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Guidelines and Procedures for Computing Time-Series
Suspended-Sediment Concentrations and Loads from
In-Stream Turbidity-Sensor and Streamflow Data

By Patrick Rasmussen, John R. Gray, G. Douglas Glysson, and Andrew C. Ziegler

Abstract

In-stream continuous turbidity and streamflow data, cali-
brated with measured suspended-sediment concentration data,
can be used to compute a time series of suspended-sediment
concentration and load at a stream site. Development of a sim-
ple linear (ordinary least squares) regression model for com-
puting suspended-sediment concentrations from instantaneous
turbidity data is the first step in the computation process. If
the model standard percentage error (MSPE) of the simple
linear regression model meets a minimum criterion, this model
should be used to compute a time series of suspended-sedi-
ment concentrations. Otherwise, a multiple linear regression
model using paired instantaneous turbidity and streamflow
data is developed and compared to the simple regression
model. If the inclusion of the streamflow variable proves to
be statistically significant and the uncertainty associated with
the multiple regression model results in an improvement over
that for the simple linear model, the turbidity-streamflow
multiple linear regression model should be used to compute a
suspended-sediment concentration time series. The computed
concentration time series is subsequently used with its paired
streamflow time series to compute suspended-sediment loads
by standard U.S. Geological Survey techniques.

Once an acceptable regression model is developed, it
can be used to compute suspended-sediment concentration
beyond the period of record used in model development with
proper ongoing collection and analysis of calibration samples.
Regression models to compute suspended-sediment concentra-
tions are generally site specific and should never be considered
static, but they represent a set period in a continually dynamic
system in which additional data will help verify any change in
sediment load, type, and source.

Introduction

Collection, computation, storage, and publication of
suspended-sediment concentrations (SSCs), suspend-sediment
loads (SSLs), and related environmental data can be important

parts of investigations to evaluate the effects of fluvial sedi-
ment on a water resource (Glysson, 1989a). Suspended sedi-
ment can adversely affect water supply, recreation, aquatic
life, flood control, transportation, fisheries, reclamation, and
navigation (Angino and O’Brien, 1968). The U.S. Environ-
mental Protection Agency (2008) lists sediment and other
solid-phase constituents to be the most prevalent source of
impairment of the Nation’s surface water.

Traditionally, SSC data have been derived from analytical
results from physical samples collected by methods described
by Edwards and Glysson (1999), Nolan and others (2005), and
Gray and others (2008). SSL data have been computed from
SSC and streamflow data by methods described by Porterfield
(1972) and Koltun and others (1994, 2006). The traditional
U.S. Geological Survey (USGS) computation technique pre-
sented by Porterfield (1972) is predicated on the availability of
more frequent than daily (continuous) streamflow time-series
data and a concurrent trace of SSC interpolated from physical
samples, and where necessary, SSC estimates. Interpolated and
estimated parts of a SSC trace for a stream site can include
periods during which a substantial cumulative fraction of the
annual SSL occurs. Hence, considerable hydrologic judgment
often is required to compute sediment records by Porterfield’s
(1972) method.

Turbidity is an expression of the optical properties of
a sample that causes light rays to be scattered and absorbed
rather than transmitted in straight lines through the sample
(Anderson, 2005; ASTM International, 2007). Turbid water
results from the presence of suspended and dissolved mat-
ter such as clay, silt, finely divided organic matter, plankton,
other microscopic organisms, organic acids, and dyes (ASTM
International, 2007).

The magnitude of turbidity in streams, lakes, and
estuaries is often proportional to SSC. When proportional,
the turbidity-SSC relation can be quantified through linear
regression analysis (Walling, 1977; Gilvear and Petts, 1985;
Buchanan and Schoellhamer, 1995; Lewis, 1996; Christensen
and others, 2000; Uhrich and Bragg, 2003; Lietz and Debiak,
2005; Rasmussen and others, 2005; Lee and others 2009).
The turbidity-SSC regression model, in turn, can be used to
compute SSC values from turbidity data within the turbidity
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meter’s measurement range. Continuously monitored turbidity
data enable computation of a SSC time series that can be used
with its paired streamflow time series to compute continuous
SSL without the routine need for interpolation or estimation.

When the turbidity-SSC model is deemed adequate,
regression-computed SSC can provide a more reliable and
reproducible SSC time series with smaller uncertainty values
than either a sediment-transport curve using streamflow as the
sole independent variable for computations of SSC (Rasmus-
sen and other, 2005; Lee and others, 2008) or arguably with
SSC data produced by Porterfield’s (1972) computational
method (for which there is no quantitative method for deriving
uncertainty). When the turbidity-SSC model is deemed inad-
equate, the addition of streamflow as a second model variable
may result in an acceptable time series of SSC. The turbid-
ity- or turbidity-and-streamflow-based computational scheme
to produce SSC data has a number of advantages over that of
Porterfield’s (1972) method, as follows:

1. No subjective interpolation or estimation is required;
2. The computational procedure is precisely reproducible;

3. The scheme takes full advantage of the available database
and computational resources; hence, it can substantially
reduce the time and effort needed to compute SSL records;
and

4. Estimates of uncertainty can be computed for the
SSC time series.

The turbidity- or turbidity-and-streamflow-based com-
putational scheme also has advantages over the traditional
sediment-transport curve method (Glysson, 1987). The reli-
ability of SSL computed from a transport curve depends on a
number of factors, including the range of streamflow and SSC
over which the data were collected to define the curve, the
number and reliability of the concentration-discharge relations
used to define the curve, and whether the data are representa-
tive of water and sediment loads for the computational period
(Gray and Simdes, 2008). Walling (1977) found that annual
SSL computed using a sediment-transport curve could result
in errors of as much as 280 percent, whereas errors in monthly
SSL could range between +900 percent and -90 percent.
Glysson and others (2001) compared SSL computed by the
Porterfield (1972) method and a transport curve for 34 years
of streamflow and suspended-sediment records at the USGS
streamgage on the Rio Grande at Otowi Bridge, New Mexico.
Daily SSL computed by these two techniques differed by as
much as 4,000 percent, whereas the maximum difference in
annual SSL computations was 526 percent. SSL for the 34-year
period of record differed by 38 percent. Lee and others (2008)
compared the uncertainty of annual SSL computed using a
sediment-transport curve and a turbidity-SSC model at three
sites near John Redmond reservoir, Kansas. The uncertainties
associated with the annual SSL derived from sediment-trans-
port curves ranged from 16-20 percent, whereas those derived
from the turbidity-SSC model ranged from 1.1-3.2 percent.

Glysson and others (2001) observed that estimates of
SSLs that are based on sediment-transport curves are subject to
significant errors, in part because of the large range in SSC that
can occur at any given water discharge. They concluded that,
although a well-defined, carefully constructed and judiciously
applied sediment-transport curve can be a useful tool for
estimating SSL, SSL estimates derived from sediment-transport
curves should not be considered a substitute for daily-sedi-
ment records computed by Porterfield’s (1972) method. Lewis
(1996) indicated that regression models using turbidity instead
of streamflow improved the root-mean-squared errors of sedi-
ment rating curve estimates by 7 to 15 percent.

Hence, the use of a linear regression model to compute
SSC from turbidity time-series data, and in some cases, turbid-
ity and streamflow time-series data measured at a fixed loca-
tion in a stream provide statistical estimates of uncertainty of
SSC (Christensen and others, 2000). The use of a linear regres-
sion model, depending on the characteristics of the sediment
in suspension, is likely a more accurate method for estimating
a SSC time series than either the Porterfield (1972) method or
traditional transport-curve method (Walling, 1977; Horowitz
and others, 2003; Putnam and Pope, 2003).

SSC computed from regression models can be used for
a variety of purposes, including use to describe variability
in suspended-sediment conditions, to evaluate SSC relative
to water-quality criteria and water-resource management
goals, and to compare the SSC and SSL characteristics among
watersheds. Computed SSC and streamflow data in riverine
applications can be used to compute SSL to reservoirs, which
in turn can be used to infer loss of reservoir capacity. Com-
puted SSC and SSL also can be used in the study of channel
morphology and basic process analysis of sediment sources.
Also, by relating the continuous, time-series turbidity data to
the sampled SSC, it may be possible to identify the sources
and timing of sediment transport more accurately than on the
basis of periodic sample collection. Subsequently, computed
daily, monthly, seasonal, and annual SSL can be used to assess
differences in fluvial-sediment characteristics between basins
as a function of hydrologic conditions, contributing drainage
area, land use, sediment sources, and (or) human activity. Tur-
bidity time-series data also can be used to compute a variety
of constituent concentrations—for example, total nitrogen and
total phosphorus (Rasmussen and others, 2005) and indica-
tor bacteria (Rasmussen and Ziegler, 2003) that correlate
well with SSC, which in turn can be used to compute loads of
those constituents.

