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Abstract. Prediction of streamflow at ungauged catchmentsl Introduction
requires transfer of hydrologic information (e.g., model

parameters, hydrologic indices, streamflow values) from| gng-term measurements of river streamflow are essential
gauged (donor) to ungauged (receiver) catchments. A comgor 3 number of applications in water resources, such as,
mon metric used for the selection of ideal donor catchment§)|anning of water supply and irrigation projects (Dunne and
is the spatial proximity between donor and receiver CatCh'LeopoId, 1978; Jain and Singh, 2003), delineation of river
ments. However, it is not clear whether information trans- floodplains (Merwade et al., 2008; Tate et al., 2002), day-
fer among nearby catchments is suitable across a wide rangg-day management of dams and canals (Hirsch and Costa,
of climatic and geographic regions. We examine this issue>004), to name a few. Streamflow measurements are also
using the data from 756 catchments within the continen-important for characterizing the hydrologic behavior of river
tal United States. Each catchment is considered ungaugegsins within modeling frameworks, so that future assess-
in turn and daily streamflow is simulated through distance-pments of hydrologic behavior in response to climate and/or
based interpolation of streamflows from neighboring catch-jgnd-use change can be obtained. However, in many parts
ments. Results show that distinct geographic regions exist iyt the world, developed as well as developing, rivers are
US where transfer of streamflow values from nearby catchy,qt gauged for continuous monitoring. Developing strate-
ments is useful for retrospective predi(_:t_ion of daily _stream-gies for prediction at ungauged basins (PUB; Sivapalan et
flow at ungauged catchments. Specifically, the high pre-  2003) is required not only for the above practical appli-
dictability catchments (Nash-Sutcliffe efficiency N2.7)  cations, but also for advancing our process understanding of
are confined to the Appalachian Mountains in eastern US, thene controls on regional variability in landscape hydrologic
Rocky Mountains, and the Cascade Mountains in the Pacifiqesponse (Patil and Stieglitz, 2011; Wagener et al., 2004).

Northwest. Low predictability catchments (NS0.3) are lo- Prediction of streamflow at ungauged catchments involves

cated mostly in the drier regions west of Mississippi river, . . . ) i
which demonstrates the limited utility of gauged catchmentsthe following steps: (.1) identify the gauggd (dopor) cqtch
ments that are most likely to be hydrologically similar, i.e.,

in those regions for predicting at ungauged basins. The re; . )
: S have similar streamflow response, to the ungauged (receiver)
sults suggest that high streamflow similarity among nearby

catchments (and therefore, good predictability at ungau ed atchments, and (2) transfer the relevant hydrologic infor-
. . ' 9 P y al UNgaugeq -ion (model parameters or streamflow values) from the
catchments) is more likely in humid runoff-dominated re-

) . L . : egauged to ungauged catchments. Identification of hydrologic
gions than in dry evapotranspiration-dominated regions. Vvsimilarit in this case is especially challenging, since the
further find that higher density and/or closer distance of y P y ging.

gauged catchments near an ungauged catchment does I_g)\fdrologlc behavior of ungauged catchments is unknown.

necessarily quarantee good predictability at an ungauge udies focusing on the transfer of parameters of rainfall-
catchmenty 9 9 P y 93UGeRinoff models have typically used either physical proxim-

ity measures (e.g., topography, soil type, land cover) or

Published by Copernicus Publications on behalf of the European Geosciences Union.



