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Abstract

The objective of the effort reported here was to evaluate the uncertainty resulting from
upscaling type transfer functions (TTFs), which are used for quantitative, regional-scale
agrochemical leaching estimates. TTFs are representative transfer functions for each soil
textural class that yield concentration breakthrough time series for a depth of interest for
ranges of conditions relevant to the transport processes that are important at the regional scale,
This study focused on the Loam textural class and on four selected sets of TTFs. Each
selected set of TTFs represents an increasingly greater degree of upscaling, with the total
number of TTFs in a set ranging from eight to one. TTF performance was compared to blocks
sampled from a field of process-based simulated stochastic concentration time series for the
Loam soil texture. Each set of TTF is tied to saturated hydraulic conductivity and soil
moisture information and applied to each block for the three sampling strategies. The results
show that uncertainty in TTF concentration estimates is significantly reduced when using the
set containing two TTFs as compared to the upscaled set containing one TTF. The uncertainty
in TTF estimates was not consistently reduced further by adding more TTFs to the set.

1. Introduction

Large-scale, modem agricultural practices involve the application of agriculturally related
chemicals, such as pesticides and fertilizers over areas spanning hundreds of square
kilometers. Depending on the depth of the water table, the chemical applied, the soil hydraulic
parameters, and the climatic conditions, agrochemical pollutants can potentially leach to the
water table and threaten water resources (Corwin e al,, 1999). In the framework of regulatory
decisions relating to agricultural policies and water resource protection it is of fundamental
importance to establish quantitative groundwater vulnerability estimates of pesticide leaching
at regional scales. For example, given information on a pesticide application at the surface,
the type of soils present, and the climatic conditions for an area under investigation, regulators
need the capability to produce a map or GIS database of solute concentrations in space and
time. However, these quantitative estimates are difficult or impossible to obtain, as both
regional-scale, unsaturated zone solute concentration measurements, and regional-scale
process-based numerical modeling have proven to be too expensive and time consuming
(Corwin et al,, [999).

Recently, the idea of upscaling a linear systems or transfer function (TF) approach, such that
it can provide quantitative estimates of groundwater vulnerability on the regional scale, has
been brought forward (Stewart and Loague, 1999). Transfer functions are impulse response
functions that characterize the internal dynamics of a system implicitly through a probability
density function. The new regional-scale approach is founded on the work of a previous
generation of researchers (e.g., Jury, 1982; Jury and Roth, 1990; Jury et al., 1982: White et
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agrochemical leaching studies.

The work presented here is part of a larger, ongoeing effort, which has a theoretical component
and an application for one of the most intensively farmed areas in the United States (the San
Joaquin Valley, California). In the theoretical component of the larger study, the optimal set
of TTFs is developed and tested with stochastic simulated data for each of the agriculturally
relevant soil textures: Sandy Loam, Loam, Silt Loam, Sandy Clay Loam, Clay Loam and Silty
Clay Loam. The optimal set of TTFs is subsequently applied, using soils, climate,
landuse/pesticide application, and irrigation information to make the first regional-scale,
quantitative groundwater vulnerability assessments for the San Joaquin Valley.

An important aspect of TTF model development is to establish the relationship between the
number of TTFs in the set, where a reduction of the total number is equivalent to upscaling
the TTFs, and the accuracy of the concentration estimates, given the constraints of
computational cost. For this reason, the objective of the work reported here was to quantify

as an example, The results of this study facilitated the selection of the optimal number of
TTFs for each soil textural class,

2. Methods

The development of TTF for this study was accomplished with the aid of simulated stochastic
data sets for each texture that take the place of observations, as regional-scale pesticide
leaching measurements in space and time are difficult, if not impossible, to obtain. The
simulated stochastic data sets were built from generated fields of ninc distributed soil
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Figurel, Two examples of the generated ficlds of nine distributed soil hyvdraulic input
parameters for the Lowmn soil wextural class. Each square field has a side length of 200 m.
cach square element has a side length of 10 m. af Distribution of porosin: (-1, b) Distribution
of the negative logarithm of saturated Ivdraulic conductiviey tnday),
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Sampling Strategy 1 Sampling Strategy 11 Sumpling Strategy Hi

Figure 2. The sampling strategies used to seperate the fields shown in Figure 1 into blocks.
For each sampling strate gy and each set of TTEs. the TTF concentration estimates were
compared with the SFWMS 3D simulations as a sum toral for a given block.

from other sources. Uncertainty was quantified through the sum of the squared error between
the concentration time series at a depth of interest as given by the TTF model] approach and
the process-based simulated stochastic data. The procedure outlined in this section is
described in greater detai] in the following sections:
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2.1 Development of the Stochastic Simulated Data Set for each Soil Texture

