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ABSTRACT

This research has developed a method for estimating hydraulic roughness
coefficients for overland flow models in a dynamic approach, to more effectively
simulate runoff on natural, agricultural and urban slopes. The hydraulic roughness
coefficients are then generated with a series of neural networks.

First, a laboratory experiment was designed to explore the effects of soil
microtopography, slope and Reynolds number on the magnitude of Darcy-Weisbach,
Manning and Chezy roughness coefficients. It was found that three parameters were
necessary to describe the soil surface microtopography. Neural networks developed in a
preliminary phase were able to reproduce the roughness coefficients obtained in the
laboratory experiment by using five predictor variables: bed slope, Reynolds number, and
the three parameters used to describe the microtopography. However, these networks
failed to generate roughness coefficients for different input variables (generalization).

Second, more complex algorithms were developed as combinations of neural
networks in parallel. The algorithm output, the sought hydraulic roughness estimate, was
estimated with the arithmetic average of the individual network outputs. Results
presented in this study demonstrate that combining muitiple neural networks reduced the
prediction error and improved on the generalization ability of the neural networks. It was
also observed that the estimate accuracy was influenced by the characteristics of the
dataset, and especially by the relationship between the roughness coefficient and

Reynolds numbers.
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Finally, a field experiment was performed to explore the applicability of the
algorithms. A numerical model based on the [-D diffusion approximation to the Saint
Venant equations was constructed, and two surface irrigations were performed to collect
data to test the model estimates. The model was used under two scenarios: (1) with
constant hydraulic roughness coefficients, and (2) using variable hydraulic roughness
predicted with the algorithm. Discharge at the end of the plot and irrigation front advance
estimated using both models matched the observations well. However, when using a
variable hydraulic roughness, the front was initially delayed until there was a sufficient
surface storage to push it forward. The methodology described in this research should be

useful for 2-D overland flow models applied to natural slopes with unsteady rainfall.
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. INTRODUCTION

1.1. OVERVIEW

Runoff and soil erosion prediction models are used for research, management and
design purposes. Many physically based models use numerical solutions to the kinematic
wave approximation of the Saint Venant equations. In general, the approach relies on
partitioning a watershed among overland flow elements, which are drained by streams.
Overland flow elements are modeled as planes and streams as straight channels with
fixed geometry. Then, simulations are performed solving the equations for each element
with a particular set of initial and boundary conditions and a given rainfall data set.

Under these circumstances, overland flow is represented as a broad and shallow
sheet of water traveling downslope over the plane elements. Depth and velocity of flow
are considered a function of the distance downslope and time, but are assumed constant
across the flow direction. The assumption of plane surface elements simplifies models
and calculations considerably. However, soil and surface characteristics important for the
overland flow and erosion processes are difficult to take into consideration. Natural
hillslopes have mounds and depressions that determine preferential overland flow paths.
In addition, soil and surface characteristics that affect infiltration and overland flow are
spatially distributed, and many times deeply associated with the microtopographic

features.
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The terms used to describe the configuration of the soil surface are diverse. In
general, surface roughness is defined as the non-uniformity in the surface elevation
ranging from millimeters (or less) up to a few centimeters. The term microtopography is
sometimes used with the same meaning, but in general refers to variations in surface
elevation with scales in the order of centimeters up to a few meters, that are not
represented by contours on topographic maps. Both, microtopography and surface
roughness have different effects on overland flow, and separating these effects is
interesting from a modeling perspective. Surface roughness is related to grain or skin
friction, while microtopography is associated with form friction.

Different approaches have been developed to account for the effect of
microtopography and spatial variability of soil and surface properties. Some methods are
based on the partition of watersheds into small pieces using rectangular grids, triangular
irregular networks (TIN) or contour based networks, taking advantage of the use of
digital elevation models (DEM) (Moore et al., 1991). Soil and surface characteristics
inside each piece are considered homogeneous, and usually one-dimensional flow
equations are solved for each piece. Another technique involves the use of two-
dimensional flow equations applied to non-planar heterogeneous surfaces, obtained from
very detailed topographic data (Constantinides and Stephenson, 1981; Zhang and Cundy,
1989; Govindaraju et al., 1992; Esteves et al., 2000).

Soil cover, hydraulic roughness and infiltration capacity are some of the surface
characteristics that most influence overland flow and erosion. Hydraulic roughness or

friction represents the resistance to flow caused by roughness elements, including soil
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particles and aggregates, rocks, vegetation and microrelief (Woolhiser et al., 1970). The
term also incorporates the retardance effects of impacting raindrops and the resistance
effect of the waves created when objects (rocks, plants, litter) disturb the free water
surface (Abrahams and Parsons, 1994). It governs the height and velocity of the sheet of
water flowing over the soil surface. However, it is not a static parameter depending only
on the soil surface characteristics and cover. It is a dynamic vanable depending also on
the flow properties (Abrahams et al., 1986).

The effect of microtopography and spatial variability of surface properties on
hillslopes has been usually considered by mean of the derivation of effective roughness
coefficients using optimization procedures (Engman, 1986). Applying this procedure, the
parameter may become model-dependent and lose its physical meaning due to lumping
over relatively heterogeneous areas, and to the incorporation of extraneous effects, as
channeling and spatial variability of infiltration and other surface properties (Woolhiser
et al., 1970). Estimates of hydraulic roughness should be based on independent field or
laboratory observations, permitting then to identify errors in the model structure (Parsons
and Abrahams, 1993).

Soil erosion, sediment and contaminant transport are affected by the overland flow
pattern. Where flow concentrates, both water depth and average velocity increase. The
increase in magnitude of these variables translates into an increase in the local Reynolds
number, turbulence and shear stress on the soil surface. This in turn can lead to a
localized high erosion rate that can promote the excavation of rills and gullies when the

soil is unprotected and susceptible to channel erosion. Transport capacity can also be
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higher on microtopographic depressions, making concentrated flow an efficient vehicle to
transport sediment at a fast rate and for relatively long distances.

At the scale of application of many physically based models used to predict storm
runoff, soil erosion, and sediment and contaminant transport, microtopography and the
spatial and temporal variability of hydraulic roughness are important factors.
Characterization of overland flow concentration and the use of a model-independent,
spatially and temporally vanable hydraulic roughness coefficients, may resuit in

improvements of model performance.

1.2. RESISTANCE EQUATIONS

The Darcy-Weisbach friction formula for pipe flow is well known and can be

derived from the equation for conservation of energy. The formula is defined as:

hle—[iﬁ (1-1)
D 2g

in which Ay [L] is the head loss in a pipe of diameter D [L] and length L [L], f'is the

Darcy-Weisbach dimensionless friction factor, ¥ [LT™'] is the average flow velocity,
and g [LT™] is the acceleration of gravity. The slope of the energy line, also known as

friction slope, may be written as Sy = As/L [L L] and the hydraulic radius for a full
closed conduit is R = D/4 [L]. Then, the Darcy-Weisbach friction coefficient can be
expressed as:

8gRS,

(1-2)



This equation is often used in studies of overland flow hydraulics, and can be used for all

flow states. For laminar flow f'is related to the Reynolds number (Re):

ky
== 1-3
f e (1-3)
where
VD
Re=— (1-4)
\%

D [L] is a characteristic length that for open channel flow takes usually a value equal to

the hydraulic radius R (although some times is taken as 4 times R as in pipe flow), V is
the average flow velocity and v [L2 T"I] 1s the kinematic viscosity. k; is a dimensionless

constant that, for a hydraulically smooth surface, has a theoretical minimum value of 24
(or 96 when D = 4R), and can reach a value of 14000 for a dense turf (Morgali, 1970).
For laminar flow, plots of log(f) versus log(Re) represent straight lines with a slope equal
to -1 and an intercept depending on ;.

For open channels the flow regime can be either laminar or turbulent. In the
turbulent region, a flow may be considered hydraulically smooth even when the channel
surface is rough, provided a laminar sub-layer covers the surface roughness elements
(smooth turbulent flow). As the Reynolds number increases, the thickness of this layer
decreases and the effect of the roughness elements on the flow becomes more important.
Under these conditions, the flow is considered to be in the transition region. However,
when the roughness elements are not immersed in the viscous sub-layer, the effect of
roughness dominates the flow movement and the flow may be classified as fully rough

(rough turbulent flow). There are theoretical equations (Colebrook and White, 1937) that
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describe quite well the flow through rough pipes, but its use in open channels has not the
same popularity. Henderson (1966) presented a modified version of the Colebrook-White

formulation for open channel flow:

1 k.  0.625
—=~210g( : ] (1-5)

Jf 12R+Reﬁ

where &, [L] is a roughness length defined as an equivalent sand grain diameter.

[n free surface flow, the weight component of water in the downstream direction
causes flow acceleration, whereas the shear stress at the bottom and sides of channels
offers resistance to flow. Depending upon the relative magnitude of these forces the flow
may accelerate or decelerate. For steady flow conditions the Chezy equation can be
derived applying Newton'’s second law to a control volume (Chaudhry, 1993). Chezy's

equation can be written as:

g
V= RS, =CJRS, (1-6)

in which ¥ is the average flow velocity, & is a dimensionless constant, R is the hydraulic
radius, Sy is the slope of the energy grade line and C [L'/*T™'] is Chezy's constant. The
coefTicients k and C depend upon the channel roughness and the Reynolds number Re. In
addition, they may depend upon the cross-sectional shape as well, although this
dependence appears to be small and may be neglected (Chaudhry, 1993). For free-surface

flow conditions, the relationship between Chezy's and Darcy-Weisbach's friction

coefficients is:
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One of the most common equations used to describe steady channel flow is

Manning's equation,

y=2R¥S" (1-8)

n
where n [TL™' *] is Manning's roughness coefficient, and a is a constant (1 in S! units
and 1.49 in English units). The value of n depends mainly upon the surface roughness,
the amount of vegetation and the channel irregularity and, to a lesser degree, upon stage,
scour and deposition, and channel alignment (Chaudhry, 1993). The relationship between

n and fis:

‘Rl/l

n= gf (1-9)

Manning's n is difficult to estimate since it does not have any physical meaning.
Meyer-Peter and Miiller (1948) (quoted by Yang, 1996) suggested the following

expression to estimate n for channels with a bed covered with a mixture of sands:

dl'o
90
26

n =

(1-10)
where dgg [L] is the sediment diameter (in meters) for which 90% by weight of the
mixture is finer.

Assuming uniform flow conditions, the bed slope S, [L L"] can be substituted for

Sy in the resistance equations (1-2, 1-6 and 1-8). Overland flow can be described as an

extreme case of open channel flow, in which the flow depth is very small and the width is
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much larger than the depth. In this situation, the hydraulic radius may be replaced by the
flow depth A [L] in the equations without introducing a large error. However, the ratio of
the size of the roughness elements to the flow depth is much larger than that existing in a
channel, and might cause a particular behavior quite different from the general channel

flow case.

1.3. LITERATURE REVIEW

1.3.1. Hydraulic roughness

1.3.1.1. Hvdraulic roughness and overland flow

One of the earliest studies on the hydraulics of overland flow was the work by
Emmett (1970). In this work he describes experiments performed in a laboratory and on
field plots. Emmett reported that the effect of roughness is to retard the flow and to
increase the water depth, and described the roughness on the field sites consisting of both
a particle and a form component. Particle roughness was caused by sand grains in bare
areas and plant sprouts in vegetated areas, while form roughness was associated to
topographic irregularities.

Emmett reported that on the field plots, flow rarely occurred as a uniform sheet of
water, and the majority of the water traveled down the slope in several lateral flow
concentrations, which was not considered as rill flow. Emmett also calculated values of
flow resistance (Darcy-Weisbach's f, Manning’s n, and Chezy’s C) and plotted them
against measured Reynolds number Re. Those relationships tumed out to be close to

straight lines when plotted in a log-log scale, with slopes ranging from positive to
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negative, which led Emmett to conclude that the average hydraulic roughness did not
change down slope.

Savat (1980) reviewed the theoretical equations commonly used to calculate the
Darcy-Weisbach friction coefficient, and performed laboratory experiments using a flume
with a plane bed, covered with sediments. From the results of the experiments, he
developed an algorithm to compute the roughness coefficient due to grain friction from
some measured parameters (unit flow discharge, slope, dyg of sediment, and kinematic
viscosity of water).

Morgali (1970) showed that hydrographs from planes with homogeneous hydraulic
roughness start with approximately laminar flow, and that at higher discharges there is a
change in flow regime. Several modelers have adopted this idea. As an example,
Woolhiser et al. (1990) use the Darcy-Weisbach equation for Reynolds numbers smaller
than a critical value (laminar flow), and either Manning or Chezy for turbulent flow.

Other investigators have deepened in this concept. Bell er al. (1989) developed an
overland flow model that used up to four different parameters to describe the hydraulic
roughness of a plane under simulated rain in laboratory conditions. The model
incorporated the Darcy-Weisbach and Manning friction relationships for laminar and
turbulent flow respectively, with different values of the friction parameters permitted
under "rain" and "no-rain" conditions (rising limb of the hydrograph and recession). A
second model incorporated the Colebrook-White resistance relationship for turbulent

flow. Values of the parameters were obtained using an optimization procedure.
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The previous laboratory studies showed that under controlled conditions the
conventional resistance equation relating the friction coefficient to Reynolds numbers
(equation 1-5) was applicable to shallow flows. However, from several experiments in
rough natural slopes, including Emmett's field work (Emmett, 1970), it appears that under
field conditions the resistance equations may not yield reliable results. Some of these
field studies are discussed here.

In south France, a study was carried out on a rangeland area (Roels, 1984), using
small plots (0.5 m’) having either a rilled or pre-rilled surface (smooth ridges and
depressions). Water was trickled on the upper end of the plots, and no simulated rain was
applied. Graphs on log-log paper of f versus Re revealed a straight decreasing relation in
all cases. Equations of the form

log f =a+b log Re (1-11)
were fitted to the data. These equations explained about 95% of the variation in log f for a
given type of surface on a given location, but failed to describe the hydraulics of an entire
slope.

The curves obtained by Roels represented linear relationships between logf and
log Re for values of the Reynolds number ranging from about 75 to 14000. Since there
was not a break in the slope of these curves, apparently the critical Reynolds number for
flow over rough pre-rilled and rilled bed surfaces was not found in this range. This
implies a large deviation from the critical Reynolds value (2440) used by Savat (1980) or
the interval 1500-6000 proposed by Emmett (1970). Since the slope of the lines is flatter

than -1 (theoretical value for laminar flow), Roels assumed that the flow was either
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transitional or turbulent for the given range of Re. Based on the observation of injected
dye clouds, he also concluded that 100 was a reasonable value for the critical Reynolds
number on field plots.

Another field study was performed to investigate the form of the f~Re relation on
desert hillslopes in southern Arizona (Abrahams er al., 1986). The surfaces of these
hillslopes. as well as those examined by Roels (1984), were irregular, and resistance to
flow was due primarily to surface stones and microtopography. The plots were located
between shrubs and had only a sparse cover of forbs and grasses that were clipped 1-2 cm
above the ground. The authors found three different kinds of relationships between f and
Re when plotted on log-log paper: positively sloping straight lines, negatively sloping

straight lines, and convex-upward curves (Figure 1).
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Figure 1. Experimental relationships of Darcy-Weisbach roughness coefficients with
respect to Reynolds number reported by Abrahams er al. (1986) from field
experiments in southern Arizona: (1) positively sloping straight line, (2) convex-
upward curve, and (3) negatively sloping straight line.
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Abrahams et al. (1986) explained the convex-upward relation in terms of the
simultaneous operation of two processes. The first is the progressive inundation of
roughness elements and the increase in their wetted upstream projected area as discharge
increases. This process causes f to increase. The second is the progressive increase in
flow depth over already inundated parts of the bed as discharge increases. This process
causes fto decline. Whether the f~Re relation has a positive or a negative slope depends
on whether the first or the second process dominates, and this depends on the bed
configuration and the discharge rate.

The positive sloping relations described by Abrahams er al. (1986) were assumed
part of the rising limb of the convex-upward relations, whereas the negative sloping
relations could or could not represent the right hand limbs of such relations. On some
hillslopes, the first process might be expected to dominate at low discharges and the
second at high discharges, giving rise to a convex-upward relation. However, on riiled
hillslopes the second process may dominate even at low discharges because the flow
tends to concentrate in the rills, where the roughness elements on the rill bed are rapidly
inundated. This phenomenon may also explain the negatively sloping relations for nlled
and pre-rilled surfaces obtained by Roels (1984). Therefore, Abrahams et al. (1986)
assumed that for the desert hillslopes studied the f~-Re relationship had two basic shapes:
convex-upward and linear with a negative slope.

In a later publication, Abrahams et al. (1990) showed that there was a general
tendency for fto decrease down the runoff plots, despite the fact that during almost every

experiment discharge decreased downslope, owing to the progressive downslope
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concentration of the flow. These findings contrasted with the conclusion of Emmett
(1970) that fremains approximately constant downslope.

It is not common to find overland flow models taking advantage of the findings
about hydraulic roughness reported in the literature. Scoging (1993) used a dynamic
procedure to estimate the Darcy-Weisbach friction factor as a function of the changing
flow depth. The equation used to compute the roughness coefficient was:

f=ta=1oh (1-12)
In this expression f; (dimensionless) represents the initial resistance, f; [L™'] is the rate of
friction loss with water depth over the surface, and 4 [L] is the flow depth.

After analyzing datasets from a series of field and laboratory studies, Lawrence
(1997) suggested that the hydraulics of overland flow on rough granular surfaces can be
modeled and evaluated using the inundation ratio rather than the Reynolds number as the
dimensionless parameter determining flow behavior. The inundation ratio describes the
average degree of submergence of the surface roughness and can be used to distinguish
three flow regimes representing partially inundated, marginally inundated and well
inundated surfaces. The inundation ratio A defined by Lawrence (1997) can be expressed

as:

A= (1-13)

A
d
where h [L] is the flow depth and d [L] represents the characteristic roughness scale for

the surface.
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The friction factor f, the Reynolds number Re, and the inundation ratio A are
analogous to the dimensionless groupings used for evaluating pipe flow hydraulics. There
is nevertheless a major discrepancy between the empirical studies upon which the Darcy-
Weisbach theory for pipe flow is based and field studies of overland flow (Lawrence,
1997). The pipe flow experiments consider roughness ratios € << 1 (é is the ratio of the
roughness scale to the pipe diameter), whereas in overland flow on rough surfaces, € = 1.
Thus, in a straight pipe at moderate Reynolds numbers, the flow lines always remain
approximately parallel to the boundary, so that the viscous stress dominates the flow and
the frictional resistance varies as the inverse of the Reynolds number within this regime.
When the roughness elements begin to protrude substantially into the flow field so that
the roughness ratio approaches one, flow lines are diverted away from simple parallel
flow. In this latter case, the frictional resistance in the flow is derived from both the
viscous stress and the inertial stress when the Reynolds number is of order one, and
primarily from the inertial stress as the Reynolds number increases. Therefore, the
inherently three-dimensional character of very thin flows over a rough surface effectively
introduces inertial stress as a dominant source of resistance to the downstream flux at a
much lower Reynolds number than that which is generally associated with a transition to

turbulence in an otherwise uniform flow.

1.3.1.2. Hyvdraulic roughness components
[n a laboratory investigation, Rauws (1988) simulated overland flow in a flume
with a plane bed covered with plastic hemispheres in a rhombic pattern. The Darcy-

Weisbach friction coefficient caused by this setup was computed from flow data and
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named form friction, f . In two subsequent experiments, Rauws covered the bed of the
flume and the hemispheres first with silica flour (median diameter 240 um), and secondly
with a well sorted sand (median diameter 1180 um). The grain friction coefficient, f . was
calculated for each cover using Savat's (1980) algorithm. The flow friction over the
irregular rough bed, with the covered hemispheres, was computed from flow data and
designated total friction, /. The sum of f and f  closely predicted the measured total
friction coefficient. The contribution of f and f to total friction was strongly variable,
and depended on the Reynolds number and the depth of the flow. Convex-upward or
negative sloping f-Re relations were also described.

Several researchers have applied the concept of Darcy-Weisbach roughness
coefficients composed of two or more components. Weltz et al. (1992) proposed a
subfactor approach to estimate an effective Darcy-Weisbach friction factor, f., and to
account for the variability attributed to vegetation, soil surface conditions and land use on
rangelands. The effective roughness coefficient is calculated in the following manner:

JestfotfutSutSn (1-14)
The first subfactor, f,, represents the grain roughness (calculated from textural
properties), f,- is the form roughness (calculated from random roughness measurements),
fec is the roughness due to ground cover (rocks, litter, organic residue), and f,; is the
factor due to standing vegetation. Calculation of the subfactors does not take into account
the flow Reynolds number. Three treatments (bare soil, clipped vegetation and natural

vegetation) were applied to field plots to separate the effective roughness factor into its
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components. The kinematic wave equations were used to fit the rising limb of the
measured hydrographs in order to estimate the different components.

The roughness components approach was also utilized by Gilley et al. (1993). They
defined roughness coefficients for rill and interill areas, represented by up to four additive
components. The components account for the roughness associated to the form of the
surface, the roughness caused by gravel and cobble materials, the roughness caused by
standing plants, and the roughness due to litter or plant residue. Different formulations
were specified for croplands and rangelands. Most of the equations used to estimate the
components of the friction coefficient are regressions in which the Reynoids number is
one of the independent variables. The equation used to compute the roughness subfactors

takes the following form:

fr=a

y: (1-15)
e

in which f; refers to the appropriate friction component, X refers to a measured soil or
surface property related to the f; friction component, and a, b and ¢ are regression
coefficients.

Working in southeastern Arizona, Abrahams et al. (1994) developed multivariate
regression equations that included surface properties among their independent variables,
to predict Darcy-Weisbach friction factors for grassland and shrubland hillslopes. On the
grassland, 69.5% of the variation in f was accounted for by basal plant stem and litter
cover, whereas on the shrubland 56.3% of the variation was explained by gravel cover

and gravel size. The inclusion of the Reynolds number in the equations increased the
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explained variation by 5.4% and 7.6% respectively, suggesting that the practice of
estimating resistance to overland flow based on surface properties is reasonable.

A list of variables that control the resistance to overland flow on stone-covered
surfaces was presented by Abrahams and Parsons (1994). This list included grain
Reynolds number, Froude number, shape of roughness elements, size of roughness
elements, spacing of roughness elements, pattern of roughness elements, and flow depth.
The authors divided the total friction factor into four components: grain friction, form
friction, wave friction, and rain friction. The effect of rain was considered relatively
insignificant on stone-covered hillslopes. Wave resistance is generated wherever the
roughness elements disturb the free water surface, and energy is dissipated in maintaining
an uneven water surface. It was proposed that when the dimensionless Froude number (£)
is between 0.5 and 2, resistance to flow consists largely on wave resistance.

Abrahams et al. (1993) hypothesized that for Froude numbers smaller than 0.5, the
total friction coefficient can be estimated from the sum of grain and form friction. In
general, they found that for stone-covered surfaces, grain resistance accounted for
approximately 5% of the total resistance. They also suggested that when F is larger than
0.5, as occurs in threads of flow, wave resistance might be significant. To investigate the
relative importance of each component, the researchers performed a set of flume
experiments and developed the following equation to estimate the total resistance.

4C, > 4
log [ =log kRe‘+————A—— +2.80C (1-16)
b
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The first term inside the logarithm on the right hand side is the grain resistance, where &
and x are constants that have to be determined experimentally. The second term inside the
logarithm represents the form resistance, where Cj is the drag coefficient, A; [L?] is the
wetted cross-sectional area of the i-th element, and A, [L?] is the area of the flume bed.
The last term on the right hand side represents the wave resistance and is estimated only
as a function of the concentration of roughness elements, C. The model was intended for

C values smaller than 26%.

1.3.1.3. Interaction with erosion

The hydraulic resistance to flow is closely related to the surface configuration.
Huang and Bradford (1992) reported that soil roughness on interrill areas can either
decrease or increase with rainfall, depending on both the surface conditions and the
processes occurring on the surface. Soil erosion and sediment deposition change the
shape of the soil surface, changing also the hydraulic friction.

Similarly, in a study devoted to hydraulics and erosion in rills, Nearing et al. (1997)
found that Reynolds number is not a good predictor of hydraulic friction factors in rills.
This lack of correspondence is due in part to the fact that erosion and hydraulics are
interactive, and that steeper slopes and greater flow rates tend to increase erosion rates,
which cause rougher bed surfaces. The effect of slope and flow rate are not the same, and
the relative effect of the two factors is soil dependent (Nearing et al., 1997). They also
found that stream power was the best overall predictor for unit sediment load for their

experiments.
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1.3.2. Surface roughness

1.3.2.1. Surface roughness measurement

Surface roughness is usually characterized by measuring elevations of the soil
surface over areas of about 0.1 to 4.0 m?, with grid spacings ranging from less than 1 mm
up to 10 cm. One of the first automatic recording devices used to measure surface
elevation at constant intervals was described by Currence and Lovely (1970). The
mechanical system included a framework, a mechanized probe, and control circuitry. The
probe carrier was moved in | inch (24.5 mm) increments in both directions over a 60 inch
by 80 inch area. Using measurements from this device, the researchers described the
surface roughness of a soil after five different tillage treatments, using five surface
roughness indexes. They concluded that the best index for the study of soil erosion,
surface water storage, infiltration rate, etc., was the standard deviation of the height
residuals with respect to the best-fit plane. The authors found acceptable values of the
roughness index when a simulated 1 inch by 6 inch data spacing was used.

Processes occurring on the soil surface such as overland flow, soil detachment by
raindrops or flow, and surface water storage have characteristic lengths in the order of
millimeters. Therefore, if accurate predictions of the processes are to be made, a detailed
knowledge of the surface morphology is required. Since the late 1980's, non-contact
optical devices have been developed and used to measure soil surface roughness
(Rémkens et al., 1988; Huang and Bradford, 1990a). These apparatus are faster and more
accurate than contact probes, and can take measurements at grid spacings of less than 1

mm.
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1.3.2.2. Surface roughness characterization

Point elevation data have usually been reported as a statistical summary of the data,
commonly through indexes related to estimates of the standard deviation of height
measurements. These indexes are easy to calculate but they do not give any information
about the spatial correlation of the measurements, neither are they process-oriented
parameters needed in a description of the mass and energy exchange (Linden and Van
Doren, 1986). A commonly used parameter belonging to this family is the random
roughness. Random roughness is the fraction of the total statistical variation that remains
when the influence of any patterned variation, such us general land slope, ridges and
furrows, has been removed.

