged in the literature [Botter et al., 2011; Hrachowitz et al., 2013; Harman, 2015;
van der Velde et al., 2015]. Harman [2015] summarized so-called “StorAge Selection” functions that control
the type of water released from a catchment following the framework of Botter et al. [2011]. Such selection
procedures are crucial to ultimately understanding how different catchments mix, store, and release water.

We now know that the time variant TTD has the potential to be highly irregular in shape [van der Velde
et al, 2010, 2012; Rinaldo et al., 2011; Botter, 2012]. Further, there are differences between the TTDs on injec-
tion time (i.e., the time it takes for a given rainfall parcel to travel through the system) and exit time (i.e., the
mean age and TTD of a water parcel leaving the system at time t). These different time perspectives are
important when considering how a distinct event propagates through the system or what comprises the
integrated response in catchment discharge. The different TT and TTD between water that leaves the sys-
tem via streamflow and water that leaves the system via evapotranspiration is also a point that needs to be
considered [Botter et al., 2011; Rinaldo et al., 2011].

So what is the way forward? It seems that advancements in developing a new theoretical foundation for
MTT and TTD have outpaced the collection and interpretation of field data. New data sets and data-based
approaches are needed to complement the theoretical work. Such approaches can lay the foundation of a
data-driven assessment of catchment mixing and will eventually allow catchment intercomparison that is
needed to understand the controls on TT and TTD.

Here we present data from the well-studied H.J. Andrews (HJA) watershed in Oregon and introduce a new
approach for selecting the discharge from a catchment by accounting for temporal variability of catchment
mixing. We use this approach for calculating time varying TTs and TTDs based on measured tracer input
and output data and the hydrological fluxes from a catchment. Our approach is designed to account for (i)
time variance in the transit time and the transit time distribution due to changing flow paths, (ii) the irregu-
lar shape of the transit time distribution, (i) the differences between the transit time distribution condi-
tional to injection time and exit time, and (iv) the differences between the transit time distribution and
residence time distribution (RTD, the age distribution of water stored in the catchment). Here we outline
this new approach. The objectives for this paper are to

1. present the new approach to quantify the time variance of TT and TTD
2. demonstrate the conceptual background and the validation of the approach using artificial data

3. demonstrate the application to field data from the well-characterized Watershed 10 (WS10) in the HJA
Experimental Forest, Oregon, USA.

2. Methods

2.1. Model Development

Our new field-based approach for determining catchment transit time and its time varying distributions is
shown conceptually in Figure 1. The approach is based on the conservation of mass where the components
of the water cycle are either measured or calculated. By conceptualizing the observed isotope time series to
be a sequence of “particles” to a system [cf. Botter et al., 2011], we derive the transit time distribution
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Figure 1. Conceptual diagram of the approach. The approach uses the input in form of tracer and hydrological time series and combines this with tracking of the stored tracer character-
istics and ages. DCM is calculated based on the distribution of tracer concentration and the measured tracer concentration in streamflow. The RSM distribution represents a randomly
sampled mixing distribution where particles have the same probability of being sampled, the UMD is a so called uniform mixed distribution, where every occurring tracer concentration
has the same probability of being sampled. The value of DCM determines the ratio of sampling between RSM and UMD, and this eventually results in modeled tracer concentration,
transit time, and transit time distribution of catchment discharge at every time step.

empirically. Therefore, fixed theoretical distributions such as a gamma distribution are not needed. Tracer
time series of precipitation and discharge are required for using the approach. First, we assume that with
every rainfall event a set of virtual particles enter the catchment with a distinct tracer concentration. The
catchment is conceptualized as a single compartment. The number of particles entering the compartment
per 1 mm precipitation is predefined (e.g., 100 particles per 1 mm precipitation), and the particles are mass/
volume conservative for all flow and storage components. Information, such as the stable isotopic composi-
tion of the related precipitation event and the date/time of the event is attached to each individual particle.
The particles enter the catchment storage and remain there (becoming progressively older with time) until
they leave the system via streamflow (and potentially evapotranspiration or loss to deep groundwater).
Since the number of particles entering the system is linked to the volume/mass of the corresponding pre-
Cipitation event, they are volume/mass conservative and determine the volume and age of the hydrological
storage (as long there are no subsurface inflows and outflows).

