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Abstract. Spatial patterns of water chemistry along stream1 Introduction
networks can be quantified using synoptic or “snapshot”

sampling. The basic idea is to sample stream water at mangynoptic or “snapshot” stream water sampling allows for
points over a relatively short period of time. Even for intense e quantification of baseflow water chemistry (and quality)
sampling campaigns, the number of sample points is limitedyroughout a catchment (e.g., Grayson et al., 1997; Bern-
and interpolation methods, like kriging, are commonly usedpardt et al., 2003, Wayland et al., 2003). This type of sam-
to produce continuous maps of water chemistry based on thgjing provides information on spatial patterns at the land-
point observations from the synoptic sampling. Interpolatedscape scale that enable insights to biogeochemical behavior
concentrations are influenced heavily by how distance bethroughout a stream network at low flow conditions. The
tween points along the stream network is defined. In thisgog) of such sampling campaigns is often to infer the relation
study, we investigate different ways to define distance ancgetween landscape characteristics along a stream continuum
test these based on data from a snapshot sampling campaigig stream water quality (Grayson et al., 1997; Salvia et al.,
in a 37-kn? watershed in the Catskill Mountains region (New 1999, Wayland et al., 2003). This goal is in tune with emer-
York State). Three distance definitions (or metrics) weregent paradigms in freshwater ecology of river ecosystems as
compared: Euclidean or straight-line distance, in-stream disriyerscapes which are closely connected with their catchment
tance, and in-stream distance adjusted according characteriﬁmdscape (Fausch et al., 2002; Tetzlaff et al., 2007). Since
tics of the local contributing area, i.e., an adjusted in-streamyaseflow chemical concentrations usually are temporally per-

lower cross-validation error of the interpolated concentra-are indicative of the health of an ecosystem.

tions, i.e., a better agreement of kriging results with mea- . . . . .

’ ’ ; 2 . During a synoptic sampling campaign typically water
Zwte ments, tthgn the oltherbd|stange_ deflmtlonls. 'tl'he adJUStegamples at~100 locations along the stream network are
¢ |stantce rrpehrllc c;m aiso he US? .|nt.an explora (t)fy f:nantr?e aken. This number, however, is still spatially sparse com-
0 testwhich fandscape charactenstics are most Infiluentiay, o 4 15 the heterogeneity found in natural stream systems.
for the spatial patterns of stream water chemistry and, thus

. - . Sampling significantly more points is usually not possible
to target fut.ure mvesﬂgaﬂops to gain process—based underdue to practical constraints of sample collection associated
standing of in-stream chemistry dynamics.

with covering large distances and the cost of analysis associ-
ated with processing large numbers of samples. The question
is how we can infer spatially continuous information about
the stream network from point observations such as those ob-
tained during a synoptic sampling campaign?