Lehrsch er al. (1988) evaluated eight roughness parameters looking for a physically
significant parameter that adequately described the soil surface roughness. They used I m
by 1 m plots to measure point elevation after cultivation and at three different stages of
development of a soybean crop. Surface properties were recorded before and after a
simulated rain application. The natural logarithm of the MIF parameter was selected as
the best descriptor. MIF is the product of the microrelief index MI (the area per unit
transect length between the measured surface profile and the least-squares regression line
through the measured positions) and the peak frequency (the number of elevation peaks
per unit length of transect). The selected parameter showed the most sensitivity to
variation in surface roughness, reflected a consistent response to changes in applied
rainfall and vegetation cover, and showed consistency among sets of spatially

independent transects.
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Merva et al. (1970) measured several surface profiles at 2 ¢cm spacing over 3 m
distances. They found that the heights of the microsurface irregularities were normally
distributed. However, to describe a surface probabilistically, specifying its mean plane,
its probability distribution, and its variance is not sufficient since two surfaces can
possess the same mean and variance and be radically different. Thus, they suggested that
the surface could be completely specified by determining its mean plane, its variance, and
the correlation existing between pairs of points in the surface. Common functions used to

describe the spatial correlation are the sample auto-covariance function, ¢ (L,

1 n-k

Cy =n—k—lz(:'_;)(:'°k —;) (1-17)

i=1

the sample auto-correlation function, Ry,

R, =% (1-18)
Co

and the sample variogram, v [L*],

0.5 n—k
Ye=—= Y (zi -5k ) (1-19)
"—ki=1

where = [L] is point elevation with respect to a datum, n is the number of points in a
profile, and & is the lag position. For a two-dimensional sampling area, the sample
variogram is defined by:

[ n(h)

v(h)=m2[z(r+h)—z(r)]z (1-20)

i=1
where r* = x* + y°, and n(h) refers to the number of pairs which fall within a given

tolerance of a specified distance A [L].
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A surface whose irregularities showed little correlation would have an auto-
correlation function that would approach zero rapidly. Water flowing on such surface
would be forced to change direction many times to flow around the irregular elements.
Thus, a watershed with such a surface would have a much greater time of concentration
than a surface with highly correlated irregularity and, therefore, very low frequency
irregularities (Merva et al. 1970).

Working with a variety of data sets from several different places Linden and Van
Doren (1986) found that the assumption of normally distributed elevation data, which is
required for ordinary statistical analysis, was invalid for some of the data sets.
Logarithmic transformations of elevation data did not improve upon the assumption of
normal distribution. They proposed an approach termed the “mean absolute-difference

analvsis”. The authors proposed the following expression :

n—k

1 Z
-k 1| ‘ “kl (-2

i=

Azx [L] represents the average mean difference in elevation between two locations
separated by k positions in a profile. Typically, elevation difference increases from zero
at a rate that decreases with distance, and reaches a plateau. The plateau level increases as
roughness increases, and the rate of increase depends on the geometry of the surface.
Linden and Van Doren (1986) found patterns sufficiently consistent to justify the
generalization of a linear relationship between 1/Az and 1/A, and presented the following

shape function:
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1

Lea (-2)
h

A:’:h=

They identified a [L™'] and b as the independent parameters used to describe the
elevation difference as a function of spacing distance 4, the continuous equivalent to &,
and defined the inverse of these parameters as LD [L] and LS respectively. The first one,
LD (equal to l/a), was named the limiting elevation difference and, in the limit, Az
approaches the value of LD as h goes to infinity. The second one, LS (equal to 1/b), was
named the limiting slope, and Azp/h approaches the value of LS as 4 tends to zero. The
authors claim that these two parameters of roughness together are good descriptors of the
surface geometry, have no dependence upon a distribution function. have physical
significance, and are sensitive to surface configuration changes.

Huang and Bradford (1992) analyzed very detailed data sets from natural soils and
laboratory packed soil-pans obtained using a laser scanner. The computed variogram
functions, when plotted in log-log scale, showed a general shape consisting of a straight
line portion for relatively small separation distances, and a region where the slope
gradually varied toward an asymptote for larger separation distances. The combination of
a fractional Brownian motion model for the straight portion

y(h) =12 pH (1-23)
and a Markov-Gaussian model for the curved region

rh)=c(1-e"") (1-24)
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adequately described the computed variograms. H is a dimensionless parameter related to
the fractal dimension, the parameter / [L] is called crossover length, ¢* [L?] is the
variance of the height measurements, and L [L] is known as the correlation length.

A different technique used in the analysis of surface roughness consists on the
study of the frequency spectrum of the surface irregularities (Thomas, 1999). The power
spectral density, or power spectrum, 1s an estimate of the frequency spectrum obtained by
taking the Fourier Transform of the auto-covarnance function. The power spectrum
indicates the relative importance of a given frequency in contributing to the non-
uniformity of the surface (Merva et al., 1970; Currence and Lovely. 1970). It also has the
characteristic that the area under the curve defined by it equals the vanance of the
elevation measurements. The power spectral density C(w) can be computed as (Heam
and Metcalfe, 1995):

1 w 1

Clw)=— wlk)c, cos(wk) O<w=<n (1-25)

k=t

A

where o [rad] is the angular frequency, w(k) is a set of weights known as a lag window,
defined for integer values of &, and M is the window length. Using a window is an
averaging process which reduces sampling error but smoothes out peaks and troughs in
the spectrum of the underlying random signal.

Attempts to retrieve the power spectrum of the surface roughness using remote
sensing have been reported by Weeks et al. (1996). They considered the power spectrum
of the surface described by a power law (linear in log-log scale). Their technique is

complex and requires data in several bands from visual and near-infrared frequencies to
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radar frequencies. Retrieval of accurate surface descriptions is still far from perfect, but
the results are promising.

Relationships between soil surface roughness and hydraulic resistance are not
common in the literature. In river hydraulics, the value of the parameter » in Manning’s
equation has been often obtained from the diameter of the bed material (Yang, 1996). In
an overland flow study, Podmore and Huggins (1980) described the roughness of several
surfaces using spectral analysis and other methods, and characterized the hydraulic
roughness of the surfaces using a laboratory flume and a rainfall simulator. They did not
find a procedure to allow field measurements of surface roughness to accurately predict
hydraulic coefficients independent of flow measurements, and concluded that the
hydraulic properties of natural surfaces relevant to overland flow could not be determined

directly from surface elevation measurements.

1.3.3. Microtopography and spatial variability of surface properties

The two-dimensional spatial variability of overland flow has been described in
many field works. Abrahams et al. (1995a) described the soil microtopography on
grassland and shrubland hillslopes in southem Arizona. The grassland hillslopes were
free of rills, and their surfaces had a subdued microtopography (amplitude 2-5 cm and
wavelength 20-50 cm). Surface runoff, although spatially heterogeneous showed no
tendency to concentrate downslope on planar surfaces. In contrast, interrill zones on
shrublands had a pronounced microtopography (amplitude 10 cm and wavelength 2-5 m),

controlled by the spacing of the shrubs, which were located on top of mounds. Overland
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flow was generated preferentially within inter-shrub areas and traveled downslope in
threads well defined largely confined to these areas.

In watershed modeling, geometric simplification means the use of a simple
geometry to describe a complex watershed. A watershed characteristic is preserved if its
value remains unchanged in the simplified geometry. Otherwise, the characteristic is
distorted as represented in the model. For example, the lack of consideration of flow
convergence or divergence on the geometric simplification can result in underestimation
of the hydraulic roughness when the later is fitted in an optimization procedure. Optimal
roughness parameters will likely increase as the geometric distortions in the simplified
model decrease (Lane and Woolhiser, 1977).

The degree of geometric simplification is closely linked to the basin map scale
employed. Watersheds are typically represented by a set of overland flow planes and
channel elements. The quantity of input data and computational time is directly
proportional to the number of elements used to represent the watershed. Hydrologic
responses will be preserved depending on the degree of complexity of the simplified
representation, the climate characteristics of the area, and the modeling objectives.
Certain types of process simulation, as sediment or chemical transport, may require a
high degree of complexity of the watershed representation (Goodrich et al., 1988).

The conceptualization of a watershed as cascades of planes and channel elements
permits only a rigid distribution of soil and surface properties. As an example, a
simulation employing the kinematic wave equations was performed to account for the

effect on the surface runoff from a plane of the spatial variability of soil infiltration
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(Woolhiser and Goodrich, 1988). The point effective saturated hydraulic conductivity, K’
[LT™'], was assumed to be a log-normally distributed random variable. The variability

of K" was accounted for by assuming that the plane was subdivided into five parallel
strips with widths equal to one fifth of the original plane width. The K|’ value assigned to
each strip corresponded to the midpoint of each of five equal probability classes. The
simulations were carried out for three different values of the coefficient of variation of
In(K,') (0, 0.4 and 0.8). Hawkins and Cundy (1987) indicated that the arrangement of K’
in parallel planes causes a minimum apparent infiltration, due to the lack of runoff-runon
between strips. However, they also showed that a plane in which K|’ increases in the
upslope direction, a situation common on natural slopes, would also have a minimum
apparent infiltration since runon would only occur on previously inundated elements.

Spatial variability of surface roughness within plane elements has rarely received
attention in the literature. From experimental results and simulation studies on watersheds
with two kinds of roughness elements, Wu et al. (1982) reported that equivalent uniform
roughness coefficients were used satisfactorily to predict runoff hydrographs. Based on
this idea, Liong er al. (1989) developed a method to obtain weighted effective Manning
roughness coefficients for overland flow elements, on urban watersheds with pervious
and impervious areas. The relationship is:

1
—=F

imp
ne nimp

+(1-F,,) (1-26)

npm

In this equation, Fin, is the ratio of roofed and paved area to total area on an overland

flow element, n;m, and npen are tabulated Manning coefficients (Engman, 1986) for the
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impervious and pervious surfaces respectively, and 2. is the equivalent Manning friction
coefficient. Ideally, equation 26 should include a parameter indicating the spatial
distribution of the impervious areas since the hydrologic response depends also on how
the impervious areas are interconnected.

The use of digital elevation models (DEM) in a GIS environment permits
accounting for a more detailed spatial variability of soil and surface properties. Using
GIS the terrain can be cut into small surface elements, each of which has its own set of
parameters. Scoging (1993) presented an overland flow model based on a DEM with a
square grid structure. A finite difference solution to the one-dimensional kinematic wave
equations was used to predict flow from a cell as a result of rainfall excess on the cell and
inflow from neighboring cells. More recently, Wang and Hjemfelt (1998) presented
another DEM based overland flow model for agricultural watersheds, using the 1-D
diffusion wave equations to describe flow within the grid cells.

True two-dimensional models represent the most ambitious approach in surface
hydrologic modeling to account for spatial variability. They allow the modeler to
consider detail microtopographic descriptions of the surface as well as surface
characteristics that vary with location. In a sense, they are truly distributed models since
they could incorporate continuous changes of rainfall and soil properties over the area.
However, at this time their application is limited to rectangular plots with gentle
microtopographic features (Esteves er al., 2000; Fiedler and Ramirez, 2000; Gandolfi and

Savi, 2000; Govindaraju et al., 1992; Zhang and Cundi, 1989).
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1.4. PROBLEM STATEMENT AND RESEARCH OBJECTIVES

The simulation of unsteady free-surface flow on infiltrating surfaces has many
hydrological applications, including the study of runoff and flooding, soil erosion,
sediment transport and deposition, surface irrigation, and contaminant transport. Natural
hillslopes on which overland flow is generated are rarely planar surfaces with
homogenous physical and hydraulic properties. Microtopography, surface roughness and
soil hydraulic properties vary over distances of centimeters to meters, and they strongly
influence runoff characteristics along the hillslope and watershed hydrographs. These
spatial variations have significant impacts on soil erosion and contaminant transport.

Over the last few years, several 2-D overland flow models based on the full Saint
Venant equations, or the diffusion wave approximation, have been developed. These
models provide good insight into the overland flow process, and are the kind of
physically based models that is required to predict the spatial behavior of overland flow,
soil erosion and contaminant movement. One process that is not well characterized in
these mathematical models is the energy loss due to hydraulic friction. The resistance to
overland flow offered by the surface of a hillslope is commonly expressed using
hydraulic roughness coefficients. Several overland flow studies have demonstrated that
hydraulic roughness coefficients, like Manning's n, Chezy’s C or Darcy-Weisbach's f,
depend not just on the soil surface configuration, but also on the local discharge or
Reynolds number (Emmett, 1970; Roels, 1984; Abrahams er al., 1990; Gilley et al.,

1993).
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Overland flow generally occurs as a discontinuous shallow sheet of water with
threads of flow diverging and converging around microtopographic elevations, rocks and
vegetation. As a result, flow depths and velocities, as well as infiltration rates, are highly
variable in space and time. The detailed scale at which two-dimensional models work
allows them to explicitly account for spatial variations in hillslope physical
characteristics, including surface roughness, infiltration and microtopography. However,
none of these models has introduced yet a completely dynamic hydraulic roughness
coefficient, considering not just spatial but temporal changes in friction losses.

When theoretical modeling is difficult, empirical, data-driven modeling provides a
useful altemmative. In recent years, artificial neural networks have been proposed as
promising tools for developing empirical models in many disciplines of science and
engineering (Rzempoluck, 1998; Schaap et al, 1998; Shayya and Sablani, 1999). By
simulating some of the features of biological neurons, artificial neural networks are able
to analyze data for patterns, and then make predictions on the basis of those patterns.
Significantly, artificial neural networks can do this without the aid of an a priori model of
what the data is expected to contain. By not requiring such a model, neural networks can
be more flexible than model-driven analytic techniques (Rzempoluck, 1998).

The main objective of the current research is to investigate the applicability of
neural-network-based algorithms to predict hydraulic roughness coefficients for overland
flow models, using parameters measured from the soil surface and flow Reynolds
numbers as network predictor variables. Achieving this fundamental objective requires

the realization of a series of secondary objectives:
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1. To identify a series of parameters that effectively describes the scale-dependent
soil surface roughness,

2. To generate a dataset that adequately combines soil surface roughness
parameters and flow Reynolds numbers, and relates them to the appropriate hydraulic
roughness coefficient.

3. To develop numerical algorithms using artificial neural networks to estimate
hydraulic roughness coefficients for any combination of input variables within the limits
of the calibration dataset, and

4. To test the applicability of the neural-network-based algorithms with a

numerical model of overland flow to simulate a surface irrigation experiment.
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2. PRESENT STUDY

2.1. OVERALL SUMMARY

In order to achieve the objectives presented in the previous chapter, the following
approach was considered in this study. First, a laboratory experiment was performed. The
purpose of the laboratory experiment was to generate an extensive dataset relating surface
roughness (microtopography) characteristics, flow Reynolds numbers, and hydraulic
roughness coefficients. Second, the dataset was used to develop and calibrate numerical
algorithms to predict hydraulic roughness coefficients from the values of the predictor
variables. The numerical algorithms were created using artificial neural networks.
Finally, a field experiment was performed to test the applicability of the algorithms and

to contrast the algorithm estimates against field observations.

2.1.1. Laboratory experiment

Five non-erodible artificial surfaces | m long and 0.5 m wide were constructed
simulating different microtopographic configurations. The surfaces were shaped using
concrete. When the concrete solidified, each surface was placed on a metal flume and a
series of measurements were taken to relate the average flow velocity to the velocity of
dye clouds dropped in the flow.

The flume was 2 m long and 0.5 m wide, and had a 1 m long removable central

section. A storage tank ensuring constant head and a valve were used to regulate the
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discharge into the flume. Discharge was measured at the downstream end using a
sensitive V-notch weir (see appendix E).

After the initial experiment performed to characterize the flow velocity, each
surface was coated with sand four times, each time using coarser sand (surface number 1
received an extra sand coat treatm.nt). After coating each surface with each sand grain
class, surface elevation was recorded on a 1 mm by 2 mm grid using a laser scanner. The
output from the scanner was a digital elevation model of the artificial surface with a
particular sand cover. Twenty-one combinations of surface and sand cover were digitized
in this way.

Three statistical functions were used to describe the scale-dependent configuration
of the surface microtopography: (1) variogram, (2) mean absolute elevation difference,
and (3) power spectral density. Experimental values of these functions were computed
from the digital elevation models. Then, three models were fitted to the experimental
function values and six characteristic parameters were adjusted, two parameters
corresponding to each function. These six parameters, along with the mean sand grain
diameter, were used to describe the surface microtopography. Due to the high correlation
among the parameters, principal component analysis was performed. The analysis
produced three principal components, which are independent linear combinations of the
original seven variables. The three selected principal components explained over 98% of
the original parameter set variability.

After scanning, the artificial samples were placed back on the flume to produce

data to calculate hydraulic roughness coefficients for a range of bed slopes and flow
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discharges. Flume measurements were collected at about equal intervals of Reynolds
numbers. Chezy coefficients displayed linear relationships with Re, while Manning and
Darcy-Weisbach coefficients were linearly related to the logarithm of Re.

From the data collected in this experiment, a set of preliminary neural networks
was created. Networks were set to predict roughness coefficients using three surface
configuration parameters, the Reynolds number and the flume slope as input vanables.
Different groups of surface configuration parameters were tested with similar network
performance reported in all cases.

The neural networks successfully reproduced the hydraulic roughness coefficients
from the flume experiment. The performance of the networks predicting Chezy
coefficients was the best, followed by the networks predicting Manning coefficients and
lastly the networks predicting Darcy-Weisbach coefficients. However, the networks
performance was poor when used to estimate roughness coefficients for sets of input

variables not ued in the experiment.

2.1.2. Neural-network-based algorithms to predict hydraulic roughness coefficients
There is no assurance that a single neural network can extract all relevant
information from a dataset (Sridhar er al., 1996). However, it is possible that different
networks may capture different aspects of the information contained in the dataset, and
that aggregating these networks could improve the reliability of the hydraulic roughness
estimates. Following this principle, stacked network algorithms were created as
combinations of 100 neural networks, with the overall output set equal to the average of

the network outputs. Networks tend to specialize in some regions of the input space in
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which they generally produce good estimates while, at the same time, can generate
estimates far off the normal range for other regions of the input space. For this reason,
and with the objective of reducing the effect of "outliers” in the overall estimates, the
output of the individual neural networks was restricted to the range of roughness
coefficients from the flume experiment. Network estimates outside this range were set
either to the maximum or minimum recorded roughness coefficients.

In modeling neural networks it is difficult to specify a priori the optimum network
architecture. Five network architectures were tested, differing only in the number of
nodes in the hidden layer (see appendix H). The simplest architecture tested contained 4
nodes in the hidden layer, while the most complex had 20. The number of nodes in the
hidden layer determines the number of parameters that have to be adjusted during
calibration. Small networks have few parameters but are able to simulate only simple
processes. On the other hand, large network architectures can learn more complex
relationships, but cause the calibration process to last significantly longer and can induce
overfitting, which translates in a loss of generalization ability.

The stacked network algorithms were used to simulate hydraulic roughness
coefficients for a variety of input variables combinations. A base input set was created
and input variables were allowed to vary in groups of two. Response surfaces were then
constructed by changing two of the input variables at a time. The response surfaces
showed the sensitivity of the hydraulic roughness estimates to the input variables.

Results from this phase of the research showed that combining neural networks in

stacked algorithms improved the generalization ability of the networks. However, it was
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found that the characteristics of the dataset strongly influenced network performance. To
create high quality networks, it is essential for the dataset to display a homogeneous
distribution of roughness coefficients over the range of interest. If the records are not
balanced through the range of roughness coefficients, the networks will not learn to
perform accurately across the entire spectrum.

For each flume test, data were collected at about equal intervals of Reynolds
numbers and, as mentioned before, Chezy coefficients were linearly related to Re while
Manning and especially Darcy-Weisbach coefficients were related to the logarithm of Re.
These relationships caused a balanced distribution of Chezy coefficients in the dataset
and in turn a better performance of the algorithms used to predict Chezy coefficients.

It was also found that increasing the network complexity (i.e. number of nodes in
the hidden layer) caused an improvement in algorithm performance. However, the rate of
improvement decreased as network complexity increased. When balancing the
improvement of network performance with the increase in complexity, it was found that
8, 12 and 16 node architectures were optimum for networks predicting Darcy-Weisbach,
Manning and Chezy coefficients respectively. These differences in optimum architecture

reflected again the asymmetry of the dataset.

2.1.3. Field experiment

Two surface irrigation experiments were performed on a 45 m long by 1.5 m wide
field plot. The plot had been laser graded to a 0.5% slope. The plot surface was hand
raked and a commercial product containing polyacrylamide (PAM) was homogeneously

sprayed to prevent the soil aggregates from collapse during irrigations. Then a



53

preliminary irrigation was applied to promote consolidation and settling of the
aggregates. The surface microtopography was assumed to remain unchanged after this
irrigation. A laser scanner was used to digitize a 0.9 m by 0.4 m area of the plot before
and after the preliminary irrigation. The digitized surfaces were used to extract two
parameters describing the surface microtopography. Soil samples and infiltration
experiments were also performed to characterize the soil physical properties.

The two irrigation experiments were performed in two consecutive days. Inflow
and outflow discharge were continuously monitored, and advance time was recorded at 5
m intervals along the plot. At equilibrium, water temperature and average flow depth
were recorded at locations 1 m, 15 m, 30 m and 44 m from the upstream end of the plot.

The neural-network-based algorithms were intended to produce hydraulic
roughness estimates to be used in mathematical models of overland flow. For a given
surface geometry, the hydraulic roughness coefficients are dynamically updated using the
algorithm as the local flow conditions (Reynolds number) change. To test the algorithms,
a numerical overland flow model based on the 1-D diffusion wave equations was used.
The numerical model used Manning's equation to estimate the friction slope and the
Green-Ampt model to simulate infiltration. Although Chezy algorithms performed better
than Manning algorithms in the previous verification analysis, Manning's equation was
selected for this application because of its more extensive use.

The overland flow model was used to simulate the irrigation events under two

scenarios: (1) Constant Manning's roughness coefficients throughout the simulation; and



54

(2) Vanable Manning's roughness coefficients estimated using a neural-network-based
algorithm.

Results from the simulation showed that the model using variable roughness
performed at least as well as the model using constant roughness coefficients. The main
difference between the two simulations occurred during the incipient stages of the
irrigation advance. The model using constant coefficients predicted an irrigation front
progressing extremely fast at the beginning of the irrigation. On the contrary, the model
using variable roughness showed a delay in front advance caused by a surface storage
build-up. Once sufficient storage was created, the front continued at rates similar to those

predicted with constant coefficients.

2.2. OVERALL CONCLUSIONS

The following conclusions can be drawn from this study:

1. Characterization of the surface microtopography is a diificult task. Results
reported in this study show that up to three parameters might be required to adequately
describe the microtopography of the soil surface. A characteristic surface grain diameter
along with the two variogram parameters, o and L, have been used successfully.

2. In order to create high quality neural networks to reproduce roughness
coefficients, it is essential to use a dataset with roughness coefficients homogeneously
distributed over the range of Reynolds numbers. If records in the dataset do not
adequately represent the range of expected roughness coefficients, the resulting networks

will not perform accurately across the entire spectrum. This has to be considered when
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designing a new data collection protocol, to ensure that measurements are taken at the
appropriate Reynolds number intervals.

3. Neural networks have been effectively used for the first time to reproduce
Darcy-Weisbach, Manning and Chezy roughness coefficients from sets of five
independent variables: Three surface parameters, bed slope and Reynolds number.

4. The neural networks predicted best for Chezy coefficients than for Darcy-
Weisbach and Manning coefficients. This difference in performance was due to an
unbalanced distribution of Darcy-Weisbach and Manning roughness coefficients in the
dataset, that prevented the networks from learning to adequately perform across the entire
range of interest.

5. Response surfaces generated in the sensitivity analysis demonstrated that
combining neural networks in one stacked algorithm produced better results than
individual networks when they had to generalize the relationships leamed from the
dataset to other combinations of input variables. In addition, residuals from the stacked
network algorithms were normally distributed and did not show any trend when plotted
against the measured roughness coefficients.

6. The optimum network architecture has been found to be affected by the quality
of the dataset. The better the distribution of the hydraulic roughness coefficients in the
training dataset, the higher the optimum number of nodes in the hidden layer of the neural
networks.

7. Border irrigation has been adequately simulated using a numerical overland

flow model incorporating a variable hydraulic roughness predicted from a neural-
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network-based algorithm. The simulations agreed well with observations and with other
simulations using a second numerical model with constant roughness coefficients.

8. The simulations with the model having constant roughness coefficients
produced flow velocities for the early stages of irrigation that were extremely fast. On the
other hand, the numerical model with variable hydraulic roughness predicted a delay in
irrigation front advance for the incipient stages of irrigation. The high roughness
coefficient associated with small discharge and small Reynolds numbers caused a small
velocity and a surface storage build-up. When sufficient storage was created, the front

progressed at rates similar to those simulated by the model with constant hydraulic

roughness coefficients.
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ABSTRACT

This study describes a laboratory experiment designed to explore the effects of soil
microtopography, slope, and local flow discharge on the magnitude of Darcy-Weisbach,
Manning and Chezy hydraulic roughness coefficients. Five artificial surfaces with
different degrees of microtopography were constructed using concrete. Each of the
surfaces was coated with sand four times, each time using coarser sand. After coating, the
surfaces were scanned using a laser scanner to characterize the microtopography. Three
experimental functions were computed from the scanner measurements: variogram, mean
absolute elevation difference, and power spectral density. A series of surface
configuration parameters were obtained after fitting conventional models to the
experimental functions. An analysis of principal components performed on seven surface
configuration parameters suggested that only three parameters were necessary to describe
the variability in elevation measurements. The surfaces were then placed in a small flume
and a series of measurements were performed for different discharges and slopes. These
measurements were used to obtain the hydraulic roughness coefficients values.
Measurements were performed at about equal intervals of Reynolds number (Re). Chezy
coefficients showed linear or quasi-linear relationships with Re, while Manning and
Darcy-Weisbach coefficients were linearly related to the logarithm of Re. From the data
collected in this experiment, a set of empirical models of hydraulic roughness was

developed using neural networks. The neural network algorithms were able to reproduce
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the experimental hydraulic roughness coefficients using three surface configuration
parameters, Reynolds number, and slope as input vanables.

Keywards. Overland flow, hydraulic roughness, mathematical models, neural networks.

INTRODUCTION

Many watershed models that simulate runoff and soil erosion use numerical
solutions to the kinematic or the diffusion approximations to the Saint Venant equations.
In general, the approach relies on the partition of the basin in surface elements,
characterizing either overland flow or concentrated flow. Overland flow elements are
modeled as planes and concentrated flow elements as straight channels with fixed
geometry. Under this configuration overland flow is represented as broad shallow flow
moving down the slope over the plane elements. Depth and flow velocity change with
time and distance down the slope, but remain constant across the plane. This type of
geometric conceptualization simplifies models and computations considerably, but has
the disadvantage that a single parameter, the hydraulic roughness, has to integrate the
effects of microtopography and spatial variability of soil surface properties.

Microtopography, soil cover, roughness and infiltration capacity are some of the
surface characteristics that influence overland flow and erosion. Hydraulic roughness, or
friction, represents the resistance to flow caused by roughness elements, including soil
particles and aggregates, rocks, vegetation and microrelief (Woolhiser et al., 1970). It

also incorporates the retardance effects of impacting raindrops and the resistance effects
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of waves created when objects (rocks, plants and litter) disturb the free water surface
(Abrahams and Parsons, 1994).