A master table (see example in Table 1) is used to contain the necessary information to track the particles in
the approach and is updated at each model time step. This master table contains flux and tracer informa-
tion. The table also keeps track of the amount of particles that are stored with a distinct time tag and its
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Table 1. Snap Shot of the Master Table That Tracks the Amount of Particles That are Stored at the Time Step t, the Corresponding Tracer
Value, the Number of Particles That Entered or Leave the System at Time t, and the Corresponding Tracer Concentrations®

Number of
Particle in Current Number
Precipitation Number of of Stored Particles
Time Precipitation Discharge 580 (%) in 580 (%) in Entering the Particle in of Time Tag at
Tag (mm) (mm) Precipitation Discharge System at Time t Discharge Time t
677 0 0.13 n/a —10.61 0 13 0
678 0 0.11 n/a —10.65 0 11 0
679 3.6 0.08 —9.98 —10.65 360 8 252
680 239 1.31 —9.42 —10.24 2390 131 1673
681 378 7.21 —10.31 —10.65 3780 721 2722
682 14.2 230 —17.06 —10.48 1420 230 937
683 19.1 4.28 —14.72 —10.55 1910 428 1299
684 13.5 4.25 —14.18 —10.57 1350 425 1013

“Time information is stored by the time tag and transit time of each particle can be calculated by the difference between the current
time and the time tag of the particle leaving the system.

related tracer concentration. The master table is the discretized form of the master equation similar to equa-
tion (3) in Botter et al. [2011]. At each time step a distinct number N of particles (proportional to the dis-
charge, e.g., 100 particles per 1 mm flow) leaves the system. These particles are sampled out of the particles
stored at time step t in the compartment (Table 1) accounting for the degree of mixing in the catchment.
The degree of catchment mixing (DCM(t)) is calculated at time step t based on equation (1). The concentra-
tion C at time step tis:

C(t)=DCM(t) XmRSM(t)+[1—DCM(t)] X mUMD(t) (1

where (C(t) is the tracer concentration at time t as a mixture of mRSM(t), the mean tracer concentration of
the randomly sampled mixing distribution of all stored particles at time t, and mUMD(t) the mean tracer
concentration of the uniform distribution of all stored particles at time t.

RSM is a randomly sampled mixing distribution [cf. Benettin et al., 2013b], where every stored particle has
the same probability of leaving the system. This assumption of randomly sampled mixing has a clear physi-
cal meaning and is frequently used in relation to solute transport and estimation of catchment transit times
[e.g., Hrachowitz et al., 2013; Benettin et al., 2013b; van der Velde et al., 2015]. UMD is a uniform mixed distri-
bution where every stored tracer concentration (i.e.,, assuming only one particle per tracer concentration)
has the same probability of leaving the system (with repetition, as long as the distinct tracer concentration
is available). The UMD implicitly gives higher weights to less frequent tracer concentrations. The UMD is the
most conservative distribution choice with highest uncertainty and suited when no prior information
[MacKay, 2003; Park and Bera, 2009] about flow paths and their interactions in the catchment exists. Using
the proposed approach to model catchment tracer time series allows temporal dynamic considerations for
catchment mixing.

DCM(t) is constrained between 0 and 1, where 1 denotes randomly sampled mixing and 0 denotes incomplete
mixing in the catchment (all particles are sampled out of UMD). Equation (1) is solved for DCM(t) at every time
step, resulting in a vector of the length t. At every time step, DCM(t) times N particles are drawn from the RSM
distribution and 1-DCM(t) times N particles are sampled from the UMD distribution out of all stored particles.
The modeled tracer concentration in the stream at time step t, C,,04 (1), is calculated as follows:

1 N
Crod ()= > Gt 2
i=1

where N is the total number of particles leaving the catchment via discharge, and C(t) is the tracer concen-
tration of each individual particle i that is leaving the catchment at time t.

The time variant transit time of the catchment at time, tvTT(t), is:

N
tvIT(t)= %Z tt;(t) (3)
i=1
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Figure 2. Artificial data used for the proof of concept with the virtual catchment. (top) Daily precipitation and daily discharge and (bottom)
daily 0 in precipitation.

where ttj(t) is the transit time of each individual particle i that is leaving the catchment at time step t.

The transit time distribution ttD(t) is conditional on the exit time, and is the empirical probability density
function of all tt; leaving the catchment at time step t [Rinaldo et al., 2011]. Furthermore, the model allows
calculation of the transit time distribution conditional to a recharge event at time step t, as soon as all par-
ticles of a recharge event leave the catchment. The Master Transit Time Distribution (MTTD) is also consid-
ered by following Heidbiichel et al. [2012]. At time step t the MTTD) (conditional on the exit time) is
constructed by superimposing all individual transit time distributions ttD(t), to give one empirical density
function:

MTTD=

t

ttD(t) 4

T
=1

where T is the end of the simulated period and ttD(t) the observed transit time distribution at time step t.