Historically, most State agencies have collected samples
for analyses of total suspended solids (7SS) in lieu of SSC
samples (Pruitt, 2003). This is largely a consequence of the
fact that the U.S. Environmental Protection Agency presently
only recognizes the 7SS analytical method (American Public
Health Association, American Water Works Association, and
Water Pollution Control Federation, 2005). 7SS data tend to be
biased low, particularly when sand constitutes more than about
20 percent of the mass of the water-sediment mixture (Gray
and others, 2000; and Glysson and others, 2000, 2001). For



systems that convey primarily silt- and clay-sized sediment in
suspension, Christensen and others (2000) and Rasmussen and
others (2008) have used turbidity-7:SS models to compute 7SS
values with acceptable uncertainties. However, 7SS data are
acceptable alternatives to SSC data only after being conclu-
sively documented in a published report that the 7SS data

can adequately represent SSC data over the range of expected
flows at a site (U.S. Geological Survey, 2000).

Purpose and Scope

This report provides guidelines and procedures for com-
puting time series of SSC and SSL from time series of turbidity
and streamflow data using a generally site-specific, simple or
multiple regression model relating SSC from periodically col-
lected in-stream water samples to in-stream turbidity measure-
ments. Included is the requisite knowledge to:

1. Develop and evaluate an empirical statistical relation
between turbidity and SSC measurements;

2. Compute time series of SSC and SSL from turbidity and
streamflow time-series data; and

3. Maintain a long-term SSC record.

Examples of applications of the analytical and compu-
tational methods described herein are provided using data
from USGS streamgages in California, Florida, Kansas, and
Oregon. Although this guidance is for application in a river-
ine environment, selected aspects of the guidelines may be
adapted for use in lacustrine or estuarine applications.

References to principles of sediment transport, sampling
techniques, and related field procedures, along with quality-
control procedures, are presented because an understand-
ing of these principles and procedures is fundamental to the
computation of time-series suspended-sediment records.
Concepts, statistical procedures, and techniques are presented
for computing SSC and SSL time series. Material in this report
includes procedures and techniques to maintain a multiyear
SSC time series and to prepare suspended-sediment data for
public dissemination. Selected duplication of material con-
tained in other publications and guidelines is necessary and
intentional to provide guidance for computing SSC and SSL
from turbidity and streamflow data. Specific USGS guidance
on methods for computing and storing computed suspended-
sediment data in the USGS National Water Information Sys-
tem (NWIS) database is presented.

Related Guidelines

Porterfield (1972) describes two basic types of sediment
records—daily and periodic—calculated from sampled SSC
and using gage height and (or) streamflow data to synthe-
size the SSC trace for unsampled periods. Daily records are
prepared for sites where sufficient determinations of SSC and
streamflow are obtained to enable computation of daily SSL

Introduction 3

(Porterfield, 1972). The end product is a tabulation of daily
time-weighted mean SSC, SSL, and, in many cases, periodic
determinations of particle-size distributions of suspended
sediment and bed material. These are combined with other
hydrologic data and released, usually by water year (October 1
through following September 30), by the USGS in stream-site
data sheets for specific States or in the Open-File or Scientific
Investigation Report series. Periodic records are prepared

for sites where frequency of determination of SSC and (or)
streamflow are insufficient to justify computation of daily SSL
or where only miscellaneous samples are collected infre-
quently. In addition to publication of the records, the data and
supporting documentation on computations are maintained on
file in the USGS Water Science Centers and are available for
examination or for use in interpretative reports and research.

Wagner and others (2006) provide basic guidelines and
procedures used by USGS personnel for operating water-qual-
ity monitors, including site selection, field procedures, calibra-
tion of continuous water-quality monitors, record computation
and review, and data reporting. In addition, Wagner and others
(2006) present methods for servicing fixed-location water-
quality monitors (including turbidity sensors) in freshwater
environments and estuaries. Alternative methods for servicing
monitors also are included. These basic guidelines are minimal
requirements that may be modified to meet local environ-
mental conditions or specific study objectives. Knowledge of
monitoring-equipment operation and first-hand knowledge
of the salient aspects of the watershed form the core of the
data-evaluation process. Record-computation procedures
presented in Wagner and others (2006) provide a uniform
set of minimum requirements for computing water-quality
records. Examples of the application of scientific judgment in
the evaluation of data records are presented and are, by neces-
sity, site specific. Other specific examples also are included to
demonstrate the range of environmental conditions that affect
the evaluation process.

Equipment and procedures for collection and measure-
ment of fluvial sediment are described by Edwards and
Glysson (1999), which contains two major sections regard-
ing suspended-sediment equipment and techniques that are
germane to developing turbidity/suspended-sediment rela-
tions. The “Sediment-Sampling Equipment” section includes
information on the characteristics and limitations of various
models of Federal Interagency Sedimentation Project (2008)
isokinetic, depth- and point-integrating samplers (Davis,
2005), non-isokinetic single-stage samplers, automatic pump-
ing samplers, and selected support equipment. The “Sediment-
Sampling Techniques” section in Edwards and Glysson (1999)
includes information on sediment-discharge measurements,
including collection of representative samples, character-
istics of sampling sites, equipment selection relative to the
sampling conditions and needs, depth- and point-integration
sampling techniques, surface and dip sampling, determination
of sampler transit rates, sampling programs, and cold-weather
sampling. The sediment-sampling equipment and techniques
sections in Edwards and Glysson (1999), the subject matter of
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which is also the focus of Nolan and others (2005) and Gray
and others (2008), provide the fundamental information for
collecting representative water-sediment samples. The derived
SSC data, in turn, are used in correlations to turbidity. A more
detailed description of suspended-sediment data-collection
techniques is beyond the scope of this report.

Although streamflow computations can be accomplished
by several techniques depending on site and equipment
characteristics, they usually entail collection of stage records
along with periodic streamflow measurements. Stage records
are obtained from a water-stage recorder. Streamflow mea-
surements usually are made with a current meter (Rantz and
others, 1982; Kennedy, 1984) or acoustic Doppler current
profiler (Lipscomb, 1995; U.S. Geological Survey, 2002). The
methods are consistent with the American Society for Test-
ing and Materials (ASTM) standards and generally follow the
standards of the International Organization for Standardization
(ISO). A more detailed description of streamflow time-series
computation is beyond the scope of this report.

Helsel and Hirsch (2002) provide a stand-alone text
of applied statistical methods for hydrology. Their chap-
ters “Simple Linear Regression” and “Multiple Linear

Table 1.

Regression” are cited throughout this guide and are essential
for understanding and performing the statistical procedures
presented.

Types of Turbidity Sensors

There are many methods for quantifying water clar-
ity, including Secchi and black disks, laser diffraction (Gray
and others, 2003; Gray and Gartner, 2009; Gray and Gartner,
in press), digital-optic techniques (Gray and others, 2003;
Gooding, in press) and optical light scattering and absorption
techniques (table 1; Gray and others, 2003; Rasmussen and
others, in press). The techniques in this report are predicated
on use of either of two types of turbidity sensors that are based
on nephelometric or optical-backscatter (OBS) principles
and are commonly used to measure turbidity for the purposes
of computing SSC (Gray and Gartner, 2006). These sensors
are designed for extended in-situ deployment, are relatively
inexpensive, and are either self recording or produce signals
compatible with a data logger.

Selected specifications for selected turbidity instruments (Anderson, 2005).