The effect of microtopography and spatial variability of surface properties on
hillslopes has been usually considered by means of the derivation of effective roughness
coefficients using optimization procedures with simulation models (Engman, 1986).
However, as a result of this practice, the roughness parameter becomes model-dependent
and may hide errors in model structure.

Overland flow is drastically different from channel and pipe flow in the sense that
the height of the roughness elements relative to flow depth is considerably larger in
overland flow (Lawrence, 1997). Therefore, the conventional resistance equations
relating friction coefficients to Reynolds number cannot be used in general to estimate
roughness coefficients under field conditions. In a series of overland flow experiments,
Abrahams er al. (1986) showed that an increase in discharge on a surface with a complex
microtopography would result first in an increase of the friction coefficient, and then, as
the discharge and the Reynolds number continue increasing, in a decline of the roughness
parameter. Baird er al. (1993) suggested that as long as the hydraulic radius is properly
estimated, rather than being replaced with the average depth, the hydraulic roughness
coefficient can be considered constant. However, Lopez-Sabater (2001) proved this
reasoning wrong in a flume experiment in which the flow cross-section and hydraulic
radius were carefully measured, and showed that the roughness coefficients changed with

slope and flow discharge.
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The use of dynamic roughness coefficients in overland flow models has gained
some popularity in the last decade. Scoging (1993) used a dynamic procedure to estimate
Darcy-Weisbach friction coefficients as a function of flow depth. Gilley et al. (1993)
defined Darcy-Weisbach roughness coefficients for rill and inter-rill areas represented by
four additive components (surface form, gravel, plants and litter). Each component was
expressed as a function of the Reynolds number.

Neural networks have been used in many fields of science and engineering to
approximate unknown nonlinear relationships to any desired degree of accuracy. Schaap
et al. (1998) used neural network models to predict saturated hydraulic conductivity and
water retention parameters for van Genuchten’s equation (a relationship between soil
water content and capillary tension) from commonly measured soil properties. Shayya
and Sablani (1999) developed non-iterative neural network models to predict Darcy-
Weisbach and Chezy roughness coefficients using Reynolds number and relative
roughness as the independent variables. The objective of this study was to generate a
large dataset that would allow developing neural network algorithms to precict hydraulic
roughness coefficients for overland flow models, using surface and flow characteristics as

input variables.

MATERIALS AND METHODS

Experimental Setup
A metal flume 2 m long and 0.5 m wide, with a 1 m long removable central section,

was used to carry out the experiment. A storage tank ensuring a constant head and a
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control valve were used to regulate the discharge into the flume. The discharge was
measured at the downstream end using a sensitive V-notch weir. Five artificial surfaces, |
m long and 0.5 m wide, were constructed with different microtopography. The surfaces
were shaped using concrete to avoid changes in surface configuration during and between
the experiments. Surface configurations ranged from completely flat, simulating a surface
like a parking lot, to a dense network of rills. and had different degrees of surface storage.
It was the intention of these five surfaces to simulate a wide variety of soil surface
microtopography and, in turn, a broad range of conditions under which overland flow
occurs.

When the concrete dried, each surface was placed in the flume and an initial
experiment was carried out to find the relationship between the average flow velocity and

the velocity of the edge of a dye cloud. This was done for a range of slopes between 0.5
and 21.1% and discharges between 0.03 and 0.43 Lm™s™'. Regular green and blue food

dyes diluted ten times were used to estimate the flow velocity. To measure the cross
section of the flow in this initial experiment, a soil profile meter was used. The profiler
had a series of vertically moving pins spaced 1 cm apart. The profiler was placed over the
surface, perpendicular to the flow direction. First, the slope of the flume was set to a
desired degree, and the flow discharge was regulated using the control valve. When the
discharge measured at the downstream end of the flume was constant, the pins, 50 in
total, were lowered to the concrete surface and their elevation was recorded. Then, those
pins that were in contact with water were raised until they just barely touched the water

surface. The elevation of the pins was recorded again. These two sets of measurements
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permitted the estimation of the flow cross sectional area. The average velocity was then
calculated dividing the measured discharge by the cross sectional area. Finally, all the
pins were raised high above the surface and clouds of dye were dropped on the flume to
measure the velocity of the dye edge. Three consecutive measurements of the dye
velocity were averaged. For each of these three measurements, the dye was dropped at a
different location of the surface sample upper end. Without moving the profiler, the
discharge was increased two times and new measurements were taken. Thus, three pairs
of values (average velocity, dye velocity) were obtained for the first location of the
profiler. The profiler was then moved upstream to two more locations. For each surface
this procedure was repeated for at least four different slope settings and produced at least
36 pair of velocity values. These values were used to parameterize an equation relating
the average flow velocity to the velocity of the dye edge and the flume slope. A different

set of parameters was obtained for each surface. The equation used had the following

form:
V=c:1-1~czl"d’i,‘e+-(:3Sp2 (A-1)

where ¢, ¢2 and ¢; are coefficients, p; and p, are exponents, ¥ [LT'] is the average

flow velocity, Ve [L T™'] is the dye edge velocity and S [L L"] is the flume slope.

Once the velocity relationship was known, the surface was coated with sand having
an average diameter d of 0.629 mm (collected using sieves of 0.417 and 0.841 mm
openings). The sand was glued to the concrete surface (no water repellency was observed

in the subsequent flume runs). After removing the excess sand, the coated surface was
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scanned using a laser scanner (Huang and Bradford, 1990). A scan file consisted of 200
longitudinal profiles 2 mm apart, each one consisting of 900 elevation measurements 1
mm apart.

Following scanning, the surface was placed back on the flume for collection of
flow data. After setting the flume slope and making sure the flow discharge was constant,
dye was dropped at the upstream end of the flume central section, and the time the dye
edge needed to travel a 90 cm segment was monitored. Due to the change of roughness
between the approach channel and the test section, and the resulting non-uniformity of
flow properties in the boundary area, time recording was initiated when the dye reached a
wire placed across the surface and located 7 cm downstream of the test section upper
boundary. A second wire placed 3 cm upstream of the test section lower boundary,
marked the location at which time recording was stopped. The assumption of uniform
flow was considered appropriate for the 90 cm segment delimited by the two wires.

A computer automatically recorded the average flow discharge, dye velocity and
water temperature during the time it took the dye cloud to cover the 90 cm distance. Dye
velocities were subsequently converted to average velocities using the relationships
previously derived. While the flume slope and the water discharge were kept constant,
three consecutive measurements, with the dye dropped at three different locations in the
central section upper end, were averaged to produce a single record. Measurements were
repeated for the above-mentioned range of slopes and discharges.

After each flume cycle, the surface was allowed to dry and then was coated again

with coarser sand. Three more grain sizes were consecutively tested: d = 1.004 mm
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(sieves of 0.841 and 1.168 mm), d = 1.584 mm (sieves of 1.168 and 2.0 mm) and d =
3.334 mm (sieves of 2.0 and 4.699 mm). All five artificial surfaces went through the
same routine. At the end of the experiment, 20 combinations of surface configuration and

sand coating were scanned and tested on the flume.

Dataset

Different functions are available to represent the scale-dependent roughness
configuration of a surface (Huang, 1998). The experimental variogram (y « [LZ]) (VAR),
the mean absolute elevation difference (AZ; [L]) (MAED), and the power spectral density
(C(w) {L’Lrad™']) (PSD) functions were computed from the scanned longitudinal
profiles. For each combination of surface and sand coating, the experimental functions of
the 200 profiles were pooled in a single ensemble average. An exponential model was
fitted, using least squares, to the ensemble averaged VAR function, by changing the
values of the parameters o’ [L?] (variance of the height measurements) and L [L]

(correlation length),

Tk =0'2(1—e'k/[‘) (A-2)
where & represents the lag distance. The linear relationship between 1/AZ; and 1/k
proposed by Linden and van Doren (1986) was fitted to the ensemble averaged MAED
function, by adjusting the parameters LD [L] (limiting elevation difference) and LS
[LL™'] (limiting slope),

SR S I Y Ad
AZ, LD LSk (A-3)
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Finally, a power relationship (Thomas, 1999) was fitted to the ensemble averaged PSD
function, by changing the parameters B [L*(Lrad ')} and p,
Clo)=Bw? (A-4)

where o [rad L™'] is the angular frequency. Both C(w) and © were log-transformed
before fitting B and p.

Seven parameters were therefore used to describe the configuration of the surfaces:
d. o, L, LD, LS, B and p. Principal components analysis was performed to reduce the
dimensionality of the dataset, and to produce a new set of non-correlated parameters that
accounted for most of the variability described. Principal components that contributed
less than 2% of the total variability were discarded. This analysis yielded three new
parameters that explained more than 98% of the total variability identified as PC1, PC2
and PC3.

Darcy-Weisbach, Manning and Chezy roughness coefficients were computed from

the recorded data using standard equations:

8gRS
f==£22 A-5
2 (A-5)
n=?1/-R2/3S“2 (A-6)

V

C= 5 (A-7)

where f is the dimensionless Darcy-Weisbach roughness coefficient, n [T L] is

Manning’s coefficient, C [L"2T™'] is Chezy’s coefficient, R [L] is the hydraulic radius, S
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[LL™'} is the flume slope, and ¥ [LT™'] is the average flow velocity. The hydraulic

radius was computed dividing the flow discharge by the average velocity, thus equaling
the average depth. Therefore, the roughness coefficients so computed implicitly account
for the deviation of the actual hydraulic radius from the average depth.

The completed dataset obtained consisted of 1827 vectors or exemplars. Each

. . . 3. hi . .
vector contained the following components: ¢ in mm, o~ in mm-, L in mm, LD in mm,

LS (dimensionless), B in mmz(mm rad“l)“'p), p (dimensionless), PC1, PC2, PC3, Re

(dimensionless), S (%), f roughness coefficient (dimensionless), n roughness coefficient

1.

. - i S
msm 12 l.

7. and C roughness coefficient in m'' “s

Neural Networks

Feed-forward back-propagation neural networks with one hidden layer were used in
this study. This type of neural network is a nonlinear data transformation structure
consisting of input and output nodes connected to a number of hidden nodes by adaptable
coefficients (weights and biases). The number of input and output nodes corresponds to
the number of input and output variables. The number of hidden layers, and the number
of nodes in the hidden layers, depends on the complexity of the underlying problem, and
is determined empirically by calibrating the neural network with different architectures.
In this analysis, each input vector consisted of five variables (five input nodes), five
nodes were used in a single hidden layer, and a single node in the output layer yielded the
estimated roughness coefficient. The hidden layer and the output layer contained a

sigmoid and a linear transfer function respectively.
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The coefficient values were obtained in an iterative calibration procedure, called
training, based on the Levenber-Marquardt algorithm (Demuth and Beale, 1998) and the
minimization of the mean square error objective function, using the Neural Network
Toolbox of MATLAB (version 5.3, MathWorks Inc). The dataset was randomly divided
into two subsets. The larger one, with 80% of the vectors, was used to "train" (calibrate)
the networks. The second set, called the verification set, was used to independently test
the network performance as training proceeded. Network training stopped when the mean
square error for the verification set reached a minimum. For each neural network model,
the calibration process was repeated two hundred times, each time initializing the
network with a different set of coefficients. The best of the two hundred networks
generated, in terms of mean squared error for both the training and the verification sets,
was the selected model.

Twelve neural network models were constructed: four to predict Darcy-Weisbach
coefficients, four to predict Manning coefficients, and four to predict Chezy coefficients.
All the networks shared two input variables: Reynolds number and flume slope. The four
network models used to predict each roughness coefficient differed in the parameters
describing the configuration of the surface. The first network used the sand diameter d
and the two VAR parameters, o® and L, as the remaining input variables. The second
network used d and the two MAED parameters LD and LS. The third network used 4 and
the two PSD parameters, B and p. And the fourth network used the three principal

components, PCl, PC2 and PC3. All the input data and target values (measured
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roughness coefficients) were normalized so that they had zero mean and unity standard
deviation before network training started.

The neural network predictions were evaluated in terms of the correlation
coefficient (r) between the observations selected for the verification dataset and the

network predicted roughness coefficients, and in terms of the root mean square of the

residuals, RAMSR, estimated from:

(A-8)

where O refers to the observed roughness coefficients, £ to the estimated roughness

coefficients, and /V is the number of observations in the verification subset.

RESULTS AND DISCUSSION

Surface Configuration Parameters

The maximum and minimum parameter values obtained from the measurements
describing the surface configuration are listed in Table A-1. All the surfaces showed
appreciable differences in parameter values, but only the parameters from the power
equation describing the power spectral density (PSD) were related to the differences in
sand diameter. Both B and p increased with coarser sand coatings.

Correlation among surface configuration parameters was in most cases high, as can
be seen in the correlation matrix (Table A-2). The sand diameter 4 was uncorrelated to

the VAR and MAED parameter values, but displayed certain correlation with the PSD
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parameters. Surprisingly, the two VAR parameters, ¢° and L, had a strong negative
correlation although they were assumed to convey different information about the
surface. The same was observed for the two MAED parameters, LD and LS, which
displayed an even a greater correlation. The two PSD parameters, B and p, that were
correlated to the sand diameter, showed no correlation between each other.

[t is commonly accepted that a single parameter is not sufficient to describe the
spatial scale of the soil surface roughness (Huang, 1998), and that at least two parameters
are required for a complete characterization. In this study, it was observed that the laser
scanner measurements were able to reflect the diameter of the sand coating, as
demonstrated by the high degree of correlation between sand diameter and PSD
parameters (Table A-2). However, the sand diameter did not have a substantial effect on
the parameters of the VAR and MAED functions. It appears that these two functions
describe well the configuration of the small to large surface irregularities (i.e.
irregularities with amplitude and half period larger than 3.3 mm, the larger sand diameter
used in the experiment), but do not explain the very small irregularities (i.e. less than 3.3
mm). This suggests that, at least for the VAR and MAED functions, a third parameter
specifying the size of the sand particles should be used to characterize the surface to the
required degree of detail. This point was also suggested by the results of the principal
components analysis, which indicated that three principal components were necessary to
account for 98% of the variability present in the seven surface parameters recorded. This
fact also indicates that the two PSD parameters are not sufficient to accurately describe

the surfaces configuration.



Flume Measurements

Tap water temperature ranged from 15.4 to 25°C during the course of the
experiments. Computed Darcy-Weisbach coefficients ranged from 0.357 to 90.8 and had
in most cases a linear relationship with the logarithm of the Reynolds number. Manning’s
173

coefficients ranged from 0.027 to about 0.48 sm™ '~, and also showed a linear

relationship with the logarithm of the Reynolds number. Chezy coefficients varied

between 0.31 and 4.69 m"/%s™! and had a linear relationship with Reynolds number. An
example of roughness coefficients obtained from the flume experiment for one surface
and one sand cover is shown in Figure A-1. Similar trends were observed for each of the
five surfaces.

Results showed that friction losses always increased with sand diameter. However,
the effect of slope was not always the same. For three of the tested surfaces (case
depicted in Figure A-1), an increase in slope caused a reduction in hydraulic roughness.
As the slope increased, the flow tended to concentrate in depressions, increasing flow
velocity but reducing at the same time total friction losses.

However, for other two surfaces, increasing the flume slope caused an increase in
roughness coefficients. One of these two surfaces was completely flat; the other
simulated a dense network of rills. An example of the flow measurements from the later
surface is shown in Figure A-2. In the case of the flat surface, the discharge did not
concentrate in small depressions because they were not present. Therefore, increasing
flow velocity occurred homogeneously across the surface and, consequently, the amount

of energy spent in friction increased. For the rilled surface, the flow paths were confined
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to the bottom of the depressions for all levels of flow discharge and slope. Therefore,
since changing of the flow paths was not possible, the increase in velocity also caused an

increase in friction.

Performance of the Neural Network Models

One of the objectives of this study was to explore the ability of neural networks to
reproduce hydraulic roughness coefficients from a series of soil surface properties and
flow Reynolds numbers, and to find what combinations of surface description parameters
might be of more use for this purpose. Twelve neural networks were developed to predict
roughness coefficients from five input variables. The performance of the networks was
tested on the data subset that was selected for model verification. A summary of the
evaluation of the network models is presented in Table A-3. The relationship between
observed and network-predicted roughness coefficients was linear and close to a 1:1 line
in all cases. The performance of all twelve models in terms of RMSR and correlation
between observations and estimations was also very similar. VAR and MAED models
that predicted f or n performed slightly better than PSD and PCA models predicting the
same coefficients. MAED and PCA models predicting C performed slightly better than
the corresponding VAR and PSD models. Surprisingly, PCA algorithms were not the best
predictors in any case.

Neural networks that predicted Chezy coefficients consistently performed better
than networks predicting Darcy-Weisbach's / or Manning's n. For all three surface
description functions and PCA, Chezy networks produced the highest correlation

coefficient between observed and network-estimated roughness coefficients. Networks
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predicting Manning’s n performed better than networks predicting Darcy-Weisbach's f
did in all cases. The reason for this performance difference is that Chezy coefficients are
homogeneously distributed within their range of variation, while Manning coefficients,
and especially Darcy-Weisbach coefficients, are clustered near the lower end of the scale
(Figure A-3). The heterogeneous distribution of fand n was due to the relationship that
both displayed with the Reynolds number. During the flume experiment, measurements
were collected at about equal Re intervals. Since Darcy-Weisbach's f and Manning's n
were linearly related to the logarithm of Re, this sampling protocol resulted in a dataset
loaded with small values of f and n but having just few examples of large roughness
coefficients. This in turn affected the ability of the Darcy-Weisbach and Manning

networks to predict high values of the roughness coefficients.

Sensitivity Analysis

The predictions of all twelve networks were accurate, or at least reasonably
accurate, when they were used to reproduce roughness coefficients from the flume
experiment. A sensitivity analysis was performed to evaluate the ability of the algornithms
to predict roughness coefficients for input exemplars that, being within the range of
variability of the original dataset, were not derived from the laboratory experiment. A
base exemplar was created averaging the maximum and minimum values of the input
variables. Then one input variable was allowed to vary between its minimum and its
maximum values, while the other four were kept constant at their base value. A new

dataset was created in this way, varying just one input variable at a time. The new dataset
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was presented to the networks to predict the roughness coefficients associated with the
new exemplars.

Results from this analysis were equally disappointing for the three roughness
coefficients and the four sets of surface configuration parameters. Among other incorrect
results observed were: (1) prediction of negative roughness coefficients; (2) sudden
alteration of tendency when only one input variable was allowed minimal changes in
magnitude; (3) roughness coefficients considerably out of the range observed of those in
the experiments; and (4) relationship of roughness coefficient versus sand diameter
different from that observed in the experiments. Figures A-4 and A-5 illustrate some of
these observations from the three VAR and PSD models, when the sand diameter was
allowed to change from 0.3 to 3.3 mm.

These results make clear that the networks were able to reproduce the roughness
coefficients in the dataset exemplars, but were not capable to generalize to other
exemplars. Two different reasons could explain this phenomenon. The first is that a
single neural network might not be able to extract all the information from the dataset.
This could be solved combining neural networks obtained from different initial sets of
weights and biases. The second cause could be that the dataset does not represent a
adequately wide range of conditions and that more and different experimental data is

required to calibrate the network models.

CONCLUSIONS

The following conclusions can be drawn from this study:
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1. Characterization of the surface configuration with the two VAR or MAED
parameters is not sufficient since they do not appropriately account for the effects of very
small surface irregularities. A third parameter describing the size of the surface grains or
aggregates (d) should be considered.

2. The principal component analysis suggested that three variables were required to
integrate all the information extracted from the digital elevation models and to
characterize the surfaces. This indicates that the two PSD parameters alone cannot
characterize the surfaces adequately.

3. Measured Chezy roughness coefficients displayed a linear relationship with the
Reynolds number. Manning, and especially Darcy-Weisbach roughness coefficients.
displayed a linear relationship with the base ten logarithm of the Reynolds number.

4. An increase in sand diameter always caused an increase in hydraulic roughness.
The effect of slope depended on the surface configuration. For a flat surface and a surface
that simulated a network of rills, increasing the slope always increased friction losses. For
the other three surfaces, increasing the slope caused a reduction of friction losses.

5. Neural networks were successfully used to reproduce Darcy-Weisbach, Manning
and Chezy hydraulic roughness coefficients from a flume experiment, using surface
configuration characteristics and flow Reynolds number as input vanables.

6. The performance of all networks, based on the root mean square of the residuals
and the correlation between observations and estimations, was very similar. PSD models

performance was slightly worse than that of the other models.
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7. The performance of the models predicting Chezy coefficients was the best. Models
predicting Manning coefficients performed better than models predicting Darcy-
Weisbach coefficients.

8. The sensitivity analysis performed on the network algorithms yielded
disappointing results. Two different reasons could explain these results. First, a single
neural network might not be able to extract all the information from the dataset. Second,

the dataset might not represent a sufficiently wide range of conditions.
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Table A-l. Value ranges for the coefficients describing the surface roughness

configuration.
G L LD g B
(mm°) (mm) (mm) (mm?(mmrad~"){=P)) p
Minimum 243 36.47 193 0.050 0.058 -2.40
Maximum 78.45 163.53 10.28 0.725 0.440 -1.31

Table A-2. Correlation coefficients among surface configuration parameters.

o’ L LD LS B p
d 003 -0.11 002 005 0.78 0.50

o2 -0.75 098 097 060 059
L -0.61 -0.82 -044 0.10
LD 090 0.61 -0.67
LS 0.56 -0.52
B -0.01

Table A-3. Summary of results from the evaluation of the neural network models using
the validation dataset.

Roughness Surface + Correlation Best Linear Best Linear
Coefficient Characterization Coefficient  Fit Slope  Fit Intercept’
Darcy- VAR +d 2.410 0.922 0.983 0.360
Weisbach MAED +d 2.376 0.918 0.920 0.696
PSD +d 2.425 0.909 0.858 0.663
/ PCA 2.608 0.900 0.913 0.415
VAR +d 0.016 0.939 0.932 0.006
Manning MAED +d 0.016 0.936 0914 0.006
n PSD +d 0.017 0.929 0.905 0.009
PCA 0.017 0.926 0.878 0.012
VAR +d 0.223 0.956 0.879 0.200
Chezy MAED +d 0.211 0.960 0.904 0.157
C PSD +d 0.247 0.946 0.855 0.227
PCA 0.221 0.956 0.900 0.172

" RMSR and Intercept are dimensionless for Darcy-Weisbach models; s m™ for Manning
models; and m'*s™ for Chezy models.
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Observed Roughness Coefficients
100 x . .

- R Bed Slope [ 2 10%

E - o 2.9%
2 a o 59%
@ 50F O 89% |
= = 150%
> A

g d a A a

O D e®  @ed® T Bpe s,

0.8 — — r v
|
{ - 08} :
1 o Fay
| E04r & ;
. 8 a2 R
! 02r ° Do a CSo o} %A =X A 1
{ x R 2R o® Doe WQMQ
| 0 ' | B
!
15 - r : *
% *
L O & 0
° r Qo Q 9
% -4 Q.
o 1r 9 & 8 8 o &8 U&? 4
> 8 o o® ggdéd a
2 [a} A 4
Gosk ° “a ]
& A
0 1 de, e, 1 ek
200 400 600 800 1000 1200 1400
Reynolds Number

Figure A-1. Observed roughness coefficients from surface number 3, with 1.585 mm
average sand diameter and different bed slopes. Friction losses diminish with
increasing slope and increasing Reynolds number. Note that Chezy roughness
coefficients increase with decreasing friction losses.
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Observed Roughness Coefficients
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Figure A-2. Observed roughness coefficients from surface number 4, with 1.585 mm
average sand diameter and different bed slopes. Friction losses increase with
increasing slope and decrease with Reynolds number. Note that Chezy roughness
coefficients increase with decreasing friction losses.
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Figure A-3. Performance of the three VAR models when evaluated using the verification data subset. Chezy models
reproduced the observed roughness coefficients better than Manning models, and Manning models better
. 3. . . . .
than Darcy-Weisbach models. R” is the coefficient of determination of the best linear fit.
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A-4. Results of the sensitivity analysis of the three PSD neural networks. Values
of the fixed parameters are: B = 0.249 mm’(mmrad™' )™, p = -1.855, Re =
710.15 and Slope = 11.55%. The figure shows estimates of the three roughness
coefficients when the diameter of the surface particles changes between 0.25 and
3.3 mm. The three plots show friction losses increasing as particle diameter
increases. However, the network predictions are not reliable as shown by the
sudden changes of tendency, negative estimates of roughness coefficients, and
roughness predictions outside the range measured in the flume experiment.




84

Sensitivity of VAR Networks
6.5 AN T T - T T

o
wn
T

1

Darcy-Weisbach

o
o

o
(0]
-

Manning n

o
>
T

o

[(N]
L
L

0.45 1 . T

0.4

T

Chezy C
o
w
(3,

03

T

e—

0 05 1 1.5 2 25 3 35
Average diameter of the sand covering the surface (mm)

0.25

Figure A-5. Results of the sensitivity analysis of the three VAR neural networks. Values
of the fixed parameters are: o’ = 40.44 mm’, L = 100.0 mm, Re = 710.15 and
Slope = 11.55%. The figure shows estimates of the three roughness coefficients
when the diameter of the surface particles changes between 0.25 and 3.3 mm. In
this case, the three plots show very smooth curves within the range of expected
roughness coefficients (possibly a bit high for Manning coefficients). However,
the networks predicting Manning and Chezy roughness coefficient show friction
losses decreasing with surface particle diameter, which is just the opposite of
what was indicated by the flume measurements.
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ABSTRACT

This study presents a series of algorithms developed to estimate roughness
coefficients at different locations during a hydrologic simulation in a dynamic fashion.
The algorithms are combinations of neural networks that use surface configuration
parameters and the local flow Reynolds number as inputs, and provide an estimate of the
roughness coefficient (Darcy-Weisbach, Manning or Chezy). Results presented here
demonstrate that combining the output of multiple neural networks to produce an overall
estimate is more beneficial than using just the output of the best single neural network. In
addition, the characteristics of the dataset used to calibrate the neural networks have been
found to be of great importance for the quality of the combined models. The scarcity of’
data points in some regions of the input space for the Darcy-Weisbach and Manning
models caused a reduction in the predictability of the algorithms for these regions, and
prevented the use of more complex neural networks. The algorithms have been tested for
a wide range of input variables in a detailed sensitivity analysis, and have produced
reasonable results in all cases.

Keywords. Overland flow, hydraulic roughness, mathematical models, neural networks.

INTRODUCTION

The resistance to overland flow offered by the surface of a hillslope may be
expressed using hydraulic roughness coefficients. In one of the earliest studies on

overland flow hydraulics, Emmett (1970) described the roughness coefficients of field
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plots as consisting of two components: particle roughness, associated with the effects of
single sand grains, gravel and plant sprouts; and form roughness, representing the effect
of microtopographic irregularities. In a laboratory experiment, Rauws (1988) also
described the hydraulic roughness coefficient as the sum of grain and form components,
their contribution to the total friction being strongly variable and depending on the
Reynolds number and flow depth. Abrahams et al. (1990) concluded from a series of
experiments on semiarid grassland and shrubland hillslopes, that the hydraulic roughness
coefficients are related to the Reynolds number, and that the trend of this relationship
depends on the surface properties and shape.