We used a Monte Carlo approach with different seeds to account for the process that different sets of par-
ticles are sampled at each time even with the same DCM. We determine C,,,oq (t), tvTT(t), ttD(t), and MTTD as
the mean of all individual Monte Carlo simulations. The particle selection approach is termed as DCMS
(degree of catchment mixing selection).

2.2. Model Proof of Concept Approach

We used an artificial data series as an initial proof of concept of the proposed DCMS approach. We assumed
a 2 year daily precipitation time series of a humid climate to drive the catchment dynamics (Figure 2). The
catchment is treated as a single storage model [Moore, 1997], and daily discharge is calculated with an
exponential storage equation initiated above a distinct storage threshold:

-1
Q(l’) = [SZ’OFGQE(I'* 1 )7chres}exp (T) (5)
where Q(t) is the discharge in mm at time step t, k is the outflow constant, storage (t-1) the stored amount
of water in mm at time step (t-1) and Qq,,es @ Storage threshold that needs to be exceeded to generate dis-
charge. We used 0.5 for k, and 5 mm for Qupyes.
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We also assumed a skewed sine-wave input of 80 with the precipitation available on a daily time step (Fig-
ure 2). These '®0 data were used in combination with an assumed DCM equaling 1 in a forward simulation
of particle transport to calculate 80 in the artificial catchment outflow.

Virtual particles enter the catchment storage with a distinct tracer composition and a time of recharge. For
each 1 mm of effective precipitation 100 virtual particles enter the system, since initial tests showed that
this is a good value that balanced calculation time and model accuracy. With the known outflow, a flow pro-
portional number of particles leave the system. All particles have the same probability of leaving the system
(DCM = 1) with discharge and were sampled out of the total particle population. The '®0 content at time t
is calculated following equation (2) and tvTT(t) is calculated based on equation (3). The modeled time series
of 80 and tvTT(t) are then treated as “observed” catchment data together with the precipitation and dis-
charge series. The initial storage of the catchment is set to 0.01 mm. To validate the developed model the
approach needs to reproduce the virtual '®0 time series and the time series of transit time reasonably well
by an inverse modeling approach.

As the last step we employed the described approach as an inverse model approach, where we minimized
the difference between C(t) and the observed streamflow tracer concentration and discharge is selected by
DCMS. We performed a Monte Carlo simulation (10 runs in this case), and calculated the coefficient of deter-
mination (R%) and Nash-Sutcliffe efficiency (NSE) of observation and model.

2.3. Model Testing With Field Data

2.3.1. Study Site and Data Set

The study was carried out in Watershed 10 at the H.J. Andrews Experimental Forest. Previous work there
has shown that the mean transit time of the catchment streamflow is 1.2 == 0.29 years based on a steady
state, time invariant convolution approach [McGuire et al., 2005]. The calculated soil water mean transit time
ranges from 10 to 25 days [McGuire and McDonnell, 2010] and the event water transit time varies between 8
and 34 h [McGuire and McDonnell, 2010].

The catchment drains an area of 10.2 ha in the west central Cascade Mountains of Oregon, USA (44.2°N,
122.26°W) and elevation ranges from 473 to 680 masl (Figure 3). The catchment is currently part of the NSF
Long-Term Ecological Research (LTER) program at the HJA and numerous hydrological process and model-
ing studies have been carried out at the site [Harr, 1977; McGuire et al., 2005, 2007; van Verseveld et al., 2009;
McGuire and McDonnell, 2010; Brooks et al., 2010; Gabrielli et al., 2012]. The climate is classified as Mediterra-
nean with wet, mild winters and dry, cool summers. Annual precipitation is 2200 mm (1979-2008) and falls
mainly between October and April. Transient snow accumulation is common, but rarely persists more than
1-2 weeks and generally melts within 1-2 days [Mazurkiewicz et al., 2008]. The catchment gradually wets-up
from October to December and maintains the wet conditions until late spring [McGuire and McDonnell,
2010]. The average annual runoff ratio is 0.56 while summer low flows can fall below 0.01 mm/h and the
largest peak flow reached 8.7 mm/h. Debris flows have scoured approximately the lower 60% of the stream
channel to bedrock and removed the riparian zone, which led to a runoff behavior dominated by hillslope
runoff with very little riparian volume or storage [Gabrielli et al., 2012]. Runoff generation in the catchment
shows clear thresholds, hysteresis, and event transit times varying with antecedent conditions [McGuire and
McDonnell, 2010]. The catchment is steep (30° to over 45°) and has an average soil depth of 1.3 m. The soils
are residual and colluvial well-aggregated, gravelly clay loam (Typic Dystrocryepts) derived from andesitic
tuffs (30%) and coarse breccias (70%) comprising the Little Butte Formation formed as the result of ashfall
and pyroclasitic flows from Oligocene-Early Miocene volcanic activity [Swanson and James, 1975; James,
1978]. The vegetation is second growth Douglas fir that naturally regenerated after a clearcut harvest in
1975.