One option is statistical modeling in-stream water chem-

Correspondence tdS. W. Lyon istry/quality from point observations. Foran et al. (2000)
BY (steve.lyon@natgeo.su.se) and Alexander et al. (2002) provide a good overview of the
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various modeling techniques available for monitoring andsures that represent relative network position based on stream
predicting stream water quality. To link in-stream observa-conditions, such as flow volume, stream order, or watershed
tions with landscape characteristics, models need to includarea, have been used to weight hydrologic distance measures
some spatially referenced component. For example, the popo make them more ecologically representative (Peterson et
ular SPARROW model (Smith et al., 1997) uses a hybridal., 2006, 2007). For example, Cressie et al. (2006) use clas-
approach combining conventional regression methods wittsification variables to group similar stream locations based
spatial data based on landscape characteristics and streamn the idea that “locations that are subject to similar outside
properties to predict continuous water quality from point ob- influences might be expected to have similar data values”.
servations. It is a statistically calibrated regression modelRecent work by Skagien et al. (2006, 2007) provides a method
with mechanistic components (e.g., surface-water flow paths(Top-kriging) which takes both the area and the nested nature
first-order loss functions) that has been applied at large scalesf catchments into account to estimate streamflow-related
for modeling nutrient transport (Smith et al., 1997; Prestonvariables in ungauged catchments. This concept focuses on
and Brakebill, 1999; Alexander et al., 2000, 2002, 2004). manipulation of the semivariogram estimate and builds upon
SPARROW improves on previous regression approaches byhe early work of Gottschalk (1993a, 1993b) with extension
including a spatial referencing of watershed attributes, whichby Sauquet et al. (2000) developing a method for calculat-
increases their correlation with water quality measurementsng covariance along a river network to interpolate along the
(Smith et al., 1997). This and other models, however, requirenetwork. Directional trees corresponding to drainage net-
explicit functions comprised of source-specific coefficients work structure (i.e., channel width) have been used to modify
that need to be calibrated to describe land-water delivery andhe geostatistical framework (Monestiez et al., 2005; Bailly
in stream delivery to be empirically implemented. This ap- et al., 2006). Chokmani and Ouarda (2004) used a physio-
proach implies assumptions on how various sources (poingraphical space-based kriging method incorporating physio-
and non-point) in the landscape influence stream water qualgraphical and meteorological characteristics of stream gaug-
ity. Such assumptions are inherent to the nature of all streanng stations with multivariate analysis techniques to modify
export models with a mechanistic component. in-stream distance. Still, applying geostatistical techniques
Geostatistics offers an approach to interpolate betweero stream networks is a relatively new field of research and
point observations using the spatial structure of the samthe limited findings to date do not clearly indicate which dis-
pling campaign that does not traditionally contain a mech-tance measure to use (Peterson et al., 2006).
anistic component. Semivariogram models and kriging, the In this paper, we propose a new distance metric that in-
core techniques of most geostatistics, are usually based otorporates information from the surrounding watershed that
traditional Euclidean, or straight-line, distance metrics topotentially influences stream water chemistry. This allows
distribute weights between neighboring observation pointsfor direct coupling between the stream network and the land-
when interpolating an unsampled location. This definition of scape that contains it. The new metric adjusts the in-stream
distance is used by most geostatistics packages because theigtance between any two points based on the degree of simi-
are designed for interpolating surfaces on a continuous, twolarity of relevant properties in their up-slope contributing wa-
dimensional plane (Christakos, 2000). Euclidean distancetersheds. For example, two positions in a stream that have
however, may not be suitable for stream networks because itontributing areas with very similar characteristics would be
fails to represent the spatial configuration, connectivity, di-considered “virtually” closer together than two positions that
rectionality and relative position of sites in a stream networkhave contribution areas with different characteristics. This
(Smith et al., 1997; Yuan, 2004; Ganio et al., 2005; Peter-new metric, named the adjusted distance metric, does not
son et al., 2007). This has lead to a recent increase in studiasse explicit assumptions on how landscape controls influ-
using hydrologic or in-stream distance measures to explorence water quality and can be used with existing geostatisti-
spatial patterns in stream networks (e.g., Dent and Grimmgcal methods. In this way both the physical distance between
1999; Gardner et al., 2003; Legleiter et al., 2003; Torgerserpoints and the connection of the stream to the surrounding
et al., 2004; Ganio et al., 2005; Peterson et al., 2006, 2007landscape are considered. This provides a way to explore
Skgien et al., 2006, 2007). possible first-order controls on stream chemistry by quanti-
In-stream distance metrics restrict connections from oneying their relative influence on how we interpolate obser-
point to another to pathways within the stream network andvations. Such information can then be used to guide future
can be defined in two variants: symmetrical and asymmetsampling schemes based on initial synoptic campaigns.
rical. Symmetric in-stream distance is taken as the shortest
hydrologic distance between two points when movement is
not limited by flow direction while asymmetrical in-stream
distance requires that water flow from one location to another
for two points in a stream network to be connected (Peterson
et al., 2007). In this study we only use symmetric in-stream
distances. In addition to restrictions in path, additive mea-
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2 Data description Site Map
2.1 Synoptic data EXPLANATION
) _ A Stream New York Delaware
The synoptic data were point measurements of stream water © Sl Eis State County
chemistry. A snapshot sampling campaign consisting of 117 |, ... . |
manually collected grab samples was conducted over one day |*=»* [K] Example Townbrook
during a spring recession flow period (26 April 2001) for Watershed N
the Townbrook Research Watershed in the Catskill region
of New York State (Fig. 1). This 37-kfrwatershed in the 0.0 km 3.0 km
headwaters of the Cannonsville Reservoir basin in Delaware Iﬁ A
County ranges in elevation from 493 to 989 m above mean Ll