Overland flow generally occurs as a discontinuous shallow sheet of water with
threads of flow diverging and converging around microtopographic elevations, rocks and
vegetation. As a result, flow depths and velocities, as well as infiltration rates, are highly
variable in space and time. In the past, hillslope and watershed runoff simulations have
been performed using primarily one-dimensional numerical models. These models
represent complex surfaces as planes with constant hydraulic properties and do not
explicitly account for microtopography and spatially variable soil properties within the
planes. The model coefficients then become fitting parameters requiring calibration data,
and predictions are consequently difficult. In recent years, two-dimensional overfand
flow models have become common (Fiedler and Ramirez, 2000; Gandolfi and Savi,
2000; Govindaraju er al., 1992; Zhang and Cundy, 1989). The detailed scale at which
two-dimensional models work allows them to explicitly account for spatial variations in

hillslope physical characteristics, including surface roughness, infiltration and
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microtopography. However, none of these models has yet introduced a fully dynamic
hydraulic roughness coefficient, that considers both spatial and temporal changes in
friction losses.

When theoretical modeling is difficult, empirical, data-driven modeling provides a
useful alternative. In recent years, artificial neural networks have been proposed as
promising tools for developing empirical models in many disciplines of science and
engineering (i.e. Schaap er al, 1998; Shayya and Sablani, 1999). Lopez-Sabater et al.
(2001) developed a series of neural-network-based algorithms to predict hydraulic
roughness coefficients. The approach followed in this study was to consider a number of
candidate networks, and to select the network that was expected to best predict the
roughness coefficients from a series of input variables. Results obtained were both
promising and disappointing. The neural networks were successfully used to reproduce
roughness coefficients obtained from a flume experiment, using surface parameters, bed
slope and Reynolds number as input variables. However, when the networks were used to
estimate roughness coefficients for values of the input variables different from the actual
values in the experimental dataset, the results were sometimes abnormal. One of the
reasons used to explain the anomalous behavior of the neural networks was that a single
neural network might not be able to extract all the information from the dataset that was
used to calibrate it. Using a single optimal model implicitly assumes that one neural
network can extract all the information available from the dataset and that other candidate
networks are redundant. However, there is no assurance that any individual network

extracts all relevant information from the dataset. Combining multiple neural networks in
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stacked models usually leads to a higher forecast accuracy (Sridhar er al. 1996; Martin
and Morris, 1999). The idea of combining neural network models is based on the premise
that different neural networks capture different aspects of the dataset, and that
aggregating this information should reduce uncertainty and provide more accurate
predictions.

The objective of this research to develop improved algorithms to predict hydraulic
roughness coefficients. The algorithms are based on the concept of stacked neural
networks, and use a series of surface configuration parameters and the local flow
Reynolds number as input variables. The algorithms can then be used, in conjunction
with two-dimensional overland flow models, to estimate roughness parameters for each
computation node and time step in a numerical simulation. The procedure can also be
useful for one-dimensional applications in which conditions across the flow direction are

approximately homogeneous, as in the case of border irrigation.

MATERIALS AND METHODS

Experiment

A laboratory experiment was performed to produce a large dataset, that could be
used to train a series of neural networks in the prediction of hydraulic roughness
coefficients. A detailed description of the experimental setup and the methods employed
to create the dataset is provided by Lopez-Sabater et al. (2001). The experiment was
designed intending that the resulting database would be representative of overland flow

occurring under a wide variety of conditions: different microtopographic configurations,
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a broad range of slopes, and an extensive selection of flow rates. Five artificial surfaces, 1
m long and 0.5 m wide, with different microtopographic configurations, were constructed
using concrete. The surfaces were shaped by hand simulating five different surface
conditions, from a smooth plane to a dense network of rills. The intention was not to
reproduce natural or man-made surfaces, but to create a collection of appreciably
different surfaces. The surfaces were successively coated with sand four times, each time
using a larger grain size, thus producing twenty combinations of surface shape and sand
cover. The sand was carefully glued to the surface and when the glue dried, the excess
sand was removed.

After the application of a sand cover, each surface was scanned using a laser
scanner (Huang and Bradford, 1990) to produce a digital model of the surface
microtopography. The scanner was set to record 200 longitudinal profiles 2 mm apart,
each one having 900 measurements 1| mm apart. Three experimental functions commonly
used to describe the spatial correlation on rough surfaces, were computed from the
elevation measurements. The experimental variogram (VAR) was computed for each one
of the 200 profiles, and later the 200 experimental variograms were pooled together to
create an ensemble average. An exponential model (Huang and Bradford, 1992) was then
adjusted to the variogram ensemble average and the values of the two model parameters,
o~ [L?] (variance of the elevation measurements) and L [L] (correlation length), were
obtained. The second experimental function, mean absolute elevation difference
(MAED), was computed from the elevation dataset and its ensemble average derived in

the same fashion as was used for VAR. The relationship provided by Linden and Van
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Doren (1986) was adjusted to the MAED ensemble average and its two parameters, LD
[L] (limiting elevation difference) and the dimensionless LS (limiting slope), were
obtained. The third experimental function was the power spectral density (PSD), which
was computed as the Fourier transform of the auto-covariance function (Hearn and

Metcalfe, 1995). A power relationship was fitted to the ensemble averaged PSD function
by adjusting the parameters B [L*(Lrad™')*?] (topothesy) and p (dimensionless and

unnamed) (Thomas, 1999).

Dataset and preliminary results

Seven parameters were thus used to describe the configuration of the surfaces: the
diameter d of the sand used to coat the surfaces, o°, L, LD, LS, B and p. Principal
components analysis (PCA) was performed to reduce the dimensionality of the dataset
and to produce a new set of non-correlated parameters that accounted for most of the
variability described by the original parameters. Principal components that contributed
less than 2% of the total variability were discarded. The analysis yielded three new
parameters that explained more than 98% of the original variability. The three principal
components were ranked by their contribution to the total variance, and identified as
PC1, PC2 and PC3.

After the characterization of the microtopography, the surfaces were placed on a
flume with a removable central section where the surfaces were placed so that the flume
bed and the surface were in the same plane. The slope of the flume was allowed to vary

between 0.5 and 21.1% and the surfaces were tested for a range of discharges between
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0.03 and 0.43 Lm™'s™". Measurements taken from the flume permitted the computation

of hydraulic roughness coefficients for different conditions of slope and discharge.
Darcy-Weisbach, Manning and Chezy roughness coefficients were computed from the

flume data using the following expressions:

_8gRS
_VZ

f

C=7r= B-3

JRS (B

where f is the dimensionless Darcy-Weisbach roughness coefficient, n [TL™"°] is
Manning's roughness coefficient, C [L'*T™'] is Chezy’s roughness coefficient, R [L] is

the hydraulic radius, S [LL™"] is the flume slope, and ¥ [LT™'] is the average flow
velocity. The average flow velocity was estimated from measurements of dye clouds. The
hydraulic radius was computed dividing the flow discharge by the average velocity, thus
equaling the average depth. Therefore, the roughness coefficients so computed implicitly
accounted for the deviation of the actual hydraulic radius from the average depth.
Eventually, a dataset containing 1827 exemplars was created. Each exemplar

contained a value for each of the following variables: ¢ in mm, ¢’ in mmz, Linmm, LD
in mm, LS (dimensionless), 8 in mm*(mmrad')""®, p (dimensionless), PC1, PC2,

PC3, Reynolds number, flume slope (%), Darcy-Weisbach roughness coefficient
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(dimensionless), Manning roughness coefficient in sm™V 3, and Chezy roughness

. . 1 -
coefficient in ml'“s I

The principal components analysis suggested that at least three parameters were
necessary to adequately describe the surface configurations. In a first analysis, Lopez-
Sabater et al. (2001) created four series of preliminary algorithms to estimate the
hydraulic roughness coefficients. Each series was developed from just three surface
parameters, flow Reynolds number, and the bed slope. The four combinations of surface
parameters tested were: (1) sand diameter d, and the two VAR parameters; (2) d and the
two MAED parameters; (3) d and the two PSD parameters; and (4) the three PCA
parameters. Each of the four series had three neural networks to estimate f, n and C
respectively. The performance of all preliminary algorithms was very similar,
independent of the surface parameters considered to develop them. Only the performance
of the PSD algorithms was slightly worse than that of the algonithms based on other
surface parameters. From these results the decision was made to continue the analysis
using just two sets of surface parameters: (1) 4 and the two VAR parameters, since
variograms are probably the most commonly used of the three functions; and (2) the three
PCA parameters, since they are mutually independent, combine the information extracted
by the three experimental functions and are potentially the best and most complete

surface description parameters.
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Stacked Neural Network Algorithms

There is no assurance that a single neural network can extract all relevant
information from a dataset (Sridhar er al. 1996). It is possible that different neural
networks may capture different aspects of the information contained in the dataset, and
that aggregating these networks could improve on the estimation of roughness
coefficients. Stacked neural network algorithms were created as combinations of 100
neural networks, with the overall output being the average of the individual network
outputs. The outputs of the individual networks were restricted to the range of roughness
coefficients measured in the flume experiment. Network outputs outside that range were
set equal to the maximum or minimum of the measured values.

[n order to develop the neural networks, the dataset was divided in three subsets.
First, 20% of the dataset exemplars were randomly selected and separated from the rest.
This subset constituted the testing set, and eventually was used to test the predictive
capabilities of the algorithms. The remaining 80% of the dataset was divided into a
training set, consisting of 60% of the exemplars and used to calibrate the neural networks,
and a validation set. The mission of the validation set was to stop the calibration process
soon enough to avoid overfitting. Overfitting occurs when the network being calibrated
attempts to account for features in the input variables that are of progressively lesser
significance, and which indeed may represent information unrelated to the sought-after
relationship. Such features can be considered to be noise in the context of the pattern
being sought. When overfitting occurs, the error on the training set is driven to a very

small value, but when new data is presented to the network the error is large. In this case,
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the network has memorized the training examples, but it has not learned to generalize to
new situations (Rzempoluck, 1998).

Training and validation sets were randomly resampled for each of the neural
networks, thus ensuring that the dataset used to calibrate each network was somewhat
different from the sets used to calibrate the rest of the networks in the stack. The
parameters of each neural network were obtained in an iterative calibration procedure
based on the Levenber-Marquardt algorithm (Demuth and Beale, 1998) and the
minimization of the mean squared error (MSE) objective function. The procedure was
repeated 100 times to generate 100 networks. Each network was then evaluated in terms
of the MSE for both the training and validation sets. Those networks with a MSE larger
than two times the average of the 100 networks were discarded and replaced with new
networks.

In modeling neural networks, it is difficult to specify a priori the optimum network
architecture. It is believed that a feed-forward back-propagation neural network, with one
nonlinear hidden layer and a linear output layer, can approximate any unknown
relationship with a finite number of discontinuities, given sufficient neurons in the hidden
layer (Demuth and Beale, 1998). The number of nodes in the hidden layer depends on the
complexity of the underlying problem, and is determined empirically by calibrating and
testing different architectures. Using a single sigmoidal hidden layer and a linear output
layer as the basic scheme, five network architectures were tested. The network
architectures differed only in the number of nodes in the hidden layer (4, 8, 12, 16 or 20),

which in turn determined the total number of parameters that the calibration procedure
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would have to adjust (29, 57, 85, 113 or 141). Large network architectures cause the
training process to last significantly longer and can induce overfitting, which translates in
a loss of generalization ability and an increase in estimate errors for exemplars not

included in the training set.

Evaluation Criteria

The purpose of evaluation is to verify that the identified models fulfill a series of
requirements according to objective criteria for good model approximation. It is usually a
major objective to obtain a model of least possible complexity within the limits of
required model accuracy. The residuals of a model represent the misfit between measured
data and model outputs. The presence of any information remaining in the residuals is an
indication that the model might be insufficiently complex or otherwise inapproprate
(Martin and Morris, 1999).

The stacked neural network algorithms were evaluated using the subset reserved for
testing purposes, which consisted of 20% of the exemplars in the original dataset that
were not used in the development and calibration of the neural networks. The input
variables of each testing exemplar were presented to the stacked models and used to
estimate a roughness coefficient. The performance of the algorithms was then evaluated
in terms of the root mean square of the residuals (RMSR) and the correlation coefficient
(r) between observed and predicted roughness coefficients. The root mean square of the

residuals was computed using the expression
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(B-4)

where O refers to the observed roughness coefficients, P refers to the model output
(predicted values) and N is the number of observations in the testing subset.
Another index used in evaluating the models was the final prediction error (FPE)

(Martin and Morris, 1999), which was computed using the formula

N+N,
FpE =L | X+ N, (B-5)
IN\N-N,,

where £ is the average squared error over the N data points and VN, is the number of
adjustable parameters or weights in each network. To compute the index FPE, the value
of E was substituted with the squared value of the RMSR. The objective of the modeling
approach is to reach a balance between the accuracy of model fit and the number of
parameters, and minimization of this test function leads to networks that are neither
under- nor over-complex.

If the model is correct, then the residuals should be structureless. In particular, they
should be uncorrelated with any other variables, including inputs and outputs. A simple
check is to plot the residuals versus the output values. Such a plot should not reveal any
obvious pattern. Another valuable diagram is the histogram of the residual amplitudes,
which reveals distributions that differ from the normal distribution.

A sensitivity analysis was performed to test the prediction ability of the stacked
models within the whole range of variability of the input variables. A base exemplar was

created averaging the maximum and minimum values of the input variables. Then two of
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the input variables were allowed to vary between their minimum and maximum values,
while the other three were kept constant at their base values. The new combinations of
input vanables were presented to the stacked network models to predict the roughness
coefficients associated to the new exemplars. For each model, the procedure was repeated
ten times to allow all possible pairs of input variables to vary at a time. Model estimates
were assembled in surface plots with the two horizontal axes corresponding to the two

input variables that were allowed to change in the analysis.

RESULTS AND DISCUSSION

Figure B-1 presents the values of the RMSR for each of the 100 neural networks in
three of the stacked models developed, as well as the evolution of the RMSR when the
networks were added one at a time to create the stacked models. It is apparent that the
predictive ability of each network is different from the rest, and that combining the
networks in a single model tends to reduce the overall RMSR (e.g. Figure B-1 b) and
integrates all the learning done by the individual networks. The selected number of
networks (100) looks reasonable and is similar to the number of networks selected for
other studies (Schaap er al., 1998). Evidences from this study suggest that increasing the
number above 100 does not significantly alter the overall RMSR. Results presented in the

following sections refer to the stacked neural network algorithms.

Correlation Observed-Predicted
Estimates based on the input variables of the testing exemplars were compared to

their corresponding flume measurements. Correlation coefficients between observations
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and estimates were computed and are shown in Figure B-2. In all cases, the values of r
are above 0.90, which gives an idea of the quality of the model predictions for input data
obtained from the laboratory experiment. There is also a clear ranking in model
performance that responds to the type of roughness coefficient predicted. Models
predicting Chezy roughness coefficients produced the highest correlation coefficients for
network algorithms with any number hidden of nodes. In addition, algorithms predicting
Manning roughness coefficients produced correlation coefficients higher than algorithms
predicting Darcy-Weisbach coefficients. Lopez-Sabater er al. (2001) suggested that this
difference in performance might be associated with the different relationship that the
roughness coefficients display with the Reynolds number. Chezy coefficients obtained
from the flume experiment were linearly related to the Reynolds number, while Manning
and especially Darcy-Weisbach coefficients, were related to the logarithm of Re. The
logarithmic relation to Re caused most of the Darcy-Weisbach roughness coefficients
obtained from the flume experiment, and many Manning coefficients, to be relatively
small. Therefore, the neural networks leammed to predict small coefficients better than
large coefficients (Figure B-3). Thus, the errors associated with prediction of large
coefficients are larger for Darcy-Weisbach networks than for Manning networks, and
larger for Manning networks than for Chezy networks. This effect might have caused the
differences in correlation coefficients.

[t is also apparent from Figure B-2 that increasing the complexity of the neural
networks (i.e. the number of neurons in the hidden layer) causes an improvement in

model predictions. The rate of improvement is larger for models of low complexity. For
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complex models (12 neurons or more in the hidden layer) the performance evaluated as
the correlation coefficient does not improve much when the complexity is increased.
Figure B-2 also compares the prediction performance of models developed from the two
sets of surface parameters. In general, the algorithms developed from the two VAR
parameters and the sand diameter d performed slightly better than the algorithms
developed from the principal components. This particulanty is more apparent for models
predicting Manning coefficients and less notorious for models predicting Chezy

coefficients.

RMSR and FPE

The second index used to compare model performance was the root mean square of
the residuals, which was computed using equation B-4. Figure B-4 shows the same
tendencies observed in Figure B-2, that is, RMSR decreases monotonically with
increasing model complexity, as well as the rate of improvement declines with the
number of nodes in the hidden layer. However, distinctions between models based on
different surface parameters are not as apparent. Only the two models predicting
Manning coefficients showed some divergence in their sequence, with the model based
on the VAR parameters and d consistently outperforming the model based on the PCA.

The final prediction error (FPE) index balances the accuracy of the model estimates
and the algorithm complexity, and therefore can be used to identify the optimal model
architecture. Figure B-5 shows the FPE values produced by the different models versus
complexity (i.e. the number of nodes). The decreasing tendency previously observed for

the RMSR has been counterweighted by the number of model parameters, and all but one
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of the models show a minimum FPE value within the range of model architectures tested.
Darcy-Weisbach algorithms appear to have a minimum FPE (and therefore an optimum
network architecture) at about 8 nodes; Manning algorithms appear to have a minimum
FPE for networks of about 12 nodes; and Chezy algorithms appear to have a minimum
FPE for networks of about 16 nodes. The difference in optimum network architecture
might be also connected to the relationship of the roughness coefficients to the Reynolds
number. All Darcy-Weisbach networks learned to reproduce small roughness coefficients
better than large roughness coefficients. Simple networks learnea to reproduce small
coefficients to a high degree of accuracy because exemplars in this class were abundant
in the training dataset, but not even the most complex networks were able to accurately
reproduce large coefficients because of the lack of exemplars from which to learn the
relationship. Consequently, all the networks produce large errors when they are used to
reproduce large coefficients and therefore little improvement is achieved when the
network complexity is increased. On the other hand, Chezy networks leamed to
reproduce roughness coefficients of all magnitudes because all were equally abundant in
the training dataset. Increasing the complexity of the networks to a larger degree was
worth in this case because it was compensated by a significant improvement in

information extraction. Manning networks clearly represent an intermediate situation.

Residuals
Results from the analysis of residuals for three of the algorithms are shown in
Figure B-6. In all cases, the histograms of the residuals were centered at zero and

displayed a normal-shaped distribution. The residuals did not show any pattern when
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plotted against the measured roughness coefficient, although the magnitude of the
residuals did increase with the values of the coefficients for Darcy-Weisbach and
Manning. These results reflect again the high degree of accuracy of the stacked models
when they were used to predict the roughness coefficients measured from the laboratory

experiment.

Sensitivity Analysis

A base exemplar was created as the average of the maximum and minimum values
of the input variables. The base values of the input vanables for the models developed
from the VAR parameters were: d = 1.78 mm, 6* = 40.4 mm’, L = 100 mm, Re = 710,
and § = 11.5%. Figure B-7 shows the response surfaces generated with the Darcy-
Weisbach algorithm based on the VAR parameters and networks with 8 neurons in the
hidden layer. These surfaces have been created restricting the output of the individual
neural networks to a limited range of f values (0.36 to 90.8). This artifact does not affect
the overall shape of the surface but prevents the estimates to become negative or
suspiciously high. The most important characteristic of the surfaces is their smoothness;
as opposed to the observations from single neural networks (Lopez-Sabater ez al., 2001),
none of the surfaces show sudden changes of magnitude or trend for small changes of the
input variables. This implies that the stacked network algorithm has been able to learn the
relationships between input variables and roughness coefficients. Furthermore, the
stacked models were able to generalize what was learned from the training exemplars

with other combinations of input variables.
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Interpretation of the response surfaces is not easy and can be done only to a limited
extent. In general, friction tends to decrease both with slope and with Reynolds number.
Increasing slopes causes flow concentration in microtopographic depressions and a
consequent reduction of friction. Increasing discharge, and therefore Reynolds number,
produces an increase in hydraulic radius and submergence of roughness particles, then
causing a decline in roughness coefficients. The effect of the sand diameter is small
compared with the other variables, and its contribution to the roughness coefficients is
generally masked by the other factors. The contribution of 6~ and L are the most difficult
to interpret. Both factors appear to have a large influence in roughness coefficients for
small slope and Reynolds number values. When slope or Reynolds number increase, the
effects of both 6~ and L are damped out and friction losses decrease. Significantly, both
variables cause the predicted roughness coefficient to peak within their range of
variability. The peak occurs for ¢* about 30 mm” and L about 100 mm. For the surfaces
tested in the flume experiment, the value of o, the variance of the elevation
measurements, was small for flat surfaces and increased with larger microtopography.
The larger values corresponded to the rilled surfaces, which restricted flow to the bottom
of the microtopographic depressions. This can explain the initial rise and subsequent
decrease of roughness coefficients for o °. However, the values of L are related to the
spatial correlation of the elevation measurements, rather than to the degree or size of the
roughness elements. This fact makes the interpretation of the influence of L more

difficuit.
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Figure B-8 shows the response surfaces created with the Manning algorithm based
on the VAR parameters and neural networks of 12 nodes. Figure B-9 shows the response

surfaces for the Chezy algorithm based on the VAR parameters and neural networks of

16 nodes. Network outputs were limited to the range 0.027 to 0.48 sm™"'? for Manning

networks and to the range 0.20 to 4.69 m'’s™' for Chezy networks. The response
surfaces from the PCA based algorithms were also smooth and the effect of slope and
Revnolds number is similar to the VAR based algorithms. However, interpretation of the
effects of the principal components PC1, PC2 and PC3 was difficicult since each one is a

linear combination of seven variables.

CONCLUSIONS

The following cunclusions can be drawn based on the development of the neural
network algorithms and testing results:

1. Combining neural networks in a single algorithm reduced the RMSR of the
predictions and improved on the generalization capability of the neural networks.
However, in order to create high quality neural networks to reproduce roughness
coefficients, it is essential to derive them from a dataset with exemplars displaying a
homogeneous distribution of roughness coefficients over the range of interest. If the
exemplars do not adequately represent the whole range of expected values, the resulting
networks will not be able to perform accurately across the entire spectrum.

2. Increasing network complexity (i.e. number of nodes in the hidden layer) caused

the RMSR to decrease. However, the rate of decrease diminished when the network
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complexity increased. The FPE index identified an 8-node network architecture as the
optimum of algorithms predicting Darcy-Weisbach coefficients. The optimum
architecture for Manning and Chezy algorithms consisted on 12-node and 16-node
networks respectively.

3. Residuals from the stacked neural network algorithms were normally distributed
and no clear trend between residuals and estimated roughness coefficients were observed.

4. The response surfaces generated in the sensitivity analysis were smooth. The
neural network algorithms were able to reproduce the relationships between input
variables and roughness coefficients in the training dataset, and learned to generalize
these relationships to other combinations of input variables.

5. Principal components integrated the information collected in 7 variables describing
the configuration of the surface samples. However, neural networks obtained from
principal components did not perform better than the algorithms developed from the sand

diameter and the two VAR parameters.
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Figure B-1. RMSR of single neural networks and the stacked algorithms for exemplars in
the testing data subset. VAR parameters and d were used as input variables for
neural networks with 12 hidden nodes. Plots a, ¢ and e present the RMSR for the
individual networks, while b, d and f show the effect of progressively combining
networks in stacked algorithms. Note that the first bar in plot ¢ corresponds to the
Manning's network that produced the lowest RMSR. Even in this case, combining
networks permitted a reduction in the final algorithm RMSR.
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Figure B-2. Correlation coefficients between observed and predicted roughness
coefficients versus the complexity of the neural networks (number of nodes in the
hidden layer). The solid lines show the results when the VAR parameters and
sand diameter d are used as input variables for the neural networks, while the
dotted lines show the results when the three principal components (PCA) were
used as input variables. The triangles show the results for Darcy-Weisbach, the
squares for Manning and the circles for Chezy respectively.
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Figure B-4. RMSR (root mean square of the residuals) versus model complexity (number
of nodes in the hidden layer of the networks used to create the stacked algorithm)
for the testing data subset. The solid line shows the results of the models using the
two VAR parameters and the sand diameter d as input variables. The dotted line
shows the results of the models using the three principal components (PCA) as
input variables.
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results of the models using the three principal components (PCA) as input
variables.



114

200 10
4 c .
g g o ".
¢ 150 ‘é 0%’ o
=3 -
8 &1
9 100 = -10
° ®
o =3
o 50 2 -20
E a. e b.
0 -30
-40 -20 0 20 50 100
Residual of Estimation of f Measured Darcy-Weisbach f
200 0.05
& c . .
g g * :':".v: - °
S 150 g 0 ﬁ&.z .
5 = e
: g -
O 100 s -0.05
: E
3 50 S 01
§ c. & d.
0 ‘ -0.15
-0.2 0 0.2 0 02 04
Residual of Estimation of n Measured Manning n
150 1
? c
2 S
o S 0.5
£ 100 E
g & —
"‘05 s 0 . 3
5 S0 s . -}.’.
2 B .05
£ 2 f
Z x '
] -1
-1 0 1 0 2 4 6
Residual of Estimation of C Measured Chezy C

Figure
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ABSTRACT

This study explores the application of a neural-network-based algorithm to estimate
hydraulic roughness coefficients for overland flow simulations. The algorithm predicts
Manning's n from a series of surface parameters and the local flow Reynolds number. A
numerical model based on the 1-D diffusion approximation to the Saint Venant equations
was constructed and two surface irrigation experiments were performed to generate data
with which to contrast the model estimates. The model was used under two scenarios: (1)
with constant hydraulic roughness coefficients, and (2) using variable predicted hydraulic
roughness. Discharge at the plot end and irrigation front advance estimated using the
model under both scenarios matched the observations well. It was at the beginning of the
irrigation, when the surface storage and local discharge at the irrigation front were small,
that the model predictions under the two scenarios showed a slight difference in behavior.
When using variable hydraulic roughness, the flow front was delayed until there was
sufficient surface storage to push it forward. The methodology described in this study is
thought to be useful for 2-D overland flow models applied to natural slopes with unsteady
rainfall.

Keywords. Overland flow, surface irrigation, hydraulic roughness, mathematical models,

neural networks.

INTRODUCTION

The simulation of unsteady free-surface flow on infiltrating surfaces has many

hydrological applications, including the study of runoff and flooding, soil erosion,
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sediment transport and deposition, surface irrigation, and contaminant transport. Natural
hillslopes on which overland flow occurs are rarely planar surfaces with homogenous
physical and hydraulic properties, a commonly used assumption in overland flow models
(Woolhiser er al., 1990; Lopes, 1995). Microtopography, surface roughness and soil
hydraulic properties vary over distances of centimeters to meters, and they strongly
influence runoff characteristics along the hillslope and watershed hydrographs. These
spatial variations have significant impacts on soil erosion and contaminant transport
(Lopes, 2001).