The intent of the simulated stochastic data sets is to generate separate distributed parameter
fields for each soil textural class that contain all variability in soil hydraulic parameters and
therefore leaching behaviour, that is expected to exist within that class. The distributions of
the nine most important transport parameters for the each of the six soil textural classes were
generated using the sequential Gaussian simulation algorithm contained within the
geostatistical software package GSLIB (Deutsch and Journel, 1998) and information on
spatial structure from our San Joaquin Valley database. For each soil texture, the simulated
area was a square area with a side length 200 m and a grid spacing of 10 m. The resulting
normal parameter distributions were transformed according to known distributions and their
associated means and variances (e.g.. Carsel and Parrish, 1988) (Figure 1), For each of the
six 40,000 m” soil textural fields, fully coupled 1-D unsaturated fluid flow and contaminant
transport were simulated using the finite-element code SWMS_3D (Simunek et al, | 993).
Each of the simulations covered a period of one to five years and considered pesticide loading
to & compliance surface at 3 m depth. The compliance surface could also be regarded as a
surrogate for the water table, The solute concentration time series for each SWMS_3D
simulation were used to construct an integrated, regional-scale mosaic of contaminant loading
and its spatial and temporal variability at the compliance surface. This regional-scale mosaic

represents the ‘observations’ from which the sets of TTFs are developed and against which
they are compared.

2.2. Development of TTF Sets
One breakthrough curve (concentration versus time, measured at the compliance surface) is
associated with each of the 400 10 m by 10 m elements that comprise a field with distributed

soil hydrautic parameters. Each breakthrough curve can be used to fit the parameters of the
Jury CLT described by:

CL.y= [C0,6,)f(L,1-6,)ds,, n
0
with:
. 1 (In(t -5, ) ~1) 2
f(L,t—8 )= -t | 2
(L,t-8,) ﬂé(t—-éin)exp[ ve } (2

where C(L, 1) is the area-averaged solute flux concentration at depth L and time t, and f(L, ¢ -
Tin) is the travel-time probability density function, describing the distribution of solute travel
times conditional on the input time =, (Jury ef al. 1986; Jury and Roth, 1990) for steady state-
conditions. It is assumed that the TF formulation describes the time-invariant leaching
behaviour for the site from which it was developed. Actual concentration estimates for a given
solute input at this site can be obtained by scaling the TF by the appropriate input
concentration, as well as sorption and decay coefficients. Suites of compliance surface
breakthrough curves were used to develop several sets of upscaled TTFs. The suites for each

set were determined by ranking and grouping what is here termed the TTF-index according to
several schemes. The TTF-index is defined as:

C
TTF - index = ~—, G)
{t,0)

where C, (ML) is the concentration peak, t, (T) is the time at which the peak concentration
reaches the depth of interest, and o (-) is the spread of the travel time distribution.
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For this study, the ranked TF-indices are divided into even groups of one, two, four, and eight
suites for a given texture. The TTF for each suite is then defined by the upscaled probability
density function fg, with effective parameters pe and o and describes the mean leaching
behaviour for the suite:

- 1 (In(t—5,.) -1 2)2
f L, -0 )= ——— W BT . 4
e (Lt-5,) “‘_2665@—@“)6@[ o } @

Thus, one or more upscaled TTFs for each soil textural class provide a representative leaching
response for the range of soil-hydraulic parameters that are typical for that ciass. Each TTF
for each set is associated with a range of saturated hydraulic conductivity (Ksa) and saturated
soil moisture (Osy). For the Loam textural class, this procedure yields the sets given in Table

I

Set  Number of 173 or K o (m/day) B0 (=)
TTFs in Set
I 1 4,67 0.480 all all
31 2 483 0.500 >0.10 > 042
4.50 0.488 0010 0 042
Hi 4 491 0.500 > (.50 >0.49
4.75 0.498 0.10 - 0.50 0.42 - 049
4.61 (.495 0.05 - 0.10 0.36-042
4.40 0.487 <0.05 <0.36
v 8 497 0.500 > 0,90 > (.51
4.86 0.499 0.70 - 0.90 047 -0.51
4.79 0.496 0.50-0.70 0.45 ~ 047
4.71 0.497 0.30 - 0.50 0.43-045
4.65 0.496 0.20-90.30 0.38-0.43
458 0.494 0.10-0.20 0.35-0.38
4.49 0.493 0.05-0.10 031 -0.35
4.30 0.487 <0.05 < (.31

Table 1, The sets of TTFs for the Loam textural class considered in this study. Given here are
the number of TTFs in each sel, the effective parameters pg and og for each TTF and the
associated ranges of saturated hydraulic conductivity (K and porosity (8.

