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Foreword

The mission of the Federal Highway Administration (FHWA) is to continually improve the quality of our Nation’s highway system and
intermodal connections in a manner that protects and enhances the natural environment and communities affected by transportation. The
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Environmental Review of the FHWA strives to develop and disseminate skills, tools, and information to redesign Federal environmental and
transportation decisionmaking, and to ensure an integrated process at the Federal, State, tribal, and local levels. These tools, techniques and
methods are designed to reduce direct and indirect adverse impacts of highways on water quality, habitat, and ecosystems to preserve and
enhance human health, biological productivity, and ecological diversity.

This report, the associated computer applications, and data provide tools and techniques for developing planning-level estimates of
stormflows at sites receiving highway runoff. This information is vital for assessing the potential for adverse effects of runoff on receiving
waters throughout the Nation and it should provide transportation agencies with the tools and information to improve project delivery without
compromising environmental protection.
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Statistical Characterization of Streamflow Data

By Gregory E. Granato

Introduction

The stochastic empirical loading and dilution model (SELDM) uses streamflow statistics that
define prestorm streamflow from the basin upstream of a highway-runoff discharge point. The statistics
used by SELDM are derived from National streamflow monitoring networks. Statistical characterization
of streamflow data is necessary for modeling planning-level estimates of prestorm streamflows for
water-quality analysis. Statistical characterization includes calculating statistics and using information
from these statistics for selecting an appropriate probability distribution. Once a distribution is selected,
frequency-factor methods can be used to stochastically generate a population of mean-daily
streamflows. This appendix is a brief review of the literature that describes methods for estimating
streamflow statistics and related probability distributions that were considered for use in the SELDM
development process. Methods for doing statistical characterization of streamflow data, estimating
streamflow statistics at ungaged sites, and estimating streamflow statistics at sites with limited data
using streamflow correlation are discussed in detail and referenced to supplement material in the main
body of this report.

Statistical Characterization of Streamflow Data

Statistical characterization of streamflow data is necessary for modeling planning-level estimates
of prestorm streamflows for water-quality analysis. Statistical characterization includes calculating
statistics and using information from these statistics for selecting an appropriate probability distribution.
Once a distribution is selected, frequency-factor methods can be used to stochastically generate a
population of mean-daily streamflows. The common logarithms of mean-daily flow values are used to
model streamflows because these values typically have a lower bound of zero and vary by two or more
orders of magnitude (Chow, 1954; Haan, 1977; Chow and others, 1988; Stedinger and others, 1993).
Frequency-factor methods are used to calculate individual data values for different probability
distributions (Haan, 1977; Chow and others, 1988; Stedinger and others, 1993). Some streamflow
records, however, have a substantial proportion of zero flows that must be modeled with conditional
probability methods if logarithms are used to model non-zero mean-daily flow values. Trends in are not
calculated for the statistics used with SELDM to characterize mean-daily flow values, but trends may be
important for some analyses.
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Probability Distributions

For water-quality studies, the population of mean-daily streamflows commonly is approximated
by use of a lognormal distribution (Di Toro, 1984; Driscoll and others, 1990b; Nash, 1994; Van Buren
and others, 1997; Schwartz and Naiman, 1999; Limbrunner and others, 2000; Novotny, 2004; VVogel
and others, 2005). The common logarithms of mean-daily flow values are used to model streamflows
because these values typically have a lower bound of zero and vary by two or more orders of magnitude
(Chow, 1954; Haan, 1977; Chow and others, 1988; Stedinger and others, 1993). Chow (1954) provides
a detailed explanation of the lognormal distribution and its use for hydrological applications, and
Blackwood (1992) provides a summary of the important properties of the lognormal distribution for
analysis of environmental data. Di Toro (1984) used a lognormal distribution for streamflows in a
theoretical urban-runoff mixing model. Driscoll and others (1990b) approximated receiving-water flows
by use of annual statistics and lognormally distributed streamflows. Nash (1994) found that a
lognormal-streamflow approximation was useful for examining sediment transport. Van Buren and
others (1997) used the lognormal distribution for discharge and concentration for use in probabilistic
urban-stormwater studies. Schwartz and Naiman (1999) examined methods for determining planning-
level load estimates and determined that use of a single characteristic streamflow and concentration (the
mean or geometric mean) was inadequate for characterizing potential effects of runoff. Schwartz and
Naiman (1999), therefore, used lognormal assumptions for streamflow, concentration, and loads to
evaluate planning-level runoff-quality estimates. Limbrunner and others (2000) examined L-moment
statistics for mean-daily streamflows from 1,571 streamgages across the United States and concluded
that a two-parameter lognormal distribution will provide a reasonable approximation for these mean-
daily streamflows. Novotny (2004) used a Monte Carlo approach with lognormal distributions for
concentrations and flows to examine the margin of safety and to estimate the probabilities of water-
quality standard excursions in total maximum daily load (TMDL) studies. VVogel and others (2005) used
a lognormal distribution of streamflows as a first-order approximation to examine the probabilistic
structure of observations of streamflow, concentrations, and constituent loads.