Water levels at the flume were measured in 15 min intervals and transferred into discharge volume via
a rating curve. Precipitation was obtained from a nearby weather station (PRIMET, 430 masl). Stable iso-
tope data were available (6'80) from previous studies; see McGuire et al. [2005] and McGuire and McDon-
nell [2010] for details on sampling. We used available data from February 2001 to January 2003 (Figure
4) as model input. Daily precipitation and discharge values were calculated based on the available data
set. Most periods of the isotope time series were based on weekly sampling intervals with episodes of
daily precipitation and denser event based stream sampling. This time series was transferred into a daily
time series of stable isotopes in precipitation and streamflow. The isotope value of a precipitation
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2.3.2. Setup for WS10

The modeled mean transit time based on a steady state, time invariant method is 1.2 +0.29 years
[McGuire et al., 2005]. This and the rather short time series of 2 years made it necessary to repeat the avail-
able time series to determine the time variant transit time and account for spin-up time of the model.
Using a repeated time series of precipitation and discharge and '80 requires the same time length of all
time series. Thus we did not use the available precipitation samples prior to the start of the stream sam-
pling. A further requirement is that the catchment storage does have the same value at each beginning
of the repetition of the hydrometric time series (otherwise the storage would dry out or increase continu-
ously). Thus we used effective precipitation (Ps) as a percentage of precipitation (0.596). This value is the
observed mean runoff ratio of the 2 years. We used this as a constant reduction factor for precipitation
(0.596) to calculate P at every time throughout the model applications. This can be done since input
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Figure 4. (top) Daily precipitation and daily discharge of WS10, and (bottom) observed streamflow and precipitation 0 signal.
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Figure 5. Results of the proof of concept. (top) Modeled and observed artificial '®0 time series and (bottom) model and observed/known
time variant transit time.

and output flow weighted 80 signal are practically the same, which means that there seems to be no
preferential contribution of water from a distinct season. Thus evapotranspiration samples water ran-
domly from precipitation at each time step. Similar assumptions were made by Bertuzzo et al. [2013]; they
sampled evapotranspiration losses randomly out of the storage. We estimated the initial catchment stor-
age based on the average annual precipitation of the 2 year time series (1956 mm) and the mean transit
time calculated by McGuire et al. [2005] (1.2 years). We initialize the age distribution and 80 of particles
in initial storage following an exponential function with the mean residence time of 1.2 years (i.e., adding
stored particles in the system for the spin-up period). The isotope signal of these stored particles copies
the 2 year time series of observed precipitation, i.e., the youngest water has the isotopic signal of 31 Janu-
ary 2003. An appropriate initialization reduces the spin-up time in the model output but has no effect on
the overall results after a few year spin-up, because particles are removed from the catchment in a year
scale.

Initial tests showed that the model run yields the same transit time dynamics and modeled 80 in stream-
flow after five repetitions of the time series. In total we run 14 years (seven repetitions) of data and analyze
results based on the last 2 year period. We performed a Monte Carlo simulation of 100 model runs (with a
different seed for particle sampling) to model time variant transit times tvTT(t) and their distribution as the
mean of the 100 simulations, and 95%-confidence bounds of the simulations are also computed from the
simulations ensembles to quantify the uncertainty of the estimated time variant transit time from particle
sampling.

3. Results

3.1. Proof of Concept Results

The virtual and modeled '®0 time series matched exceptionally well (Figure 5). The mean value of the 10
different model runs (Figure 5, top) against the observed data showed an R? and a NSE of 0.998 each, with
hardly any differences between the simulations. The resulting time variant transit time (Figure 5, bottom)
based on 10 runs showed slightly lower model efficiencies with R? = 0.94 and NSE = 0.94. This confirms the
choice of the mixing distributions to be sufficient.
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Figure 6. (top) Observed and modeled '®0 time series in WS10, including the 95%-confidence bounds of the model results, and (bottom)
the modeled time variant catchment transit time and the 95%-confidence bounds.