sea level with slopes ranging from 0 to°43 The main
channel (Townbrook) flows primarily east-west through the
southern half of the watershed with an outlet at the farthest
west point in the watershed. On the sampling day, the mean
stream flow at the outlet was 0.72fs corresponding to a
specific runoff of 1.8 mm/d. The grab samples were analyzed
at the US Department of Agriculture - Agriculture Research
Services (USDA-ARS) laboratory at University Park, PA for
various nutrient and major cation and anion concentrations| 74°4007" w
(Table 1). Note that N and P refer to the nitrate-nitrogen + 42°2003' N
and orthophosphate forms of the nutrients, respectively. The
analytical procedures used were standard methods for each
constituent similar to those outlined by McHale et al. (2004)
and Burns et al. (2006). For measurements where constituerig. 1. Site map for the Townbrook Research Watershed in
concentrations were below detection limits (accounting for Delaware County, New York showing the locations for the synoptic
less than 13% of all measurements), a value of half the desampling campaign. The location of the streams shown in the ex-

tection limit was used as value for the further analyses. ample using nutrient concentrations (see Fig. 4) is outlined with a
dotted line.

2.2 Landscape characteristic data

The landscape characteristic data were spatial informatiodUSGS, 1992) using a multiple flow-direction algorithm for

about the watershed used for defining attributes for the vardetermination of the upslope area (Seibert and McGlynn,

ious subwatersheds. Characteristics were selected that af®07)- In addition to the topographic wetness index, its

commonly considered as first-order controls on stream watefomponents were also considered individually, i.e., the lo-

concentrations at the landscape scale (Table 2). The land:@l slope, taf, and the logarithm of the upslope area,

scape characteristics used in this study were derived fronf1(4), as attributes. Landuse characteristics were based on

topographic, landuse, and soil type of spatial information Thematic Mapper data (NYCDEP, personal correspondence,

from various published sources. The Soil Survey Geographid999). The watershed is primarily forested at higher eleva-

(SSURGO) distribution data base (USDA-NRCS, 2000) wastions (away from the main stream channel) and used agricul-

used to define soil depth, organic matter content, and porosirally (including pasture and cropping) at lower elevations

ity for each unique designation unit of the soils map (com- (near the main stream channel). For this study, we considered

monly referred to as the map unit identifier (MUID)). This only these two landcover classes (which in total accounted

links the graphic features of the soils map to attribute data defor more than 96% of the total watershed area).

fined from soil surveys. Soil depth was defined as the depth

from the soil surface to lower boundary (restrictive layer). 3 Methods

The organic matter content for each MUID was calculated as

the average between the upper and lower organic matter corz 1 pefining an adjusted distance metric

tents reported in the SSURGO data base. Porosity for each

MUID was taken directly from the SSURGO database. Consider two separate pointsgnd j) in a stream network.
The topographic wetness index @fians) from Beven  Based on a Euclidean distance metric (Fig. 2a), the points are

and Kirkby, 1979), where tghis the local slope and is separated by a distance defined simply by a straight-line path

the upslope aread, per unit contour length, were com- (E;;) based solely on the coordinates of the points. Using

puted from a 1& 10 m USGS digital elevation model (DEM) a symmetrical in-stream distance metric (Fig. 2b), these two

www.hydrol-earth-syst-sci.net/12/1229/2008/ Hydrol. Earth Syst. Sci., 12, 12332008



1232 S. W. Lyon et al.: Incorporating landscape characteristics in a distance metric

Table 1. Constituents including nutrients and major cation and anions measured during synoptic sampling campaign with statistical values
based on all samples.

Constituent  Average [ppm] Standard deviation [ppm]  Minimum observed [ppm] Maximum observed [ppm]

N 0.33 0.53 0.10 3.55
K 1.39 1.43 0.24 10.28
P 0.0122 0.0177 0.0050 0.1470
Ca 6.06 3.27 1.10 18.07
Mg 1.48 0.88 0.43 3.85
Na 2.92 1.96 0.69 9.08
SOy 11.90 27.59 2.11 261.37
cl 2.50 3.00 0.20 10.77
SiO, 2.62 0.76 0.53 4.85

; forested landuse, respectively. In this simple case where the
Metrics landscape characteristic has a binary spatial distribution, the
% attribute at any point in the stream would represent the per-
centage coverage of characteristic over the local contribut-
% ing area (approximately 30% and 90% forested landuse for

f pointsa; anda;, respectively, in Fig. 2c). When the land-
scape characteristic is defined over a continuous range of val-
ues (e.g., soil depth), the attribute at any point in the stream

c™® -

would represent the average value of the characteristic over

: the domain of the contributing area (e.g., average soil depth).
Explenaton F t dist tric to incorporate information

J~ Contributing Area Characteristic “present” Or a stream distance metric ! p I .|.