Light source Multiple or single

Detection angle

Single or multiple Designated units

light sources detectors

White or broadband Single 90-degree detection angle Single NTU (nephelometric
(400-680 nanometers) turbidity unit)

White or broadband Single 90-degree detection angle Multiple detectors, NTRU (nephelometric
(400-680 nanometers) ratio compensation turbidity ratio unit)

White or broadband Single 30- (plus or minus 15) degree Single BU (backscatter unit)
(400-680 nanometers) detection angle (backscatter)

White or broadband Single 180-degree detection angle Single AU ( attenuation unit)
(400—680 nanometers) (attenuation)

White or broadband Multiple Detectors at 90 degrees and pos- Multiple NTMU (nephelometric
(400-680 nanometers) sibly other angles to each beam turbidity multibeam unit)

Near infrared Single 90-degree detection angle Single FNU (formazin
(780-900 nanometers) nephelometric unit)
or monochrome

Near infrared Single 90-degree detection angle Multiple detectors, FNRU (formazin
(780-900 nanometers) ratio compensation nephelometric ratio unit)
or monochrome.

Near infrared Single 30- (plus or minus 15) degree Single FBU (formazin backscatter
(780-900 nanometers) detection angle (backscatter) unit)
or monochrome

Near infrared or Single 180-degree detection angle Single FAU (formazin attenuation
monochrome (attenuation) unit)

Near infrared Multiple Detectors at 90 degrees and pos- Multiple FNMU (formazin

(780-900 nanome-
ters) or monochrome
(including Great Lakes
Instruments, Inc.,
1992—Method 2)

sibly other angles to each beam

nephelometric multibeam
unit)




Unlike absolute measurements of selected physical prop-
erties of water, such as specific conductance, pH, temperature,
or dissolved oxygen, turbidity is a relative index of scattering
and absorption of light in water. Turbidity is not a direct mea-
sure of suspended particles in water but instead is a measure of
the scattering and absorbing effect such particles have on light
(Sadar, 1998). Anderson (2005) provides a review of available
turbidity sensor technologies with a decision tree to select a
suitable instrument for a specific site or application and guide-
lines for calibration, operation, quality-assurance procedures,
and reporting of data. Several characteristics of the water and
suspended-sediment mixture, such as particle size, shape,
and color, can affect the optical measurement (Sadar, 1998;
Davies-Colley and Smith, 2001; Ziegler, 2002a,b; Anderson,
2005; Downing, 2005, 2006). The effects of these characteris-
tics are discussed in the section on “Factors Affecting Relation
Between Turbidity and Suspended-Sediment Concentration.”

Nephelometry

Nephelometry is the measurement of light scatter-
ing using a light detector 90 degrees from the incident light
(U.S. Environmental Protection Agency, 1999). Nephelometric

A B
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measurements reflect the collective optical properties of solu-
tion that cause light to be scattered or attenuated rather than
transmitted in straight lines through the solution; the larger the
amount of scatter or attenuation of light, the larger the value
measured by the nephelometric turbidity meter. Nephelomet-
ric measurements typically are expressed in turbidity units
defined by the light source, detection angle, and whether the
sensor has single or multiple detectors (table 1). Approved
methods (in 2008) for the measurement of turbidity include
those that conform to at least three protocols. These are stated
in: (1) U.S. Environmental Protection Agency (USEPA)
Method 180.1 (U.S. Environmental Protection Agency, 1979),
(2) ISO Method 7027 (International Organization for Stan-
dardization, 1999), and (3) standard methods recommended by
the American Water Works Association and the Water Envi-
ronment Federation (Clesceri and others, 1998).

Wagner and others (2006) describe methods for measur-
ing turbidity with submersible-type (fig. 1) and nonsubmers-
ible nephelometric sensors. The nephelometric measurements
shown in the examples in this report were made with either
an YSI 6026 or YSI 6136 turbidity probe (YSI Incorporated,
2003). These YSI sensors conform to the ISO Method 7027
and ASTM D-7315 measurement standards. Each has a light

Figure 1. Three self-cleaning nephelometric turbidity
sensors—A, YSI Incorporated (Yellow Springs, Ohio)
model 6136 turbidity sensor, B, Hydrolab (Loveland,
Colorado) self-cleaning turbidity sensor, and C, Forest
Technology Systems (Blaine, Washington) model
DTS-12 turbidity sensor.
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source of 860 + 30 nanometers (nm) with a single detector
oriented at 90 degrees from the incident light path. Neph-
elometric readings from the YSI 6026, YSI 6136, and other
turbidity sensors can be different and not directly equivalent
(Sadar, 1998; Davies-Colley and Smith, 2001; Landers,
2003; YSI Incorporated, 2003; Ziegler, 2003a; Rasmussen
and others, 2005). Different turbidity values, therefore, can
be measured for an individual sample by different turbid-
ity sensors conforming to the same standard method. See
the “Changes to Turbidity Sensor Model or Type” section of
this report for a discussion of data processing from different
turbidity sensors.

Optical Backscatter

OBS sensors measure the same properties as nephelo-
metric sensors, but the angle between the light source and the
detector is less than 90 degrees. An OBS sensor is typically
a cylinder utilizing an optical window from which light is
both emitted and received (fig. 2; Downing and others, 1981;
Downing, 1983). A pulse of either white or near-infrared light
is transmitted through the optical window and is scattered or
reflected by particles in front of the window in a 165-degree
conical zone within some distance. Some of this scattered
or reflected light is returned to the optical window where a
receiver converts the backscattered light to a proportional
voltage output. The relation of OBS sensor voltage output to
SSC varies depending on the size, shape, and optical proper-
ties of the suspended sediment (Levesque and Schoellhamer,

A

Figure 2. Optical backscatter sensors—A, 0BS 3+ (Campbell
Scientific Inc., Logan, Utah) and B, Hach (Loveland, Colorado)
Solitax.

1995). Downing (2006) provides a thorough discussion of the
history and use of OBS measurements to compute SSC. Typi-
cally, OBS sensors are used at locations where the nephelo-
metric sensor maximum reporting level, ranging from 1,000 to
2,000 formazin nephelometric units (FNUs) or SSC values
larger than 1,000 milligrams per liter (mg/L), are exceeded
frequently.

Relation of Turbidity to Suspended-
Sediment Concentration

A constituent concentration may be computed as a func-
tion of another measurement by means of linear regression
models (Helsel and Hirsch, 2002). SSC, for example, can
be computed from turbidity and (or) streamflow measure-
ments by means of linear regression. The regression methods
used in this guide are described in Helsel and Hirsch (2002)
and are similar to those applied by Gilvear and Petts (1985),
Lewis (1996), Christensen and others (2000), Uhrich and
Bragg (2003), Lietz and Debiak (2005), and Rasmussen and
others (2005).

To illustrate the techniques and methods discussed in
these guidelines, turbidity, streamflow, and SSC data from
USGS streamgage 07144100, Little Arkansas River near
Sedgwick, Kansas, are used. A riverine example is presented
because it is the most likely and common application of this
method. Some of the methods discussed are not applicable to
lacustrine or estuarine applications. Data sets and regression
model examples of other riverine and estuarine data sets are
provided in Appendix 1.

Steps in the procedure for computing time-series records
of SSC and SSL are given in the checklist shown in figure 3.
There are three major steps to completing the computation:

1. Compilation of a model-calibration data set of concurrent
turbidity, streamflow, and SSC values;

2. Development of a linear regression model to compute
instantaneous values of SSC; and

3. Computation and storage of instantaneous values of SSC
and daily values of SSL.

Compilation, development, and computation methods are
described in detail in the following sections.