In recent years, 2-D overland flow models based on the full Saint Venant equations,
or their diffusion wave approximation, have become popular (Esteves et al., 2000;
Fiedler and Ramirez, 2000; Gandolfi and Savi, 2000; Wang and Hjelmfelt, 1998;
Govindaraju et al.. 1992; Zhang and Cundi, 1989). These studies provide good insight
into the overland flow process, and are the kind of physically based models required to
predict the hydraulic and hydrologic behavior of overland flow, soil erosion, and
contaminant movement, and to examine the relationship between surface flow processes
and soil and vegetation features.

One of the processes that is not well characterized in these mathematical models is
the energy loss due to hydraulic friction. Several overland flow studies have
demonstrated that hydraulic roughness coefficients, like Manning's n, Chezy's C or
Darcy-Weisbach f, depend not only on the soil surface configuration, but also on the local
discharge or Reynolds number (Emmett, 1970; Roels, 1984; Abrahams et al., 1990;

Gilley et al., 1993). Few examples exist of overland flow models incorporating a variable
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hydraulic roughness coefficient. In one of them, Scoging (1993) used a dynamic
procedure to estimate Darcy-Weisbach friction factors from the local flow depth.

This study presents the application a method developed to estimate hydraulic
roughness coefficients from a series of soil surface characteristics and the local Reynolds
number (Lopez-Sabater er al., 2001). Irrigation simulations performed with a 1-D
mathematical model, using both constant and variable roughness factors, have been
compared to each other and contrasted against observations from two surface irrigation
experiments. The surface irrigation experiments were performed in a 1.5 m wide border
to ensure that conditions were approximately constant across the border and the

assumptions of the 1-D simplification not violated.

MATERIALS AND METHODS

Field Experiment

Two border irrigation experiments were performed at the University of Arizona's
Campus Agricultural Center, to produce experimental data to test the algorithms
developed by Lopez-Sabater et al. (2001). The soil was a Gila fine sandy loam, with the
following particle size distribution: 53% sand, 36% silt, and 11% clay in the 0-15 cm
layer, and 60% sand, 34% silt and 6% clay in the 15-135 cm layer (Shuttles, 1998). The
field where the experiment was performed was laser graded to a 0.5% slope. A sloping
rectangular plot 45 m long and 1.5 m wide was then defined using low soil dikes along
both sides of the plot (Figure C-1). The plot surface was hand-raked to increase

roughness, and a commercial product containing polyacrylamide (PAM) was
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homogeneously sprayed to prevent the soil aggregates collapse during irrigations. Two
pre-calibrated flumes were located at the upper and lower end respectively, to measure
inflow to and outflow from the plot.

An initial irmigation was applied to allow the soil surface to consolidate. Figure C-2
shows a detail of the surface microtopography after this preliminary irrigation. Several
days after this immgation, soil samples were collected to measure bulk density and
infiltration tests were performed using double-ring infiltrometers. The infiltration tests

were performed in three different areas next to the plot, which had received the same
treatment, including the PAM. The average bulk density of the soil was 1.66 gem ™,
with a standard deviation of 0.07 gcm ™. The average bulk density was used to estimate

the soil porosity using the following expression:

p=1-22 (C-1)
Ps

where ¢ is soil porosity and p, [ML™] and p; [ML™] are soil bulk density and particle

density respectively. Assuming a particle density of 2.65 gcm™, the computed soil

porosity value was 0.37. The infiltration dataset was used to estimate two parameters: K

[LT™'], the hydraulic conductivity at field saturation, and S,, [L], the average soil
suction at the wetting front. The average K5 was 8.2 mmh ™', with a standard deviation
of 6.2 mmh™', and the average S,, was 66.7 mm, with a standard deviation of 14.4 mm.

The average soil water content at the time was 0.10 cm’cm™.
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The two irrigation experiments were performed in two consecutive days. The
average initial water content of the soil was 0.16 cm’cm™ for the first irrigation, and
0.26 cm’cm™ for the second. For each irrigation event, a constant discharge was applied
at the upper end of the plot. The rates were 0.742 Ls™ and 0.738 Ls™" for the first and

second irrigation respectively. The inflow rate was held constant until the shutoff time, at
which the inflow rate was instantly set to zero. Shutoff time for the first event was 3390 s
and 3600 s for the second. The advance time of the irrigation front along the plot was
recorded at 5 m intervals, and the discharge at the lower end of the plot was continuously
monitored. When the discharge at the lower end reached equilibrium, water temperature
and average water depth were recorded at four locations: 1 m, 15 m, 30 m and 44 m from
the upper end of the plot. The average depth measurement at each location was the mean
value of four measurements taken across the plot: at 0.1 m, 0.5 m, 1 m and 1.4 m from
one side. After recording flow depth and temperature, the inflow of water was stopped.
The outflow from the plot was monitored until the flow decreased below the flume
sensitivity.

The soil hydraulic conductivity at field saturation was also estimated as the

difference between inflow and outflow rates at equilibrium. K5 values obtained using this
method were 4.1 mmh™ and 5.9 mmh™ respectively for the first and second irrigation

events, which are in the same range as the point estimates obtained using the ring
infiltrometers. These estimates are average rates over the entire plot and are thought to be

more representative than the point estimates produced by the ring infiltrometers.
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Consequently, an average value of 50 mmh™ was adopted for the numerical

simulations performed later.

Governing Equations

The algorithms developed by Lopez-Sabater et al. (2001) were intended to produce
estimates of hydraulic roughness coefficients for mathematical models of overland flow.
To test these algorithms, a mathematical model was constructed to simulate irrigation
events. Overland flow was modeled using the diffusion wave approximation to the Saint
Venant equations, also known as zero inertia method in surface irrigation models (Sakkas
et al., 1994), and infiltration was described using the Green-Ampt model. The 1-D
diffusion wave equations for the general case in which both rainfall and infiltration occur

simultaneously, are:

oh &g
PR—— — -— C‘2
PRl (€-2)
Ch
Sp=8, -2 C-3
f o P ( )

in which & [L] is the flow depth, ¢ [LT™'] is the discharge per unit width, » [LT™'] is
the rainfall rate (zero for the case of surface irrigation), f {L T™'] is the infiltration rate, Sy
is the friction slope, S, is the bed slope, ¢ [T] is time, and x [L] is distance in the flow
direction. These two equations contain three unknowns: A, g and Sy Therefore, a third

equation is needed to solve the problem. In this study Manning's uniform flow equation

was used:
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u= lix2’3s‘/2 (C-4)
n

where u [LT™'] is the depth-averaged flow velocity, n [TL™""?] is Manning's roughness
coefficient, and the hydraulic radius has been replaced by the flow depth, a common
assumption in overland flow modeling. Lopez-Sabater et al. (2001) reported that due to
the charactenistics of the dataset used, the algorithms predicting Chezy coefficients
performed better than the algorithms predicting other hydraulic roughness coefficients.

However, for this study Manning's equation was selected because it is a more widely

used relation.

For the case of negligible ponding depth, Green-Ampt's equation may be written as

(Slack and Larson, 1981):
D; §
f=Kﬁ(1+—l—F-ﬂ) (C-5)

where f [LT™'] is the infiltration rate following ponding of the surface, D; is the initial
soil moisture deficit, and F [L] is the cumulative infiltration. D; is the difference between
the water content at field saturation 8 and the initial soil water content 6;. In this study

0/ was replaced by the soil porosity ¢. Equation C-5 can be integrated to give:

Kﬁt=F-—Sm,D,-ln(1+ J (C-6)

iYav

where ¢ [T] is the time since the beginning of ponding.



Hydraulic Roughness Estimates

The objective of this study was to compare the performance of the overland flow
model under two distinct scenarios: (1) when Manning's hydraulic roughness coefficients
remained constant during the simulations; and (2) when Manning's roughness coefficients
were estimated using the Lopez-Sabater er al. (2001) algonithm and were allowed to
change depending on the flow characteristics.

For the first scenario, calibration was performed using a Simplex optimization
algorithm to obtain the values of n and Sav that minimized the following objective

function:
N 5
OF = (¢; - 4:) (C-7)
i

where ¢; [L'T™"] and g, [L*T™'] are respectively measured and estimated discharge at

the plot lower end, and » is the number of measurement points used for computation of
OF. The average soil suction at the wetting front was included as a calibration parameter
because it depends on the initial soil moisture, and a complete relation of S,, with respect
to 6 was not available for the soil.

For the second scenario, a neural-network-based algorithm was used to generate
values of n. The algorithm requires the values of five input variables to produce a
Manning's n estimate. These input variables are: the average diameter of the grains or
small aggregates on the soil surface d, two parameters describing the soil
microtopography, the bed slope S,, and the local Reynolds number Re. The two

parameters describing the surface microtopography were obtained from the analysis of
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the digital elevation model (DEM) of a 0.9 m by 0.4 m area of the plot. The DEM was
created using the measurements of a portable laser scanner (Huang and Bradford, 1990)
that recorded soil elevation on a 1 mm by 2 mm grid. The DEM contained 200
longitudinal profiles, each one composed of 900 elevation measurements | mm apart.
The variogram function y [L’] was used to describe scale-dependent microtopographic
configuration of the surface. The experimental variogram was computed using the

following expression:

0.5 & )
Te = Z(:i ~Zik) (C-8)

in which -; [L] and z;., [L] are elevation measurements recorded at two points located £
grid units apart, M is the number of points in the profile and & is referred to as the lag
distance. An experimental variogram was computed for each profile, and an ensemble-
averaged variogram was produced from the 200 experimental variograms. An
exponential model (Huang, 1998) was then fitted to the average variogram, by changing
the values of the parameters o’ [LZ], variance of the elevation measurements, and L [L],

correlation length:
e=otfi-e) ©
The variance o’ is a measure of the degree of variability in surface elevation, while the
correlation length L gives an idea of the distance needed to have uncorrelated elevations.
The values of ¢” and L, obtained from the DEM analysis, and S, were used to

predict roughness coefficients. The average surface grain diameter was unknown, and

therefore n estimates were generated for a range of 4 values between 0.25 mm and 3.5
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mm. [t was assumed that particles or aggregates larger than 3.5 mm were adequately
registered by the laser scanner and their effect was accounted for in the variogram
parameters.

Estimates of Manning roughness coefficient, n, were also produced for a range of
Reynolds number between 50 and 1350. The algorithm estimates were organized in a
matrix (referred here as n-matrix) in which columns represented roughness coefficients
associated with Re values between 50 and 1350, in increments of 50, and rows
represented n coefficients associated with d values between 0.25 mm and 3.5 mm, in
increments of 0.25 mm. When roughness coefficients for other values of Re and d were
needed, they were linearly interpolated. For Re values outside the range, the roughness
coefficients corresponding to 50 or 1350 were used.

For the second scenario, calibration was also performed using a Simplex

optimization algorithm to determine the values of d and S,, that minimized equation C-7.

Numerical Solutions

Equations C-2 and C-3 are nonlinear partial differential equations that are generally
solved numerically. An explicit numerical approximation based on the Lax scheme was
used in this study. This scheme is simple to program and yields satisfactory results for
typical hydraulic engineering applications (Chaudry, 1993). The (finite-difference
equations are written with reference to the finite-difference grid in Figure C-3. Using the

Lax method, equation C-2 takes the following explicit formulation:

W= )= 2l —aly)- el + ) (C-10

1
2 2 Ax
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and equation C-3 becomes:

j+ 1 23 f+
S, =8~ (n7 -2 (C-11)

il
ZAX

The friction slope is then used to compute discharge using Manning's equation, as

presented in:

g™ =%(hi’" Fols, ) (C-12)

For the numerical stability of the scheme, the time step was subjected to a stability

condition. The condition forced the Courant number, CN, to be less than or equal to 1.

The Courant number was calculated as:

e A i) (C-13)
Ax/ At

where everything has already been defined except g [L T™*], the gravity acceleration.

The computational method proceeded fast since it did not require iterations for
computing variable values at the internal grid nodes. It is necessary to point out that
under scenario 1, n remained unchanged during the simulation. Under scenario 2, at each
time step and location, the value of the roughness coefficient corresponding to the
Reynolds number from the previous time step was extracted from the n-matrix.

Infiltration was calculated at each node using Green-Ampt's model (equations C-5
and C-6) prior to overland flow routing. Rainfall did not occur during the experiment and
the only water supply was the inflow at the upper end of the plot. Special care was taken
to estimate the advance of the irrigation front. When the water supplied to a newly

inundated node was lower than the infiltration capacity, all the supply infiltrated, the
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infiltration depth was set equal to the supplied depth, and the flow depth was set equal to
zero. As water Iinfiltrated, the capacity of the soil to absorb water decreased. When the
supply rate became larger than the infiltration capacity, ponding occurred and the water

front was considered to have reached that node.

Initial and Boundary Conditions

The values of flow depth, discharge and cumulative infiltration need to be specified
at time zero before the start of computations. These three variables were set to zero at the
beginning of the simulations, which reflected the initial condition of the plot prior to the
irmgation events.

The three dependent variables 4, ¢ and F at the unknown time steps can be
determined using the explicit finite difference scheme only at the interior nodes of the
computational grid. The values at the upstream and downstream ends of the plot can be
determined using the appropriate boundary conditions. The numerical procedure for the
interior point calculation is the same for all the stages of irrigation. However, the imposed
boundary conditions vary with time (Singh and Bhallamudi, 1997).

Advance phase: at time zero, the discharge at the upper end is increased
instantaneously to the application rate and then held constant until the shutoff time. The
discharge at the first computational node is set equal to the application rate, and the depth
is determined using the negative characteristic equation (Chaudry, 1993).

Storage phase: the water front has reached the downstream end and water still
flows into the plot at the application rate. The upstream boundary condition is the same as

in the previous phase. At the downstream boundary, the positive characteristic equation
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(Chaudry, 1993) and Manning's equation for uniform flow are solved simultaneously to
find the flow depth and discharge at the last computational node. To minimize the effect
of the downstream boundary condition on the plot, the computational field was assumed
to extend uniformly beyond x = 45 m (Sakkas er al., 1994) to a total length of 90 m.
Then, the values for the variables at the plot outlet were extracted from the node at 45 m.
Depletion and recession phase: inflow is stopped at the upstream end and the
discharge at the first computational node is set to zero. The depth at this node is
computed using the negative characteristic equation and approaches zero gradually.
When the water depth reaches zero at the upstream end, a recession front starts moving
downstream. Infiltration at any node stops after the arrival of the recession front. The

treatment of the downstream boundary condition is the same as in the previous phase.

RESULTS AND DISCUSSION

Roughness Estimates Using the Neural-Network-Based Algorithm

The portable laser scanner was used twice to measure the soil surface
microtopography, before and after the preliminary irrigation. The plot was irrigated to
induce settling on the soil aggregates left on the surface after raking. The variogram
parameters obtained from the DEM analysis are shown in Table C-1. The degree of
roughness decreased after the preliminary irrigation due to settling and consolidation of
the soil aggregates, as demonstrated by the reduction in o”. The flow also caused an
increase in the correlation length L estimated from the elevation measurements. The

microtopographic configuration was assumed to remain constant for the following two
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irrigation events. Subsequent observations confirmed that this assumption was not
seriously violated.

The microtopographic parameters extracted from the analysis of the second DEM,
6° = 10.14 mm’ and L = 116.51 mm, and the bed slope. S, = 0.5%, where used as input
for a neural-network-based algorithm to generate hydraulic roughness coefficients.
Coefficients were obtained for a range of values of the surface grain diameter 4 and
Reynolds numbers. The algorithm is a collection of neural networks each of which
generates a roughness estimate. Thus, the roughness estimate provided by the algorithm
is the overall average of the individual network outputs. The estimates of the individual
networks were limited to the interval 0.027 to 0.48, which corresponds to the range of n
values used to calibrate the neural networks (Lopez-Sabater er al., 2001).

The Manning roughness coefficients generated where organized in a n-matrix
(Figure C-4 a). The coefficient values increased with surface grain diameter and
decreased with increasing Reynolds number. Similar results were reported by Roels
(1984), Abrahams er al. (1990) and Lopez-Sabater et al. (2001). The values were in the
range suggested by Engman (1986) for agricultural conditions, but exceeded the n
coefficients reported in surface irrigation studies (Sakkas et al., 1994; Singh and
Bhallamudi. 1997). Preliminary simulations using the raw n estimates failed due to the
high roughness coefficients. To overcome this problem, the output from each network
was restricted to the range 0.03 to 0.07. This range was selected based on n values

reported in the literature for surface irrigation on bare soils (Cuenca, 1989; Schwab et al.,
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1993; Sakkas er al., 1994; Singh and Bhallamudi, 1997). The n-matrix produced by the

algorithm after placing this restriction is represented in Figure C-4 b.

Parameter Estimation

For scenario 1, the Simplex optimization algorithm was used to estimate the values
of n and S,, that minimized the objective function presented in equation C-7. Results for
both irrigation events are shown in Table C-2. The roughness coefficients for the two
irrigation events were very close, supporting the idea that the surface microtopography
did not change appreciably during the irrigations. The average suction at the wetting front
for both events was smaller than the S,, values estimated from the infiltrometer
experiments, reflecting the wetter condition of the soil during the irmigation experiments.

For scenario 2, the same optimization algorithm was used to estimate the
parameters < and S,,. Results for both irrigation events are shown in Table C-2. The
average diameter of the surface grains was similar for both irrigation events and might be
related to the actual size of the surface elements, as illustrated in Figure C-2. However,
no actual measurement of the aggregate/grain size distribution was performed and this
premise could not be proved. The estimated values of S, for scenario 2 were slightly
smaller than for scenario 1.

Figure C-5 shows the roughness coefficients corresponding to the estimated d
values, as a function of the Reynolds number. Both curves are very close, reflecting that
the selected d values for the two irrigation events were very similar. It is surprising that
the n values selected for scenario 2 were larger than the n values obtained for scenario 1

(see Table C-2 and Figure C-5). Nevertheless, this difference in friction coefficients did
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not cause the simulated irrigation front under scenario 2 to reach the end of the plot latter
than under scenario 1. The decrease in water velocity that would be associated with the
larger roughness coefficients was compensated by the increase in velocity due to the

larger discharge caused by the smaller values of S,,.

Model Performance
Two criteria were considered to evaluate the performance of the irrigation
simulations with the two scenarios. Firstly, the accuracy of the runoff volume was

quantified using the error function defined by:
E, =Q—é—2x100% (C-14)

where Q [L*] and Q [L?] are predicted and observed runoff volume respectively. Then,

the goodness of fit for the hydrograph and the time of advance were described by the

coefficient of efficiency presented by Nash and Sutcliffe (1970), defined as:

N

Z(w‘ ~-W, )

T
CE=1- i (C-15)

!
in which w,, w; and W are the estimated, observed and mean observed variables. A value

of one indicates perfect agreement between observed and calculated values, with
goodness of fit decreasing as CE values tend to zero. Negative values of CE indicate that

the mean observed value is a better estimate than the model output.
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Results of the evaluation using the two indexes, E, and CE, are presented in Table
C-3. Figure C-6 shows the observed and estimated hydrographs at the end of the plot.
Discharge measurements and estimates at the end of the plot were used in equation C-7 to
calibrate the models. Therefore, the hydrograph shape is well reproduced under both
scenarios as demonstrated by the high CE values in all cases. For the first irrigation
event, the model with variable roughness coefficients (scenario 2) resulted in the highest
CE. For the second event, there was no difference between the two scenarios. The
hydrographs estimated by both models were very similar and they showed appreciable
discrepancies only in the tail of the recession. For both irrigation events, the model with
scenario 2 produced a longer tail and estimates of discharge that were closer to the
observations late in the recession phase. This can be explained by the larger surface
storage under this scenario caused by larger n coefficients and smaller S, values. The
runoff volume was underestimated in all cases. However, the magnitude of the deviation
was smaller for scenario 2 simulations as demonstrated by the £, values closer to zero.

Figure C-7 presents the observed and estimated advance time of the irrigation front.
The advance time was generally well reproduced under both scenarios (CE coefficients
very close to 1), with the models under scenario 2 yielding slightly larger times at all
positions along the plot. However, a closer look to the first few moments of the irrigation
shows a quite distinct behavior. Figure C-8 shows the simulated advance time for the first
few meters of the plot, as well as the observed time of advance at 5 m. The model under
scenario 1 produced an irrigation front progressing extremely fast at the beginning of the

irrigation. Meanwhile, the model under scenario 2 showed a delay in front advance due to
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a surface storage build-up. The storage build-up was caused by the higher resistance
coefficients associated with small Reynolds numbers. Once sufficient storage was
created, the front progressed at rates similar to those simulated under scenario 1. To
overcome the higher resistance at small Re with scenario 2, the front also became steeper
as shown in Figure C-9 (a).

Figure C-9 shows that the models with scenario 2 produced deeper profiles. This
increase in storage was caused by larger n coefficients and smaller §,, values, which in
turn caused the hydrograph at the outlet to last slightly longer than under scenario 1.
Figure C-9 (b) also shows the average of the flow depth measurements taken at
equilibrium, and their standard deviation, for the first of the irrigation events. The model
simulations under both scenarios were always within one standard deviation of the
average observations. In general, the model simulations under scenario 2 were closer to
the average of the depth observations.

Results from these experiments show that the overland flow model using roughness
variables generated by the neural network algorithm, performed at least as well as the
model using constant friction parameters. The advance of the irrigation front at small
times. the initiation of runoff at the downstream end of the plot, the surface storage, the
peak of the hydrograph, the total runoff volume, and the tail of the hydrograph have all
been predicted slightly better using the model with variable roughness. Furthermore, the
initial stages of the irrigation have been better described using variable roughness

coefficients. Although the number of experiences is not large enough to probe the
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superiority of this model statistically, it reveals new possibilities for the future of
overland flow models.

The experiment format, surface irrigation on a rectangular homogenous plot, was
selected because it allows controiling variables that are difficult to monitor on natural
surfaces with rainfall inputs. However, using variable roughness coefficients demonstrate
the more useful precisely when used with 2-D overland flow models on complex
microtopographies and unsteady rainfall inputs (Esteves er al., 2000; Gandolfi and Savi,
2000; Fiedler and Ramirez, 2000; Wang and Hjelmfelt, 1998; Govindaraju et a/., 1992;
Zhang and Cundi, 1989). The incipient stage of the irrigation advance is similar to the
situation on a natural surface during a rainfall event, immediately after ponding occurs.
Water begins to accumulate on the surface and, although there is a hydraulic gradient, the
flow depth is small and a certain surface storage is required to overcome the roughness
elements. Using the model with a constant roughness coefficient produced velocities at
this stage that were not physically realistic. It is also believed that a better
characterization of the spatial runoff processes using 2-D models along with variable
hydraulic roughness, could improve the results of soil erosion and sediment transport
models.

It is recognized that more field and laboratory data are required to better calibrate
the neural network algorithms and to increase their range of applicability. The
applicability of the method could also be improved with procedures for quick estimation
of the surface configuration parameters: average diameter of the surface grains d,

variance of the elevation measurements 0'2, and correlation length L. Lastly, on vegetated
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surfaces it would be necessary to adequately increase the roughness variables to account

for the effects of standing vegetation and residues (Weltz et al., 1992; Gilley et al., 1993).

CONCLUSIONS

Border irrigation has been simulated using a numerical approximation to the 1-D
diffusion equations under two distinct scenarios: (1) constant hydraulic roughness
coefficients, and (2) variable hydraulic roughness predicted from surface parameters and
the flow Reynolds number. Global estimates generated by the model under both scenarios
agreed equally well with the observations at the end of the plot from two surface
irrigation experiments. However, a closer look at the incipient stages of the irrigation
showed clear differences in the simulated front behavior. Under scenario 2 (vanable
roughness coefficients), the front was delayed until a sufficient surface storage was in
place to overcome the resistance to the flow at small Reynolds numbers. This simulation
better reproduced the observed initial stages of the irrigation front.

Overland flow on natural slopes is not a sheet of water flowing with uniform depth
and velocity across the slope. Although more field and laboratory data are needed for
generalization, the results from this study support the idea that considering a variable
hydraulic roughness would improve model estimates for natural surfaces with complex

microtopography and unsteady rainfall inputs.
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Table C-1. Parameters for the variogram exponential model for the two DEMs for
conditions before and after the initial irrigation.

DEMID o¢%(mm® L (mm)

1 25.87 60.86
2 10.14 116.51

Table C-2. Parameter estimates generated by the Simplex optimization algorithm.

[rrigation Scenario 1 Scenario 2
Number n Sow(mm) d(mm) S, (mm)
1 0.0511 18.5 3.39 14.6
2 0.0514 11.2 3.50 7.95

Table C-3. Summary of goodness of fit and runoff volume error coefficients.

Scenario  [rrigation CE . CE Ex
Hydrograph Time of Advance Runoff Volume
Scen #1 Img #1 0.933 0.997 -5.87%
T Imig#2 0.962 0.992 -3.20%
: _ 0
Scen #2 Img #1 0.949 0.994 5.43%

Img #2 0.960 0.996 -2.28%
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Figure C-1. General view of the experimental setup. The image shows the plot after
irrigation shutoff, when the recession front is about to start moving downslope.
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raking. The pencil shown for scale is 14 cm in length.
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147

(a) Raw n Estimates

w
n

n
o ow

—-—
n

-

A T;_/j;
250 500 750 1000 1250
Reynolds number

(b) Adjusted n Estimates

o
n

Diameter of surface particles (mm)
N

Diameter of surface particles (mm)
N
N [9;]
o)
> o
h \ L
¢ .QLL
o
5

o i

05} ) QQ

250 500 750 1000 1250
Reynolds number

Figure C-4. Estimates of Manning's n hydraulic roughness coefficients generated by the
neural-network-based algorithm. Estimates were generated for a range of
Reynolds numbers and grain diameters, and organized in a matrix (n-matrix). The
contours shown in these figures were plotted based on the matrix coefficients.
Figure C-4 (a) shows a contour chart of raw algorithm estimates. Figure C4 (b)
shows contours after limiting the network outputs to the range 0.03-0.07
(common values for surface irrigation).
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Roughness Coefficients for Scenario 2 Simulations
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Figure C-5. Hydraulic roughness coefficients for scenario 2 irrigation simulations, as a
function of the local Reynolds number. These two lines have been interpolated
from Figure C-4 at the locations (matrix rows) corresponding to the respective
grain diameters.
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Figure C-6. Observed and estimated hydrographs at the downstream end of the plot.
Irrigation number 1 occurred on a dry soil, while irrigation number 2 occurred on

a wet soil. The irrigation duration was slightly longer for irrigation number 2.
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C-7. Observed and simulated advance time of the irrigation front. Irrigation

number 2 proceeded faster due to the high initial soil water content. The front
advance for scenario 2 (variable roughness coefficients) always was delayed
compared to the front advance for scenario 1.
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Figure C-8. Initial stages of the irrigation front as simulated under the two scenarios. The

front advance for scenario 2 is delayed until sufficient surface storage is created.