552 S. Patil and M. Stieglitz: Controls on hydrologic similarity: role of nearby gauged catchments

spatial proximity measures (distance) as a surrogate for hyexpected everywhere, or if there are certain types of regions
drologic similarity between the gauged and ungauged catch¢e.g., with humid climate, or with mountainous terrain, etc.)
ments (@tzinger and Brdossy, 2007; Merz and &chl,  where hydrologic similarity is preferentially manifested.
2004; Oudin et al., 2010; Parajka et al., 2005; Seibert, The objective of this study is to: (1) determine if distinct
1999). While either type of surrogates have their advantagegeographic regions exist where nearby catchments tend to
and disadvantages, a key conceptual limitation of the spahave similar streamflow patterns, so that information can be
tial proximity measures is that they preclude identification easily transferred between gauged and ungauged catchments,
of hydrologic similarity among catchments that might be lo- and (2) identify the physiographic and hydro-climatic condi-
cated far from each other. Interestingly, studies that haveions that favor streamflow similarity among nearby catch-
compared different similarity surrogates show that, in spitements within a region. We use the data from 756 gauged
of its conceptual limitations, ascribing hydrologic similarity catchments across the continental United States that span a
based on spatial proximity measures is one of the most rewide range of climatic, geologic and topographic conditions.
liable methods for choosing donor gauged catchments fronSimilarity among nearby catchments is quantified through
which rainfall-runoff model parameters can be transferred todirect transfer of daily area-normalized streamflow values
ungauged catchments (Merz and8thl, 2004; Oudin etal., from neighboring gauged catchments using inverse distance
2008; Zhang and Chiew, 2009). weighted (IDW) interpolation. While this method is a variant
Alternatively, methods that are used to predict at un-of the drainage-area ratio method (Hirsch, 1979), itimproves
gauged catchments without rainfall-runoff models performupon the traditional method due to its ability to transfer in-
direct transfer of streamflow time series from nearby gaugedormation from multiple donor gauged catchments to an un-
catchments (Archfield and Vogel, 2010; Skgien andsBhl,  gauged catchment. We specifically avoided rainfall-runoff
2007). These methods are inherently restricted to using spanodels in this study since no single model structure can per-
tial proximity based similarity measures since streamflowform satisfactorily across the wide range of catchments con-
transfer from far away catchments will cause large errorssidered here. As such, our analysis of hydrologic similar-
(due to climate heterogeneity). Nonetheless, the streamflovity among nearby catchments focuses solely on the observed
predictability patterns obtained from these methods have thetreamflow patterns and is independent of the deficiencies as-
potential to inform us whether nearby catchments within asociated with any particular rainfall-runoff model structure.
given region are hydrologically similar or not. The drainage- High prediction efficiency using the interpolation method
area ratio method (Hirsch, 1979; Wiche et al., 1989) is per-suggests that nearby catchments in that region have similar
haps the oldest method used for direct transfer of streamflovetreamflow patterns to the catchment of interest. The pre-
values to ungauged catchments. In this method, a gaugediction efficiency of transferred streamflow values is further
catchment that is located nearest to the ungauged catchmeobmpared against physiographic and hydro-climatic proper-
of interest is identified as hydrologically similar, and area- ties of the catchments to identify the conditions that favor
normalized streamflow values are transferred from gauged thigh streamflow similarity within a region.
ungauged catchment. More recently, Smakhtin et al. (1997)
developed regionalized flow duration curves for catchments
in South Africa and estimated streamflow at ungauged catch2 Data
ments through the transfer of daily streamflow data from
nearby gauged catchments using an interpolation techniquéve use the streamflow records of catchments from US Ge-
described in Hughes and Smakhtin (1996). Archfield andological Survey’s Hydro-Climate Data Network (HCDN)
Vogel (2010) developed the map-correlation method to iden{Slack et al., 1993). The HCDN database consists of data
tify the donor gauged catchment that is likely to have highof 1659 catchments located within the United States that
correlation to the ungauged catchment for direct transfer ofare not severely affected by human activity. The stream-
daily streamflow time series. Skgien and&thl (2007) used flow records in HCDN span from 1874 to 1988. A major-
the concept of topological kriging, or top-kriging (Skgien et ity of the catchments have consistent and continuous records
al., 2006), on 376 catchments in Austria to predict hourly andfrom water year 1970 onwards. As such, we consider only
daily streamflow in ungauged catchments. those catchments that have a continuous daily streamflow
Results from either of the above approaches (rainfall-record from water year 1970 to 1988 (i.e., 1 October 1969
runoff model based or model independent) highlight the im-to 30 September 1988), which reduces the number of accept-
portance of spatial proximity as a criterion for the selection able catchments to 756 (see Fig. 1). The drainage area of the
of donor gauged catchments. While spatial proximity is acatchments ranges from 23 kito 5000 kn¥, and the median
widely used measure for predicting at ungauged catchmentgjrainage area is 715 Km
itis not clear whether transferring information among nearby Monthly time-series of precipitation and potential evap-
catchments is a suitable approach across a wide range of cletranspiration in each of the 756 catchments are obtained
matic and geographic regions. Specifically, we do not knowfrom the climate dataset developed by Vogel and Sankara-
if hydrologic similarity among nearby catchments can be subramanian (2005). Estimates of monthly precipitation in
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Fig. 1. Location of all the 756 catchments (black triangles) within the continental US.