Model-Calibration Data Set

Compilation of the model-calibration data set is the first
step in the development of a linear regression model. The
model-calibration data set consists of concurrent instantaneous
in-stream measurements of turbidity and streamflow, and
sampled SSC values that correspond to the paired turbidity-
streamflow measurements. Appendix 2 discusses retrieval of
these data types from the USGS National Water Information
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[NWIS, U.S. Geological Survey National Water Information System; ADAPS, U.S. Geological Survey Automated Data Processing
System; QWDATA, U.S. Geological Survey water-quality database; SSC, suspended-sediment concentration; SSL, suspended-
sediment load, R, coefficient of determination; RMSE, root-mean-squared error; MSPE, model standard percentage error; PRESS,
prediction error sum of squares; VIF, variance inflation factor; R’a, adjusted coefficient of determination ; MVUE, minimum-variance

unbiased estimator; ANCOVA, analysis of covariance]

Checklist for time-series suspended-sediment records

1) Compile model calibration data set

a)

b
c)
d
e)
f)

~

=

Retrieve data from NWIS

i)  Approved time-series data: turbidity and streamflow (from ADAPS)
ii)  Discrete sample data: SSC, sand-silt percentage (from QWDATA)

Assign turbidity and streamflow values to be used in regression
Plot raw data to identify potential outliers (turb against SSC)
Plot samples on turbidity and streamflow duration curves
Compile statistical summary of model calibration data set

Write model-calibration data-set summary in station analysis

2) Development of a regression model

a)
b)

c)
d)
e)

2)
h)
i)

Correlations and scatter plots of all data

Simple linear regression turbidity/SSC, untransformed and log,,
transformed and regression diagnostics

(R’, R’, RMSE, PRESS, MSPE)

Determine proper transformation

Model residual plots

Plot model residual against streamflow, Julian day
Evaluate simple and multiple linear regression models
(residual plots, VIF, partial F-test, R° , PRESS, MSPE)
Bias correction factor (Duan or MVUE)

90-percent prediction interval

Regression model summary in station analysis

3) Computation and storage of time-series suspended-sediment

concentration and load record in NWIS

a)
b)
c)
d)
e)
1)
g)

Set up data descriptors in ADAPS

Enter bias adjusted equation

Select period of suspended-sediment record for application of model
Compute SSC unit value and SSL daily values

Estimate missing SSC or SSL data

Evaluate period of record graphs

Update station analysis

4) Annual model validation

a)
b)
c)
d)

Plot calibration data set and recent annual data
Compare original model to model with additional data (ANCOVA)
Update model in ADAPS

Determine start date and time of new model

Figure 3. Checklist for development, verification, and approval of a regression model to compute suspended-

sediment concentration and load time-series data.

7



8 Computing Time-Series Suspended-Sediment Concentrations and Loads from Turbidity-Sensor and Streamflow Data

System (NWIS) database. The sampled SSC must be repre-
sentative of the mean cross-sectional SSC value at the time of
collection. The rationale for examination and quality assur-
ance of the data are presented in the following paragraphs.
The computation of turbidity and streamflow time-series data
are assumed to have been completed by means of established
USGS guidelines and procedures (Wagner and others, 2006;
U.S. Geological Survey, variously dated). The guidance that
follows is intended only to supplement procedures presented
in Wagner and others (2000).

Evaluation of Fixed-Location and Cross-Section
Turbidity

Comparisons of fixed-location and cross-section in-
stream turbidity measurements should be part of the turbidity
record analysis (Wagner and others, 2006). Fixed-location,
in-stream (hereinafter referred to as “fixed-location”) turbidity
measurements collected concomitant with cross-section tur-
bidity measurements should be retrieved from the “approved”
time-series data set (U.S. Geological Survey, 2006, p. 20,
188-195). The turbidity cross-section measurements should
be made with a properly cleaned and calibrated field turbid-
ity sensor of the same make and model as the fixed-location
turbidity sensor. Cross-section turbidity measurements are
collected at several points across the stream routinely near the
surface and periodically at different depths (Anderson, 2005).
Those points at suspended-sediment sampling verticals are
used for either the equal-width increment or equal-discharge
increment methods (Edwards and Glysson, 1999; Nolan and
others, 2005; Gray and others, 2008). These measurements
are averaged and used in evaluations of the representative-
ness of data produced from fixed-location turbidity time-series
measurements (fig. 4).

Large turbidity values warrant special evaluation.
Although the values may be valid, spurious data can occur,
including those recorded when turbidity exceeds the sensor’s
maximum recording level. Sensor-measurement truncation
produces constant-value artifacts when in-stream turbid-
ity levels exceed the maximum recording level of the sen-
sor (1,000-2,000 mg/L for most nephelometric sensors and
4,000-50,000 mg/L for most OBS). The maximum recording
level is unique for each turbidity sensor and should be rou-
tinely quantified and documented for each sensor (Anderson,
2005). Because the maximum recording level of the sensor
is reported for all turbidity values equal to or larger than the
maximum recording level, truncation is manifested as a hori-
zontal line or plateau in the temporal turbidity trace of plotted
data (fig. 5). Routine calibration of the turbidity sensor can
change the maximum recording level; therefore, turbid-
ity measurements within about 10 percent of the maximum
recording level should be evaluated to determine if those
values are artifacts of truncation. Generally, these values
should not be used as part of the model-calibration data set.
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Figure 4. Comparison of fixed-location and median cross-section
turbidity measurements for U.S. Geological Survey streamgage

on Little Arkansas River near Sedgwick, Kansas, November 1998
June 2005.

Exceptions should be clearly noted and fully explained as
part of the summary in the station analysis (Appendix 1 at the
back of this report). The use of turbidity sensors to compute
SSC at a site subject to frequent turbidity truncation may

not be appropriate. OBS sensors should be used for streams
where a significant percentage of SSL occurs at SSC values
exceeding about 2,000 mg/L. However, currently (2009) most
OBS sensors are not self cleaning and require more frequent
routine maintenance.

Determination of Turbidity and Streamflow
Associated with Suspended-Sediment
Concentrations

Turbidity and streamflow corresponding to each SSC
sample should be determined from the time-series data
sets—preferably, time-weighted averages of turbidity and
streamflow values recorded immediately before, immedi-
ately after, and during the SSC sample collection (fig. 5). The
hydrographer should ensure that the turbidity and streamflow
time-series data retrieved from the USGS time-series data-
base, ADAPS, have a data-aging status of “approved” (U.S.
Geological Survey, 2006, p. 20 and 188—195). Once turbidity
and streamflow values have been determined for each SSC
value, the hydrographer should compile a data set for statisti-
cal analyses.
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Figure 5. A, Time-series turbidity and streamflow data, August 14—18, 2002, and B, duration of cross-section turbidity and suspended-
sediment sample collection, August 15, 2002, at U.S. Geological Survey streamgage on Little Arkansas River near Sedgwick, Kansas.
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Identification of Outliers

The development of a SSC regression model should be
preceded by evaluation of a scatterplot of the turbidity and
SSC calibration data. The hydrographer can sometimes discern
outliers on the basis of the scatter of the data. Helsel and
Hirsch (2002, p. 11, 31-34, 246-248) provide additional guid-
ance on the identification and treatment of outliers.

Once an outlier is identified, the hydrographer should
use all technically supportable analytical tools and methods to
attempt to discredit the value in question. This includes:

1. Confirmation that the correct value was entered into the
database;

2. Evaluation of laboratory analytical results; and

3. Review of the field notes to ensure that proper collection
techniques were used or to otherwise identify factors that
might lend credit to or that might refute the outlier.

Remove outliers from the analysis that can be discredited with
a high degree of confidence. Conversely, if an outlier can-

not be discredited, the hydrographer must determine the type
of adjustment and document the attempts to verify the value
in the station analysis summary (Appendix 1). Outliers that
cannot be discredited may affect the analysis and may help
the hydrographer better understand the relations among site
turbidity, SSC, and streamflow. Numerous outliers may be
indicative of problems with the measuring apparatus and (or)
monitoring site that may in turn warrant corrective measures.

In the comparison of Little Arkansas River fixed-location
turbidity measurements to SSC (fig. 6), five data points plot-
ted outside the scatter and pattern of the other 68 data points.
Inspection of field and laboratory notes and results of particle-
size analyses indicated that these outliers should be either
corrected or removed. One of the five outliers was derived
from a sample that arrived at the laboratory with a loose bottle
lid and an abnormally small sample volume. On the basis of
this information, it was surmised that some sample water had
leaked while most if not all of the sediment remained at the
container’s bottom, resulting in a spuriously large SSC. The
discredited outlier was removed from the data set.

Values for two SSC samples that plot as outliers on
opposite sides of the data scatter (identified as “Database
entry errors for SSC values” in figure 6) were evaluated. The
field forms for these samples confirmed that turbidity values
in the database matched the turbidity measurements made
concomitant with SSC sample collection. However, a review
of the analytical summaries for the SSC samples indicated that
data-entry errors comprising misplaced decimal points resulted
in one value appearing as 10-fold its true value and the other
one-tenth of its true value. The two sample results were duly
corrected in the database and replaced the erroneous values in
the model-calibration data set.