Other statistical distributions also may be applicable for modeling mean-daily streamflow. L-
moment diagrams provide a robust method for identifying the underlying probability distribution of a
data set (Vogel and Fennessey, 1993). The QSTATS program (Granato, 2009) calculates traditional
statistics, L-moment statistics, and the L-moment ratios to facilitate the selection of an appropriate
distribution. For example, Quader and Guo (2005) indicate that a one or two-parameter exponential
distribution may be appropriate for modeling mean-daily streamflows in small (less than about 19
square miles) urban basins because a lack of base flow may cause a high proportion of daily flows to be
at or near zero. Vogel and Fennessey (1993) and Castellarin and others (2004) used the generalized
Paraeto distribution to model daily streamflow populations. Ashkar and Ouarda (1996) provide
information for fitting data to a generalized Pareto distribution. A three parameter lognormal
distribution also is commonly used to model environmental data (Sangal and Biswas, 1970; Stedinger,
1980; Stedinger and others, 1993). The three-parameter lognormal distribution will produce streamflow
estimates that are similar to estimates from a properly specified log-Pearson type 3 distribution. For
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small samples, however, uncertainties in calculated skew coefficients may adversely affect estimates
made using the log-Pearson type 3 distribution (Sangal and Biswas, 1970; Stedinger, 1980; Stedinger
and others, 1993). The three-parameter lognormal distribution is not used in this study to estimate
prestorm flows because the records were large (7,000-14,000 daily values) and the log-Pearson type 3 is
more flexible than the three-parameter lognormal distribution. The log-Pearson type 3 can be used to
model data sets with logarithmic skew values within the range of minus nine to nine (Haan, 1977; Rao,
1980; Interagency Advisory Committee on Water Data, 1982; Chow and others, 1988). Other
researchers have used the four-parameter Kappa distribution to model daily streamflows, but the
statistics for this distribution do not have a direct physical interpretation and are difficult to derive
(Stedinger and others, 1993).

The log-Pearson type 3 distribution is commonly used to characterize hydrologic data (Bobee,
1975; Haan, 1977; Rao, 1980; Interagency Advisory Committee on Water Data, 1982; Chow and others,
1988; Stedinger and others, 1993). The lognormal, the exponential, and the generalized Pareto
distributions each are a special case of the log-Pearson type 3 distribution so that, with the proper
statistics, each may be characterized within this family of distributions (Bobee and Ashkar, 1991;
Ashkar and Ouarda, 1996). The exponential and the generalized Pareto distributions are sometimes
preferred for stochastic data generation because these distributions have an explicit analytical equation.
The lognormal distribution also is preferred for stochastic data generation because random-normal
variates are available from many statistical-software packages (Haan, 1977; Cheng and others, 2007).
Cigizoglu (2000) examined use of the log-Pearson type 3 and other distributions to describe flow-
duration curves of daily streamflow data. A number of investigations (for example, Vogel and
McMartin, 1991; Vogel and Wilson, 1996) indicate that the log-Pearson type 3 is a very flexible
distribution that will provide a good fit to many different types of hydrologic data even if the underlying
population is not a pure log-Pearson type 3 distribution.

Frequency-Factor Methods

Frequency-factor methods can be used to model a sample of individual streamflow values that
follow a lognormal or log-Pearson type 3 distribution (Haan, 1977; Interagency Advisory Committee on
Water Data, 1982; Chow and others, 1988; Stedinger and others, 1993; U.S. Army Corps of Engineers,
1993; 1994; McCuen and others, 2002; Cheng and others, 2007). Frequency-factor methods also can be
used to calculate individual data values for other probability distributions (Haan, 1977; Chow and
others, 1988; Stedinger and others, 1993). The frequency factor method uses the mean and the standard
deviation from a data sample to predict values from the underlying population by use of a distribution-
specific frequency factor. For a lognormal or log-Pearson type 3 distribution, the equation for the
frequency factor method is

Xi = Xm + SxK; ,(1)
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Where
Xi is the value of the logarithm of the i"" streamflow value;
Xm is the geometric mean streamflow value (in logarithmic space);
S isthe standard deviation of the logarithms streamflow values; and
K: is the distribution-specific frequency factor.

The distribution-specific frequency factor relates the probability of occurrence of a value to a multiple
of the standard deviation above or below the mean value. The frequency factor equals the standard
normal variate if the skew value of the population is zero (Haan, 1977; Interagency Advisory
Committee on Water Data, 1982; Chow and others, 1988; Stedinger and others, 1993). In this case,
standard normal probability tables, which are listed in most textbooks on statistics, can be used to
estimate the frequency factor for one or more individual values (Haan, 1977; Chow and others, 1988;
McCuen and others, 2002). Algebraic approximations that relate exceedance probabilities to standard-
normal variates are available for numerical implementation (Abramowitz and Stegun, 1965; Odeh and
Evans, 1974; Beasley and Springer, 1977; Chow and others, 1988; Wichura, 1988). Once a value is
calculated in logarithmic space, it is inverted to obtain the streamflow of interest.

Data from a Pearson Type 3 (gamma) and log-Pearson type 3 distribution also can be estimated
with frequency factors (Haan, 1977; Interagency Advisory Committee on Water Data, 1982; Chow and
others, 1988; Stedinger and others, 1993; U.S. Army Corps of Engineers, 1993; 1994; Cheng and others,
2007). These frequency factors account for the skew in the data. If the skew of a population equals zero,
the frequency factor is the standard normal variate. As skews deviate from zero, the relation between
exceedance probability and the associated frequency factor shifts to reflect the distribution of values
above and below the median value. Tables of frequency factors for different values of skew are
commonly available for selecting a frequency factor for a given exceedance probability (Harter, 1969;
1971; Haan, 1977; Interagency Advisory Committee on Water Data, 1982; Chow and others, 1988; U.S.
Army Corps of Engineers, 1993; Natural Resources Conservation Service, 1998; McCuen and others,
2002).

Several algebraic approximations are commonly used to approximate the Pearson type 3
frequency factor as a function of the normal frequency factor for a given exceedance probability and the
estimated population skew. The Wilson-Hilferty approximation (Wilson and Hilferty, 1931) is
commonly used to estimate frequency factor values from a log-Pearson type 3 distribution (Kirby, 1972;
Interagency Advisory Committee on Water Data, 1982; U.S. Environmental Protection Agency, 1986;
Rossman, L.A., 1990b; Bobee and Ashkar, 1991; Stedinger and others, 1993; U.S. Army Corps of
Engineers, 1993; U.S. Environmental Protection Agency, 2004a). The Wilson-Hilferty approximation is

Kips = (2/G) x ((1 - (G/6)* + (G/6)Kn)® - 1) (2)
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Where

Kip3 is the log-Pearson type 3 frequency factor
G is the skew coefficient; and
Kn is the standard normal variate for a given exceedance factor.