Then advances at the same rate as the front for scenario 1.
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Water Depth Profile for Irrigation #1
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Figure C-9. (a) Simulated water depth profiles just before the irrigation front reached the
downstream end of the plot for irrigation number 1. (b) Observed and estimated
water depth profiles at equilibrium for irrigation number 1. The circles represent
the average of the recorded depth values at each location, and the vertical bars
show the average plus and minus one standard deviation.
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APPENDIX D: SURFACE ANALYSIS AND PARAMETERS

Five artificial surfaces 1| m long and 0.5 m wide were constructed using concrete.
The surfaces were hand shaped and when the concrete dried sand was glued to them. Five
different sand classes, which had been obtained by sieving, were employed. The
characteristic sand diameter used in the analysis was the arithmetic mean of the two sieve
openings that defined each fraction. Sieve openings and characteristic sand diameters are
shown in Table D-1. The sand classes were attached to the surface starting with the finest
one and finishing with the coarsest.

After attaching each sand class and before running the flume experiments, each
surface was digitized using a laser scanner (Huang and Bradford, 1990). The scanner was
used to record 200 longitudinal profiles of the surface 2 mm apart from each other.
Profiles were 900 mm long and included elevation readings at 1| mm spacing. Thus, each
file generated by the scanner contained elevation readings at 180000 locations on the
surface.

Using the elevation values from each longitudinal profile, the following

experimental functions were computed: variogram ¥y

05 %K 2
Tk = Z ,(Zi ~Zjk) (D-1)
n-k 3

mean absolute elevation difference Az

1 n—k
Az, = lei "-"-'ml (D-2)

"—k i=l
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and power spectral density C(w) (Hearn and Metcalfe, 1995)
! M-l
Clo)= ;[CO + 2; wlk)c, cos(wk)| O<ws<n (D-3)
where - [L] is point elevation with respect to a datum, » is the number of points in a
profile, k is the lag position, ¢ is the auto-covariance function, o [rad] is the angular
frequency, w(k) is a set of weights known as a lag window, defined for integer values of

k. and M is the window length. A Parzen window was used to compute the power spectral

density. The Parzen window is defined as:

w(k)=1—6(—k——)- +6(i) o<k<y
M M
(D-4)

M

3
w(k)=2(1-—k—) A/T[<Ic<M

The auto-covariance function was used to calculate the power spectral density, and

was computed as:

-2 -2) (D-5)

l n—-k
Ck =
1

n—k-14

Experimental values of the variogram, mean absolute elevation difference, and

power spectral density functions were computed independently for each profile, and then

were averaged across profiles for each surface and sand cover combination. This

implicitly assumes that the surfaces are ergodic (i.e. the properties of a single profile are
the same as the properties of the ensemble or the complete surface).

Three models were used to fit the computed values of the variogram (VAR), mean

absolute elevation difference (MAED) and power spectral density (PSD). Each model has
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two parameters that can be adjusted. The selected variogram model was an exponential
equation with the following two parameters: o~ [L*] is the variance of the height
measurements, and L [L] is known the correlation length.
v(h)=o" (l —e""/L) (D-6)
The model selected for the MAED function was (Linden and Van Doren, 1986)

1

s )
h

Az =

in which the first parameter is 1/a (called LD), known as the limiting elevation difference,
and the second one is 1/b (called LS), and known as the /imiting slope.
The selected model for the PSD was simply a power equation of the following
form:
Clo) = Bo? (D-8)
where B [L?(Lrad™")"""?"] and p are the two parameters or fitting coefficients

Table D-2 displays the values of the parameters obtained after fitting the models to

the ensemble averaged experimental functions.



Table D-1. Sieve openings used to obtain sand fractions to coat the artificial surfaces.

Sieve opening Sieve opening Characteristic diameter

(mm) (mm) (mm)
Class 1" 0.147 0.295 0.221
Class 2 0.417 0.841 0.629
Class 3 0.841 1.168 1.004
Class 4 1.168 2.000 1.584
Class 5 2.000 4.699 3.334
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" Class 1 was used only with the first surface and was not used again throughout the

experiment.

Table D-2. Parameter values used to describe microtopographic configuration.

Surface d VAR Parameters MAED Parameters PSD Parameters
[D (mm) o°(mm) L(mm) LD(mm) LS B p

0.221 1296 144.10 4.27 0.116 0.103 -2.28

0.629 1223  129.37 4.16 0.125 0.089 -2.29

1 1.004 1345 144.00 4.46 0.109 0.096 -2.22

1.584 11.89 14094 4.18 0.104 0.150 -1.78

3334  12.23 138.11 4.25 0.111 0332 -1.58

0.629 1536  148.31 4.80 0.095 0.120 -2.16

5 1.004 1492 153.12 4.70 0.098 0.118 -2.09

- 1.584 15.03 163.53 4.71 0.091 0.166 -1.85

3.334 12.06 142.09 4.13 0.101 0.339 -1.59

0.629 51.08 83.96 8.71 0.333 0.207 -2.22

3 1.004 51.05 79.37 8.71 0.342 0244 -2.12

1.584 50.73 91.99 8.67 0.311 0279 -2.03

3.334 4748 84.42 8.38 0.326 0.412 -1.93

0.629 77.02 36.47 10.12 0.725 0.206 -2.40

4 1.004 75.88 37.37 10.07 0.720 0.271 -2.24

1.584 77.06 37.85 10.17 0.698 0.286 -2.13

3.334 78.45 38.88 10.28 0.699 0440 -2.05

0.629 243 98.49 1.93 0.050 0.058 -i.57

5 1.004  2.55 91.95 1.97 0.057 0.081 -1.44

1.584  2.58 83.40 1.96 0.065 0.116 -1.3t1

3.334 3.10 70.39 2.05 0.128 0.242 -1.37

Field 1° 25.87 60.86 4.68 0.246 0.508 -1.96

Field 2° 10.14  116.51 3.71 0.117 0212 -191

* Units for B are (mm*(mmrad™')("P)y.
¥ Parameters used to characterize the surface in the field experiment. Diameter of surface
particles was not measured.
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APPENDIX E: FLUME DESCRIPTION

The flume was made out of 18 gage steel sheet. Three pieces were cut, folded and
welded in such a way that the end of one piece fitted closely together with the beginning
of the next one. The steel pieces were primed and painted to avoid corrosion. The three
pieces were joined together forming a 2 m long 0.5 m wide flume. Duck tape was used in
the joints to prevent leaks. The central flume section was specially designed to be able to
hold the artificial surfaces approximately aligned with flume bed plane (Figure E-1).

The flume rested on a secondary wedge shaped structure made out of 1" steel angle.
This secondary structure was used to keep the three flume parts together and to set the
flume slope. The slope of the flume resting on the wedge shaped structure was 15%. To
set the flume at smaller slopes the downstream end of the wedge was raised to the desired
elevation. To increase the flume slope the upstream end of the wedge was raised. Slopes
between 0.5% and 21.2% were tested.

Discharge was controlled using a hand-operated valve, which connected the flume
to a constant head tank. Water discharge was continuously measured at the downstream
end of the flume using a custom-built V-notch weir. The weir had a pressure transducer
to record water elevation and was calibrated prior to the beginning of the laboratory
experiments. Figure E-2 shows the data used for calibration and the predictions by the

equation fitted to the data.
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Figure E-1. Flume setup for laboratory experiment. Dimensions are in centimeters.
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Figure E-2. Weir calibration data and fitted model.
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APPENDIX F: FLOW VELOCITY CHARACTERIZATION

The surface samples were placed on the flume to characterize the flow velocity
prior to attaching the sand grains. The objective was to find a relationship between the
average flow velocity and the velocity of the edge of dye clouds dropped on the flow, for

each of the five surfaces. Measurements were collected at slopes ranging from 0.5% to
21.2% and discharge rates between 0.03 and 0.43 Lm™'s™".

A pin profile-meter was employed to record water surface elevation in order to
estimate the flow cross sectional area. The profiler had a series of vertically moving
metal pins spaced | cm apart. The profiler was placed above the surface, perpendicular to
the flow direction, and 50 pins were used to record the flow depth. The pin measurements
permitted calculation of flow cross sectional area and hydraulic radius. Then, the cross
sectional area along with the measured discharge was used to estimate the average flow
velocity.

Table F-1 through Table F-5 show the values registered for each surface. The
variables shown in these tables were used to adjust the coefficients of an equation relating
the average flow velocity (¥) to the dye velocity (V4.) and the bed slope (So). The

equation used was:

V=c+cs Vge +c3 852 (F-1)

Table F-6 shows the coefficients obtained using an optimization algorithm to

minimize the sum of squares of the residuals.



Table F-1. Velocity characterization of surface number 1.
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Slope Flow discharge Dye velocity Hydraulic

Cross sectional

Average flow

(%) (ml/m/s) (m/s) radius (cm) area (cm’) velocity (m/s)
53.57 0.062 0.231 10.43 0.026
183.63 0.112 0.338 17.83 0.052
391.01 0.162 0.451 23.80 0.082
38.02 0.052 0.186 8.95 0.021
2.9 164.59 0.113 0.299 15.63 0.053
333.64 0.150 0.447 23.38 0.071
81.28 0.080 0.254 11.00 0.037
215.64 0.123 0.383 18.53 0.058
394.38 0.167 0.526 27.10 0.073
47.56 0.068 0.164 7.95 0.030
201.68 0.139 0.321 15.88 0.064
341.50 0.205 0.433 21.90 0.078
59.71 0.087 0.228 11.13 0.027
59 251.68 0.176 0.341 18.03 0.070
384.36 0.212 0.449 23.70 0.081
35.09 0.064 0.165 8.70 0.020
170.19 0.141 0.292 15.43 0.055
328.78 0.198 0.429 22.68 0.072
111.77 0.116 0.178 8.25 0.068
252.21 0.209 0.271 13.43 0.094
398.78 0.250 0.455 23.45 0.085
66.00 0.093 0.191 9.25 0.036
8.9 270.79 0.211 0.329 16.88 0.080
403.84 0.248 0.509 26.15 0.077
61.45 0.087 0.129 6.10 0.050
142.15 0.131 0.209 10.90 0.065
360.76 0.237 0.340 18.13 0.100
155.57 0.191 0.210 10.13 0.077
256.74 0.264 0.280 14.93 0.086
391.27 0.324 0.344 18.38 0.106
95.98 0.114 0.106 5.30 0.091
15 244.54 0.196 0.215 11.38 0.107
417.79 0.297 0.353 18.73 0.112
44.20 0.087 0.089 3.05 0.072
113.22 0.148 0.156 8.20 0.069
408.16 0.328 0.331 17.45 0.117
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Table F-1. Continued.

Slope Flow discharge Dye velocity Hydraulic = Cross sectional ~ Average flow

(%) (ml/m/s) (m/s) radius (cm) area (cml) velocity (m/s)
63.45 0.108 0.144 5.15 0.061
240.29 0.247 0.227 10.70 0.112
388.73 0.346 0.354 17.82 0.109
44.29 0.100 0.078 3.25 0.068
21.1 168.47 0.222 0.169 7.20 0.116
351.90 0.352 0.304 14.57 0.120
62.70 0.135 0.106 4.85 0.064
285.56 0.329 0.190 9.97 0.143

342.71 0.367 0.323 17.27 0.099




Table F-2. Velocity characterization of surface number 2.
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Slope Flow discharge Dye velocity Hydraulic  Cross sectional ~ Average flow
(%) (ml/m/s) (m/s) radius (cm) area (cml) velocity (m/s)
45.4 0.051 0.248 10.20 0.022
179.0 0.109 0.359 18.05 0.050
432.4 0.131 0.530 27.15 0.080
88.6 0.060 0.188 8.45 0.052
5.9 2413 0.108 0.337 17.18 0.070
364.6 0.126 0.455 23.20 0.079
43.6 0.050 0.259 12.98 0.017
182.9 0.107 0.423 21.68 0.042
400.3 0.142 0.602 30.80 0.065
77.2 0.091 0.201 10.33 0.037
190.9 0.155 0.316 16.18 0.059
315.9 0.191 0.420 21.50 0.073
43.7 0.064 0.205 9.50 0.023
8.9 269.5 0.170 0.323 16.55 0.081
430.7 0.206 0.423 21.70 0.099
118.5 0.093 0.138 6.90 0.086
2125 0.143 0.235 12.00 0.089
401.8 0.206 0.388 19.88 0.101
69.2 0.096 0.213 10.70 0.032
195.7 0.155 0.321 16.43 0.060
420.9 0.242 0.390 19.95 0.105
76.4 0.090 0.096 4.63 0.083
15 150.8 0.128 0.161 8.28 0.091
263.6 0.173 0.253 13.00 0.101
67.0 0.077 0.158 7.73 0.043
325.7 0.195 0.313 15.95 0.102
417.6 0.240 0.406 20.68 0.101
90.5 0.102 0.101 4.75 0.095
198.6 0.166 0.180 8.98 0.111
369.9 0.274 0.236 12.03 0.154
45.4 0.080 0.082 3.05 0.074
212 255.6 0.179 0.182 9.10 0.140
4104 0.270 0.261 13.30 0.154
68.6 0.091 0.108 4.90 0.070
226.5 0.196 0.187 9.63 0.118
394.3 0.285 0.264 13.63 0.145




Table F-3. Velocity characterization of surface number 3.
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Slope Flow discharge Dye velocity Hydraulic

Cross sectional

Average flow

(%) (ml/m/s) (m/s) radius (cm) area (cm2) velocity (m/s)
45.78 0.019 0.574 2598 0.009
199.99 0.068 0.776 36.73 0.027
426.01 0.109 0.979 47.35 0.045
132.36 0.055 1.010 51.35 0.013
1 254.12 0.065 1.182 61.28 0.021
374.67 0.111 1.335 69.20 0.027
121.93 0.045 0.864 44 80 0.014
290.52 0.068 0.985 51.08 0.028
382.53 0.111 1.119 5798 0.033
65.7 0.052 0.781 33.93 0.010
236.7 0.086 1.034 46.00 0.026
374.9 0.121 1.225 55.70 0.034
102.0 0.063 0.960 48.45 0.011
29 232.1 0.087 1.109 57.13 0.020
347.7 0.116 1.182 64.48 0.027
87.9 0.060 0.704 22.45 0.020
156.9 0.075 0.742 26.78 0.029
313.6 0.114 0.839 33.78 0.046
65.3 0.093 0.333 12.98 0.025
2353 0.163 0.496 20.83 0.056
401.6 0.214 0.583 26.25 0.076
105.0 0.129 0.340 14.53 0.036
8.9 187.2 0.168 0.387 18.10 0.052
306.8 0.186 0.496 25.25 0.061
87.6 0.105 0.383 12.70 0.034
294.0 0.213 0.515 20.85 0.071
391.0 0.214 0.596 24.73 0.079
63.26 0.084 0.194 5.45 0.058
213.36 0.191 0.280 10.75 0.099
398.00 0.267 0.350 15.20 0.131
95.36 0.118 0.232 8.13 0.059
15 265.74 0.208 0.342 13.01 0.102
328.58 0.230 0.399 15.98 0.103
53.77 0.071 0.215 6.50 0.041
197.24 0.171 0.277 12.78 0.077
415.11 0.255 0.381 18.35 0.113




Table F-3. Continued.
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Slope Flow discharge Dye velocity Hydraulic

Cross sectional

Average flow

(%) (ml/m/s) (m/s) radius (cm) area (sz) velocity (m/s)
70.77 0.100 0.152 3.65 0.097
181.50 0.186 0.215 8.45 0.107
383.38 0.332 0.318 13.50 0.142
87.07 0.112 0.240 6.18 0.070
21.1 184.81 0.196 0.306 9.85 0.094
33542 0.263 0.374 14.43 0.116
132.28 0.143 0.252 10.18 0.065
296.13 0.241 0.333 16.15 0.092
373.11 0.299 0.380 19.58 0.095




Table F-4. Velocity characterization of surface number 4.
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Slope Flow discharge Dye velocity Hydraulic

Cross sectional

Average flow

(%) (ml/m/s) (m/s) radius (cm) area (cm2) velocity (m/s)
60.72 0.057 0.273 10.10 0.030
243.81 0.119 0.476 18.58 0.066
403.91 0.166 0.540 23.95 0.084
112.32 0.090 0.425 14.38 0.039
1 195.65 0.113 0.513 18.50 0.053
344.48 0.142 0.649 23.38 0.074
62.10 0.061 0.283 9.00 0.034
248.42 0.132 0.419 15.70 0.079
398.56 0.160 0.546 21.13 0.094
56.5 0.065 0.287 11.05 0.026
224.4 0.134 0.495 19.05 0.059
407.5 0.173 0.679 26.83 0.076
91.3 0.081 0.374 11.58 0.039
2.9 181.6 0.112 0.559 17.30 0.052
342.9 0.156 0.696 21.53 0.080
58.3 0.067 0.274 8.13 0.036
287.6 0.148 0.458 14.98 0.096
388.3 0.169 0.555 19.35 0.100
67.1 0.122 0.206 5.45 0.062
217.7 0.204 0.304 10.73 0.102
416.1 0.243 0.420 15.33 0.136
74.4 0.123 0.209 3.93 0.095
8.9 204.3 0.178 0.274 10.20 0.100
372.0 0.223 0.377 15.63 0.119
138.8 0.171 0.264 10.10 0.069
326.8 0.232 0.370 15.75 0.104
393.4 0.239 0.430 19.10 0.103
80.49 0.185 0.230 6.25 0.064
177.80 0.236 0.301 10.05 0.088
396.92 0.358 0.380 15.05 0.132
54.21 0.142 0.140 2.00 0.136
15 265.37 0.291 0.227 7.30 0.182
388.53 0.362 0.313 10.70 0.182
121.26 0.198 0.228 8.40 0.072
266.34 0.284 0.325 14.08 0.095
354.62 0.315 0.385 16.65 0.106




Table F-5. Velocity characterization of surface number 5.
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Slope Flow discharge Dye velocity Hydraulic

Cross sectional

Average flow

(%) (ml/m/s) (m/s) radius (cm) area (cm2) velocity (m/s)
102.6 0.127 0.416 20.90 0.025
219.7 0.143 0.572 28.75 0.038
375.8 0.189 0.648 32.58 0.058
56.6 0.074 0.274 13.75 0.021
0.5 205.4 0.141 0.389 19.50 0.053
319.6 0.173 0.503 25.25 0.063
83.0 0.087 0.401 20.13 0.021
207.3 0.151 0.493 24.73 0.042
332.6 0.167 0.406 20.38 0.082
52.8 0.100 0.225 11.33 0.023
220.8 0.200 0.363 18.25 0.060
396.8 0.263 0.473 23.78 0.083
81.8 0.117 0.140 7.03 0.058
2.9 208.2 0.195 0.234 11.73 0.089
374.7 0.238 0.331 16.63 0.113
162.6 0.163 0.183 9.18 0.089
252.4 0.219 0.246 12.35 0.102
339.1 0.214 0.310 15.55 0.109
78.80 0.184 0.112 5.65 0.070
180.02 0.308 0.194 9.78 0.092
0.265 13.30
142.76 0.261 0.116 5.83 0.123
8.9 218.29 0.342 0.171 8.55 0.128
378.34 0.439 0.256 12.85 0.147
125.95 0.290 0.218 10.95 0.058
279.53 0.347 0.285 14.28 0.098
362.44 0.438 0.369 18.50 0.098
98.22 0.303 0.084 4.20 0.117
256.85 0.491 0.177 8.88 0.145
415.42 0.581 0.238 11.95 0.174
109.35 0.354 0.088 4.35 0.126
15 221.66 0.453 0.156 7.85 0.141
357.73 0.492 0.204 10.25 0.175
67.69 0.219 0.101 5.05 0.067
155.52 0.333 0.174 8.73 0.089
382.16 0.501 0.225 11.30 0.169
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Table F-6. Coefficients for the relationships between average velocity and dye velocity.
R- is the coefficient of determination of the best linear regression between

observed and estimated velocities.

Surface ID Q) (o) c3 e, e R’
1 -0.429 0.5902 0.1640 0.0949 1.3896 0.9470
2 -28.86 29.057 273.1 0.0020 5.8212 0.9580
3 -0.0021 0.3399 0.2900 1.0430 1.3249 0.9434
4 0.0019 0.5527 -47.83 1.0431 4.0461 0.9506
5 -0.0817 0.3697 -0.1446 0.5163 1.0292 0.9236
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APPENDIX G: FLUME EXPERIMENTAL DATA

This appendix presents the variables measured from the flume, as well as the
computed values of the hydraulic roughness coefficients. The surface ID and diameter of
the sand cover are specified in the table headings, and the flume slope is indicated in the
first column of the tables. The hydraulic roughness coefficients were computed from the
flow variables and flume slope using the average flow depth as the hydraulic radius.
Therefore, the so computed hydraulic roughness coefficients account for the deviation of
the average depth from the actual hydraulic radius.

Velocity and discharge values shown in the tables correspond to the average values
of three consecutive measurements. Three readings of the dye edge velocity were taken
while the flume discharge was kept constant. The dye edge velocity was converted to
average velocity using the relationships presented in appendix F. The hydraulic
roughness coefficients were then computed using the averaged mean flow velocity and
discharge.

Discharge measurements were automatically recorded using a portable computer
and an input/output card, with the pressure transducer used to monitor head in the weir
connected to one of the analog inputs of the card. The dye travel time along a 90 cm
segment of the surface sample was recorded using a switch connected to one of the card's

digital inputs.
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Table G-1. Flume data from surface 1 with sand of 0.221 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/nvs) (my/s) number Weisbach f n C
8.9 70.15 0.041 216.6 7.33 0.106 1.03
8.9 103.1 0.051 3193 5.30 0.092 1.22
8.9 125.24 0.058 386.3 4.39 0.085 1.34
8.9 164.38 0.065 509.7 4.26 0.086 1.36
8.9 173.2 0.067 534.2 4.10 0.085 1.38
8.9 248.38 0.072 770.2 4.56 0.094 1.31
3.9 251.74 0.074 778.5 4.36 0.091 1.34
8.9 319.99 0.081 989.6 4.19 0.092 1.37
8.9 34241 0.083 1064.7 4.18 0.092 1.37
8.9 373.01 0.085 1156.7 4.22 0.094 1.36
8.9 375.63 0.089 1168.0 3.71 0.087 1.46

10.9 5745 0.042 177.9 6.69 0.097 1.08
10.9 78.38 0.049 2427 5.83 0.093 1.16
10.9 105.02 0.058 326.5 1.72 0.086 1.29
10.9 150.07 0.062 466.0 3.34 0.096 1.21
10.9 157.19 0.065 488.8 4.89 0.091 1.27
10.9 21587 0.072 670.3 5.03 0.096 1.25
10.9 125.54 0.077 701.3 4.20 0.087 1.37
10.9 276.6 0.077 860.1 5.10 0.100 1.24
10.9 304.54 0.083 946.9 4.57 0.095 1.31
10.9 341.53 0.086 1062.0 4.55 0.096 1.31
10.9 367.64 0.095 1143.1 3.66 0.086 1.46
10.9 370.84 0.086 1153.1 5.06 0.103 1.25
13 66.55 0.048 206.1 6.24 0.094 1.12
13 66.97 0.050 207.4 5.55 0.088 1.19
13 109.17 0.062 338.1 4.77 0.086 1.28
13 109.57 0.057 3393 6.14 0.099 1.13
13 167.59 0.069 521.1 5.24 0.095 1.22
13 197.67 0.072 613.8 5.44 0.099 1.20
13 239.66 0.078 745.2 524 0.099 1.22
13 261.56 0.079 8122 5.48 0.102 1.20
13 30347 0.086 943.6 4.87 0.097 1.27
13 320.99 0.089 996.7 4.67 0.096 1.30
13 367.24 0.096 1141.9 4.19 0.091 1.37
13 371.28 0.093 1152.9 4.64 0.097 1.30
15 58.19 0.049 180.7 5.89 0.089 1.15
15 83.6 0.062 259.6 4.10 0.076 1.38
13 103.19 0.062 319.6 5.07 0.087 1.24
15 137.73 0.067 4277 5.28 0.092 1.22
15 154.13 0.072 4773 4.86 0.089 1.27
15 155.76 0.069 4824 5.69 0.098 1.17

15 182.48 0.080 566.6 4.25 0.084 1.36
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nvs) (my/s) number Weisbach f n C
13 215.06 0.081 666.0 4.75 0.092 1.29
15 217.01 0.082 673.9 4.60 0.090 1.31
15 219 0.076 678.2 5.77 0.102 1.17
15 273.09 0.085 848.0 5.17 0.098 1.23
15 277.51 0.089 859.4 4.62 0.093 1.30
15 278.88 0.089 863.6 4.64 0.093 1.30
15 319.2 0.090 988.5 5.19 0.100 1.23
15 321.44 0.093 998.1 4.70 0.095 1.29
15 339.74 0.095 1052.1 4.70 0.096 1.29
15 342.41 0.096 1060.4 4.61 0.095 1.30
5 364.74 0.098 1129.5 4.55 0.095 1.31
13 366.93 0.098 1139.4 4.55 0.095 1.31
17 3417 0.037 105.7 8.94 0.105 0.94
17 63.04 0.061 195.0 3.78 0.070 1.44
17 88.79 0.061 274.6 5.33 0.088 1.21
17 99.41 0.066 306.6 +4.71 0.083 1.29
17 124.17 0.067 384.0 5.58 0.094 1.19
17 131.58 0.069 405.8 5.35 0.092 1.21
17 182.77 0.082 565.2 4.48 0.086 1.32
17 188.15 0.079 582.7 5.16 0.094 1.23
17 225.79 0.082 698.3 5.42 0.098 1.20
17 235.19 0.087 728.3 4.84 0.093 1.27
17 274.37 0.091 848.5 4.92 0.095 1.26
17 280.06 0.093 864.9 1.65 0.093 1.30
17 296.11 0.096 917.0 4.48 0.091 1.32
17 298.36 0.100 921.4 3.99 0.086 1.40
17 300.57 0.104 928.3 3.60 0.081 1.48
17 328.2 0.100 1016.4 4.39 0.091 1.34
17 354.89 0.103 1097.5 4.30 0.091 1.35
17 357.81 0.109 1108.1 3.71 0.084 1.45
19.1 46.3 0.054 143.4 4.40 0.073 1.34
19.1 58.78 0.061 182.0 3.91 0.070 1.42
19.1 77.93 0.061 2413 5.08 0.084 1.24
19.1 87.73 0.071 271.7 3.61 0.070 1.47
19.1 103.47 0.072 319.1 4.13 0.077 1.38
19.1 112.77 0.077 349.2 3.70 0.073 1.46
19.1 120.04 0.080 3712 3.57 0.072 1.48
19.1 156.79 0.090 485.5 322 0.070 1.56
19.1 167.03 0.091 515.8 3.37 0.073 1.53
19.1 168.88 0.087 523.7 3.79 0.078 1.44
19.1 192.81 0.094 597.1 345 0.075 1.51
19.1 213.8 0.092 660.3 4.07 0.083 1.39