Evaluation of the particle-size analyses performed on
the suspended-sediment samples collected at relatively low
streamflows indicated an abnormally large percentage of sand
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Figure 6. Comparison of turbidity to suspended-sediment
concentration in water from U.S. Geological Survey streamgage
on Little Arkansas near Sedgwick, Kansas, August 2000—

June 2005.

(particle sizes exceeding 63 micrometers [um]) for two other
outliers. Typically, sand in samples collected at this site during
similar low streamflow conditions constitutes no more than
2 percent of the sediment mass. Sand in these two samples
constituted 10 and 30 percent of the dry sediment mass.
Transport of sand at these low streamflows is unsupported by
sedimentological theory and samples collected previously at
this site. The outliers were deemed to be artifacts attributable
to sampling error (inadvertently scooping sand-size bed mate-
rial into the suspended-sediment sampler) and were removed
from the data set.

A revised scatterplot identified no other data points that
deviated sufficiently from the rest to justify further scrutiny.

Adequacy of Model-Calibration Data Set

An adequate model-calibration data set consists of an
appropriate number of instantaneous, manual SSC samples
and concurrent turbidity and streamflow measurements col-
lected throughout the observed range of hydrologic condi-
tions for the period of record (Glysson, 1989b; Rasmussen
and others, 2002). The number of samples is often cited as
the primary criterion for determining if a data set is adequate
for computational purposes. Initially, approximately monthly
samples collected over a 2- to 3-year period for the range of
hydrologic conditions may be needed. Although the sample
total is relevant, the distribution of the data over the range of
observed turbidity, SSC, and streamflow values for the site is
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of paramount importance. A regression model developed from
15 samples more or less evenly distributed throughout the
seasons and range of turbidity and streamflow at a site might
result in a more representative model than one developed
using a 50-sample data set where distribution of values defines
only a limited time or range of the sedimentological conditions
over which the model will be applied. Defining turbidity-

SSC relations during medium and high streamflow periods
normally takes precedence over more equal spacing of data
collection throughout the year, particularly if the purpose is to
compute SSL. For example, where the number of site visits to
collect manual samples is limited, sample collection should be
skewed toward medium and higher flows. Regardless of the
range of data values, the data points representing the extremes
will have the greatest effect in determining the slope of the
relation. For instance, erroneously large turbidity values dur-
ing low streamflow and low SSC conditions can artificially
increase the slope of the regression line.

Another factor to be considered when determining the
adequacy of a data set is the amount of variability in the rela-
tion between turbidity and SSC. The larger the variability in
the relation between turbidity and SSC at a site, the greater
the need is to collect more samples. Often, the hydrographer’s
challenge is to adequately characterize this variability with the
fewest number of samples.

Serial correlation (also called autocorrelation) occurs
when data are collected close enough in time that the regres-
sion assumption of data independence is violated. For instance,
multiple samples may be collected during the rising and falling
limb of a single runoff period. The serial correlation between
the multiple data points can cause underestimation of the
regression uncertainty. Helsel and Hirsch (2002, p. 250-251)
present methods for identifying the presence of serial correla-
tion. If serial correlation is detected, the solution is to randomly
select a single data point from each group of correlated data.
The single point should be used in the model-calibration data
set. Alternately, Glysson (1987) describes a procedure by which
mean SSC values are computed for each of several contiguous,
discrete SSC intervals for the data set. These mean values are
used to develop the regression equation.

Duration curves represent another tool to evaluate the dis-
tribution of SSC data and adapt subsequent sample-collection
strategies. Ideally, turbidity and streamflow associated with the
SSC samples should span the ranges of the time-series turbid-
ity and streamflow values for the site (Rasmussen and others,
2002). For example, turbidity and streamflow values associ-
ated with discrete SSC sample data are plotted on duration
curves of turbidity and streamflow (fig. 74 and B). The turbid-
ity duration curve in figure 74 was developed from hourly
recorded turbidity measurements by the fixed-location sensor
for the study period. The turbidity values associated with the
SSC samples were plotted along the duration curve. Sample
collection can be determined by closely monitoring the real-
time turbidity and streamflow time-series data and optimiz-
ing sample-collection times to coincide with duration-curve
segments undefined by sample values. As new SSC samples

are collected, the hydrographer should add the corresponding
turbidity and streamflow values to the duration-curve plots so
that overall temporal distribution of samples can be assessed.
Routine use of this tool will maximize the potential that the
model-calibration data set optimally represents the range of
turbidity and streamflow conditions.

Turbidity values for one or more years are sorted (or
ranked) from smallest to largest to construct a turbidity dura-
tion curve from a turbidity time series. Then, exceedance
probabilities are calculated for each turbidity value using Cun-
nane’s plotting position (Cunnane, 1978; Helsel and Hirsch,
2002). The minimum turbidity-value duration percentage is
100 percent (all values within the data set are larger than or
equal to this value). The maximum turbidity-value duration
percentage is 0 percent (no values within the data set exceed
this value). All the turbidity values within the data set are plot-
ted according to calculated probabilities forming the turbidity
duration curve. Symbols are plotted on the curve at the prob-
ability computed for turbidity values associated with each SSC
sample. A streamflow duration curve can be constructed in a
similar manner by substituting a streamflow time series for the
turbidity time series. Streamflow duration curves representing
the study period and, if different, the entire period of record
provide study period and long-term comparisons.
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Figure 7. Duration curves for A, turbidity and B, streamflow
and corresponding values associated with suspended-sediment
concentration samples collected at U.S. Geological Survey
streamgage on Little Arkansas River near Sedgwick, Kansas,
1999-2005.
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Update of Station Analysis

The station analysis for a stream site should be updated to
summarize the data analyses performed. This summary should
include the rationale behind:

1. Determination of turbidity and streamflow values associ-
ated with each SSC value;

2. Acceptance or exclusion of turbidity values near the
sensor-dependent turbidity maximum recording level;

3. Identification of outliers of turbidity, streamflow, and (or)
SSC values; and

4. Determination of the adequacy of the model-calibration
data set using turbidity and streamflow duration curves.

Other information necessary to complete the station
analysis includes a table of summary statistics of the model-
calibration data set. General statistics of the model-calibration
data set and the time-series data set indicate the representative-
ness of the model-calibration data set (table 2). The minimum
and maximum turbidity values for the model-calibration data
set define the ideal limits for which the resulting regression
model should be used to compute SSC values. An understand-
ing of suspended-sediment transport processes and sound
hydrologic judgment—ideally drawn from years of experi-
ence—is required when deciding if values outside these limits
are appropriate.

The hydrographer should review data plots, duration
curves, and data statistics to evaluate the sufficiency of the
model-calibration data set for developing a reliable regression
model. If any of these categories are insufficient, the hydrog-
rapher may opt to suspend the model analysis and focus on
additional sample collection so that the model-calibration data

Table 2. Statistical summary of model-calibration data set for
U.S. Geological Survey streamgage on Little Arkansas River near
Sedgwick, Kansas, November 1998—June 2005.

[mg/L, milligrams per liter; FNU, formazin nephelometric units; ft¥/s, cubic
feet per second]

Time-series data

Calibration data set set (61,200 hourly

(68 samples) values)
Summary  Syspended-
statistic H - -
sediment Turbidity Stream Turbidity Stream
concentra- (FNU) flow (FNU) flow
tion (fe3/s) (ft/s)
(mg/L)
Minimum 4 4 8 1 3
Maximum 1,250 1,300 12,000 2,000 15,000
Mean 350 370 1,500 140 380
Median 240 240 210 41 60
Standard 350 380 2,500 260 1,200
deviation

set may better represent the range of the time-series data set.
As new sample results are added to the model-calibration data
set, these same steps can be used to evaluate how the new data
enhance or otherwise alter the model.