The Wilson-Hilferty approximation is very accurate for a coefficient of skew within plus or minus 1.0,
is considered sufficiently accurate for a coefficient of skew within plus or minus 2.0, and the accuracy
deteriorates as the coefficient of skew approaches a value of plus or minus 3 (Kirby, 1972; Kite, 1977;
Bobee and Ashkar, 1991). Another approximation is a polynomial approximation suggested by Kite
(1977), which also is in common use (Chow, 1998; U.S. Army Corps of Engineers, 1994; Cheng and
others, 2007). The Kite (1977) approximation is:

Kips = Ky + (Kn? - 1)(G/6) + (1/3) (Kn® - 6 Kn)(G/6) - (Kn? - 1)(G/6)® + Kn(G/6)* + (1/3)(G/6)° . (3)

The Kite (1977) approximation is of comparable accuracy to the Wilson-Hilferty algorithm if the skew
coefficient is within the range of about plus or minus 1.4. Bobee and Ashkar (1991) provide several
other polynomial approximations for the frequency factor.

Kirby (1972) developed a modified Wilson-Hilferty algorithm that provides acceptable estimates
of log-Pearson type 3 frequency factors for samples with a coefficient of skew that is within the range of
about plus or minus 9. This modified Wilson-Hilferty algorithm is essentially equivalent to the Wilson-
Hilferty for small skew values and is substantially better than the Wilson-Hilferty (1931) and Kite
(1977) approximations for skews beyond the range of plus or minus 2. Almost 99 percent of the
streamgages used in this study have (common logarithm) skew coefficients within the range of plus or
minus two. Only a few stations have skew values beyond this range, but these stations, or other stations
with relatively large skew values may be selected by an analyst for local use. Therefore, the modified
Wilson-Hilferty algorithm (Kirby, 1972) was selected for use in developing planning-level estimates of
prestorm streamflows for water-quality analysis. The paper describing the modified Wilson-Hilferty
algorithm is Kirby72.pdf is included on the CD-ROM accompanying this report.

Conditional Probability

Conditional probability methods are used to account for data below a measurement threshold
(Haan, 1977; Interagency Advisory Committee on Water Data, 1982; Chow and others, 1988; Stedinger
and others, 1993). For example, Delong and Wells (1988) used conditional probability methods to
determine water-quality loads from ephemeral and intermittent streams in Wyoming to account for the
proportion of dry days in these drainage basins. Croker and others (2003) used conditional-probability
methods to develop flow-duration curves for gaged ephemeral streams in Portugal and used these
statistics to estimate streamflows (or the lack thereof) at ungaged sites. The measurement threshold that
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is used to determine a nonzero mean-daily flow is commonly about 0.01 ft* (Rantz, 1982). Dry days are
defined as days with no detectable streamflow measurements and are assigned a mean-daily streamflow
of zero. Although this condition is analogous to the occurrence of water-quality concentrations below a
laboratory detection limit, natural surface-water flows have a physical lower limit of zero rather than a
continuum of infinite dilution. Conditional probability methods are necessary for this national synthesis
of planning-level prestorm flow statistics because about thirty percent of the 2,783 streamgages included
in this synthesis have one or more dry days and more than 50 percent of the streamgages have one or
more dry days in 28 of the 84 ecoregions in the conterminous United States.

Conditional probability methods (Haan, 1977; Interagency Advisory Committee on Water Data,
1982; Chow and others, 1988; Stedinger and others, 1993; McCuen and others, 2002) may be used to
adjust streamflow statistics to account for the proportion of zero streamflows at a site of interest in the
stochastic data-generation process. If conditional probability methods are used, statistics are calculated
for nonzero streamflows and the probabilities are adjusted for the proportion of days with zero flows
(William Kirby, U.S. Geological Survey Office of Surface Water, Written commun., 2003). Methods for
stochastic data generation with conditional probabilities depend on the objective of the analysis. If the
analyst needs to recreate a historical record that matches the population statistics, the serial correlation,
the seasonal cycle, and inter-annual variability, then methods described by Salas (1993) must be used. If
the analyst just needs random samples that do not account for such temporal variations in flow, then
probability of selecting a zero flow value from the period of record is equal to the proportion of dry days
in the record, and the probability of selecting a nonzero flow value is equal to one minus the proportion
of dry days in the record. The probability of exceeding any nonzero flow value is equal to the
probability of exceeding the selected streamflow value from among the nonzero streamflow values
times the probability of selecting a nonzero flow. For example, if the proportion of zero flows is 0, 10,
25, or 50 percent of the record, the probability of exceeding the median of nonzero flows is 50, 45, 37.5,
or 25 percent, respectively.

Streamflow Trends

Several reports indicate that there may be trends in long-term streamflow records. Lins and
Michaels (1994) examined mean monthly streamflow from 559 streamgages from the Hydro-Climatic
Data Network (HCDN) within the conterminous United States for the 1941-1988 period and found
upward trends in autumn and winter streamflows. Lins and Slack (1999) used nonparametric trend tests
on 395 selected streamgages from the HCDN for different time periods in the interval from 1914-1993.
McCabe and Wolock (2002) examined the annual minimum, median, and maximum of mean-daily
streamflows for the period 1941-1999 at 400 streamgages in the conterminous United States. They
detected a noticeable increase in annual minimum and median daily streamflow around 1970, but did
not detect increases in maximum streamflows. They determined that this step change, which was
predominant in the eastern United States, coincided with changes in precipitation during the same
period. They determined that, in general, flow quantiles that are less than or equal to the 70" percentile
flow duration are increasing, and the highest flows show little to no trends. Therefore, Lins and Slack
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(1999) conclude that streamflows are increasing, but high flows are not becoming more extreme.
Hodgkins and others (2003) examined data from 27 rural, unregulated river gaging stations in New
England, USA with an average of 68 years of record and concluded that changes in the timing of
streamflow statistics are correlated with increasing temperatures over the last 30 years. Asquith and
others (2007), however, did not detect trends in annual maximum, minimum or average streamflows in
80 to 90 percent of 712 selected streamgages in Texas. Cohn and Lins (2005) indicate that recent trends
in hydrologic data may be substantial but the effect of anthropogenic climate change may be difficult to
separate from natural long-term cycles.