19.1 238.66 0.095 737.1 4.21 0.085 1.37
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (r/s) number Weisbach f n C
19.1 266.02 0.099 821.6 4.14 0.086 1.38
19.1 281.27 0.100 868.7 4.18 0.087 1.37
19.1 299.46 0.106 924.8 3.76 0.082 1.45
19.1 340.26 0.107 1050.8 4.16 0.088 1.37
19.1 342.42 0.110 1057.5 3.90 0.085 1.42
19.1 345.34 0.110 1066.5 3.87 0.085 1.42
212 65.17 0.068 201.3 3.49 0.066 1.50
21.2 86.51 0.075 267.2 3.40 0.067 1.52
21.2 89.96 0.081 277.4 2.83 0.061 1.67
212 114.64 0.082 352.6 3.40 0.070 1.52
21.2 119.02 0.082 367.6 3.57 0.072 1.48
21.2 155.99 0.090 480.4 353 0.073 1.49
21.2 180.3 0.089 554.5 4.27 0.083 1.36
21.2 212.75 0.098 655.2 3.82 0.079 1.43
21.2 233.92 0.100 719.4 3.94 0.082 1.41
212 248.31 0.101 766.9 4.02 0.083 1.40
21.2 255.03 0.102 784.4 4.05 0.084 1.39
21.2 283.19 0.103 877.0 4.28 0.087 1.35
21.2 300.28 0.110 923.5 3.7 0.082 1.44
21.2 330.26 0.108 1022.7 4.30 0.089 1.35
21.2 335.36 0.115 1031.4 3.66 0.082 1.47
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Table G-2. Flume data from surface 1 with sand of 0.629 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/my/s) (mv/'s) number Weisbach / n C
5.9 64.48 0.039 185.8 4.96 0.086 1.26
3.9 66.24 0.032 191.5 9.68 0.126  0.90
5.9 68.31 0.041 197.2 4.49 0.082 1.32
59 68.98 0.034 199.7 8.06 0.114 0.99
39 108.29 0.052 312.1 3.58 0.076 1.48
5.9 109.09 0.048 3144 4.68 0.089 1.29
59 146.33 0.052 423.7 4.83 0.093 1.27
5.9 147.87 0.052 428.2 4.88 0.094 1.27
3.9 172.16 0.062 496.9 3.33 0.077 1.54
5.9 173.02 0.060 499.4 3.64 0.081 1.47
5.9 201.3 0.059 583.9 447 0.093 1.32
5.9 204.79 0.060 594.0 4.31 0.091 1.35
39 245.12 0.068 708.7 3.63 0.084 1.47
5.9 246.13 0.067 711.6 379 0.086 1.44
59 285.6 0.072 828.4 3.59 0.085 1.48
3.9 286.28 0.069 830.3 4.07 0.091 1.39
39 3404 0.074 987.3 382 0.090 1.43
5.9 340.73 0.077 988.3 3.48 0.085 1.50
59 378.48 0.079 1097.8 3.61 0.088 1.47
3.9 380.03 0.081 1102.3 32§ 0.083 1.55
5.9 401.56 0.082 1164.7 341 0.086 1.52
3.9 103.42 0.082 1170.1 3.42 0.086 1.51
8.9 64.4 0.043 186.2 5.76 0.092 1.17
8.9 65.19 0.042 188.8 6.29 0.096 1.12
8.9 89.98 0.046 261.4 6.33 0.100 1.11
8.9 109.22 0.054 315.8 4.84 0.088 1.27
8.9 110.79 0.054 3203 491 0.089 1.26
8.9 142.99 0.056 4154 5.55 0.098 1.19
8.9 143.02 0.058 415.5 5.01 0.093 1.25
8.9 152.44 0.061 442.1 4.60 0.089 1.31
8.9 153.95 0.062 446.5 441 0.087 1.33
8.9 203.61 0.067 590.6 4.75 0.094 1.29
8.9 205.46 0.065 596.9 5.33 0.100 1.21
8.9 223.16 0.072 645.2 4.20 0.088 1.37
8.9 226.52 0.072 654.9 4.31 0.090 1.35
8.9 268.92 0.080 778.7 3.62 0.083 1.47
8.9 270.58 0.077 783.5 4.19 0.090 1.37
8.9 272.23 0.072 792.1 5.00 0.099 1.25
8.9 272.84 0.074 793.9 4.61 0.095 1.30
8.9 32245 0.083 9353 3.87 0.088 1.42
8.9 32471 0.082 941.8 4.07 0.091 1.39
8.9 326.02 0.084 945.6 3.85 0.088 1.43
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m's) number Weisbach f n C
8.9 326.16 0.083 946.0 3.98 0.089 1.40
89 357.59 0.086 1038.8 3.95 0.090 1.41
8.9 359.51 0.086 1044 4 3.94 0.090 1.41
8.9 398.08 0.088 1154.6 4.07 0.093 1.39
89 400.32 0.087 1161.1 4.25 0.095 1.36
15 71.03 0.053 207.0 3.51 0.088 1.19
15 71.08 0.054 207.5 5.23 0.085 1.22
15 111.51 0.063 327.1 5.17 0.089 1.23
13 113.87 0.067 335.0 4.36 0.081 1.34
15 133.94 0.067 391.6 5.13 0.091 1.24
15 135.72 0.067 396.8 3.20 0.091 1.23
15 147.17 0.074 431.0 4.29 0.083 1.35
15 148.38 0.071 4345 482 0.089 1.28
15 184.01 0.082 536.3 3.90 0.081 1.42
15 185.99 0.081 542.1 411 0.083 1.38
13 197.92 0.079 577.8 1.71 0.090 1.29
15 198.72 0.078 580.1 5.00 0.093 1.25
15 247.67 0.087 721.8 4.45 0.090 1.33
13 250.62 0.089 7304 4.14 0.086 1.38
15 281.93 0.094 821.7 4.01 0.086 1.40
13 284.36 0.094 828.8 4.07 0.087 1.39
15 331.37 0.097 964.2 4.21 0.090 1.37
15 331.54 0.096 964.7 444 0.092 1.33
15 382.31 0.103 1114.2 4.08 0.090 1.39
13 385.36 0.102 1123.1 4.30 0.092 1.35
15 413.56 0.102 1205.3 4.61 0.097 1.30
15 415.6 0.105 1211.3 4.23 0.092 1.36
212 65.53 0.062 191.6 4.57 0.077 1.31
21.2 67.76 0.065 198.1 4.16 0.073 1.37
212 73.26 0.065 2145 449 0.077 1.32
212 73.26 0.065 2145 4.49 0.077 1.32
21.2 76.18 0.066 223.1 431 0.076 1.35
21.2 109.86 0.075 3212 432 0.079 1.35
212 112.05 0.075 3276 440 0.080 1.34
21.2 122.62 0.078 357.9 4.32 0.080 1.35
212 124.15 0.084 3624 3.49 0.071 1.50
21.2 174.7 0.094 513.2 3.51 0.074 1.49
21.2 176.27 0.091 516.2 3.85 0.078 1.43
212 176.82 0.094 5194 3.55 0.075 1.49
21.2 178.08 0.091 5215 3.89 0.079 1.42
21.2 222.76 0.099 653.4 3.78 0.079 1.44
21.2 223.05 0.101 654.2 3.59 0.077 1.48
21.2 237.85 0.103 698.7 3.59 0.078 1.48
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mys) (m/s) number Weisbach f/ n C
212 240.84 0.101 704.2 3.87 0.081 1.42
212 262.72 0.104 768.1 3.85 0.082 1.43
212 263.94 0.105 771.7 3.80 0.081 144
212 296.7 0.113 868.9 3.46 0.078 1.51
21.2 297.19 0.111 870.3 3.57 0.079 1.48
212 301.93 0.107 885.6 4.08 0.086 1.39
212 303.77 0.110 891.0 3.84 0.083 1.43
21.2 344.05 0.112 1007.5 4.04 0.086 1.39
212 3447 0.115 1009.4 372 0.083 1.45
212 366.25 0.115 1072.5 4.01 0.087 1.40
21.2 368.16 0.115 1078.1 4.01 0.087 1.40
212 386.69 0.119 1130.6 3.80 0.085 1.44
21.2 388.75 0.119 1136.6 3.83 0.085 1.43
21.2 390.87 0.117 1142.8 4.05 0.088 1.39
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Table G-3. Flume data from surface 1 with sand of 1.004 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/my/s) (my/s) number Weisbach f n C
5.9 56 0.027 159.2 13.16 0.146 0.77
5.9 57.07 0.025 161.7 17.15 0.170 0.68
59 87.67 0.037 248.0 8.02 0.117 0.99
59 102.28 0.040 287.9 7.25 0.112 1.04
5.9 103.76 0.042 292.1 6.57 0.106 1.09
59 139.15 0.052 395.7 4.71 0.091 1.29
59 141.12 0.050 399.9 5.15 0.096 1.23
5.9 189.02 0.057 5339 4.80 0.096 1.28
5.9 190.78 0.057 540.7 4.84 0.096 1.27
59 221.28 0.059 630.3 5.01 0.100 1.25
59 223.01 0.061 635.2 1.46 0.093 1.33
59 283.85 0.067 809.9 4.44 0.096 1.33
59 284.06 0.069 811.8 4.04 0.091 1.39
59 284.56 0.070 813.3 3.80 0.088 1.44
5.9 284.95 0.068 813.0 4.27 0.094 1.36
59 354.56 0.074 1015.0 4.11 0.094 1.38
59 355.45 0.074 1017.5 399 0.092 1.40
59 383.12 0.077 1094.9 3.91 0.092 1.42
5.9 384.69 0.076 1099.4 4.09 0.095 1.39
59 396.29 0.079 1134.5 371 0.090 1.45
59 400.86 0.082 1147.5 3.34 0.085 1.53
8.9 62.88 0.037 176.7 8.56 0.114 0.96
89 65.03 0.035 183.0 10.28 0.127 0.87
8.9 105.48 0.045 298.4 8.19 0.118 0.98
8.9 107.72 0.045 305.3 8.36 0.119 0.97
89 121.4 0.052 341.1 6.08 0.101 1.14
8.9 123.94 0.052 3483 6.05 0.101 1.14
8.9 172.35 0.060 489.3 5.70 0.102 1.17
8.9 174.99 0.061 496.8 5.37 0.099 1.21
8.9 186.48 0.066 524.0 4.48 0.090 1.32
8.9 189.84 0.065 5343 4.85 0.094 1.27
8.9 255.12 0.069 726.7 547 0.104 1.20
89 255.22 0.071 727.0 4.99 0.099 1.25
8.9 280.11 0.075 791.1 4.68 0.096 1.29
8.9 286.94 0.077 810.4 4.40 0.093 1.34
89 287.71 0.074 819.5 4.92 0.099 1.26
8.9 332.52 0.080 948.7 4.61 0.097 1.30
8.9 333.38 0.077 951.2 5.17 0.104 1.23
8.9 357 0.082 1018.6 447 0.096 1.32
8.9 360.33 0.084 1028.1 429 0.094 1.3
8.9 395.89 0.086 11314 4.34 0.096 1.34
89 396.3 0.085 1132.6 4.56 0.099 1.31
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (mv/s) number Weisbach f n C
8.9 427.17 0.088 1220.8 4.44 0.098 1.33
8.9 427.2 0.088 12209 440 0.098 1.33

15 67.28 0.047 189.4 7.80 0.106 1.00
15 69.21 0.047 194.8 7.75 0.106 1.01
15 89.15 0.053 254 4 7.11 0.104 1.05
15 90.59 0.052 259.8 7.43 0.107 1.03
15 109.68 0.063 308.7 5.28 0.090 1.22
15 111.44 0.060 313.7 5.93 0.096 1.15
15 157.09 0.072 443.7 4.96 0.091 1.26
15 158.02 0.072 447.8 492 0.090 1.26
15 178.99 0.075 513.2 5.02 0.092 1.25
15 180.6 0.075 5179 5.06 0.093 1.25
15 233.38 0.085 665.9 442 0.089 1.33
13 235.1 0.084 670.8 4.75 0.092 1.29
15 2354 0.085 671.6 458 0.091 1.31
13 279.71 0.088 802.1 4.89 0.096 1.27
15 281.48 0.084 807.1 5.53 0.103 1.19
15 321.23 0.095 918.1 441 0.092 1.33
15 323.56 0.094 924.7 4.54 0.093 1.31
15 356.16 0.098 1026.3 4.41 0.093 1.33
15 358.4 0.097 1032.8 4.55 0.095 1.31
15 426 0.102 1219.5 4.78 0.099 1.28
13 429.61 0.105 1229.8 4.33 0.094 1.35
15 429.97 0.105 1230.9 4.32 0.094 1.35
221 71.05 0.061 199.6 5.50 0.086 1.19
221 73.22 0.060 206.1 5.81 0.089 1.16
221 86.38 0.064 246.0 5.70 0.090 1.17
221 89.38 0.065 254.6 5.77 0.091 1.17
221 117.57 0.075 337.1 4.88 0.085 1.27
221 119.5 0.074 342.7 5.19 0.088 1.23
2201 125.72 0.079 3533 4.42 0.081 1.33
22.1 126.57 0.081 355.6 4.13 0.078 1.38
22.1 186.53 0.093 526.8 3.99 0.080 1.40
221 190.51 0.092 539.9 4.25 0.083 1.36
2211 191.13 0.094 541.7 4.02 0.081 1.40
221 222,52 0.095 639.1 4.50 0.087 1.32

221 22395 0.097 643.2 4.23 0.084 1.36
22.1 24221 0.101 694.5 4.03 0.083 1.40
22.1 24285 0.100 696.4 4.21 0.085 1.37
221 308.09 0.105 882.0 4.67 0.092 1.30
221 308.42 0.107 882.9 4.36 0.089 1.34
221 334.25 0.107 958.4 4.72 0.094 1.29
2211 336.09 0.107 963.7 4.77 0.094 1.28
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Flow discharge Mean flow velocity Reymnolds Darcy- Manmning Chezy
(ml/mvs) (nvs) number Weisbach f n C
35297 0.111 10104 4.51 0.092 1.32
3563 0.112 1020.0 4.44 0.091 1.33
401.88 0.113 1152.4 4.81 0.097 1.28

403.29 0.118 1156.4 4.25 0.090 1.36
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Table G-4. Flume data from surface 1 with sand of 1.584 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy

%2) (mb/nvs) (nmv/s) number Weisbach f n C

3.9 48.61 0.029 1459 9.18 0.118 0.92
59 50.41 0.031 1524 7.83 0.108 1.00
59 101.63 0.046 297.1 4.77 0.089 1.28
39 103.19 0.046 301.7 4.99 0.091 1.25
39 119.66 0.054 352.1 344 0.076 1.51
3.9 120.71 0.052 3524 3.89 0.081 1.42
3.9 167.07 0.059 488.5 3.78 0.083 1.44
3.9 168.16 0.060 491.7 3.54 0.080 1.49
59 182.38 0.063 5324 3.36 0.078 1.53
39 185.43 0.062 541.3 3.53 0.080 1.49
39 225.76 0.066 6359.0 3.63 0.083 1.47
59 22599 0.065 659.7 374 0.085 1.45
39 265.39 0.073 775.9 31 0.078 1.59
59 265.69 0.073 776.8 3.18 0.079 1.57
3.9 283.85 0.072 827.3 348 0.084 1.50
39 284.53 0.073 829.3 34 0.083 1.52
3.9 356.41 0.078 1038.7 3.50 0.086 1.50
39 356.42 0.082 1038.8 3.02 0.079 1.61
59 383.6 0.080 1118.0 3.52 0.087 1.49
5.9 385.04 0.080 1122.2 3.51 0.087 1.50
8.9 71.63 0.044 210.8 5.96 0.095 1.15
8.9 71.82 0.046 2113 522 0.088 1.23
8.9 76.05 0.047 2248 5.19 0.088 1.23
8.9 78.37 0.046 2295 5.69 0.093 1.17
8.9 124.2 0.061 364.3 3.75 0.078 1.45
8.9 125.63 0.057 368.5 4.67 0.088 1.30
8.9 159.63 0.066 469.7 3.95 0.082 1.41
8.9 162.33 0.067 477.6 3.79 0.081 1.44
8.9 180.13 0.070 527.5 3.66 0.080 1.46
8.9 180.74 0.070 529.3 3.67 0.080 1.46
8.9 236.73 0.073 696.5 1.24 0.089 1.36
8.9 238.62 0.072 702.1 4.38 0.091 1.34
8.9 240.71 0.077 704.9 3.62 0.082 1.47
8.9 243.53 0.079 713.2 3.48 0.080 1.50
3.9 321.2 0.086 945.0 349 0.083 1.50
8.9 32214 0.086 947.8 3.48 0.083 1.50
8.9 328.32 0.084 966.0 3.81 0.087 1.44
8.9 328.66 0.088 967.0 3.39 0.082 1.52
8.9 385.03 0.091 1132.9 3.59 0.086 1.48
8.9 385.54 0.090 11344 3.65 0.087 1.47
15 70.94 0.058 208.7 4.30 0.077 1.35
15 71.13 0.057 209.3 4.62 0.080 1.30
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/mv/s) (nv/s) number Weisbach f n C
15 83.05 0.056 244.0 5.66 0.091 1.18
15 85.86 0.057 252.2 5.58 0.090 1.19
15 117.12 0.070 345.1 4.09 0.079 1.39
15 118.12 0.066 348.1 4.84 0.086 1.27
15 14232 0.071 4194 4.69 0.087 1.29
15 143.9 0.072 424.1 4.54 0.085 1.31
15 165.63 0.080 490.4 3.85 0.079 1.43
15 166.23 0.080 492.1 3.79 0.078 1.44
13 218.36 0.087 643.5 3.89 0.082 1.42
15 218.55 0.087 644.0 3.96 0.083 1.41
135 226.25 0.087 671.9 4.10 0.085 1.38
15 227.26 0.088 6749 3.88 0.082 1.42
15 301.36 0.095 889.4 4.09 0.087 1.39
15 302.36 0.096 889.6 4.02 0.087 1.40
15 318.12 0.099 936.0 3.83 0.085 1.43
13 319.31 0.096 939.5 4.30 0.091 1.35
15 341.06 0.101 1005.0 3.85 0.086 1.43
15 343 0.099 1010.8 4.15 0.089 1.38
15 384.53 0.104 1131.4 4.02 0.089 1.40
15 386.68 0.105 1137.7 3.98 0.089 1.40

21.2 74.22 0.066 218.7 4.20 0.075 1.37

21.2 75.33 0.067 2220 4.19 0.074 1.37

21.2 116.24 0.078 3431 4.09 0.077 1.38

21.2 116.24 0.078 343.1 4.09 0.077 1.38

21.2 118.54 0.075 3499 4.66 0.083 1.30

21.2 1329 0.084 3929 3.69 0.074 1.46

21.2 133.91 0.084 394.0 3.76 0.075 1.44

212 133.92 0.092 3959 2.88 0.064 1.65

212 173.32 0.089 510.0 4.07 0.080 1.39

21.2 173.66 0.091 511.0 3.86 0.078 1.43

212 173.71 0.089 5111 4.04 0.080 1.39

21.2 203.27 0.097 598.1 3.70 0.078 1.46

21.2 205.16 0.100 603.6 341 0.074 1.52

212 210.92 0.097 623.5 3.81 0.079 1.44

212 21349 0.098 631.1 3.80 0.079 1.44

21.2 247.01 0.103 729.0 371 0.079 1.45

212 248.28 0.104 732.8 3.68 0.079 1.46

21.2 277.05 0.108 817.7 3.69 0.080 1.46

212 278.95 0.104 8233 4.16 0.086 1.37

212 312.29 0.109 921.7 3.96 0.085 1.41

21.2 314.25 0.109 927.5 4.03 0.085 1.40

21.2 334.24 0.111 988.0 4.02 0.086 1.40

212 336.29 0.116 994.1 3.59 0.081 1.48
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/my/s) (my/s) number Weisbach f n C
212 364.11 0.111 1073.0 4.48 0.092 1.32
21.2 365.08 0.110 1075.8 4.54 0.093 1.31




Table G-5. Flume data from surface 1 with sand of 3.334 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (nv's) number Weisbach f n C
5.9 78.47 0.032 220.1 11.47 0.141 0.83
5.9 85.12 0.028 2371 17.24 0.178 0.67
5.9 87.53 0.035 249.3 9.71 0.130 090
39 88.99 0.033 256.0 10.97 0.139 0.85
59 140.07 0.050 403.6 5.24 0.097 1.22
3.9 141.45 0.045 407.6 7.06 0.115 1.05
5.9 164.51 0.049 467.0 6.50 0.111 1.10
5.9 165.34 0.047 473.3 7.52 0.121 1.02
5.9 200.83 0.054 576.8 5.91 0.108 1.15
5.9 205.36 0.053 589.8 6.47 0.114 1.10
5.9 208.31 0.059 601.3 4.80 0.097 1.28
5.9 217.83 0.057 628.7 5.53 0.105 1.19
5.9 263.33 0.067 760.1 4.06 0.090 1.39
5.9 264.27 0.066 762.8 4.31 0.093 1.35
5.9 264.68 0.065 760.2 4.51 0.096 1.32
59 282.59 0.064 811.6 5.04 0.103 1.25
5.9 333.18 0.071 963.2 +4.23 0.095 1.36
3.9 348.35 0.073 1007.1 4.22 0.095 1.36
5.9 392.07 0.074 1133.5 4.49 0.100 1.32
5.9 394.63 0.074 1140.9 4.52 0.100 1.32
8.9 73.07 0.027 206.4 2492 0.210 0.56
8.9 76.51 0.028 2172 24.14 0.207 057
8.9 111.46 0.042 3153 10.35 0.135 0.87
8.9 111.84 0.044 314.8 8.99 0.125 0.93
89 144.51 0.047 4109 9.85 0.135 0.89
8.9 145.26 0.043 415.1 12.53 0.155 0.79
8.9 165.3 0.055 465.3 7.00 0.114 1.06
&9 166.1 0.051 467.5 8.76 0.129 095
8.9 210.26 0.064 598.9 5.72 0.104 1.17
8.9 211.66 0.059 602.9 7.27 0.119 1.04
8.9 249.14 0.061 716.8 7.65 0.125 1.01
8.9 249.64 0.062 7182 7.15 0.120 1.05
8.9 292.09 0.069 834.8 6.34 0.114 1.11
8.9 29232 0.069 841.0 6.35 0.115 .11
8.9 311.81 0.073 898.5 5.59 0.107 1.19
8.9 312.32 0.069 898.5 6.69 0.119 1.08
8.9 360.83 0.080 1043.2 5.00 0.103 1.25
8.9 360.87 0.078 1043.3 5.36 0.107 1.21
8.9 420.49 0.081 1211.7 5.61 0.111 1.18
8.9 421.95 0.082 1215.9 5.43 0.109 1.20