2.3. Uncertainty Analysis for each set of TT¥s

The total uncertainty in simulation estimates results from the composite effect of modeling
and parameter uncertainty (Frey, 1997). For this study our objective was to isolate the
contribution to uncertainty that results from upscaling the TTF model. Therefore, parameters
and processes not included in the initial TTF development are not introduced at this stage.
The intend of this step was to sample increasingly smaller blocks from the Loam soil textural
field and compare the results from the process-based SWMS_3D simulations {(the ‘chserved’
values) with the estimates given by each upscaled set of TTFs. The three sampling strategies
employed in this study were (Figure 2):
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I The whole field was used as one block
I The field was divided into four square blocks of 10x10 elements each
i The field was separated into 16 square blocks of 5x5 elements each

In each block the distribution of Kea and 84, and the ‘true observed® values were assumed to
be known. Each set of TTFs was then used to estimate the concentration time series at the
compliance surface for each block. From the TTF concentration estimates, the residual error
and the sum of the square error (SSQE), as compared to the ‘observed” concentration time
series, was calculated. Example results of this step are shown in Figure 3.

3. Results

Figure 3a shows the residual error versus time for sampling strategy I, where the
concentration at the depth of interest for the entire field was estimated with each of the four
sets of TTFs (1, 2, 4, and 8 TTFs in the set). It is clear from the residual time series that (i) the
error is time-dependent, with the largest errors occurting in the vicinity of the concentration
peaks, and (ii) the TTF predictions are unbiased with no systematic over- or underprediction
of concentrations. As one would expect, the SSQE decreases with the number of TTFs in the
set for sampling strategy I (Figure 3b). However, it is important to note that the largest
improvement (by a factor of 7) in the SSQE is achieved when increasing the number of TTFs
in the set from one to two. Larger sets of TTFs result in only small subsequent improvement
of TTF concentration estimates when compared to the first set that contains only one TTF.
The impact of using upscaled TTFs is less clear, when increasingly smaller areas of the field
are considered for sampling strategy II (Figure 3c) or sampling strategy 111 (Figure 3d). The
subsets of elements contained in each block for sampling strategies I1 and I1] are less likely to
span the variation of soil hydraulic parameters that is encountered in the entire field.
Therefore it is reasonable to anticipate that any set of TTFs is increasingly capable of
describing the average leaching behaviour of the block, resulting in a decreased 3SQE for all
sets and blocks. In fact, the SSQE is one and two orders of magnitude smaller for sampling
strategies II and III respectively (Figure 3¢,d). Generally, as expected, the SSQE decreases
with the number of TTFs in the set. As before, the most dramatic decrease takes place when
increasing the number of TTFs in the set to two. However, for several blocks a non-intuitive
increase of the SSQE with the number of TTFs in the set is observed (i.e., Figure 3¢, Block [},
This increase is due to the fact that in this study TTF selection within a given set is tied only
t0 O and K. However, there are a total of nine soil hydraulic parameters that serve as input
for the process-based SWMS 3D simulations for each element. All nine parameters
interdepently influence the teaching behaviour for a given element. Since the remaining seven
parameters do not exert any influence on TTF selection within a set, a seemingly
contradictory increase of the SSQE with the number of TTFs results in some cases.
Considering the size of the errors, the increased complexity of the TTF approach, and the
additional data requirements that incorporating information about the other seven parameters
into TTF selection would entail, we believe that the current protocol represents the best
compromise between the accuracy of concentration estimates and model simplicity.
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Figure 3, Results from the comparison of the TTFs solute concentration estimares with the
process-based SWMS_3D simulations for all four sets of TTFs and the three sampling
strategies. a) Sampling strategy I (1block): The resistal erior rg~m3) Jorall four sets of
TTFs. b) Sumpling strategy I (1 blockj: The st of the squared error (g-’m3_)—? versus the sef
of TTFs, ¢ Sampling strategy 11 (4 blocks): The sum aof the squared error {g-"r:r3}2 versus the
ser of TTFs for all four blocks, d) Sampling strategy Hi (16 Bocks): The sum of the squared
error (gf’m-?) 2 versus the set of TTFs for the four blocks in the upper left quadrant {equal to
Block Il of sampling strategy 1) Please note the different verfeal scales in b). o). and dj.

4. Conclusions
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This study investigated the uncertainty in solute concentration estimates that is introduced by
upscaling TTFs with the use of three sampling strategies and four sets of TTFs that represent
increasing levels of upscaling. Uncertainty was quantified in terms of the growth of the ersors.
It is clear from our results that (1) all sets of TTFs are capable of representing leaching
behaviour for all sampling strategies of this study with reasonzble accuracy, (ii) TTF
predictions of solute concentrations improve for areas with less variability in soil hydraulic
parameters (smaller block size in this study), (iii} uncertainty in TTF estimates is significantly
reduced when using the set containing two TTFs as compared to the upscaled set containing

one. The uncertainty in TTF estimates was not consistently reduced further by adding more
TTFs to the set.
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