this dataset are obtained from the PRISM (Daly et al., 1994 different interpolation methods is beyond the scope of this
climate analysis system as described in Vogel et al. (1999)study (but see the discussion in Sect. 5). The IDW stream-
whereas the monthly potential evapotranspiration estimatefiow interpolation method is a variant of the drainage-area
are obtained using the formula suggested by Hargreavegtio method (Hirsch, 1979; Wiche et al., 1989). In the tradi-
and Samani (1982). From the streamflow and precipita-tional drainage-area ratio method, area normalized stream-
tion data, we derive five hydrologic indices (or signatures)flow values are directly transferred to an ungauged catch-
for each of the 756 catchments. These hydrologic signament from a single donor catchment that is in the closest
tures are: baseflow index, runoff ratio, baseflow runoff ratio geographic proximity. The IDW interpolation method used
(baseflow/rainfall), slope of flow duration curve, and inter- here modifies the drainage-area ratio method, specifically by
annual streamflow elasticity. We also use the data of threallowing for direct streamflow transfer from multiple donor
physiographic attributes from Vogel and Sankarasubramagauged catchments. As we will show later in the results
nian (2005) dataset, viz., channel slope, soil permeability,(Sect. 4), expanding the drainage-area ratio method to con-
and soil water holding capacity. Details of the methodssider multiple donor catchments significantly improves the
used for deriving these hydrologic signatures are providedorediction performance at ungauged catchments. The math-
in Appendix A. ematical expression of the IDW interpolation scheme is as
As illustrated in Fig. 1, the number of stream gauges isfollows:
higher in the eastern half of the country than in the western N
half. Since the streamflow predictions obtained in this study, () Z wi (x) g (k) (1)
are based on the proximity of gauged and ungauged catch- 1

ments, it is not entirely clear whether this variable gauge den- gl we ()
sity induces bias in our analysis. Therefore, in Sect. 4.3, we
evaluate whether gauge density has any appreciable effect gind.
streamflow predictions at ungauged catchments. 1
wr(x) = ——— (2
d(x, xp)?
3 Methods where, g (x) is the area-normalized streamflow value (unit:

mmday 1) at the ungauged catchment that is located at

In this section, we first outline the distance based interpolapoint x in the region,q(x;) is the area-normalized stream-
tion method used for simulating daily streamflow. We then flow value at neighboring donor catchménbcated at point
describe the goodness-of-fit measure used for assessing thg in the region, andvV is the total number of neighbor-
prediction efficiency, followed by a brief explanation of the ing donor catchments considered for the interpolation. Dis-
metric used for assessing the relationships between preditdance between the gauged and ungauged catchirisral-
tion efficiency and catchment properties. culated individually for each of th&/ neighboring catch-

The inverse distance weighted (IDW) interpolation is one ments.d is the distance between stream gauges of the catch-
of the simplest methods to determine whether streamflonments. The interpolation weighis are calculated for all the
values among spatially proximate catchments are similardonor catchments using Eq. (2). The exponeiin Eq. (2)
Nonetheless, as will be shown in results, this method isis a positive real number, called as power parameter. The
highly effective in characterizing the streamflow similarity above streamflow transfer method does not account for pre-
patterns over the scale of continental US. Comparison otipitation lags or differences in the timing of floods that
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a) Median NS values b) Median, 75th and 25th percentile NS values
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Fig. 2. (a)Relationship between number of donor catchments and median NS v@pedationship between number of donor catchments

and median, 75th percentile, and 25th percentile NS valuegcadéstribution of NS values of simulated streamflows for the configuration
of five donor catchments.

may occasionally occur among nearby catchments. Howsimulation efficiency of daily hydrographs. We further ana-
ever, studies that have explicitly considered for precipita-lyze the relationship of prediction efficiency (NS values) with
tion and flood timing lags show that streamflow transfer isnumerous physical and hydrological properties of a catch-
usually sensitive to lags at the hourly timescale, but not atment. These relationships are analyzed to identify the factors
the daily timescale (An@assian et al., 2012; Skgien and that favor streamflow similarity among nearby catchments.
Bloschl, 2007). Since our study focuses on streamflow transTo this end, we use the Spearman’s rank correlation (Spear-
fer at the daily timescale, this simplification is not likely to man, 1904), which quantifies the increasing/decreasing trend