< i . about both topology of the stream network and composition
ream [ cCharacteristic “absent . . . .

of the contributing areas, it would need to use some combi-

nation ofd;; anda;;. The measureg;; anda;; have different
Fig. 2. Schematic watershed showing the difference betw@gn  units and must be scaled for direct comparison. This can
E_uchdeam(b)_ symmetric in-stream, an@) ac_zljusted d|sta_nce met-  pe accomplished by dividing through by mediadsdgian
ric for two pointsi and ;. For the adjusted distance metric, the two andamedian respectively) of all pairs of sample points in the
points virtually move further apart because the spatial distributionStrearn network. The median may give a better indication
of the sele_ctec_:l landscape characteristic is very different for the twoOf central tendency than mean and is typically thought of as
local contributing areas. - . .

giving a measure that is more robust in the presence of out-
lier values than the mean. These scaled values can then be
&pmbined into the adjusted distance mettig, which com-
bines physical distance and contributing area similarity. We
propose a simple linear weighing @f andq;;:

points are separated by a distance determined by the path
the streamd;;).

Both pointsi and j also have a local contributing area
with certain landscape characteristics. These characteristics A -
can be used to define attributes for each paitanda;, hij = (1— ) Y4 dij 2)
respectively) as the area-weighted average of any quantifi- dmedian dmedian
able landscape characteris_tic in the contribut_ing area (e'gwherew is a weighting factor varying from 0 to 1. The
amount of forest, soil poro'sny, numper of septic Sys.t?ms’.orweighting factor allows us to adjust the relative importance
land surface slop_e). How similar ordlfferent_t_wo posmqns N of the physical distance between points and the similar-
th_e sFream are with respect tq the composition of th_elr Con'ity/dissimilarity of their local contributing area. Farequal
.trlbutl_ng areas can be determined by the absolute dn‘ferenc%’ the adjusted distance equals the in-stream distance be-
in attribute @;): tween two points scaled by the median of all in-stream dis-
(1 tances. With a small value fer, the physical in-stream dis-

tance between two points dominates whereas with higher val-

For example, consider a map of forested versus non-forestedes the adjusted distance becomes more dominated by the
landuse for a catchment. In Fig. 2c, this is represented aslifferences of the characteristic of the local contributing ar-
crosshatched or non-crosshatched areas for forested or nomas.

aij = |ai — aj]
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Table 2. Landscape characteristics used to determine attributes for defining an adjusted distance metric with statistical values from compo-
sitions of contributing areas draining through all sampling locations from the synoptic campaign.

Landscape characteristic Units  Average Standard deviation Minimum observed Maximum observed
Soil Depth meter 1.41 0.26 0.62 1.83

Organic matter content % 0.5 0.2 0.0 1.0

Porosity % 40.9 1.9 36.0 45.9
Topographic wetness index  In(m) 7.18 0.33 6.42 8.51

Local slope degree 0.19 0.24 0.00 0.41

Log of upslope area In(?r) 6.23 1.68 3.22 17.43

Percentage forest % 51.8 29.2 0.0 100.0
Percentage agriculture % 47.6 28.9 0.0 100.0

Of course, other formulations are possible for combiningdirection algorithm (Seibert and McGlynn, 2007) was used
d;; anda;; and Eq. 2 can easily be generalized to considerto compute the downslope accumulation of catchment area
more than one landscape characteristic. However, these varand the local input of area entering the stream network at a
ations are beyond the scope of this proof-of-concept studycertain stream cell. Along the stream network all area was
The goal of this study is to investigate the merits of includ- routed towards the direction of the steepest gradient. Once
ing the characteristics of the contributing area in defining dis-the contributing area for each point in the stream network
tance metrics. We accomplished this by interpolating streanwas determined, the average of each landscape characteristic
water chemistry along a stream network based on point obever that area was calculated. This defines several attribute
servations using three different distance metrics: Euclideanyalues (one for each landscape characteristic) at each point
in-stream, and the above proposed adjusted (Eg. 2) mefalong the stream network. Based on these values, the at-
rics. Data from a synoptic sampling campaign in the Catskilltribute differences:;; the between any two poinisand; in
Mountains, NY, as described above, were used as test casthe stream network could be calculated using Eq. 1 for each
We evaluated the different distance measures by computingttribute. The distanceg; were computed using the sym-
the cross-validation error associated with each interpolationmetric in-stream distance metric. THg reflects the topol-

ogy of the stream network and does not depend on the se-
3.2 Calculating distance metrics lected attribute. The adjusted distance metric between two