The streamflow data records used to represent prestorm flows in this study are from stations with
at least 24 years of record that was collected during the period 1960-2004. McCabe and Wolock (2002)
indicate a step change in streamflow statistics that occurs around 1970. The maximum proportion of
pre-1970 data would be about 58 percent for a given streamgage, assuming that a 24-year record started
in 1960. About 23 percent of a 44-year record during 1960-2004would be pre-1970 data. The statistics
were not adjusted for the potential effects of trends because the magnitude and timing of trends differ
from region to region and site to site (Lins and Slack, 1999; McCabe and Wolock, 2002; Hodgkins and
others, 2003). Furthermore, site specific trends may be affected by changes in land use and water use
during the period because the current study is not restricted to the relatively natural HCDN sites.
Finally, uncertainties in estimating streamflows by region or from nearby sites are, potentially, much
larger than the effects of subtle trends in long-term streamflow data. However, if long-term temporal
trends or shifts in streamflow are of concern for a given analysis, then the user may update the data and
statistics used for future analyses by using the streamflow-data processing software included on the CD-
ROM accompanying this report.

Alternative Methods for Estimating Streamflow Statistics at Ungaged Sites

One of the primary objectives of the USGS streamflow gaging program is to provide the
information and data necessary to estimate streamflows at any site in the United States (Benson and
Carter, 1973; National Research Council, 2004). Although many streamgages are located at or near the
point where a road crosses a river, the number of current and historical streamgages (about 24,000) is
small in comparison to the estimated number of small stream segments in the conterminous United
States. For example, Leopold and others (1992) estimate that there are about 2 two-million stream
segments nested within basins with mean drainage areas that are less than 20 square miles. It is therefore
necessary to use available flow statistics from selected streamgages to estimate streamflows at an
ungaged site of interest. There are three primary methods to estimate streamflows at sites without any
streamflow data from the site of interest. These methods are runoff maps, regression on basin
characteristics, and statistical transfer with drainage-area ratios. The primary method to estimate
streamflows at sites with limited streamflow data is correlation of streamflows.
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Runoff Maps

Runoff maps provide a good overview of the spatial variability of annual average streamflow,
but do not provide the statistics necessary for characterizing random prestorm streamflows. Historically,
the USGS has produced a series of annual runoff maps for the United States (Langbein, 1949; Bushy,
1966; Gebert and others, 1987) and for selected regions of the United States (for example, Randall,
1996). The USGS also has produced maps defining estimates of runoff components (Wolock 2003a; b;
c). As previously indicated, Driscoll and others (1990a; b) used streamflow estimates that were
generalized from a national annual runoff map. The USEPA also has developed runoff-contour maps to
assist planning-level analysis of water-quality data (Bishop and Church, 1995). The USGS maps
provide contours of equal average annual runoff (total streamflow) in inches. Average-annual
streamflow values are equivalent to the long-term average of mean-daily streamflows. Although the
authors of such maps clearly indicate that these maps are not for the purpose of estimating streamflows
at any particular location, the maps are the result of an expert interpretation of information on climate,
geology, topography, and vegetation with streamflow data from thousands of streamgages (Langbein,
1949; Busby, 1966; Gebert and others, 1987; Krug and others, 1989; 1990). Rochelle and others (1989)
indicate that such maps could be used to estimate long-term average annual streamflow with an
uncertainty of about 15 percent. Busby (1966), however, indicates that the accuracy in any location is
proportional to the spatial density of the gaging stations and inversely proportional to the spatial
variability in runoff of a given area. Such maps can be used to help select index-site statistics based on
hydrological similarity as well as geographic proximity. In areas with little data, such maps may be used
to adjust statistics from nearby sites to account for differences in hydrologic features. For example,
Bishop and Church (1995) used topographically interpolated precipitation maps (Daly and others, 1994)
to adjust streamflow contours to reflect orographic effects. Therefore, detailed runoff maps may be
useful for refining initial, regional, planning-level streamflow estimates or for selecting the most
representative station(s) for a more focused planning-level streamflow estimate.

Regression on Basin Characteristics

Regression on basin characteristics is a method for using physical, hydrological, and
meteorological characteristics of basins with streamflow data to develop multivariate regression models
that are used to predict selected flow statistics at any location along a stream in the area for which
equations are developed. Regression on basin characteristics is generally considered the best method for
estimating selected streamflow statistics at sites for which there is no streamflow data (Thomas and
Benson, 1970; Benson and Carter, 1973; Hirsch, 1979; Tasker and Stedinger, 1989; Martin and Ruhl,
1993; Jennings and others, 1994; Vogel and others, 1999; Ries and Friesz, 2000; Eng and others, 2005).
Many local studies (for example, Tasker, 1972; Williams, and Pearson, 1985; Parrett and Cartier, 1990;
Vogel and Kroll, 1992), state studies (for example, Koltun and Schwartz,1987; Sumioka and others,
1998; Ries and Friesz, 2000; Hortness and Berenbrock, 2001; Berenbrock, 2002; Koltun and
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Whitehead, 2002; Ahearn, 2004; Stuckey, 2006) , regional studies (for example, Jennings and others,
1994; Lichty and Karlinger, 1995; Eng and others, 2005), and national studies (for example, Thomas
and Benson 1970; Vogel and others, 1998; Kroll and others, 2004; Ries and Crouse, 2007) have used
the regression on basin characteristics method to estimate various streamflow statistics.