3.2. Field Application Results

3.2.1. Modeling of %0

The model provided satisfactory simulations to the observed 2 year '80 time series (Figure 6, top) with R*> = 0.45
and NSE = 0.37. The model fit was remarkably different between the first and second year, with clearly better
results in the second year (R* = 0.32 and 0.76 and NSE = —0.07 and 0.86). This was perhaps not surprising con-
sidering that the mean transit time was more than a year and the data time series length was only 2 years. While
the stable isotopes leaving the catchment in the second year were observed within the precipitation time series,
the 80 data of the first year remain partly unaccounted in the model since the related precipitation events
occurred outside the model/observation period. During the first year the model underestimated the isotopic sig-
nature especially from summer 2001 to fall 2001 (but spring 2001 was modeled rather well). The model per-
formed very well during most of 2002 capturing the catchment isotope dynamics. In late 2002 and early 2003
the model had difficulty matching the measured '®0 dynamics. Here high frequency observations of several run-
off events showed short-term dynamics that our single storage model (without any fast flow components and
running in daily time steps) was unable to account for. The 95%-confidence bounds of the model shown in Fig-
ure 6 (top) show that the model was able to capture the observations with a few exceptions, including: runoff
events in spring 2001, winter of 2002, and some data during the summer low flow of 2001 (Figure 6, top).

3.2.2. Time Variant Transit Time Modeling and Catchment Mixing

With the DCMS approach we were able to model a time variant transit time over the observation period (Fig-
ure 6, bottom). The dynamics of the modeled transit times were generally linked to the dynamics of stream-
flow (Figure 7). Catchment transit time increased during the long dry season in WS10, while model output
was noisy during dry episodes. In fall 2001 the increase in transit time ceased after significant wet-up of the
catchment and increased streamflow. Stored water was flushed out of the catchment and replaced by new
water related to the main fall/winter precipitation input, thereby reducing the transit time. Mixing patterns on
WS10 shows some fuzzy behavior in the first year of observation and smoother dynamics in the second year
(Figure 8). WS10 is randomly sampled during most of the wet period in winter 2001/2002, at some phases
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Figure 7. Discharge (black) versus catchment transit time (blue) in WS10.
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Figure 8. Mixing dynamics in WS10, expressed by the variation of DCM (1 denotes randomly sampled mixing). Red line indicates the
median of all DCM, while blue lines are the DCM of the 100 Monte Carlo simulations.

during spring 2002, and approaches the state of randomly sampled mixing toward the end of 2002. During
the dry phase in summer 2001 and fall 2002 DCM stays at or approaches zero.

3.2.3. Individual and Master Transit Time Distribution

Our approach allows for examination of individual transit times in the stream water sample (conditional to the
exit time). It also enables examination of how an individual rain event travels through the system (transit time
distribution conditional to recharge time). Figure 9 shows four individual transit time distributions conditional
to the exit time at four points in time during the observation period (Figure 9). The ttD(t) at 14 April 2002 and
30 January 2003 represent higher flow stages, while the ttD(t) at 5 July 2002 and 13 October 2002 were
sampled at the beginning and toward the end of the summer low flow conditions of 2002. There was no sin-
gle smooth, continuous distribution that represented the shape of the ttD(t). Rather there were clear age gaps
in the distributions. The age gaps represented time periods without precipitation before the sampling date,
e.g. if no rainfall (and particle input) occurred 300 days before the sample, no particle with the age of 300
days can be found in streamflow. The most apparent difference is that the distributions during high flow are
denser in young age compared to low flow periods. The 10% percentiles are at 31 days (14 April 2002) and 29
days (30 January 2003) during the wet period, while this age is much higher for the dry period with 70 days (5
July 2002) and 139 days (13 October 2002). The difference between the wet/dry periods vanishes for the old-
est components (90th percentile), with water ages of 1080 days (14 April 2002), 943 days (5 July 2002), 1050
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Figure 9. Transit time distribution (conditional to the exit time) at 4 days during the observation period in WS10. The probability density represents the distinct fraction of transit time in
streamflow at the respective date. The four different times represent different flow stages with differences in the transit time distribution.
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days (13 October 2002), and 1101 days