points in the stream was defined from Eq. 2 for each attribute
The distance between any two points in the stream waswith » allowed to vary from 0.1 to 1 using intervals of 0.1 to
computed for three stream distance metrics (i.e., the Eufacilitate computations (fap=0 the adjusted distance equals
clidean, in-stream, and adjusted in-stream distance metricsjhe symmetric in-stream distance scaled by the median and
The stream network was defined by thresholding the upsis redundant). This resulted in a different adjusted distance
lope area map at a value of 5ha which gives a rasterizametric for each landscape characteristics listed in Table 2 at
tion of the stream network in the samexI0 m grid as the  each increment ob (i.e., 8 characteristics times 10 incre-
DEM. Euclidean distance between two points was definedments ofw or 80 possible adjusted distance metrics). In-
as a straight line between points based on the coordinatestead of a priori choosing which landscape characteristic and
of each point. Using network-modeling techniques, an Ar-w combination to use for a certain constituent, (Table 1) we
cView (ESRI, Inc., 2006) script was written similar to that considered all possible combinations and selected for each
used by Gardner et al. (2003) to calculate the distance beeonstituent the best performing based on error analysis asso-
tween points for the symmetric in-stream distance metric usciated with the resultant interpolation (see Sect. 2.5 below).
ing a path restricted to the stream.

The specific values of the adjusted distance metric depen8.3 Geostatistcal analysis
on the landscape characteristic selected to define attribute
values. As a first step the landscape characteristics considordinary kriging was used to interpolate between the synop-
ered in this study where computed for each grid cell along thetic sampling points for each constituent based on exponen-
rasterized stream network. This was done by first delineatindial models fit to calculated semivariograms (Cressie, 1985).
the local contributing area for each stream cell and then deJo calculate semivariograms, the distances between all sam-
termining the average of each landscape characteristic listedling locations,x;; defined using either Euclidea&(;), in-
in Table 2 within this contributing area. The contributing stream §;;), or adjusted in-streami(;) distance metrics
areas were computed based on the DEM. A multiple-flow-from above, were divided into lag bins of a given distance,
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Semivariogram neighboring sampled locations based on their distance and

configuration and, in the case of the adjusted distance met-
EUC INS ADJ ric, landscape characteristics.

& 0.7

£ .

g 3.4 Selecting the best performing adjusted distance metric

[} [ ] L[]

S I ¢ . SO . .o o All combinations of landscape characteristics (Table 2)and

§ . ﬁ..’.f" were considered for defining distance for interpolating each

® 0.0 constituent (Table 1). The best performing adjusted dis-

tance metric was then selected using the cross-validation of
the kriging interpolation based on each combination of land-
scape characteristic and Cross-validation, which describes
how well a kriging interpolation fits observed data, was per-
formed with a “leave-one-out” methodology. This method-
X ology omits a sampling location from the analysis and then
estimates its value using the remaining sampling locations.
After repeating for all sampling locations, a cross-validation

iy
=)

~
Semivariance (ppm?)

o
=)

X104
€80 R error (Krmse) was then calculated as the root mean squared
g o error from the differences between estimates and actual ob-

P 8 /'/'_'..: ¢ y servations of the constituent concentrations as

8 o 4 o
g > * e, o * oo °* o* n
£ . . P oo (Ei — ;)2
% 0.0 °e° = !

0.0 10 00 10 00 1.0 Krmsg= | =& (5)

n

Scaled Distance

) . ) . . whereY; is the observed concentration of the constituent at
Fig. 3. Semivariograms for nutrient concentrations N, K, and P in

the stream (rows) fitted with exponential models developed usingpomtl in the stream nework; is the kriging estimated

Euclidean (EUC), symmetric in-stream (INS), and adjusted (ADJ) Concentrathn of the constltuen'g at pom'n_ the stream net-
distance metrics (columns). work, andn is the number of points considered or the num-

ber of samples. We computed the leave-one-out cross valida-
tion error (Krmse) for every possible combination of land-

x, defining the semivariance for each lag bitx), as scape characteristic angland then identified the combina-
1 ) tion that minimizedkrymse. The combination of landscape

¥s(x) = 2N Z (Yi = Yj) ©) characteristic an@ that resulted in the lowest leave-one-
@n out cross-validatio rmsg for each constituent was selected

where, N (x) is the number of pairsy; andY; are the con-  as the best performing adjusted distance metric for interpo-
stituent of interest at sampling pointand j, respectively, lating that particular constituent. For comparison, ordinary
with summation over pairg (j) for the lag bin. The average kriging interpolations and cross-validation were performed
bin semivariance was plotted against the average bin distancasing the Euclidean and in-stream distance metrics. For ad-
to create the sample semivariogram. This describes variancditional comparison, cumulative error distribution functions
between two sampling locations in space as a function of diswere created for each constituent interpolated using each dis-
tance and is fitted by a function (also called a model) to createance metric. Here, error is taken as the difference between
the semivariogram. The main parameters of the fitted semithe observed constituent concentration and the predicted (in-
variogram model are the nugget, the sill, and the range. Theerpolated) constituent concentration at each sampling loca-
sample semivariograms were fitted with an exponential semition. Such curves reflect the effects of observed extreme val-
variogram model of the form ues or bias for each interpolation.