affect our prediction results. in a relationship. The formula for Spearman’s correlatioh (
Each of the 756 catchments is considered ungauged in turis as follows:
(jack-knife procedure), and daily streamflows are simulated 6.3 a2

using Egs. (1) and (2). We use power parameter2 (ie., p =1-— M- (M2 —1) 4)

the inverse square distance weighted method) and vary the

number of neighboring donor catchmentdrom 1to 50. As  where,d is the difference between the ranks of each obser-

a special case, whew = 1, the IDW interpolation method is  vation on the two variables under consideration, ands

equivalent to the traditional drainage-area ratio method. the total number of observation pointd 756 in our case).
Goodness of fit for predicted hydrograph is measured usSpearman’g varies from—1 to +1, with—1 being a perfect

ing the Nash-Sutcliffe efficiency criterion (NS), which is de- monotonically decreasing relationship and +1 being perfect

fined as follows (Nash and Sutcliffe, 1970): monotonically increasing.
! 2
Z (Qobsi — Qpredi) 4 Results
NS=1-5 2 B} 41 Choosing the optimal number of d d
A . oosing the optimal number of donor gauge
El (Qobsi — Qons) catchments

where,Qpred; and Qons; are the predicted and the observed To find the optimal number of donor catchments required

area-normalized streamflow values (unit: mmd8yon the  for a good streamflow estimate we vary the number of near-
i-th day respectivelyQps is the mean of all the observed est donor catchments from 1 to 50 and calculate the associ-
streamflow values (unit: mm day) andr is the total number ~ ated NS. This approach for choosing the optimal number of
of days in the record. The NS efficiency criterion is an exten-donors has been used previously (Oudin et al., 2008; Zhang
sively used metric in the hydrology literature to determine theand Chiew, 2009). Figure 2a shows the relationship between
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4.2 Geographic patterns of daily streamflow prediction

Distinct geographic patterns are observed in the NS values of
catchment streamflows using the IDW interpolation method
(Fig. 3). For better identification of these geographic pat-
terns, we partition the catchments into three groups: Group 1
for NS greater than 0.7, Group 2 for NS between 0.3 and 0.7,
and Group 3 for NS less than 0.3. Figure 3a shows the lo-
cation of all the Group 1 catchments, 288 in tota#Q %),
which have the highest predictability of daily streamflow.
The majority of Group 1 catchments are located in three ge-
ographic regions: (1) the Appalachian mountain ranges in
the eastern US, (2) the Rocky Mountains, and (3) the Pacific
Northwest region to the west of Cascade Mountain range.
The remaining Group 1 catchments are located across the

the number of donor gauged catchments used for simulating2Stern half of continental US, especially in the states of In-

daily streamflow and the median NS from each simulationdian@ and lllinois (Fig. 3a). The Group 2 catchments —a total

run for all the 756 catchments. The median NS increase®f 277 catchments¥35 %); Fig. 3b — are located across the

sharply from 0.49 to 0.61 as the number of donor catchment§astern part of the United States. The poorest performers,

increase from 1 to 4, followed by small increases in medianGroup 3 catchments are predominantly located in the west-

NS for subsequent increases in the number of donor catchen half of continental US, especially to the west of Missis-

ments. The median NS reaches its highest value of 0.615 gtiPPi river (Fig. 3c). There are 191 catchment2§ %) that

15 donor catchments. Beyond 15 donor catchments there i880ng in Group 3 and these are considered as practically

decline in simulation efficiency that can be attributed to the UnPredictable using our spatial proximity based prediction

relative reduction in influence of the nearby catchments. Fofmethod.

subsequent analysis, we limit the number of donors to five - .
: 463 Impact of catchment proximity and gauge density

nearest gauged catchments and perform the distance base on rediction at unaauaed catchment

interpolation to simulate daily streamflows. For simulations predict ungaug S

with five donor catchments, the maximum NS is 0.97, thegiq e 45 shows the relationship of prediction efficiency

median value is 0.61, and the 25th percentile value is 0.29

Figure 2b shows the 25th and 75th percentile NS values alon e ungauged catchment, while Fig. 4b shows its relationship

with median NS against the number of donor catchments, iy, e distance of nearest donor catchment. As expected,
Similar to the median, other percentile values also show tha[he observed trend is that high NS catchments have donor
increasing the_ number. of doqors far beyond 4 or _5 doescatchments in closer proximity, i.e., smaller distances. The
not cause an increase in prediction performance. Figure 2§pearman rank correlatiom) for the relationships of NS
shows the distribution of NS values of simulated streamﬂowswith the average and minimum distance-i6.44 and—0.41

using five donor catchments. respectively (p-value 0.01 in both cases). However, at

Fig. 3. (a) Group 1 catchments with NSO0.7 (red triangle),
(b) Group 2 catchments with 03NS < 0.7 (blue triangle), and
(c) Group 3 catchments with NS 0.3 (brown triangle).