Table 2. Percentiles of the Transit Time Distributions ttD(t) of Four Different . .
(30 January 2003). Details regarding

a
o Percentiles of ttD(t) these 4 transit time distributions can be

found in Table 2. These results are
Dk i 25 il 7t i related to the fact that the annual cli-
14 Apr 2002* 31 days 80 days 144 days 522 days 1080 days  mate cycle controls much of long-term
5 Jul 2002 70 days 134 days 217 days 526 days 943 days

130ct2002* 139 days  218days  308days  630days 1050 days behavnor, while short-terrp behav!or 15
30Jan2003  29days  73days  358days  626days  1101days Mainly controlled by single rainfall-
runoff events (Figure 9). The four distri-

butions also showed no ages older than

approximately 1900 days. This is consist-
ent with the MTTD (Figure 10) that showed no particles older than 2200 days. The MTTD indicated that water
was most likely to leave the catchment within one day. At higher transit times the MTTD showed strong vari-
ability. This is due to the fact that water is flushed out with subsequent precipitation events increasing the
probability at these distinct times. The MTTD allows examining the water fraction leaving the system between
distinct times. In this case 50% of the water had left the catchment after 329 days. This is in contrast with the
mean transit time of 415 days. After 1049 days 90% of the water had left the system, while 10% of water left
the catchment within 28 days. The transit time distributions conditional to injection exhibit different patterns
visualized with two precipitation events on 15 September 2001 (4.6 mm) and on 6 March 2002 (48.8 mm). The
large precipitation event during the wet season has a much longer transit time and some of its water remains
in the system over years (Figure 11, top right), while water from the September event is flushed out as soon
discharge increases after the dry season (Figure 11, top left). With this approach the discharge created by a
distinct event can be tracked over time (Figure 11, bottom).

“Dates marked with a (¥) are during the wet period.

4, Discussion

4.1. How This Work Compares to Other Approaches for Time Variant TTD?

Besides convolution-based approaches [Hrachowitz et al, 2010; Heidbiichel et al, 2012] hydrological models
can be used for predicting time variant transit time and transit time distributions of hydrological and hydro-
geological systems (run in a forward modeling scheme). Physics-based models combined with a particle track-
ing scheme [e.g., Kollet and Maxwell, 2008; de Rooij et al., 2013], particle tracking approaches, like the Multiple
Interacting Pathways (MIPs) model that uses particle tracking for flow and transport [Davies et al., 2011, 2013],
and solute transport schemes in rather conceptual models [Sayama and McDonnell, 2009; Hrachowitz et al,
2013] are at hand. Physics-based models require detailed knowledge about hillslope or catchment properties
such as hydraulic conductivity of the soil for their use. Further, the MIPs model requires assumptions of water
velocity distribution [Davis et al., 2013]. Even at the hillslope scale, such detailed data (and information on their

-2

107 N — e — — :
e ., et ..00'0"»‘Wﬂ.‘~.~.~Q
-3 .

10 . =
) ; . E
o PO
3 X "
= b é .
= at
2 10 F o=
g ;
[} [ % ;
o i i 3
> a5
£ 10°F $ i -
o F H 4
i ; Y oERe
e] I g
L sen

10°F T3

10-7 s s s MR | L ' L PR | L L s PR |

1 10 100 1000

Time (days)

Figure 10. Master transit time distribution (conditional to the exit time) of the available data set in WS10. The red line indicates the mean
transit time of WS10.
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Figure 11. Transit time distributions (conditional to injection time) for two rainfall events in HJIA WS10. (top) (left) The probability density function (15 September 2001) and (right) (6
March 2002). (bottom) How the two precipitation events propagate to discharge (their contribution is scaled by a factor 20) is shown. The vertical lines indicate the point in time of the

individual recharge events.

spatial distribution) is currently impossible to obtain [Harr, 1977]; and some data exist only for limited very well
studied experimental sites. The conceptual models need some assumption on the mixing within the model/
catchment. The presented approach does not require such detailed data sets and makes no assumptions
about the shape of the transit time distribution (they are nonparametric). Here we employ a particle-based
approach to track information like tracer concentration or time information, and solve catchment mixing inver-
sely based on the tracer data. The advantage of such an approach is that detailed catchment property informa-
tion is not needed which makes the approach relatively easy to apply over various hydrological scales. The
transport of the particles is solely dependent on the observed flow and by DCM, which is determined from the
tracer time series for every individual time step representing the mixing in the catchment, by inverse modeling.
Calculation of DCM in this way is eventually a data-driven approach to determine temporal variability in catch-
ment mixing, if the mixing distributions cover the range of potential mixing states. Moreover, the links
between mixing functions (e.g., w in the framework outlined by Botter et al. [2011] and used thereafter [e.g.,
Benettin et al., 2013a] or StorAge Selection (SAS) functions [Harman, 2015]) and the DCM should be explored in
future. A data-driven determination of these functions would be a next step in transit time research.