Physical, hydrological, and geological information about the basins upstream of the streamgage
are used to develop the multivariate regression equations to predict values of selected streamflow
statistics at any site of interest within the study area. These estimates are made using the characteristics
of the basin upstream of the site of interest. Drainage area (or contributing drainage area) is commonly
the most significant variable for estimating streamflow statistics within a hydrologic region (Thomas
and Benson, 1970; Benson and Carter, 1973; Hirsch, 1979; Tasker and Stedinger, 1989; Vogel and
Kroll, 1992; Martin and Ruhl, 1993; Jennings and others, 1994; Vogel and others, 1999; Ries and
Friesz, 2000; Eng and others, 2005). Other physical features that are commonly tested or used in
regional regression equations include basin or channel slope, channel length, basin width, channel
sinuosity (commonly quantified as channel length divided by basin length), surface storage (lakes,
ponds, and wetlands), basin elevation, drainage density, soil type, land use, and geohydrological metrics
(for example aquifer properties). Hydrological and meteorological characteristics that are commonly
tested or used in regional regression equations are precipitation characteristics, temperature metrics,
evapotranspiration, and seasonal snow-storage metrics. Drainage area (or contributing drainage area)
commonly is used for estimating low flows, measures of central tendency, and high flows. Other
metrics, however, commonly are different among the regression equations developed for estimating
different flow regimes. For example, basin or channel slope drainage density, soil type, and land use
commonly are used for flood flow equations, whereas factors like soil type, geohydrological metrics,
temperature metrics, and evapotranspiration commonly are used to estimate low-flows. The probability
of having zero flows also may be estimated by regression on basin characteristics. For example, Bent
and Steeves (2006) developed and implemented a logistic regression equation to estimate the probability
of a site flowing perennially in Massachusetts based on drainage area, soil, the percentage of forest land,
and a binary variable that is used to identify different regions within the state.

U.S. Geological Survey has conducted many studies since the 1970s to define regression on
basin characteristics and is currently (2009) in the process to develop a Streamstats application (U.S.
Geological Survey, 2007b) in cooperation with various state agencies. This internet application is
designed to facilitate application of the local regression on basin characteristics equations. These studies
are commonly done on a state-by-state basis rather than regions of hydrologic similarity, but commonly
include streamgages in neighboring states that are near the state boundaries. Although equations are
developed on a state-by-state basis there may be multiple equations for different regions in highly
heterogeneous states or there may be state-wide equations that include a regional factor. For example,
Ries and Friesz (2000) include a binary factor to adjust equations for regions defined as the eastern or
western part of Massachusetts (which roughly correspond to ecoregions 59 and 58, respectively). The
Streamstats application is a Web-based geographic information system that allows the user to zoom in
to any point along a defined stream reach in a given state and click on the reach to obtain upstream basin
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characteristics and estimates of streamflow statistics from application of predefined regression equations
(Ries and others, 2004; U.S. Geological Survey, 2007b). The Streamstats application also provides
uncertainty estimates for regression results.

Regression on basin characteristics is a powerful tool, but implementation of the method has
limitations. If a Streamstats application is not available for the area of interest with estimates of the
statistic of interest, the effort required to delineate the drainage basin and determine the values of the
predictor variables in a way that is consistent with methods used to formulate the regression models can
be substantial. Although the Streamstats application compiles the necessary information and provides
easy access to existing regression equations, substantial effort is required to develop and implement new
equations. Many States independently generate the GIS coverages that are used to develop these
regression equations, leading to differences in methods for determining variables and differences in the
map-resolution of explanatory variables from state to state. Many national scale coverages are too
generalized for quantitative local characterization (Peter Steeves, GIS coordinator, USGS Streamstats
program, written commun., 2010). Kroll and others (2004) describe the need for a national, standard,
database of basin characteristics at a reasonable map scale for developing low-flow regression
equations.

Streamflow estimates from regression equations may include substantial uncertainty (Thomas
and Benson, 1970; Benson and Carter, 1973; Tasker and Stedinger, 1989; Vogel and Kroll, 1992;
Martin and Ruhl, 1993; Jennings and others, 1994; VVogel and others, 1999; Ries and Friesz, 2000).
Errors in predictions of low-flow statistics at different sites may range from 0 to 700 percent. Errors in
predictions of central tendency statistics, such as annual average flows, commonly are in the range of 10
to 40 percent. Errors in predictions of high-flow statistics at different sites may range from 20 to 40
percent. It should be noted, however, that although percent errors are large for low-flow statistics, the
magnitude of volumetric errors (in ft®) may be orders of magnitude higher for flood-flow statistics than
for low-flow statistics. Errors on the order of 40 percent are well within the data-quality objectives for
planning-level streamflow estimates, but implementation of regression on basin characteristics methods
are not well suited for stochastic estimation of random prestorm streamflow. This is because these
regression studies are commonly focused on low flows, such as the 7-day 10-year low flow (7Q10), or
high flows, such as the 2-year, 10-year, 50-year or 100-year flood. Even when these studies define
multiple percentiles in the flow-duration curve, multiple regression equations for different flow
percentiles would be difficult to use for a continuum of mean-daily streamflow values needed for
stochastic data generation. It should be noted, however, that equations could be developed for the mean,
standard deviation and skew of the logarithms of nonzero mean-daily streamflow data (for example,
Castellarin and others, 2004).
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Drainage-Area Ratios