Ve(x) = 0§ + (0020 —ag) (1—e?> (4)

where y.(x) is the fitted semivariogram modedro2 is the

nugget, 0020 is the sill, andA is the correlation length. 4.1 Visual comparison

The models were fit using an automated fitting procedure

(Cressie, 1985, 1991). The fitted semivariogram model pro-Due to the large scale of the synoptic campaign and the num-
vides a manner to interpolate the constituent of interest beber of constituents considered in this study, we present visual
tween sampling locations using kriging to generate predic-comparison results only for the nutrient concentrations of
tions at unobserved locations by weighting the influence ofN, K and P. Semivariograms based on Euclidean, in-stream,

4 Results
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Table 3. Landscape characteristics andvalues given best performing adjusted distance metrics for each constituent measured in the
synoptic sampling campaign and the cross-validation eKgff{sg) associated with ordinary kriging using the Euclidean (EUC), symmetric
in-stream (INS), and adjusted (ADJ) distance metrics with reduction in cross validation shown for each constituent. Note that the negative

reductions inKrmse for N and P comparing EUC vs. INS indicate an increase.

Cross-validation errorK Rmsg)

Reduction in Krmse)

Constituent  Best performing landscape characteristi® EUC INS ADJ EUCvs. INS EUCvs. ADJ INSvs. ADJ
N Percentage Agriculture 0.8 0.24 0.25 0.21 -4.2% 12.5% 16.0%
K Percentage Forest 03 1.05 0.82 0.73 21.9% 30.5% 11.0%
P Percentage Agriculture 0.2 0.0083 0.0084 0.0074 -1.2% 10.8% 11.9%
Ca Porosity 05 231 1.56 1.42 32.5% 38.5% 9.0%
Mg Percentage Forest 05 058 0.36 0.33 37.9% 43.1% 8.3%
Na Topographic Wetness Index 0.2 1.46 0.91 26.0% 37.7% 15.7%
SO Soil Depth 0.7 1067 884 7.55 17.2% 29.2% 14.6%
Cl Percentage Forest 0.5 2.07 1.29 1.21 37.7% 41.5% 6.2%
SiOy Topographic Wetness Index 0.2 0.59 0.46 0.43 22.0% 27.1% 6.5%
and adjusted distance metrics for the observed concentra- Kriging
tions of N, K and P show the relationship between varia-
tions among observations and the distance separating mea- EUC INS ADJ
surements (Fig. 3). The points (i.e., the sample semivari- f0.10 N
. . . m
ogram) represent the average semivariance of observations 0.10.# 220
binned according to observation separation distance. The “0.10
curves are the fitted exponential models describing variance 6.10 015
between observations as a function of separation distance.
Different landscape characteristics and values pfovided o105, 010 h ) . 0.00
the best performing adjusted distance metric used to gen- ¥ A ¥y
erate the semivariograms (Table 3). In addition, the expo- .
nential semivariogram models fitted to the sample semivar- ot (K] ppm
iograms developed from observed data using Eq. 3 had dif- 18
ferent nugget, sill, and range parameters (Table 4). Note that K L
°1.26 0.9

in order to allow comparison between the three new metrics,
we scaled all distances by dividing by the maximum distance
for each metric, and, thus, range values have no units.
Examples of N, K and P interpolations made with ordi-
nary kriging for the three distance metrics are shown with

047, 985
s} 0.97
3278 3.17

© 0.005

two first-order tributaries and their downstream confluence 0.005 % [P] ppm
(Fig. 4). The observed values and sampling locations are o 0.016
highlighted in the first column of Fig. 4 for N, K and P, re- 2 oo 0.008
spectively. The southern end of this tributary, which flows ' . '
north-south before it flows into the main stream channel of . 0015 ~ .