NS) with the average distance of donor catchments from
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Fig. 6. Budyko di howing the high predictability (ND.7
density around an ungauged catchment. 9 udyko diagram showing the high predictability ( )

and low predictability (NS< 0.3) catchments.

any given NS value, there is a surprisingly wide scatter of characterizes the relationship between aridity index (PET/
distances between donor and receiver catchments (Fig. 43,4 evaporation index (EP) of the catchments. Figure 6
and b). This suggests that the donor-receiver catchment proxspows the Group 1 catchments (N®.7, blue squares)
imity alone cannot fully explain the prediction performance 5,4 Group 3 catchments (NSO.3, red squares) on the

at a given location. Among catchments with N9, theR'z Budyko curve. Majority of the high predictability catch-
yalue of_relatlonshlp betwe_en NS and average donor distancg,ents (Group 1) have low values of evaporation and aridity
is 0.12, i.e., the average distance from donor catchments expgices and are located in the lower portion of the curve. This
plains only 12 % of the spatial variability in NS. suggests that the water balance in these high predictability
Gauge density is another important factor that influencescatchments is controlled by energy limitation, i.e., more wa-
the transfer of information to ungauged catchments. If moreter is present than can be evaporated. On the other hand, low
gauged catchments are present in the vicinity of an unpredictability catchments (Group 3) have higher values of
gauged catchment, we can intuitively expect that catchmengyaporation and aridity indices and are located in the higher
to have better predictability. Therefore, we test quantitativelyportion of the curve. About 48 % of the Group 3 catchments
whether disparity in gauge density across different regionshave aridity index- 1, suggesting that their water balance
of the US influences predictability at an ungauged catch-is controlled by water limitation, i.e., less water is present
ment. Gauge density around a catchment is defined as thgan can be evaporated. Thus, the Budyko curve shows that
number of gauged catchments within the 200 km radius ofthe predictability is higher in regions where the ET of catch-

its location. We tested the gauge density metric by varyingments is demand limited (i.e., humid) and low where the ET
the search radius from 100 km to 500 km and found that theis supply limited (i.e., arid).

relationship between NS and gauge density is not affected

by the choice of the search radius (result not shown). Fig-4.5 Physical conditions favoring good prediction at

ure 5 shows the relationship between NS and gauge density  ungauged catchments

near the ungauged catchment. Contrary to our a priori ex-

pectation, high gauge density around an ungauged catchmemb identify the physical conditions that favor high streamflow
does not guarantee good predictability. Moreover, there argimilarity (and therefore good predictability), we explore the
numerous catchments that have low gauge density in theirelationships between NS and catchment attributes. Eight
vicinity and still have high NS values. No significant trend is catchment properties are considered: three physiographic
observed in the relationship between NS and gauge densityroperties (channel slope, soil permeability, and soil water
Among catchments with NS 0, the R? value of relation-  holding capacity) that are obtained for each catchment from
ship between NS and gauge density is 0.06, i.e., the densityhe Vogel and Sankarasubramanian (2005) dataset; and five
of gauged catchments surrounding within a region explainshydrologic signatures (baseflow index, runoff ratio, baseflow

only 6 % of the spatial variability in NS. runoff ratio, slope of flow duration curve, and inter-annual
streamflow elasticity) that are derived from the streamflow

4.4 Impact of climate on prediction at ungauged and precipitation data (see Appendix A for details).
catchments Figure 7 shows the relationship between prediction effi-

ciency (NS) and each of the three physiographic properties.
We analyze the high and low predictability catchments us-While none of these properties have a distinct relationship
ing the Budyko curve (Budyko, 1974). A Budyko curve with NS, a majority of the catchments with higher channel
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slope_ @1%)_have high NS yalue (Fig. 7a_). _This tr_end is Table 1. Correlation of catchment properties with Nash-Sutcliffe
consistent with the observation that a majority of high NS (\s) efficiency of simulation. Bold values indicate statistically sig-
catchments are located along the three large mountain rangegicant value p < 0.01).