Regression Model Development

The key elements for computing SSC time-series data
from periodic instantaneous SSC, turbidity, and streamflow
data are the type and goodness-of-fit of the regression model
used in the computation. A number of quantifiable variables
can be used to compute SSC in streams, including turbidity;
hydrologic characteristics, including streamflow, stream stage,
streamflow rise or fall, and rates of rise and fall; precipita-
tion rate and intensity; and seasonality, sediment sources, and
land use. The explanatory variables turbidity and streamflow
generally are the most important in SSC regression analy-
sis. Thus, these guidelines focus on turbidity and, to a lesser
extent, streamflow as explanatory variables of SSC. A SLR
model relating turbidity to SSC is often sufficient for reliable
computations of SSC. Criteria are provided for determining
the sufficiency of a SLR model and for determining when a
multiple linear regression (MLR) model relating both turbid-
ity and streamflow to SSC results in a significant improvement
over the SLR model that is based on turbidity alone. Typically,
addition of a streamflow variable is more likely to improve
the turbidity-SSC regression as the percentage of the SSC that
is sand-size or larger material (coarser than 63 pm) increases.
Concepts for development and use of a SLR model to com-
pute SSC and, when appropriate, a MLR model as a function
of turbidity and streamflow to compute SSC, are explained in
the following sections. The following regression analysis is
site-specific and applies to a single model-calibration data set.
A comparison between sites and model-calibration data sets
is beyond the scope of this report. Specifically excluded from
these guidelines is use of a SLR model for routine computa-
tion of SSC solely from streamflow due to varying degrees of
hysteresis common in the SSC-streamflow relation. Currently
(2009), ADAPS is limited to only SLR models using turbid-
ity for computing a more frequent than daily SSC time series
(U.S. Geological Survey, 2003). For example, ADAPS cannot
compute more frequent than daily SSC using streamflow or
more than one explanatory variable.

There are a variety of approaches to building an appro-
priate model, including SLR and MRL (Helsel and Hirsch,
2002) and Kendell-Theil robust line (Granato, 2006). The
following sections provide some general guidance on develop
a linear regression model using turbidity and streamflow as
explanatory (x) variables and SSC as the response (v) vari-
able. Linear regression is not only used to derive a final model
to compute SSC but also is used in the intermediate steps to
determine the final model form. The hydrographer may need
to evaluate the performance of more than one intermediate
regression model before determining the optimal model for
computing SSC. Regression results are an effective means for
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evaluating whether or not variables should be transformed and
which variables are necessary to best estimate the variability
in SSC. The following sections describe methods by Helsel
and Hirsch (2002) for deriving the optimal regression model
for computing SSC. A detailed summary of SLR develop-
ment for turbidity-SSC and evaluation of MLR for turbidity
and streamflow-SSC is presented in example 1 of Appendix 1.
Complete and detailed presentations of these regression
methods are not presented in these guidelines and procedures
but can be found in Helsel and Hirsch (2002, p. 221-263 and
295-321). S-Plus (Insightful Corporation, 2001) is the USGS-
supported statistics software package for performing SLR and
MLR analyses. Microsoft® Excel®can be used, but results from
Excel should always be verified with S-Plus derived results.
Results from both software packages are provided in exam-
ple 1 of Appendix 1.

Correlation

Correlation coefficients measure the strength of associa-
tion between two variables (Helsel and Hirsch, 2002). The
most commonly used measure of correlation is Pearson’s r.
This correlation also is called the linear correlation coefficient
because » measures the linear association between two vari-
ables (Helsel and Hirsch, 2002, p. 218). Measures of correla-
tion have the characteristic of being dimensionless and scaled
to lie in the range -1 < r < 1. When there is no correlation
between two variables, » = 0. When the increase or decrease in
the variables is synchronous, 7 is positive. When the variables
vary in opposite directions, » is negative. When one variable
is a measure of time or location, correlation becomes a test for
temporal or spatial trend, respectively.

Whenever a correlation coefficient is calculated, it
should be presented with a scatter plot of the data. No single
numerical measure can substitute for insights that can be
gained from visual examination of such a plot. Scatter plots
and correlations of turbidity, streamflow, and SSC values
are simple and convenient ways of identifying which of the
variables are statistically related and whether transformation
of the data might improve the relation between the explana-
tory and response variables (fig. 8). The hydrographer can get
a better idea from a simple analysis of which or both of two
variables—turbidity and streamflow—are superior for com-
puting SSC. Generally, the closer the correlation coefficient is
to 1 (perfect positive correlation), the stronger the association
between variables.

For MLR, multicollinearity—a case of MLR in which
the explanatory variables are themselves highly correlated—
can result in undesirable consequences for model results.
Helsel and Hirsch (2002, p. 305) suggest computing a vari-
ance inflation factor (VIF) for measuring multicollinearity.
The VIF for turbidity and streamflow is readily computed by
using the coefficient of determination (R?) from the regres-
sion of turbidity on streamflow (equation 11.6 in Helsel and
Hirsch, 2002, p. 305). A VIF larger than 10 (or a Pearson’s
larger than 0.95 between turbidity and streamflow) indicates

multicollinearity between turbidity and streamflow, and sug-
gests that the use of either variable would explain about the
same amount of variability and that the two variables should
not be used together as explanatory variables in a MLR (Hel-
sel and Hirsch, 2002, p. 305-6). The scatter plot and VIF of
data from the Little Arkansas River near Sedgwick, Kansas
(fig. 9), suggest that turbidity and streamflow are not strongly
multicollinear and could be used as explanatory variables in a
MLR model to compute SSC.

Simple Linear Regression for Computation of
Suspended-Sediment Concentrations

Values of a response variable can be expressed in terms
of a single explanatory variable or many explanatory variables
using linear regression models (Helsel and Hirsch, 2002). An
explanatory variable such as turbidity can be used in a regres-
sion model to compute the response variable SSC. The most
common estimation technique is SLR, as presented in chap-
ter 9 of Helsel and Hirsch (2002). SLR models can be com-
puted using many statistical software packages. SLR analysis
of the Little Arkansas River model-calibration data set yields
the plots shown in figure 10 using untransformed data and in
figure 11 using log, -transformed data.

A list of diagnostics for linear regression can be used to
evaluate various steps in the model- building process (Helsel
and Hirsch, 2002, p. 226-7). The coefficient of determination
adjusted (R?)) for the number of explanatory variables (or,
equivalently, the degrees of freedom) in the model indicates
the fraction of variability in the response variable that is
explained by the model. The root-mean-squared error (RMSE)
is a measure of the variance between regression-computed
and observed values. The RMSE is approximately equal
to one standard deviation (c) or the 67-percent prediction
interval and is expressed in the same units as the response
variable. RMSE expressed in log units is not directly compa-
rable with RMSE expressed in milligrams per liter. RMSE can
be expressed as a percentage (Hardison, 1969), hereinafter
referred to as the model standard percentage error (MSPE).
MSPE can be used to compare any regression model. For
RMSE expressed in log,  units, the MSPE interval is:

Upper MSPE=(10RMSE - 1)x 100, and

Lower MSPE:(I— 10°RMsE )x 100. (M

For RMSE expressed in milligrams per liter, the MSPE interval
is:

RMSE
—— X
y

MSPE = + 100, )

where
y is the mean of the response variable.
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concentration in linear space, C, turbidity and suspended-sediment concentration, and D, streamflow and suspended-sediment
concentration in log,, space for U.S. Geological Survey streamgage on Little Arkansas River near Sedgwick, Kansas, 1999-2005.
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of sample collection in A, linear space and in B, log,, space for
U.S. Geological Survey streamgage on Little Arkansas River near
Sedgwick, Kansas, 1999-2005.

The lowest MSPE corresponds to the model with the least
uncertainty associated with regression-computed values. The
PRESS (prediction error sum of squares) statistic is one of
the best measures of the quality of a regression model and
also can be computed using RMSE (Helsel and Hirsch, 2002,
p- 247). Table 3 presents when and how a diagnostic statistic
can be used for comparison among regression models. Note
that none of these diagnostic statistics can be used to compare
regression with different response variables units.

Transformation of Data

The purposes for transformation of data prior to an
analysis are to make the residuals more symmetric, linear,
and homoscedastic (associated with a constant variance).
Helsel and Hirsch (2002, p. 252—-4) describe the rationale for
and the results of data-set transformations. Serious problems
can occur when regression models are developed and residu-
als do not possess the assumed characteristics of symmetry,
linearity, and homoscedasticity. Comparisons of transformed
and untransformed data and regression results are presented
throughout this section so that the hydrographer can better
understand how data transformation improves the computa-
tion of SSCs.