X 0011, % p - 0.000
the watershed, have higher observed values for each of the Rr°0.005 }, ¥y
three nutrients when compared to the northern ends. It should ooz
be noted that there is more agricultural land draining through 0|m_li0|0 m
the southern end of the tributaries than the northern end. The 50 m

northern end of this region is more upland in position and

primarily covered with forest. For each point in the stream Fig. 4. Example of the ordinary kriging interpolations for nutrient
that is not directly sampled, an interpolated value is estimategoncentrations N, K, and P (rows) using Euclidean (EUC), symmet-
using ordinary kriging based on the semivariogram modelgic in-stream (INS), and adjusted (ADJ) distance metrics (columns).
from Fig. 3. These interpolations allow the visual compari- The_circles in the_ figure show th_e Iocatiqns and concent_rations of
son of how each distance metric represents small-scale Varput_rlent observatl_on.s. _The Io_catl_on of this example relative to the
ations in nutrient concentrations along the stream. entire watershed is indicated in Fig. 1.
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Table 4. Exponential semivariogram model parameters for stream concentrations of N, K, and P using the Euclidean (EUC), in-stream (INS),
and adjusted (ADJ) distance metrics.

Parameters

Constituent  Distance metric  Nugget [pﬁ]n Sill [ppmz] Range [m/m]

EUC 0.37 0.37 0
N INS 0.30 0.40 0.83
ADJ 0.15 0.20 1.02
EUC 1.57 3.66 0.69
K INS 1.26 3.57 0.65
ADJ 0.83 1.74 0.12
EUC 0.00035 0.00048 0.79
P INS 0.00030 0.00062 0.83
ADJ 0.00012 0.00044 0.57
100 100 - found using the in-stream distance versus Euclidean distance
K P ranged from a slight increase of 4.2% for P concentrations to
50 50 a reduction of 37.9% for Mg concentrations with and average
reduction of 21.2% for all constituents. Using the adjusted
o / o distance metric resulted in an even larger reduction in cross-
- 0 10 02 0 02 validation error for all constituents (Table 3). The change in
< 100 100 ) 100 ) Krmse found using the adjusted distance versus Euclidean
5 ca [ 8| Mg Na distance ranged from a reduction of 10.8% for P concentra-
% 50 °0 « 50 tions to a reduction of 43.1% for Mg concentrations with an
! :2 / average of 30.1% for all constituents. When comparing the
5 0 / 0 o_=? adjusted in-stream distance metric to the in-stream distance
0w o0 D metric, there was a reduction in cross-validation errors for
100 100 _ 100 - all constituents. The values &fRrumse using the adjusted in-
S04 c sio2 stream distance were on average 11.0% lower than when the
50 50 50 in-stream distance was used directly; for the individual con-
stituents this reduction dfrpmse ranged from 6.2% for Cl to
ol 0 0 16.0% for N.
2000 A Observed - Predined 0 N For each of the nine constituents considered in this study,

a cumulative error distribution was created using each dis-
Fig. 5. Cumulative error distributions (error defined as observedtance metric (Fig. 5). These cumulative error distributions
concentration minus predicted concentration) to compare the at-sitsum the ranked at-site error (observed concentration minus
interpolated values for each of the nine constituents considered ipredicted concentration) for every sampling location in the
this study with the Euclidean, symmetric in-stream, and adjustedriver network for each constituent and each distance metric.
distance metrics being represented by the dotted, dashed, and solittom this analysis, there is slight shift in most cumulative
curves, respectively. The dotted red vertical line indicates zero.  orror curves left of the vertical zero line indicating slight
over prediction by all distance metrics. Also, there tends to
be more spread in general when interpolation is made using
the Euclidean distance compared to interpolations based on
The kriging interpolations for all the constituents using the POth the symmetric in-stream and adjusted distance metrics.
three different distance metrics were evaluated by COmput_OveraII, though, these cumulative error distributions |nd|cat_e
ing Kruse from cross-validation (Table 3). Cross-validation _that th_ere are no clear effects of extreme values or strong bias
gives a quantification of how well the interpolation “predicts” N the interpolation.
locations where concentrations are known. There is a reduc-
tion in cross-validation error for almost all constituents (ex-
cept N and P where there is a slight increase) when a sym-
metric in-stream distance metrics was used compared to a
Euclidean distance metric (Table 3). The chang&kuse