of the US (Fig. 3a). However, high NS values are not ex-

Clusi\_/e to ca_tchments_with high channel slope. Of the thre_e Type Property Spearman rank  p-value

physiographic properties, only channel slope shows a statis- correlation p)

tically significant trend in its rglaponshm w!th NS (Spea.rman. Physiographic _ Channel slope 021 0.00

p=0.21; see Table 1). No distinct trend is observed in soil Soil permeability 0.08 0.03

permeability except that the preference of higher permeabil- SWHC 0.04 0.26

ity catchmen_ts is towards_ high NS vglues _(Flg. 7b). No trend Hydrologic Runoff ratio 051 0.00

whatsoever is observed in the relationship between NS and Baseflow index 0.03 0.46

soil water holding capacity (Fig. 7c). Baseflow runoff ratio 0.46 0.00
Figure 8 shows each of the five hydrologic signatures plot- Slopeof FDC 0.31 0.00

ted against NS. High scatter is observed in all the five re- Streamflow elasticity 0.01 0.83

lationships, similar to the observations of physiographic at-
tributes (Fig. 7). Nonetheless an increasing trend with re-
spect to NS is observed in the relationships of runoff ra-
tio (Spearmanop =0.51), baseflow runoff ratio (Spearman humid mountainous regions, whereas the low predictabil-
p =0.46), and slope of FDC (Spearmar 0.31) (Fig. 8a, ¢, ity catchments are predominantly located in the drier re-
and d respectively). Although many high NS catchments aregions (Fig. 3). To our knowledge, the geographic patterns of
clustered towards high values of baseflow index (Fig. 8b),streamflow similarity (and predictability at ungauged catch-
it does not have a significant trend in its relationship with ments) shown here have not been shown before within the
NS. No particular trend (increasing or decreasing) is ob-continental US, specifically at a daily time-scale and by
served in the relationship between NS and streamflow elasusing an information transfer method. The Budyko curve
ticity (Fig. 8e). (Fig. 6) illustrates the preference of high predictability catch-
ments towards humid regions. Our previous work (Patil and
Stieglitz, 2011) characterized streamflow similarity among
5 Discussion nearby catchments across multiple flow conditions. Patil and
Stieglitz (2011) suggested that the competing influences of
Distinct geographic regions exist where identifying similar- precipitation input and evaporative demand determine the
ity and transferring streamflow based on the spatial prox-conditions at which regional streamflow similarity is man-
imity measure results in good prediction at an ungaugedfested. Consistent with their suggestion, the results pre-
catchment. High streamflow predictability is obtained in sented here show that streamflow similarity among nearby
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a) Runoff Ratio b) Baseflow Index c) Baseflow Runoff Ratio

Fig. 8. Relationship between Nash Sutcliffe efficiency (NS) &apdrunoff ratio, (b) baseflow index(c) baseflow runoff ratio(d) slope of
FDC, and(e) streamflow elasticity.