4.2. How Computed Time Variant TT and TTD at the HJ Andrews WS10 Compare to Other Catchments?
Transit time dynamics in WS10 followed storage dynamics, similar to model results by Sayama and McDon-
nell [2009], with longer transit times than in their work that provided no fit for the "0 data. WS10 shows
shorter transit times during wet catchment state and longer transit times during summer low flow. These
findings are similar to Birkel et al. [2012], who found that the shape parameter of the TTD changed with
antecedent wetness in the Wemyss catchment, Scotland. The MTTD can provide insight into the catchment
response characteristics. A water parcel is most likely to leave WS10 within 1 day after it precipitated. The
time it takes for 50% of the water to leave the WS10 catchment is shorter compared to the work of Heidbii-
chel et al. [2012] in the Marshall Gulch (MG) catchment, Arizona, USA, and the Rietholzbach (RHB) catch-
ment, Switzerland. In WS10 50% of the water leaves the catchment within 329 days, in MG within 380 days,
and in the RHB within 346 days. The first 10% of water of an event are leaving WS10 within 28 days and this
is slightly faster than in MG (32 days) and clearly faster than in the RHB (53 days) [Heidbiichel et al., 2012].
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However, some care needs to be taken here, because the compared results from the literature are based on
different approaches, with different assumptions of catchment mixing. We need to pay more attention on
the importance of how catchment mixing is implemented. For example, recent work by van der Velde et al.
[2015] showed the impact of different mixing assumptions on the resulting TTD for the MG catchment.

The generally fast response at HJA WS10 might be explained by differences in hydro-climatology and the
relation of storage, storage availability, and precipitation distribution and amount. Further studies are
needed to compare different catchment characteristics and their influence on the different parts of the
MTTD. The presented approach can be a valuable tool for additional catchment intercomparison even with
only limited data (i.e., tracer input-output and hydrometric time series).

4.3. A New Tool for the Experimental Hydrologist?

The nonstationary, nonlinear characteristics of hydrological response require new approaches in tracer hydrol-
ogy to determine the characteristics of catchment response with tracer data [Botter et al.,, 2010; Rinaldo et al.,
2011]. The DCMS approach is able to deal with time variance and the irregular shape of the TTD and extracts
information on time variant catchment mixing from the stable isotope time series instead of prior assump-
tions of mixing or the shape of TTD. The approach considers the time variability of water flow in the soil, cru-
cial for transit time determination [Rinaldo et al., 2011], although our approach simplifies the catchment as a
single storage [cf. Harman, 2015]. Nevertheless, this simplification in this approach brings us a step forward in
describing catchment TTDs in a time variant manner and with their irregular shape without a priori assump-
tions about catchment mixing [Botter et al., 2010, 2011; van der Velde et al., 2010, 2012; Benettin et al., 2013b].
It goes beyond previous established field methods that have used a time invariant mean transit time and an
assumption of the shape of the transfer function and thus the TTD. Most importantly, the approach helps the
experimental hydrologists better understand the behavior of their catchment, their TT, and TTD without the
requirement for demanding information about flow velocities or physical catchment properties as required in
more advanced hydrological models [e.g., MIPs by Davies et al., 2011, 2013]. Consistent with common trans-
port models, the approach can supply a full analysis of transit time distributions, conditional to exit or
recharge time, and of the storage within the catchment based on hydrometric and tracer data.