4.2 Quantitative evaluation
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5 Discussion ration of more agricultural in the lowland area. A similar
control of landuse on K concentration has been seen in other
Different landscape characteristics and weighting factorswatershed studies (e.g., Williams et al., 2005; Tripler et al.,
were found to give the best performing adjusted distance2006) and illustrates an advantage for interpolation methods
metrics for different constituents. For example, an adjustedusing the adjusted distance metric in developing hypothesis
distance metric using the topographic wetness index anébout the mechanisms controlling landscape-stream connec-
»=0.2 provided best results for interpolating Na concentra-tions for different constituents (which is the goal of many
tions while using average porosity angt0.5 gave best re-  synoptic campaigns). As another example, percentage agri-
sults for interpolating Ca concentrations in this stream net-cultural landuse was the most suitable landscape characteris-
work. This variation is expected since there are differenttic for interpolating P concentrations in the stream network
processes controlling in-stream concentrations for differentTable 3). This relationship between P concentrations and
constituents. The outlined methodology had no a priori asdanduse agrees with the findings of previous studies in the
sumptions on primary mechanisms and on how or to whatCatskill Region of New York State based on multi-year data
extent the different landscape characteristics influence in{Lyon et al., 2006).
stream concentrations. Such restrictions based on assump- Identifying links between landscape characteristics and
tions of primary mechanisms are inherent to existing streanmstream water chemistry is difficult and typically requires
export models, such as SPARROW (Smith et al., 1997), andampling covering various flow conditions and seasons at nu-
require calibration based on constituent and location to givemerous locations. This is specifically true for constituents
continuous representations of stream water chemistry. Thevhere the mechanisms controlling stream water concentra-
opportunity to be used as an explanatory analysis tool igion are not well established or understood. The question is
one advantage of using the proposed geostatistical techniquaiow one does identify the best location to collect samples in
Representations of stream water chemistry made using ge@ stream network? The adjusted distance metric interpola-
statistical techniques are drawn directly from observationstion approach could be used in an investigatory mode such
and, thus, reflect the tight coupling inherent between streanthat first-order controls of stream water chemistry are identi-
water chemistry and landscape characteristics. This is esfied from an initial synoptic sampling campaign. Then, tran-
pecially true during low-flow conditions (which are present sition zones (e.g., stream reaches where the best performing
during most synoptic campaigns) as the mean transit time oéttribute undergoes much change) or hot spots (e.g., positions
water in and the contact time of water with the landscapein the stream network where the best performing attribute is
increases. extremely high or low) could then be further targeted in fu-
Of the three metrics considered in this study, Euclideanture investigations to gain process-based understanding con-
distance performed the worst basediosvise for most con-  necting in-stream chemistry and landscape characteristics.
stituents (with N and P being exceptions). This result (with This approach could allow more effective sampling strate-
respect to the symmetric in-stream distance metric) is exgies and, thus, reduce costs.
pected and is similar to the results seen by Little et al. (1997) The adjusted distance metric, while improving interpo-
and Gardner et al. (2003). The better performance of botHations of water quality observations in terms of cross-
the symmetric in-stream distance metric and the adjusted invalidation error, comes at a computational cost. By not mak-
stream distance metric is attributed to a more appropriate reping assumptions of mechanisms, we needed to test multi-
resentation of distance when the travel path between two lople landscape characteristics to determine which proves to
cations is restricted to the stream. Looking at the interpola-be “best” performing for interpolation. This means pro-
tion K concentration (Fig. 4) for example, there is a heavy in-ducing numerous stream network maps describing the con-
fluence of the low concentration observed at the northern endributing area composition for each “point” in the stream.
of the smaller tributary on the middle section of the longer With the stream network rasterized based on &1@m
stream when using the Euclidean distance metric. This igrid, our 37 knt study watershed contained a stream net-
exhibited as a light colored region in the interpolation for work consisting of over 12000 grid cells. This is quite a
K concentrations the longer stream (Fig. 4). The influencelarge domain to model especially since we need to com-
of this low-concentration sample is lower using the symmet-pute differences between each cell for Eq. 1 (resulting in
ric in-stream distance metric because the sample is farthet2 000x 12 000=144 000 000 calculations per attribute!). An
away from the middle section of the longer stream. Usingalternative approach for large systems would be to represent
the adjusted distance metric, the kriging interpolation of K the stream network treating the stream order as the smallest
concentration becomes, in effect, smoothed out and morenit. While computationally “faster”, this method would not
closely resembles the change in landuse composition movinge able to show variations at the sub-reach scale which is
downstream. The contributing area draining into the north-often the scale of interest in synoptic campaigns and ecohy-
ern end of the longer stream reach is covered by 35% forestedrological studies.
land. This composition decreases to only 15% forested lan-
duse at the southern end of the reach reflecting the incorpo-
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