catchments is more likely to occur in regions where annualhomogeneous. Of the eight catchment properties considered,
precipitation exceeds evaporative demand (i.e., low energtatistically significant positive trends with respect to NS are
environments). The preference for humid environment is fur-observed in only four properties: channel slope, runoff ratio,
ther evident from the tendency of high predictability catch- baseflow runoff ratio, and the slope of FDC (see Table 1).
ments to be located in regions of high forest density. Figure 9These weak relationships are also indicative of the difficul-
shows all the 756 catchments mapped with the forest coveties faced by hydrologists in achieving a universally accept-
within the US. The forest cover map is obtained from the able hydrologic classification of catchments (McDonnell et
USGS Global Land Cover Characteristics (GLCC) projectal., 2007; Wagener et al., 2007).
(Loveland et al., 1991). With the exception of catchmentsin  The |IDW streamflow interpolation method, although
the mid-West, almost all the high predictability catchments mathematically simpler, is conceptually similar to other
(Group 1) are located in regions with high amount of forest streamflow transfer methods (Arédrssian et al., 2012; Arch-
cover. field and Vogel, 2010; Skgien and @ichl, 2007). These
While humid climate is certainly favorable for similarity methods typically involve choosing nearest neighbors and
among nearby catchments, climate alone does not appeassigning an appropriate weighting scheme to transfer area-
to be sufficient for identifying regions of high streamflow normalized streamflow to the ungauged catchment. Due to
similarity. The clustering of Group 1 catchments along thethe large scale of continental US considered in this study,
mountain ranges suggests that topography is also an impogand also due to the low streamgage density (compared to Eu-
tant factor in determining streamflow similarity (and pre- ropean studies such as Young, 2006; Skgien arisdBil,
dictability). For instance, the catchments in southeasterr2007; Oudin et al., 2008; Andassian et al., 2012), we do
states of Louisiana, Mississippi, Alabama and Florida havenot think that our simple method is at a disadvantage for
humid climate, but a flatter terrain (and most are Group 2identifying the large scale predictability patterns (as seen in
catchments). Due to the strong connection of predictabilityFig. 3). A more sophisticated streamflow transfer method
with geographic features, we had an a priori expectation thats likely to provide better results at smaller regional scales
the catchments with high (or low) predictability will have where higher streamgage density is available. Nonetheless,
distinct physiographic and hydrologic signatures associatedn regions with low streamgage density, even a mathemat-
with them. However, the relationship of NS with individ- ically sophisticated method is unlikely to provide good pre-
ual catchment properties is weak. This suggests that thélictions at ungauged catchments. Unfortunately, since all the
strong differences in climate within the continental US might above mentioned methods use spatial proximity based simi-
be, to some extent, obscuring the physiographic differencesarity measures, they cannot identify a gauged catchment that
among catchments. It is not clear though whether the physiis potentially similar to the ungauged catchment but is lo-
cal catchment properties can better explain the predictabilitycated far from it. Physical proximity measures (e.g., topog-
patterns at smaller regional scales where the climate is moreaphy, soil type, land cover) are conceptually more appealing
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Fig. 9. All the 756 catchments mapped along with the forest cover within the United States: Group 1 Q(WSred), Group 2
(0.7> NS> 0.3; blue), Group 3 (0.3 NS; brown).

since they can identify similarity among catchments that are6 Summary and conclusion
far from each other. However, recent studies have shown that
physical proximity measures do not necessarily provide betThis study examined whether identification of hydrologic
ter prediction at ungauged catchments than spatial proximitysimilarity based on spatial proximity measures is suitable for
measures (Oudin et al., 2008; Zhang and Chiew, 2009). prediction at ungauged catchments across multiple environ-
Even though the predictions at ungauged catchments ifinents. Distinct geographic patterns of daily streamflow pre-
this study are obtained through distance-based interpolatiorflictability at ungauged catchments were observed within the
results show that the distance between donor and receivegontinental US. Specifically, high predictability catchments
catchments cannot fully explain the prediction patterns. Itare located along the Appalachian Mountains in eastern US,
could have been argued that the high NS catchments ar#e Rocky Mountains, and the Cascade Mountains in the Pa-
preferentially located in humid regions because of the highegific Northwest, whereas the low predictability catchments
gauge density in those regions. However, no clear relationare located in the drier regions west of Mississippi river.
ship is found between NS and gauge density either (Fig. 5)ldentification of these patterns provides essential informa-
This suggests that factors other than spatial proximity amongion regarding the usefulness of gauged catchments within a
catchments and gauge density play an important role in reregion for predicting streamflow at a nearby ungauged catch-
gional similarity of streamflows. The higher predictability ment. While the direct transfer of streamflows is useful for
in humid environments is likely to be due to similarity in retrospective prediction, future forecasts of streamflows will
climatic inputs over larger spatial scales. However, low pre-still require implementation of rainfall-runoff models. Al-
dictability at an ungauged catchment can be due to either ongough this study did not test the transferability of rainfall-
of the three primary causes: (1) the ungauged catchment ig/noff model parameters to ungauged catchments, we did
too far from the donor catchments, or (2) the spatial vari-identify regions where nearby catchments tend to have simi-
ability in climatic inputs is high in the region surrounding lar streamflow patterns. Our speculation is that high stream-
the ungauged catchment, or (3) the hydr0|ogic behavior ofﬂOW Similarity within a region certainly increases the likeli-
the ungauged catchment is idiosyncratic (and therefore, nonhood of model parameters being similar at a regional scale.
representative of the region surrounding it) either due to con-Therefore, we think that a map showing regions of high
tributions from deep groundwater sources, loss of water tcand low streamflow similarity (like Fig. 3) could be a good

regional aquifers, or other complex geologic factors. starting point when considering model parameter transfer to
ungauged catchments. However, the model regionalization