Base-10 logarithmic transformation is one of several
mathematical functions that sometimes can be used to trans-
form data sets so that the assumptions for linear regression
analysis are met. Helsel and Hirsch (2002, p. 12—14) discuss
other transformation options and characteristics. Logarithmic
base-10 transformation has been shown to be effective in
normalizing residuals of turbidity-SSC regressions. Hydrog-
raphers should start with base-10 logarithm transformation
but are encouraged to experiment with other transformation
options to determine if a different transformation of the data-
set results in a model that better satisfies the assumed residual
characteristics for regression analysis. Other considerations
should include the ease of retransforming the results from the
model, the bias associated with the retransformation, and ratio-
nale for complex transformations. As Helsel and Hirsch (2002)
point out, it is better to choose a single transformation for data
from several sites than it is to have custom transformations for
every data set. The examples presented here use a logarithmic
base-10 transformation of both the response and explanatory
variables, which is equivalent to the power function regres-
sion performed on untransformed variables and used for many
streamflow-SSC transport curves (Glysson, 1987; Curtis and
others, 2006). From Helsel and Hirsch (2002), page 315.

“Should y (SSC) be transformed? To decide whether
to transform the y variable, plot residuals against predicted
values for the untransformed data. Compare this to a residuals
plot for the best-transformed model, looking for three things:

Table 3. Diagnostic statistics of linear regression for evaluation and comparison of regression models (Helsel and Hirsch, 2002).

[R’, coefficient of determination; R’ , adjusted coefficient of determination; RMSE, root-mean-squared error; MSPE, model standard percentage error; T,

maximize; |, minimize]

Type of models being compared i R, RMSE PRESS MSPE
Same response variable (y) units i T l l l
Differing response variable () units 1
Same y and same number of x variables i 1 l l
Same y and varying number of x variables ! l !
Should y be transformed? !
Should x ('s) be transformed? 1 1 ! l !
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1. Constant variance across the range of the y (SSC);
2. Normality of residuals; and

3. A linear pattern, not curvature, centered vertically around
the zero residual line.

The statistics R°, R’ , RMSE, and PRESS are not appropriate
for comparison among models having different units of y.
Should x (or several x’s) be transformed? The decision
about whether to transform an x variable should be made using
partial-residual plots. Check for the same three patterns of
constant variance, normality, and linearity. Considerable help
can be obtained from statistics such as R’ (maximize it), or
RMSE or PRESS (minimize it). Many transformations can be
rapidly checked with such statistics, but a residuals plot should

always be produced and inspected prior to accepting or reject-
ing a transformation scheme.”

Model Residual Analysis

Regression models are evaluated by examining the model
residuals. Ordinary residuals are defined as the difference
between the observed values and the model estimates (the
term “model estimate” is used here because the values are
estimates of actual samples or observed values). The residual
error (e,) for the computed SSC values should be random
and, in theory, should be normally distributed with a mean of
zero and a constant variance (Helsel and Hirsch, 2002). The
residuals from a regression of SSC on turbidity indicate how
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the model-estimated SSC varies from the observed SSC. A
residual value of 0 indicates that the model-estimated SSC is
equal to the observed value. A positive residual indicates that
the observed value was larger than the estimated value, and
a negative residual indicates that the observed value was less
than the estimated value.

The variance of the residuals can be evaluated by plotting
them against the model estimated SSC (figs. 10B and 11B).
The residuals plotted in figure 108 indicate a heteroscedas-
tic pattern (nonconstant variance; as indicated by the dashed
lines) where the variability of the residuals increases as esti-
mated SSC values increase, which suggests the need for some
sort of variance stabilizing transformation of the response vari-
able. The residuals plot for the log, -transformed regression
(fig. 11B) indicates a homoscedastic pattern (constant vari-
ance) and a more normal distribution. Normality of residuals
can be evaluated by plotting residuals on a normal-probability
plot (figs. 10C and 11C) and computing the probability plot
correlation coefficient (PPCC; Helsel and Hirsch, 2002,

p- 253). Non-normally distributed residuals will not be linear
or equally distributed on a normal-probability plot and have a
smaller PPCC. The probability plot for the log, -transformed
regression provides a more linear, even distribution of residu-
als and a slightly larger PPCC than the residuals from the
regression with untransformed variables (figs. 10C and 11C).
The plots in figures 108 and 115 confirm that log,, transfor-
mation provides more homoscedastic, normally distributed
residuals.

Simple Linear Regression Model and Bias
Correction Factor

The SLR model for the Little Arkansas River near Sedg-
wick, Kansas, for data collected from November 1998 to June
2005 is shown below with basic model information, regression
coefficients, model diagnostics, and Duan’s bias correction
factor (Duan, 1983):

log, (SSC) = 0.943log, (Turb) + 0.130, 3)
where
SSC s suspended-sediment concentration, in
milligrams per liter, and
Turb is turbidity, in formazin nephelometric units,

measured with YSI model 6026.

Model information:
Number of measurements = 68,
root-mean-squared error (RMSE) = 0.10,
model standard percentage error (MSPE) =+ 25.9 and
-20.6 percent,
90-percent prediction interval = + 41 percent,
adjusted coefficient of determination (R°)) = 0.98,
PRESS = 0.663.
Duan’s bias correction factor = 1.03.

Coefficients:
Value Standard t-statistic p-value
error
Intercept 0.130 0.041 3.02 0.0035
log,(turbidity) ~ 0.943 0.018 50.9 1.13E-54
Correlation matrix of coefficients:
Intercept log, (Turb)
Intercept 1
log, (Turb) -0.9588 1

Some of the regression statistics are useful in evaluating
this regression model. For example, the RMSE (even though
it is expressed in log units), the MSPE, and the 90-percent
prediction interval indicate the range in uncertainty associated
with each regression-computed SSC value. R’ indicates that
the regression model explains 97 percent of the variability in
sampled SSC. The PRESS is only relevant for comparisons
to other regression models with the same response variable
units. The t-statistics for the y intercept and coefficient (slope)
of log , (turbidity) are larger than 2, and the p-values are less
than 0.05, indicating that both are significant and should be
included in the final model form. Helsel and Hirsch (2002,

p- 239) discuss the option of omitting the y intercept (thus
forcing the y intercept to equal zero). There are several tests
the hydrographer can perform to help aid in the decision, but
generally, omitting the y intercept is discouraged. Hydrogra-
phers are encouraged to develop a regression model by forc-
ing the y intercept to equal zero as an iterative step in better
understanding the data set and the effect of certain data points,
specifically the smaller turbidity-SSC values.

Transformation of the response variable (SSC) has a
consequence that must be considered when computing SSC:
The regression estimates must be retransformed to the origi-
nal units, a step that introduces a bias (usually negative) in
computed SSC values (Miller, 1951; Koch and Smillie, 1986)
unless the data are perfectly and positively correlated [as
the R approaches 1.0, the bias correction factor (BCF) also
approaches 1.0]. The bias arises because regression estimates
are the mean of y given x in log units, and retransformation
of these estimates is not equal to the mean of y given x in
linear space. To correct for this retransformation bias, Duan
(1983) introduced a nonparametric BCF called the “smearing”
estimator (Helsel and Hirsch, 2002, p. 256). The equation to
compute the smearing BCF for base-10 logarithmic transfor-
mation is:

 10°
BCF = il . “)
n
where
n is the number of samples, and
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Figure 12. Comparison of turbidity and suspended-sediment
concentration model-calibration data and uncorrected and
bias-corrected simple linear regression lines for U.S. Geological
Survey streamgage on Little Arkansas River near Sedgwick,
Kansas, 1999-2005.

e, is the residual or the difference between each
measured and estimated concentration, in
log units.

Regression-computed SSC values for Little Arkansas River
near Sedgwick, Kansas, are corrected for bias by multiplying
the retransformed SSC value by the BCF.

Model-calibration data plotted concomitant with the bias-
corrected model line may not always result in what appears
to be the best fit of the data. For BCFs larger than 1.0, model
values will plot on the high side (more data points are below
the curve than above it; fig. 12); that is, when the results of the
simple linear-regression line are multiplied by the BCF and
plotted, the curve is shifted upward from the original position.
This same effect of BCFs with sediment-transport equations
has been shown to fit data on the high side in other sediment-
transport studies (Bent, 2000). There also is an exact, mini-
mum-variance unbiased estimator (MVUE; Cohn and others,
1989), but MVUE assumes a normal distribution of the residu-
als, which frequently is not the case.