The mixing dynamics of a catchment are regarded as key control on the shape of the TTD [Botter et al., 2010]
and determining this a priori remains still a challenge in hydrology. Nevertheless, our choice of the mixing dis-
tributions (RSM and UMD) remains subjective, and more work on their selection is needed. We could imagine
linking observed dominated flow processes with the utilized distributions. For example, when preferential
flow dominates catchment response one of the distributions can account for a last in first out effect [Hracho-
witz et al., 2013], or another example is to go beyond two mixing distributions by using several tracers. Eventu-
ally, this should allow us to better understand the controls on observed mixing dynamics (Figure 8). Further,
the work can be extended in a way that the approach accounts for a more complex representation of catch-
ment structure using several storages [Benettin et al., 2013b; Hrachowitz et al., 2013], but this will depend on
the complexity of runoff generation and flow paths in the investigated catchment. In this paper, we employed
a simple scheme to account for precipitation, using Peff as a fixed ratio of precipitation, and thus sampling the
isotopic loss in evapotranspiration randomly out of precipitation at every time step. In general, the approach
is flexible, and the way evapotranspiration is realized should be guided by catchment properties and available
data. Nevertheless, the way evapotranspiration fluxes [see Botter et al., 2011] are accounted for remains chal-
lenging, although different sampling scheme exists [e.g., Bertuzzo et al,, 2013; Harman, 2015]. Ideally such sam-
pling schemes are based on data of stable isotopes in transpiration and evaporation fluxes, but such data are
very limited. Moreover, growing evidence of ecohydrological separation between transpiration and ground-
water recharge [Brooks et al., 2010; McDonnell, 2014] adds additional complexity. In some catchments fractio-
nation of stable isotopes can play a role, and might require adjustment [cf. Birkel et al., 2011]. Furthermore, the
current approach can be extended and modified to account for differences in short and long-term transit
times [e.g., Roa-Garcia and Weiler, 2010] that would allow better representation of the short-term components
of the transit time. Data sets like the one used, with a base flow sampling but also event-based hydrograph
sampling [McGuire et al., 2005; McGuire and McDonnell, 2010] are a first step toward quality data sets that
observe these short and long-term variations. McDonnell and Beven [2014] recently outlined the urgent need
for additional data sets of isotope time series in precipitation and streamflow, high frequency measurements,
and more contrasting catchment comparisons. This is consistent with other calls, that better understanding of
short and long-term variations in catchment transit time can be achieved by measuring stable isotopes in
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high frequency [cf. Kirchner et al., 2004]. The knowledge gain by high frequency data for hydrological process
studies [Birkel et al., 2012; Klaus et al., 2013; Pangle et al., 2013] is undebatable [Klaus and McDonnell, 2013] and
in reach with recent technological developments [Berman et al., 2009; Herbstritt et al., 2012; Stocker et al., 2012;
Pangle et al., 2013]. We agree with Rinaldo et al. [2011] that the availability of high quality data sets is a prereg-
uisite of further development and understanding of hydrological systems. With mostly weekly samples of pre-
cipitation and streamflow stable isotopes some limitations arise. Fast catchment responses and their link to
fast changing transit times will be overlooked with the inverse DCMS. Further, the assumption that the meas-
ured value of '80 in streamflow is constant until the next know sample can induce some high frequency noise
in DCM and the resulting transit time. Notwithstanding, we show here that the use of DCMS can yield insights
into the time variant transit times and their distributions when sampling densities are coarser than daily. Per-
haps a key factor for future progress is the generation of long-term data sets that extend beyond the usual 2
or 3 years of sampling. Future sampling campaigns need to account for the different characteristic transit
times between short-term and long-term response in their sampling, to better understand the multimodal
characteristics of TTD.

5. Conclusion

The presented approach calculates time variant transit times and transit time distributions of hydrological
systems based on time series of tracer input and output. The model performed very well in a virtual envi-
ronment with artificial data, and reproduced known transit time with a NSE > 0.9. This showed that the
approach supplies very good estimates of time variant transit times when the boundary conditions and
fluxes are fully known. Further the approach performs reasonable well when applied to WS10 of the HJA,
with a NSE of 0.37 for the 80 modeling for a 2 year time series (NSE of 0.86 for the second year), underlying
the need of long tracer time series with a long overlap of tracer input and output. The approach was able to
determine time variant transit time of WS10 with field data and showed how it follows the storage dynam-
ics where wet periods with high flows resulted in clearly shorter transit times compared to dry low flow
periods. The transit time distributions are highly irregular in shape and show that these distributions do not
follow a predetermined distribution such as the gamma or exponential distributions that are often used to
describe the TTD. The approach is able to distinguish between transit time distributions conditional to exit
and recharge times and can thus account for recently developed theoretical framework of time variant TT
and TTD. This new tool should usher reevaluation of hydrological transit times and their time variant charac-
teristics in the future, allowing for the time variance in catchment mixing determined by the 80 time series
sampled in the catchment outlet. It can also be extended to account for flexible model structures that
reflect catchment properties better than a simple one box approach.
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