studies will need to additionally consider whether their cho-
sen rainfall-runoff model structure is suitable for character-
izing the hydrologic response within their region of interest.
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Comparison of catchments using the Budyko curve sug- The runoff ratio (RR) is defined as the ratio of average an-
gests that climate has a dominant control over the regionahual streamflow Q) to average annual precipitatioR). We
extent of similarity in hydrologic response. Nonetheless,consider the annual average valuegoénd P over the en-
among the humid regions, high predictability catchments aretire period of WY 1970-1988 to calculate the RR values. The
still preferentially clustered among the mountainous environ-runoff ratio is a metric for partitioning the incoming precipi-
ments. This suggests that the topography of the region alstation input into the fraction that exits the catchment as runoff
has the ability to influence similarity in catchment stream- and the fraction that exits the catchment as evapotranspira-
flows. However, analysis of individual catchment attributestion (Sankarasubramanian et al., 2001; Yadav et al., 2007).
provides, at best, a weak picture of the physiographic andCatchments with high RR value are considered to be stream-
hydro-climatic conditions that favor high streamflow simi- flow dominated, while those with low RR values are evapo-
larity (and predictability at ungauged catchments). More im-transpiration dominated.
portantly, our results show that the spatial proximity between The baseflow runoff ratio is the ratio of average annual
gauged and ungauged catchments alone cannot fully explaibaseflow and precipitation. It is a similar metric to runoff ra-
the prediction performance at a given location. This sug-tio, but gives a direct estimate of the proportion of incoming
gests that a combined influence of spatial proximity, regionalrainfall that reaches the catchment outlet through slower sub-
climate variability and geologic settings contributes towardssurface paths. The baseflow runoff ratio is calculated as the
meaningful information transfer between the gauged and unproduct of baseflow index and runoff ratio of a catchment.
gauged catchments. The flow duration curve (FDC) of a catchment is a graph-
ical illustration of the amount of time (expressed as a per-
centage) a specific streamflow value is equaled or exceeded
in a catchment within a specified period of hydrologic record
o o (Searcy, 1959; Smakhtin, 2001). The slope of flow duration
Deriving the hydrologic signatures of a catchment curve (Sepe) is defined as the slope of the middle section of
the FDC (between 33rd and 66th percentile flows) when the
curve can be considered as approximately linear (Sawicz et
al., 2011; Yadav et al., 2007)Skpc is calculated using the
following formula:

Appendix A

Five hydrologic indices (or signatures) are derived individu-
ally for each of the 756 catchments. These hydrologic sig-
natures are: baseflow index, runoff ratio, baseflow runoff ra-
tio, slope of flow duration curve, and inter-annual stream-
flow elasticity. Sawicz et al. (2011) used four of the above e = In(Qe6) — |n(Q33). (A3)
signatures (baseflow index, runoff ratio, slope of flow du- 0.66 — 0.33
ration curve, and inter-annual streamflow elasticity) in their A high value ofSgpc indicates that the catchment is subject
catchment classification study and showed that each individto high flow variability, while a lowSgpc values is typical of
ual hydrologic signature explains a different aspect of the hy-catchments with damped response behavior and stable flows.
drologic response of a catchment. The inter-annual streamflow elasticiti § ») is defined as

The baseflow index (BFI) is defined as the ratio of base-the ratio of percentage change in annual streamflow and the
flow to total streamflow of a catchment. We use the one papercentage change in annual precipitatidfy p is an indi-
rameter single-pass digital filter method (Arnold and Allen, cator of the sensitivity of streamflow to relative changes in
1999; Eckhardt, 2008) to calculate the BFI. The baseflowprecipitation inputs (Sankarasubramanian et al., 2001; Saw-
filter is applied on daily streamflow time-series through theicz et al., 2011). We calculate thiey p using the following
following equation: formula:

1- . dg P
By = a - B-1 + Ta - (Qk + Qk-1) (A1)  Eor = med|an<d—P ' 5) (Ad)

where, B is the baseflow and is the total streamflow. The An Egp value of 1 suggests that the relationship be-
values of filter parameter=0.925. Equation (4) is applica- tween precipitation change and streamflow change is linear.
ble provided thatB < Qi (or elseBy = Q;). After applying  Eop>1 indicates that the catchment is elastic (or more sen-

the above filter, the baseflow index is calculated as: sitive) to precipitation change, whil€y p < 1 indicates that
the catchment is inelastic.
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