The drainage-area ratio method is a technique for using available streamflow data to estimate
streamflows at any location along a stream (Hirsch, 1979; Koltun and Schwartz, 1987; Stedinger and
others, 1993; Thomas and others 1994; Sumioka and others, 1998; Ries and Friesz, 2000; U.S.
Geological Survey, 2002a; Berenbrock, 2002; Parrett and Johnson 2004; Emerson and others, 2005;
Hortness, 2006). Hirsch (1979) indicates that the advantage of the drainage-area ratio method is that it
requires only a record of mean-daily streamflow data at an index station and a drainage area for the site
of interest. However, the basin containing the index station must be hydrologically similar to the basin
upstream of the site of interest for the successful application of the drainage-area ratio method. The
assumption of hydrologic similarity is implicit in the application of the drainage-area ratio method
because basin characteristics are not explicitly included in the predictive equation. The general equation
for the drainage-area ration method is

Qy= (Ay/Ax)Z x Qx (4)
Where
Qy isthe streamflow at the site of interest;
Qy is the streamflow at the index site;
Ay is the drainage area of the site of interest;
A isthe drainage area of the index site; and
Z is an exponent to adjust for systematic differences in the drainage-area to flow ratio.

Stedinger and others (1993) indicate that the exponent is usually assumed to be one or may be
determined by regression analysis with data from nearby index stations. The drainage-area ratio method
may be a simple, robust method to derive planning-level prestorm streamflow estimates for sites of
interest if equation 4 is properly formulated with streamflow data from one or more hydrologically
similar index sites.

The drainage-area ratio method has received mixed reviews in the scientific literature. In a
national synthesis of annual runoff in the United States, Langbein (1949) noted that the size of drainage
area in of itself does not affect the annual streamflow per unit area. Generally, within similar climatic
areas, streamflows from small basins more strongly reflect detailed effects of geology and topography
than large areas. In many areas of the country headwater streams tend to lose water as they enter valley-
fill aquifer systems and gain water further down the valley. Small headwater areas, even in humid parts
of the country, may be perched and therefore drained by ephemeral or intermittent streams which may
flow only during storms during some seasons. Variation in annual runoff is primarily associated with
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climate, but also is affected by geology, topography, vegetation and other natural and anthropogenic
factors. The influence of geology alone may account for halving or doubling of runoff (Langbein, 1949).

The degree of success in the application of the drainage-area ratio method in different studies is
dependent upon the choice of an index station or stations that are hydrologically similar to the site of
interest. For example, Hirsch (1979) compared results from the regression on basin characteristics,
drainage area, and flow correlation methods. In that study, the results from the drainage-area ratio
method (with a bias of about 15 percent of the historic average value) were comparable to results from
regression on basin characteristics and streamflow correlation when the index site had a high degree of
hydrologic similarity. However, Hirsch (1979) also demonstrated potential effects of the misapplication
of the method (with a bias of about 30 percent of the historic average value) if the index site has
different hydrologic characteristics than the site of interest.

Many studies use drainage area ratio methods to estimate streamflows and streamflow statistics
at an ungaged location from a streamflow record collected from a hydrologically similar basin with a
similar drainage area (Hirsch, 1979; Koltun and Schwartz, 1987; Stedinger and others, 1993; Ries and
Friesz, 2000; U.S. Geological Survey, 2002a; Berenbrock, 2002; Parrett and Johnson 2004; Emerson
and others, 2005; Hortness, 2006). Ries and Friesz (2000) compared regression on basin characteristics
and the drainage area ratio method with MOVE.1 based flow correlation estimates for sites in
Massachusetts. They found that drainage-area ratio estimates were generally more accurate than
regression on basin characteristics estimates for hydrologically similar basins with drainage areas within
the range of about 0.3 to 1.5 times the index-site drainage area. Similarly, the U.S. Geological Survey
(2002a) documents the results of an analysis of sites in Pennsylvania that includes 92 comparisons to
examine the relative accuracy of the drainage area ratio and regression methods. This analysis indicates
that, for hydrologically similar basins, 82 percent of the drainage-area ratio estimates had absolute
percent differences less than or equal to available regression estimates if drainage areas of the site of
interest were within the range of about 0.3 to 3 times the times the index-site drainage area. Thomas and
others (1994) used the drainage-area ratio method to estimate peak flood-flows at sites along streams
with drainage area ratios between 50 and 150 percent of the gaged area. They found that the exponent Z
(eq. 4) ranged from 0.4 in arid areas to 0.8 in the highlands in the southwestern United States. Similarly,
Berenbrock (2002) examined the drainage-area ratio method for estimating peak-flow statistics in ldaho
for sites with drainage-area ratios between 0.5 and 1.5 times the drainage area of the index site and
found that this method provided acceptable results if the exponent Z (eq. 4) was adjusted for site
characteristics. He found that the exponent Z in equation 4 varied from 0.65 to 0.94 (with a median of
0.84) for 9 regions of hydrologic similarity. These exponents indicate higher flood flows per unit area in
smaller basins and may reflect orographic effects in headwater basins. Thompson and Cavallo (2005)
indicated that the drainage-area ratio method provided results that were consistent with the accuracy of
regression equations for a variety of flow statistics at sites in Pennsylvania; except for some streams
with reaches that were losing water to the underlying aquifer. Emerson and others (2005) successfully
used regression equations to estimate drainage-area ratio parameters for two regions in North Dakota
and Minnesota.
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Asquith and others (2006) did an extensive evaluation of the drainage-area ratio method for
estimating selected streamflow statistics at ungaged sites in Texas. They evaluated the drainage-area
ratio method by pairing statistics from each of the 712 USGS streamgages located throughout the state
of Texas with every other station within the selected data set. They found substantial variation in the
drainage-area ratio exponents. Asquith and others (2006), however, did not apply hydrologic similarity
to constrain the station-pairs used to evaluate the drainage-area ratio method in this study. For example,
the study area for this study (Asquith and others, 2006) includes 12 of 84 ecoregions (U.S.
Environmental Protection Agency, 2003; 2004b) and 5 of 9 rain zones (Palecki and others, 2005)
defined within conterminous United States. Similarly, Omernik (2003) describes the hydrologic
dissimilarities of the different ecoregions within the different water-resource regions in Texas.
Ecoregions are defined by physiography, geology, soils, climate, land use and hydrology; all factors that
determine hydrologic similarity. Furthermore, implicit regionalization indicated by the distance between
sites may have a more substantial effect on streamflow characteristics than some basin characteristics
that may be used to assess hydrologic similarity between basins (Merz and Bloschl, 2004). Asquith and
others (2006) did note improvements in drainage-area ratio predictions for streamgages that were within
100 miles of each other. Much of the remaining variability may be caused by a lack of hydrologic
similarity for nearby streamgages that are in different ecoregions or in different rain zones, or the effect
of large distances on precipitation patterns.