A comparison of measured and model-estimated SSC
indicates the accuracy of the regression model (fig. 13). The
closer that points plot to the 1:1 line the more accurate the
model predictions are.

Once the turbidity-SSC model is determined, the
hydrographer needs to consider the potential benefits of add-
ing streamflow as an explanatory variable. SLR analysis is
preferred for sites where turbidity is the measure most strongly
correlated with SSC or where MSPE is less than 20 percent.
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Figure 13. Comparison of measured and model-estimated
suspended-sediment concentrations for U.S. Geological Survey
streamgage on Little Arkansas River near Sedgwick, Kansas,
1999-2005.

Sites with a homogeneous source of suspended sediment and
more than about 80 percent of the suspended material finer
than 63 um are the best candidates for SSC computations using
the SLR model. When turbidity is less correlated with SSC

or when the MPSE is larger than 20 percent or sand (particle
size coarser than 63 pm) constitutes an increasing percentage
of the sediment in suspension as SSC increases, streamflow in
addition to turbidity may better describe the variability in SSC.
MLR model building is similar to SLR but should not precede
SLR model development. Methods for building MLR models
are discussed in a later section of this report titled “Multiple
Linear Regression.”

Prediction Intervals

Prediction intervals can be used to evaluate the uncer-
tainty of SSC regression-computed values (Helsel and
Hirsch, 2002). Prediction intervals define a range of values
for the regression estimate associated with a known level
of certainty. For a given turbidity value (explanatory vari-
able), the 90-percent prediction interval represents a range
of values within which there is a 90-percent certainty that
the true SSC value occurs. The larger the 90-percent predic-
tion interval, the more uncertainty there is associated with
computed SSC. The prediction interval for a single response y,
is approximately:

E(y‘.)itxs, (5)
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where
E(y) is the regression-estimated value, at x;;

t s the value of the student’s ¢ distribution
having n-2 degrees of freedom (n is
the number of observations) with the
exceedance probability of a/2 (alpha value
obtained from ¢ tables in the appendix of
most statistics textbooks) for 90-percent
prediction interval o = 0.10; and

s is the standard error of regression or the
RMSE.

Multiple Linear Regression

As previously stated, MLR represents an alternate tool
for computing SSCs when the SLR MSPE is larger than
20 percent. However, MLR should only be considered for use
when the p-value (probability value) of the partial F statistic
(Helsel and Hirsch, 2002, p. 298) for streamflow is less than
0.025. Comparison plots of the residuals from the turbidity-
SSC SLR to streamflow can indicate when an MLR model
may decrease the amount of variability explained. The residual
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Figure 14. Comparison of streamflow in 4, linear space and

in B, log,, space to residuals from a simple linear regression
analysis of turbidity and suspended-sediment concentrations for
U.S. Geological Survey streamgage on Little Arkansas River near
Sedgwick, Kansas, 1999-2005.

plots for the Little Arkansas River near Sedgwick, Kansas,
indicate that there is little or no change in variability with
streamflow (fig. 144 and B). Neither of these plots supports

the addition of streamflow to the SSC model.

Other methods for evaluating which explanatory vari-
ables to include in the regression model are part of MLR
model-building method described in Helsel and Hirsch (2002,
p- 312-315). The possible explanatory variables in this case
include turbidity and streamflow. Turbidity and streamflow are
typically log, transformed for a better regression model, but
any combination of transformed or untransformed explanatory
variables can be evaluated.

The MSPE for the SLR model of the Little Arkansas
River near Sedgwick, Kansas, is larger than 20 percent,
indicating that a MLR model with streamflow and turbid-
ity should be considered. The streamflow variable is deemed
significant in the regression model if the p-value of the partial
F statistic is less than a predetermined alpha value (o) of
0.025. As shown in table 4, the p-value is larger than 0.025 for
streamflow in the MLR model for the Little Arkansas River
near Sedgwick, Kansas, indicating that the SLR model-and
not a MLR model-should be used for computing SSC. The R°,
should never be the sole criterion used to assess the appropri-
ateness of a regression model because a large R’, can occur
even though the linear fit is poor (see Helsel and Hirsch, 2002,
p. 18 and 228, and Glysson, 1987, p. 39-43). The regression
diagnostics are reported in the default regression model output
from Microsoft Excel or the “Regression Subset Selection”
option of the USGS library for S-Plus for Windows (Slack and
others, 2003).

Comparison plots of measured and model-estimated
SSC for the SLR and MLR models can indicate the regression
model with the most accuracy (fig. 154 and B). The closer the
points plot to the 1:1 line, the more accurate the model predic-
tions are. The variance of the MLR residuals should be evalu-
ated and compared to the SLR residuals (fig. 154 and B). The
measured/estimated SSC and residual plots are nearly identical
for the SLR and MLR models, suggesting that the models
produce similar results.

Regression Model Summary

The regression model selected to compute SSC time-
series values for the Little Arkansas River near Sedgwick,
Kansas, is the turbidity-SSC SLR model. Comparisons with
the MLR model indicate that the addition of the streamflow
variable slightly improved the SSC prediction but not suf-
ficiently so as to justify its inclusion. In general, the sim-
plicity of a SLR model is preferred over a MLR model that
imparts modest improvement in accuracy to the computational
process. Currently (2009), ADAPS (U.S. Geological Sur-
vey, 2003) can compute SSC using a SLR model. The use of
ADAPS for computing SSC is desired because of the docu-
mentation of the regression model and when it was used. Had
the MLR model been chosen, SSC values would have to be
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Table 4.

Expressions for determining use of simple linear regression (SLR) or multiple linear regression (MLR) models for U.S.

Geological Survey streamgage on Little Arkansas River near Sedgwick, Kansas.

[1, number of samples; R’ , adjusted coefficient of determination; RMSE, root-mean-squared error in log units; MSPE, model standard percentage error; n/a,

not applicable]
Epr?natory n R RMSE MSPE p-value for t-statistic for
variables a streamflow streamflow
Turbidity 68 0.975 0.101 +25.9, -20.6 n/a n/a
Turbidity and streamflow 68 0.977 0.098 +25.3,-20.2 0.043314 2.06

computed outside of ADAPS and then loaded to ADAPS (see
Appendix 2).

A summary of regression information and expressions
should be recorded in the station analysis for “Suspended
Sediment” (example 1 of Appendix 1). The summary contains
information specific to the development of the regression
model. The hydrographer should summarize the reasoning for
selection of the model, the final regression model and associ-
ated statistics, and the dates for which the model was used to
compute SSC and SSL. A senior hydrographer should review
the summary to determine its adequacy.

Computation of Suspended-Sediment
Concentration and Load Time-Series
Record

SSC time series should be computed at the same time step
as the measured in-stream turbidity and streamflow time series
by means of an appropriate regression model. Depending on
the model form and which explanatory variables are used, the
regression model can be implemented as a turbidity-SSC rating
in NWIS to calculate a SSC time series. Details for developing
a SSC time series within NWIS are presented in Appendix 2.

Log ,-transformed SLR models can be expressed as a
power function and used to compute instantaneous values of
SSC in ADAPS. The “equation rating” in ADAPS computes
instantaneous values for the output data description (DD)
and SSC on the basis of instantaneous values of the input DD
(turbidity; U.S. Geological Survey, 2003). Retransformation
of the log, -transformed SLR model (equation 6) is shown in
equation 7.

The log ,-transformed SLR model follows:

log, (SSC) = b, log, (Turb)+ b, (6)
where
SSC s suspended-sediment concentration, in
milligrams per liter;
b, is the slope;
Turb is turbidity; and

b is the y intercept.

The log, -transformed SLR model (equation 6) can be
retransformed and corrected for bias with a BCF resulting in
equation 7:

SSC = 10" Turb" x BCF. )

For the Little Arkansas River near Sedgwick, Kansas, the
model, log SSC = 0.943log Turb +0.130, and BCF, 1.03, can
be retransformed to SSC = 10%13°Turb** x 1.03, or

SSC = 1.39Turb"**. (8)

The hydrographer also should consider and perhaps limit
computed values extrapolated beyond the range of explana-
tory variable values (minima and maxima of the explanatory
variables). The veracity of extrapolated model values must be
evaluated. Typically, the number of extrapolated values can be
minimized if: (1) the range of the model-calibration data set is
maximized by collecting samples at both extremes, and (2) 