Results of regression on basin characteristics studies also indicate the potential utility of the
drainage-area ratio method for planning-level estimates of streamflow statistics. Many studies that focus
on the regression on basin characteristics method indicate that drainage area (or contributing drainage
area) is commonly the most significant variable for estimating streamflow statistics within a hydrologic
region (Thomas and Benson, 1970; Benson and Carter, 1973; Tasker and Stedinger, 1989; Martin and
Ruhl, 1993; Vogel and others, 1999; Ries and Friesz, 2000). For example, Vogel and others (1999)
formulated regression models for average annual streamflows and the variability in average annual
streamflows and found that drainage area is the most significant predictor (with R-square values from
27 to more than 99 percent, with a median R-square value of about 70 percent) for these flow statistics
for all 18 water-resource regions in the conterminous United States. The 8 water-resource regions with
the highest degree of internal hydrologic similarity had r-square values that exceed 88 percent. The
region with the lowest R-square value for the drainage-area regression-model includes hydrologically
dissimilar areas from the Rocky Mountains, through the Great Plains, to the Arkansas Valley. Lins
(1997) indicates that the water-resource regions, which are based on drainage divides of major river
basins (or coastal areas) are not areas of hydrologic similarity. Koltun and Whitehead (2002) formulated
regression equations for various flow statistics in Ohio and found that exponents for drainage area were
approximately 1, and that the addition of other basin characteristics improved prediction errors, but only
by (a median) of about 8 percent. Simon and others (2004) examined flood-flows to estimate sediment-
transport by ecoregions and determined that drainage-area is the most significant variable for estimating
these streamflows. Emerson and others (2005) examined regression equations for streamflow prediction
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in North Dakota and Minnesota. They found that drainage area is the most significant explanatory
variable in this area.

The occurrence of zero streamflows may be a concern for streamflow statistics in some stream
basins. Information about the occurrence and statistical treatment of zero streamflows is not prevalent in
the published literature. Bent and Steeves (2006) indicate that, in Massachusetts, the estimated flow
status of a stream site (intermittent or perennial) depends on drainage area, surficial geology, percent of
forest cover, and streamflow region. The regions described by Bent and Archfield (2002) and Bent and
Steeves (2006) for estimating the flow status of a stream site were selected by characteristics of
streamflow statistics, but generally correspond to the delineation of ecoregions 58 (Northeastern
Highlands), 59 (Northeastern Coastal zone), and 84 (Atlantic Coastal Pine Barrens) in Massachusetts.
Bent and Steeves (2006) indicate that there is a high probability that streams throughout Massachusetts
with drainage areas greater than about 2 square miles will be perennial. However, a study from
Wyoming to estimate yields of dissolved constituents from intermittent and ephemeral streams included
sites with drainage areas of up to 836 square miles that were dry about 30 percent of the time (Delong
and Wells, 1988). Similarly, in arid areas ephemeral stream sites may have drainage areas as large as
150 to more than 200 square miles (Hejl, 1980; Coes and Pool, 2005). Hydrologic studies in Kansas
(Studley, 2000; 2001), indicate that relations between the percentage duration of appreciable flow
(defined as 0.1 ft%) is a linear function of basin drainage area in log-log space in the range from 10 to
3,000 square miles.

Estimating Streamflow Statistics at Sites with Limited Data Using
Streamflow Correlation

Streamflow correlation is generally considered to be a robust method for estimating selected
streamflow statistics at sites of interest for which there is limited streamflow data (Matalas and Jacobs,
1964; Hirsch, 1979, 1982; Vogel and Stedinger, 1985; Ries and Friesz, 2000). Streamflow correlation is
done by developing regression equations with data from a long-term continuous streamgage and the site
of interest. Streamflow correlation is used for record augmentation and record extension. Streamflow
record augmentation is commonly defined as a method for generating long-term estimates of statistics
such as the mean and variance of streamflows at short record sites (Matalas and Jacobs, 1964; Vogel
and Stedinger, 1985). Record extension is defined as a method for estimating individual discharge
values at the short-record site from concurrent mean-daily streamflow measurements at one or more
longer-record index site(s) (Hirsch, 1979; 1982; Hirsch and Gilroy, 1984; Vogel and Stedinger, 1985).
Record extension also may be done to estimate mean-daily streamflow values to fill a gap in the record
at the site of interest. The theory supporting record augmentation and record extension is that the record
of streamflow from an index (or predictor) station (the long-term continuous streamflow gaging station)
may be used as surrogate for streamflow information at the site of interest and that the drainage basins
upstream of the short and long-term record sites are hydrologically similar.
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There are several methods that are accepted for record extension and augmentation. Hirsch
(1982) demonstrated that the regression method commonly referred to as the line of organic correlation
(Helsel and Hirsch 2002), is a method suitable for record extension with maintenance of variance.
Hirsch and Gilroy (1984), and Helsel and Hirsch (2002) discuss the relative merits of regression
equations developed with the ordinary least squares, the line of organic correlation, and least normal
squares methods, indicating that the line of organic correlation is the best method of the three for record
augmentation and record extension. VVogel and Stedinger (1985) provide methods to adjust the record
extension equations for differences in the mean and variance of streamflows in the short-term
concurrent period and the long-term streamflow record. Vogel and Stedinger (1985) designated the
adjusted method as MOVE.3. Similar methods designated as MOVE.2 (Hirsch, 1982) and MOVE.4
(Vogel and Stedinger, 1985) have been developed but are more complex than MOVE.1 and MOVE.3,
respectively and do not offer significantly greater predictive capability. As with other regression-based
methods for estimating streamflows of interest, statistics from streamflow correlation methods can be
used to estimate the uncertainties in the predictions. Ries and Friesz (2000) provide a detailed
description of this type of uncertainty analysis for results from the MOVE.1 method.

Record augmentation or extension at a site of interest must be done with an appreciation for the
potential effects of outliers. If partial record stations are used, potential differences between
instantaneous measurements and the mean-daily flow available for historical records must be examined.
Record augmentation or extension of partial-record data is commonly used to estimate low-flow
statistics, so partial-record data is commonly collected only during times of stable-streamflow recession
(Riggs, 1968, 1972; Ries and Friesz, 2000). Measurement of streamflows over a wide range of flows is
necessary for extending a complete record. Collection of such a record, however, may be difficult
without multiple instantaneous discharge measurements on days with high, rapidly changing
streamflows. Record extension for short-term continuous streamgage records is more practicable
because the daily flows are more comparable between stations than are instantaneous measurements.
Also, proper development of a stage-discharge relation for such a station reduces the potential for poor
measurements in the data set. This is because each measurement can be compared to the stage-discharge
relation to determine if an individual measurement is a potential outlier. Such a comparison is used to
evaluate a measurement in the field and make repeated measurements to verify a potential change in the
stage-discharge relation (Rantz, 1982).

Requirements for selecting one or more index stations to be used for streamflow correlation
depend on the objectives of the analysis. Hydrogeologic similarity, relative basin size, and the
proportion of consumptive water use between the index station and the site of interest are important
considerations for both record extension and augmentation because some statistical characteristics (such
as higher moments of the index-streamflow population) are transferred by record
extension/augmentation techniques (Timothy Cohn, U.S. Geological Survey, Office of Surface Water,
written commun., 2006). In general, index-station drainage-basins should be in close proximity to the
site of interest, have similar physiographic and hydrogeologic characteristics, and have similar drainage
areas. For both augmentation and extension, the analyst must consider regression statistics (from the line
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of organic correlation) and visual examination of the relation between concurrent measurements to
ensure that the relation is linear and residuals are approximately normal and homoscedastic. If the
objective is record augmentation, to adjust short-term statistics at one site so they represent long-term
statistics, then the selection of one or more index stations may be more heavily weighted on regression
statistics than proximity to the site of interest to get the best possible estimates of streamflow statistics.
In this case, the proximity and relative size of drainage areas of the site of interest and the index station
or stations is not the most critical consideration. If, however, the objective is record extension, to
generate a sequence of daily, weekly, monthly, or annual flow series that represent a time-series of
streamflow data with the correct flow statistics and serial correlation of streamflows, then consideration
of proximity and basin size may be critical. Proximity is important for extending daily flow records to
reflect the effects of individual precipitation events (or lack thereof) from one basin to the next.

For record extension, drainage basin size is important to represent the watershed response to a
given precipitation event. The tendency for high flows to follow high flows and low flows to follow low
flows in a streamflow data set, commonly called serial correlation, is considered an important feature to
preserve in streamflow extension techniques (Hirsch, 1982). For example, a commonly used rule-of-
thumb for hydrograph separation is that that the number of days required for a basin to return to base
flow after a storm peak is the drainage area (in square miles) raised to the power 0.2 (Linsley and others,
1975; Sloto and Crouse, 1996). Therefore, one may expect stormflows to persist, once the stormflow
has peaked, for about 1 day for a 1 mi? basin, 2 days for a 32 mi? basin, and 3 days for a 243 mi? basin.
Similarly, the time to the hydrograph peak, commonly expressed as a function of stream length and
distance to the upstream divide, is related to basin size (Chow and others, 1988). Basin size may be less
critical for record augmentation than for extension, because the regression equation coefficients should
account for differences in responses of the mean and variance of streamflows between basins and the
MOVE equation is not being used to estimate a streamflow for a particular day.

Hydrologists may want to use two or more index stations for record extension or record
augmentation because different streamflow sites rarely are similar in all physiographic, hydrogeologic,
land-cover, land-use, and water-use and features. Use of multiple stations is done in an attempt to
improve individual estimates and compensate for perceived limitations in hydrologic similarity or the
relative proximity of the one index station with the best regression relation. For example, Ries and
Friesz (2000) use MOVE.1 regression statistics to derive a weighted-average estimated streamflow
value at the site of interest from individual MOVE.1 prediction values at different stations. Use of
multiple index stations, with similarly high regression statistics, is commonly done for record
augmentation in an attempt to generate estimates that are representative of streamflow characteristics in
adjacent areas. Estimates with multiple stations are commonly weighted by the strength of regression
statistics. Although the effect of random differences in spatial and temporal patterns in precipitation on
the relative timing and magnitude of streamflow variation from day to day will tend to equal out over
long periods of time (for record augmentation), it is thought that use of multiple stations for estimating
individual streamflow values may better reflect the occurrence of individual storm events (for record
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extension). The magnitude of local storm events, however, may be muted by including estimates from
neighboring index stations that did not receive precipitation during an individual event.
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