15 67.91 0.038 190.5 14.29 0.148 0.74
15 68.24 0.037 1914 15.96 0.158 0.70



183

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nvs) (m/s) number Weisbach f n C
15 97.34 0.044 283.7 13.62 0.151 0.76
15 100.92 0.046 2922 12.13 0.142  0.80
15 128.92 0.053 361.6 10.00 0.131 0.89
15 130.59 0.057 366.3 8.28 0.118 0.97
is 203.21 0.070 588.4 7.09 0.114 1.05
15 2039 0.070 590.4 7.12 0.114 1.05
15 208.23 0.071 594.1 6.76 0.111 1.08
15 209.64 0.069 598.1 7.54 0.118 1.02
15 292.82 0.082 8479 6.27 0.111 1.12
13 294 .42 0.083 845.6 6.06 0.109 1.14
13 294.61 0.083 853.1 6.12 0.109 1.13
15 297.89 0.080 855.6 6.836 0.116 1.07
I3 339.86 0.084 982.6 6.86 0.118 1.07
15 341.19 0.085 986.4 6.57 0.115 1.09
15 356.84 0.087 1033.3 6.40 0.114 1.11
13 357.73 0.087 10359 6.31 0.113 1.12
15 420.23 0.097 1214.9 5.48 0.107 1.20
15 422.14 0.093 12204 6.13 0.114 1.13
21.2 87.47 0.050 251.2 11.31 0.132 0.83
21.2 87.47 0.050 251.2 11.31 0.132 083
212 89.6 0.051 258.2 11.19 0.131 0.84
21.2 90.18 0.052 259.9 10.54 0.127  0.86
21.2 90.27 0.051 2593 11.28 0.132 083
212 125.28 0.065 362.2 7.53 0.109 1.02
21.2 125.61 0.065 363.1 7.70 0.111 1.01
21.2 154.42 0.070 445.0 7.56 0.112 1.02
21.2 157.68 0.071 452.9 7.22 0.109 1.04
212 226.73 0.083 654.4 6.58 0.108 1.09
21.2 226.86 0.087 658.0 575 0.100 1.17
212 253.13 0.090 727.0 5.73 0.101 1.17
21.2 255.77 0.087 734.6 6.41 0.108 1.11
212 316.08 0.102 921.2 4.92 0.096 1.26
212 317.13 0.096 9243 5.99 0.107 1.14
212 355.81 0.101 1032.0 5.68 0.105 1.17
21.2 357.03 0.102 1035.5 5.67 0.105 1.18
21.2 377.13 0.103 1099.1 5.66 0.105 1.18
21.2 378.53 0.103 1103.2 5.68 0.106 1.18
21.2 397 0.108 1151.5 5.20 0.101 1.23
21.2 399.14 0.107 1157.7 5.46 0.104 1.20
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Table G-6. Flume data from surface 2 with sand of 0.629 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (mvs) number Weisbach f n C
5.9 76.51 0.032 2244 11.05 0.137 0.84
5.9 77.28 0.034 2259 8.83 0.121 0.94
5.9 86.19 0.041 253.2 5.90 0.098 1.15
5.9 86.19 0.041 2532 5.90 0.098 1.15
5.9 87.79 0.042 257.5 5.39 0.094 1.21
5.9 117.64 0.049 345.0 4.76 0.090 1.28
59 118.74 0.050 348.3 443 0.087 1.33
5.9 137.92 0.059 404.5 313 0.073 1.58
5.9 141.04 0.058 413.7 3.29 0.075 1.54
5.9 172.65 0.062 507.2 3.33 0.077 1.54
5.9 173.73 0.062 509.6 344 0.079 1.51
5.9 217.55 0.071 637.1 2.87 0.073 1.65
5.9 217.59 0.072 637.2 2.66 0.070 1.72
5.9 236.14 0.075 691.5 2.64 0.070 1.72
5.9 236.93 0.077 694.9 2.44 0.067 1.79
3.9 277.81 0.081 813.5 242 0.068 1.80
5.9 281.35 0.081 8239 249 0.069 1.78
5.9 326.25 0.086 953.9 2.36 0.068 1.82
5.9 327.82 0.088 958.5 2.23 0.066 1.87
5.9 331.2 0.082 969.9 2.80 0.075 1.67
5.9 332.19 0.083 972.8 274 0.074 1.69
59 3749 0.089 1096.1 2.4 0.071 1.79
5.9 375.84 0.088 1100.6 2.59 0.073 1.74
5.9 381.54 0.091 1115.5 2.35 0.070 1.83
5.9 383.36 0.092 11209 2.31 0.069 1.84
59 405.98 0.094 1187.0 2.28 0.069 1.86
5.9 407.51 0.093 1191.5 2.36 0.070 1.82
8.9 48.45 0.031 141.9 11.29 0.129 0.83
8.9 69.16 0.053 202.5 3.20 0.067 1.57
8.9 70.08 0.034 205.2 12.80 0.144 0.78
8.9 80.29 0.039 234.0 9.73 0.126  0.90
8.9 83.66 0.040 2438 9.01 0.121 0.93
8.9 106.92 0.061 314.] 333 0.072 1.53
8.9 109.71 0.056 3223 431 0.083 1.35
8.9 125.31 0.059 364.6 4.24 0.083 1.36
8.9 128.29 0.062 373.3 3.70 0.077 1.46
8.9 158.2 0.072 463.3 2.95 0.070 1.63
8.9 159.09 0.070 4659 3.27 0.074 1.55
8.9 184.4 0.077 5374 2.80 0.069 1.68
89 217.79 0.082 635.8 2.76 0.070 1.69
8.9 221.57 0.082 646.8 281 0.071 1.67
8.9 236.71 0.083 689.9 2.88 0.072 1.65
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/nvs) (my/'s) number Weisbach f n C
8.9 242.12 0.083 705.7 291 0.073 1.64
8.9 258.48 0.087 753.3 2.74 0.071 1.69
8.9 261.06 0.085 760.9 3.02 0.075 1.61
8.9 313.92 0.095 914.9 2.52 0.069 1.77
89 314.26 0.094 915.9 2.67 0.071 1.71
8.9 325.18 0.095 947.7 2.66 0.071 1.72
8.9 326.06 0.093 950.3 2.80 0.074 1.67
89 336.77 0.095 981.5 2.75 0.073 1.69
8.9 337.87 0.097 984.7 2.59 0.071 1.74
8.9 371.91 0.100 1083.9 2.63 0.072 1.73
8.9 375.38 0.099 1094.0 2.70 0.073 1.70
8.9 375.71 0.096 1095.0 2.96 0.077 1.63
8.9 375.87 0.099 1095.5 2.7 0.073 1.70
8.9 392.87 0.103 1145.0 2.54 0.071 1.76
8.9 393.6 0.103 1147.1 2.49 0.070 1.78
8.9 401.34 0.100 1169.7 279 0.075 1.68
8.9 402.46 0.101 1173.0 2.75 0.075 1.69
15 51.51 0.044 151.1 6.96 0.097 1.06
s 52.34 0.045 153.3 6.72 0.095 1.08
135 74.65 0.055 217.9 5.32 0.087 1.21
15 75.23 0.056 219.6 5.01 0.084 1.25
15 100.81 0.068 294.7 3.76 0.074 1.44
15 103.34 0.068 302.1 3.86 0.075 1.43
15 103.61 0.069 302.9 3.78 0.074 1.44
15 106.85 0.071 3124 3.50 0.072 1.50
15 120.31 0.073 351.2 3.57 0.073 1.48
15 122.69 0.074 358.1 3.51 0.073 1.50
15 133.74 0.076 389.8 3.62 0.075 1.47
15 157.92 0.086 460.3 295 0.068 1.63
135 158.07 0.083 460.7 3.21 0.071 1.56
15 158.26 0.085 461.2 3.08 0.070 1.60
13 160.64 0.087 467.4 2.88 0.067 1.65
15 197.48 0.095 580.1 2.75 0.067 1.69
15 200.06 0.093 585.9 297 0.070 1.63
15 208.62 0.095 607.0 2.90 0.069 1.64
15 208.89 0.095 607.8 2.85 0.069 1.66
15 213.76 0.098 623.0 2.64 0.066 1.72
15 215.64 0.099 628.5 2.61 0.066 1.73
15 243.65 0.100 709.0 2.85 0.070 1.66
15 24545 0.10t 714.2 2.79 0.069 1.68
15 255.29 0.101 742.8 2.90 0.071 1.64
15 255.94 0.103 744.7 274 0.069 1.69

15 262.55 0.100 764.0 3.10 0.074 1.59
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mv/s) (mv/s) number Weisbach f n C
15 264.32 0.101 769.1 3.01 0.073 1.62
13 269.96 0.101 789.3 3.07 0.074 1.60
15 270 0.102 786.9 297 0.072 1.63
15 286.8 0.105 837.2 2.93 0.072 1.64
15 286.89 0.102 837.5 3.21 0.076 1.56
15 302.85 0.105 881.2 3.07 0.075 1.60
15 304 0.106 884.6 2.99 0.073 1.62
15 304.19 0.106 885.1 3.01 0.074 1.61
15 307.2 0.107 8939 295 0.073 1.63
13 328.12 0.109 954.8 2.99 0.074 1.62
s 328.87 0.110 956.9 292 0.073 1.64
15 338 0.109 986.7 3.06 0.075 1.60
15 338.28 0.111 987.5 2.94 0.074 1.63
13 348.61 0.112 1014.4 2.95 0.074 1.63
15 349.16 0.113 1016.0 2.86 0.073 1.66
15 360.49 0.114 1049.0 2.88 0.073 1.65
15 360.97 0.109 10504 3.25 0.078 1.55
13 361.95 0.113 1051.5 2.96 0.075 1.63
15 362.14 0.115 1052.1 279 0.072 1.68
15 362.82 0.115 1054.0 279 0.072 1.68
15 374.14 0.114 1088.7 295 0.075 1.63
15 375.98 0.117 1094.0 279 0.072 1.68
13 381.26 0.117 1107.6 2.83 0.073 1.67
15 383.29 0.116 11135 2.88 0.074 1.65
15 386.13 0.117 1123.6 285 0.074 1.66
15 3875 0.114 1129.4 3.09 0.077 1.59
13 394 .44 0.119 1149.6 2.77 0.073 1.68
135 394.61 0.118 1153.7 2381 0.073 1.67
15 3954 0.117 11524 2.90 0.074 1.64
15 395.76 0.117 11534 2.89 0.074 1.65
21.2 49.53 0.088 145.7 1.20 0.036  2.55
212 70.86 0.084 207.5 2.00 0.049 1.98
21.2 72.43 0.087 212.1 1.83 0.047 2.07
21.2 79.68 0.093 232.2 1.66 0.045 2.17
212 80.1 0.092 2334 1.70 0.046 2.15
212 96.65 0.113 2839 1.13 0.037 2.64
21.2 109.83 0.106 320.1 1.52 0.044 2.27
21.2 112.6 0.106 328.2 1.58 0.045 223
212 126.87 0.117 3721 1.33 0.042 2.43
21.2 147.51 0.118 429.2 1.49 0.045 2.30
212 148.04 0.120 430.8 1.43 0.044 2.34
21.2 154.47 0.120 448.8 1.50 0.046 2.28
212 155.87 0.122 452.8 1.43 0.044 234
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/n's) (m/s) number Weisbach f n C
21.2 176.88 0.126 513.0 1.47 0.046 231
21.2 177.9 0.132 519.3 1.28 0.043 2.47
21.2 178.48 0.126 517.7 1.48 0.046 2.30
21.2 203.29 0.131 590.6 1.50 0.047 2.29
21.2 203.41 0.131 590.9 1.51 0.047 2.28
212 210.09 0.139 610.3 1.30 0.044 2.46
212 219.71 0.135 637.3 1.50 0.047 2.29
21.2 220.7 0.132 640.1 1.58 0.049 2.23
212 241.25 0.144 698.6 1.34 0.045 2.42
21.2 266.34 0.148 770.0 1.36 0.046 240
21.2 268.78 0.144 777.1 1.49 0.048 2.30
21.2 279.4 0.141 810.4 1.64 0.051 2.19
212 279.51 0.141 810.7 1.67 0.052 2.17
21.2 284.35 0.146 8234 1.52 0.049 2.27
21.2 285.5 0.149 830.8 1.43 0.048 2.34
1.2 300.79 0.148 8724 1.54 0.050 2.26
212 300.86 0.145 872.6 1.63 0.051 2.20
21.2 318.06 0.149 924.0 1.60 0.051 222
21.2 319.03 0.147 926.8 1.69 0.053 2.16
21.2 319.68 0.155 925.7 1.43 0.048 234
21.2 32191 0.156 932.2 1.41 0.048 2.36
21.2 335.38 0.149 972.8 1.68 0.053 2.16
21.2 336.88 0.154 977.1 1.52 0.050 227
212 337.56 0.153 979.1 1.57 0.051 2.24
21.2 338.31 0.154 981.3 1.53 0.050 227
21.2 344.67 0.152 999.7 1.65 0.052 2.18
21.2 346.17 0.155 1004.1 1.55 0.051 2.25
21.2 346.7 0.153 1005.6 1.62 0.052 2.20
21.2 347.48 0.157 1007.9 1.48 0.050 2.30
21.2 352 0.158 1019.3 1.49 0.050 229
21.2 360.3 0.166 1043.3 1.32 0.047 244
21.2 362.2 0.147 1048.8 1.90 0.057 2.03
21.2 365.1 0.156 1059.0 1.60 0.052 222
21.2 365.17 0.158 1057.4 1.54 0.051 2.26
21.2 365.64 0.155 1060.5 1.63 0.053 2.19
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Table G-7. Flume data from surface 2 with sand of 1.004 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/my/s) (m/s) number Weisbach f n C
59 55.97 0.034 164.4 6.39 0.098 1.11
5.9 66.05 0.040 194.0 4.78 0.085 1.28
5.9 87.89 0.034 2574 2.64 0.063 1.73
59 88.07 0.051 2579 3.16 0.070 1.58
5.9 109.5 0.059 320.2 2.48 0.062 1.78
59 110.01 0.061 321.6 223 0.059 1.87
59 110.17 0.066 323.6 1.80 0.052 2.09
59 113.83 0.062 3339 2.19 0.058 1.89
59 157.33 0.076 459.3 1.67 0.052 217
59 158.61 0.072 463.0 1.98 0.057 1.99
5.9 170.78 0.077 500.9 1.70 0.053 215
59 172.68 0.077 506.5 1.72 0.054 2.14
59 201.21 0.079 5874 1.89 0.057 2.04
59 203.52 0.077 594.1 2.06 0.060 1.95
59 2283 0.085 666.4 1.72 0.055 2.4
5.9 230.07 0.083 671.6 1.90 0.058 2.03
3.9 269.06 0.082 785.4 2.28 0.066 1.86
59 269.41 0.082 786.4 235 0.065 1.87
59 319.28 0.091 932.0 1.99 0.062 1.99
59 320.0t 0.089 934.1 2.13 0.065 1.92
5.9 383.33 0.099 1119.0 1.86 0.061 2.06
5.9 385.35 0.099 1124.9 1.82 0.060 2.08
8.9 67.01 0.038 196.5 8.65 0.115 0.95
8.9 68.08 0.042 199.7 6.56 0.099 1.09
89 88.05 0.058 257.0 3.16 0.068 1.58
8.9 89.76 0.054 262.0 4.02 0.078 1.40
8.9 128.11 0.066 374.0 3.0 0.070 1.60
8.9 128.7 0.064 375.7 3.44 0.074 1.51
8.9 155.78 0.065 4555 3.88 0.081° 142
8.9 159.12 0.066 465.2 3.79 0.080 1.44
8.9 159.78 0.073 467.9 287 0.069 1.65
89 161.54 0.071 473.1 3.19 0.073 1.57
8.9 200.02 0.079 585.7 2.81 0.070 1.67
8.9 203.25 0.078 595.2 3.03 0.073 1.61
8.9 218.35 0.079 637.4 3.1 0.075 1.59
8.9 220.88 0.082 644.8 2.76 0.070 1.69
8.9 280.76 0.091 823.5 2.62 0.070 1.73
8.9 284.93 0.090 835.7 2.75 0.072 1.69
8.9 328.29 0.092 959.8 291 0.075 1.64
8.9 333.89 0.097 976.2 2.53 0.070 1.76
89 336.29 0.093 981.7 2.89 0.075 1.65
8.9 338.17 0.096 987.2 2.69 0.072 1.71
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
89 386.48 0.100 1130.0 2.69 0.073 1.71
8.9 388.23 0.103 1135.1 2.49 0.070 1.77

15 71.17 0.047 209.4 7.90 0.107 1.00
15 72.5 0.049 2133 7.04 0.101 1.06
13 105.78 0.067 308.8 4.13 0.078 1.38
I3 106.63 0.068 311.3 4.07 0.078 1.39
15 117.84 0.075 3473 325 0.069 1.56
15 120.21 0.069 354.2 4.29 0.081 1.35
15 146.1 0.077 426.5 3.81 0.078 1.43
15 146.86 0.077 428.7 3.83 0.078 1.43
13 191.75 0.093 563.3 2.81 0.068 1.67
i35 192.91 0.093 566.7 2.86 0.068 1.66
135 193.4 0.096 568.1 261 0.065 1.73
15 195.35 0.087 571.2 3.51 0.077 1.50
15 195.91 0.089 572.8 3.26 0.074 1.55
15 2753 0.107 804.9 2.62 0.068 1.73
13 278.26 0.102 813.6 LN D 0.074 1.59
135 285.29 0.101 834.1 3.30 0.077 1.54
15 2854 0.105 8344 2.89 0.072 1.65
15 286.96 0.101 839.0 3.24 0.076 1.56
15 364.94 0.110 1067.0 321 0.078 1.56
15 365.7 0.106 1069.2 3.56 0.083 1.48
15 367 0.112 1071.3 3.04 0.076 1.61
15 370.53 0.116 1081.6 2.80 0.072 1.67
15 397.76 0.116 1161.1 3.02 0.076 1.61
&) 400.54 0.115 1169.2 3.10 0.077 1.59
21.2 61.17 0.078 179.7 2.16 0.050 1.91
21.2 61.77 0.081 181.5 1.92 0.047 2.02
21.2 86.92 0.097 255.3 1.59 0.044 2.22
21.2 95.93 0.094 281.4 1.90 0.049 2.03
21.2 97.22 0.101 285.1 1.58 0.045 2.23
212 136.45 0.118 400.2 1.38 0.043 2.39
21.2 137.11 0.120 402.1 1.33 0.042 242
21.2 137.52 0.113 402.1 1.57 0.046 223
21.2 138.68 0.115 405.5 1.52 0.045 2.27
21.2 183.45 0.129 536.4 1.42 0.045 2.35
21.2 183.52 0.123 5374 1.63 0.049 2.19
21.2 186.98 0.126 548.4 1.56 0.048 2.24
21.2 192.35 0.126 562.4 1.59 0.048 2.22
21.2 229.71 0.136 670.6 1.53 0.048 2.26
21.2 231.93 0.135 677.0 1.56 0.049 2.24
21.2 287.14 0.145 839.5 1.56 0.050 2.24

21.2 288.34 0.142 843.0 1.67 0.052 2.17
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mv's) (m/s) number Weisbach f n C

212 295.75 0.144 863.3 1.64 0.051 2.19
212 295.83 0.139 863.6 1.84 0.055  2.06
212 370.18 0.153 1080.6 1.72 0.054 2.14
212 373.31 0.153 1089.7 1.74 0.055  2.12
21.2 373.44 0.155 1090.1 1.68 0.054 216
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Table G-8. Flume data from surface 2 with sand of 1.584 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/mvs) (mv/s) number Weisbach f n C
5.9 77.21 0.033 2214 10.28 0.132 0.87
5.9 78.55 0.034 225.2 9.67 0.128 0.90
5.9 94.5 0.045 270.5 4.76 0.088 1.28
5.9 94.79 0.042 271.4 6.14 0.101 1.13
5.9 120.53 0.059 341.6 2.73 0.066 1.70
5.9 122.5 0.058 347.2 2.86 0.068 1.66
5.9 191.69 0.068 550.6 2.86 0.072 1.66
59 194.04 0.068 557.3 2.90 0.072 1.65
59 206.3 0.079 591.6 1.96 0.059 2.00
5.9 208.35 0.075 594.5 2.25 0.063 1.87
5.9 263.44 0.079 752.9 2.51 0.069 1.77
3.9 264.58 0.084 762.4 2.09 0.063 1.94
39 265.6 0.081 765.4 2.35 0.067 1.83
5.9 266.45 0.083 761.5 2.19 0.064 1.89
5.9 331.67 0.090 952.6 2.09 0.064 1.94
5.9 33174 0.087 952.8 2.34 0.068 1.83
5.9 340.83 0.091 978.9 2.08 0.064 1.94
5.9 345.45 0.088 992.2 2.38 0.069 1.81
59 370.03 0.096 1064.5 1.96 0.063 2.00
5.9 372.68 0.093 1075.7 2,18 0.066 1.90
59 414.05 0.099 1191.2 1.95 0.063 2.00
5.9 415.15 0.093 1194.4 2.40 0.071 1.81
8.9 75.1 0.037 212.8 10.33 0.129 0.87
3.9 78.72 0.037 223.1 10.83 0.133 0.85
8.9 87.77 0.037 2513 12.08 0.143 0.81
8.9 124.14 0.061 351.8 3.87 0.079 1.42
8.9 127.18 0.060 360.4 4.19 0.083 1.37
8.9 138.99 0.064 399.2 3.63 0.077 1.47
8.9 140.85 0.065 404.5 3.59 0.077 1.48
8.9 199.3 0.074 575.3 3.46 0.078 1.51
§.9 22493 0.083 640.7 2.70 0.069 1.70
8.9 225.38 0.083 643.0 2.78 0.070 1.68
8.9 285.38 0.087 823.7 3.02 0.076 1.61
8.9 288.12 0.090 831.6 275 0.072 1.69
8.9 311.06 0.092 890.5 2.78 0.073 1.68
8.9 311.96 0.095 893.0 2.58 0.070 1.75
8.9 360.82 0.098 1041.5 27 0.073 1.70
89 364.03 0.098 1050.7 2.74 0.074 1.69
8.9 405.03 0.100 1165.2 2.87 0.076 1.65
g9 406.88 0.104 1170.6 2.55 0.072 1.75
3.9 435.45 0.107 1252.8 2.50 0.071 1.77
8.9 437.61 0.107 1259.0 2.51 0.072 1.77
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/nvs) (m/s) number Weisbach f n C
15 62.31 0.032 177.5 2341 0.193 0.58
13 80.74 0.046 229.6 9.86 0.123 0.89
15 83.79 0.046 238.3 10.23 0.126  0.88
15 98.28 0.060 281.3 5.41 0.090 1.20
13 99.43 0.056 284.6 6.62 0.101 1.09
13 145.21 0.075 4157 4.00 0.080 1.40
135 146.49 0.074 4194 4.19 0.082 1.37
15 200.09 0.089 573.7 3.29 0.074 1.54
15 201.12 0.083 576.7 4.08 0.084 1.39
15 224 0.092 644.4 3.44 0.077 1.51
15 225.16 0.094 651.0 3.23 0.074 1.56
15 289.58 0.103 839.9 3.13 0.075 1.58
15 291.05 0.101 844.2 3.31 0.077 1.54
15 315.11 0.112 906.5 267 0.069 1.72
15 316.79 0.111 911.4 2.70 0.070 1.71
15 384.84 0.113 1110.8 313 0.077 1.58
15 385.85 0.118 1113.7 2.80 0.073 1.67
15 434.77 0.120 1254.9 297 0.076 1.63
15 435.24 0.120 1258.3 2.95 0.076 1.63

21.2 65.98 0.060 188.9 5.11 0.082 1.24
212 66.36 0.064 190.0 4.30 0.075 1.35
212 86.31 0.079 247.5 2.96 0.062 1.63
212 86.31 0.079 2475 296 0.062 1.63
212 1204 0.098 344.1 2.10 0.053 1.93
212 121.41 0.093 347.0 254 0.059 1.76
212 136.84 0.104 393.7 2.04 0.053 1.96
212 137.46 0.103 395.5 211 0.054 1.93
212 194.51 0.124 556.8 1.70 0.050 2.15
21.2 196.59 0.125 562.8 1.67 0.050 2.17
212 215.65 0.123 623.5 1.93 0.054 2.02
21.2 217.51 0.123 628.8 1.96 0.055 2.00
212 263.45 0.138 759.2 1.65 0.051 2.18
21.2 265.11 0.135 764.0 1.79 0.053 2.09
21.2 317.34 0.140 9189 1.93 0.057 2.01
21.2 320.01 0.140 926.7 1.92 0.057  2.02
212 327.93 0.141 948.1 1.96 0.058 2.00
1.2 329.61 0.141 9529 1.97 0.058 2.00
212 378.32 0.149 1099.1 1.91 0.058 2.03
212 381.48 0.146 1108.3 2.03 0.060 1.97
21.2 405.28 0.154 1179.3 1.83 0.057 2.07
21.2 407.08 0.155 1184.5 1.83 0.057 2.07
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Table G-9. Flume data from surface 2 with sand of 3.334 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
5.9 68.83 0.027 201.9 15.87 0.166 0.70
59 72.07 0.024 2114 23.41 0.207 0.58
5.9 107.19 0.043 3139 6.25 0.104 1.12
59 108.18 0.046 316.8 5.20 0.094 1.23
59 132.59 0.058 388.3 3.18 0.073 1.57
59 133.8 0.054 391.8 4.01 0.083 1.40
5.9 151.48 0.058 441.5 3.64 0.080 1.47
59 152.27 0.055 443.8 4.27 0.087 1.36
59 212.14 0.069 620.2 3.04 0.075 1.61
59 213.21 0.071 623.4 2.76 0.071 1.69
5.9 227.13 0.077 665.1 2.30 0.065 1.85
5.9 228.16 0.073 668.1 2.74 0.071 1.69
5.9 298.16 0.085 871.8 2.24 0.066 1.87
59 299.4 0.084 8754 2.31 0.067 1.84
5.9 324.59 0.090 950.5 2.04 0.063 1.96
59 325.34 0.088 952.7 222 0.066 1.88
359 366.82 0.094 1079.3 2.06 0.064 1.95
5.9 367.2 0.093 1080.4 2.10 0.065 1.93
59 395.45 0.096 1163.5 2.04 0.064 1.96
59 396.81 0.096 1167.5 2.06 0.065 1.95
8.9 75.96 0.032 222.4 16.26 0.166 0.69
8.9 78 0.034 2295 14.24 0.155 0.74
8.9 108.03 0.049 3154 6.51 0.104 1.10
8.9 133.28 0.061 388.4 4.05 0.082 1.39
8.9 133.99 0.059 391.8 4.67 0.089 1.30
8.9 157.91 0.064 462.4 4.22 0.085 1.36
8.9 158.79 0.067 465.0 3.70 0.079 1.46
8.9 185.2 0.072 541.5 346 0.078 1.51
8.9 188.25 0.072 550.4 351 0.079 1.49
8.9 197 0.075 $79.6 3.24 0.076 1.56
8.9 199.27 0.075 586.3 3.28 0.076 1.55
8.9 270.49 0.086 795.8 293 0.074 1.64
8.9 271.83 0.088 799.8 275 0.071 1.69
8.9 272.11 0.086 799.4 299 0.075 1.62
8.9 273.23 0.083 802.7 3.33 0.079 1.54
8.9 330.86 0.093 976.5 290 0.075 1.64
8.9 3309 0.093 976.6 2.87 0.075 1.65
8.9 356.52 0.100 1047.3 248 0.069 1.78
8.9 360.68 0.098 1059.5 2.69 0.073 1.71
89 379.05 0.102 1120.5 2,51 0.070 1.77
89 379.97 0.100 1123.2 2.69 0.073 1.71
89 379.97 0.096 1123.2 296 0.077 1.63
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
8.9 403.99 0.106 1186.8 2.37 0.069 1.82
8.9 404.73 0.103 1189.0 2.60 0.072 1.74

15 64.08 0.028 189.1 3594 0.246 0.47
15 78.31 0.031 231.1 32.28 0.237 0.49
15 82.27 0.032 243.2 28.28 0.222 0.53
15 117.69 0.055 3479 8.39 0.117 0.97
15 122.84 0.052 363.1 10.15 0.131 0.88
15 151.46 0.068 447.0 5.65 0.097 1.18
135 159.41 0.067 470.5 6.23 0.103 1.12
15 179.25 0.075 529.0 5.03 0.093 1.25
15 180.45 0.073 532.6 5.35 0.096 1.21
15 229.78 0.091 676.1 3.65 0.080 1.47
13 232.99 0.084 685.5 4.66 0.091t 1.30
15 296.39 0.097 876.1 .7 0.083 1.44
15 297.29 0.094 878.8 4.27 0.089 1.36
15 317.73 0.101 937.8 3.62 0.082 1.47
15 319.4 0.095 942.7 4.44 0.092 1.33
15 350.03 0.103 1037.9 3.75 0.085 1.45
15 350.14 0.108 1038.2 3.31 0.079 1.54
15 400.25 0.113 1186.8 324 0.079 1.56
15 403.15 0.114 11954 3.22 0.079 1.56
15 434.64 0.114 1288.8 347 0.083 1.50
15 436.4 0.113 1294.0 3.53 0.084 1.49
21.2 78.57 0.057 233.0 7.08 0.100 1.05
21.2 82.05 0.060 2433 6.36 0.095 1.11
21.2 83.28 0.060 2458 6.45 0.096 1.10
21.2 141.44 0.096 416.8 2.63 0.062 1.73
21.2 144.45 0.097 429.0 2.64 0.062 1.72
21.2 146.88 0.096 432.8 2.73 0.063 1.70
21.2 149.75 0.096 445.4 2.82 0.065 1.67
21.2 194.49 0.113 573.1 222 0.058 1.88
21.2 197.19 0.111 581.1 2.40 0.061 1.81
21.2 23492 0.123 698.7 2.09 0.057 1.94
21.2 276.15 0.130 821.3 2.09 0.058 1.94
21.2 277.65 0.132 825.8 2.00 0.057 1.98
21.2 307.37 0.132 907.2 225 0.062 1.87
21.2 310.25 0.135 918.5 2.09 0.059 1.94
21.2 321.55 0.140 953.4 1.93 0.057 2.02
212 3249 0.137 963.4 2.09 0.060 1.94
21.2 378.28 0.148 1121.6 1.95 0.058 2.01
21.2 378.94 0.146 1123.6 2.03 0.060 1.97
212 405.8 0.144 1203.2 225 0.064 1.87
21.2 408.04 0.148 1209.9 207 0.061 1.95
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Table G-10. Flume data from surface 3 with sand of 0.629 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nvs) (mys) number Weisbach f n C
1 86.28 0.011 2589 46.99 0.343 041
1 89.51 0.012 268.6 41.33 0322 043
1 113.11 0.015 3395 24.57 0247  0.57
1 115.75 0.014 3474 34.70 0.300 048
l 143.71 0.013 4313 49.50 0.374 0.40
1 144.78 0.015 434.5 35.63 0312 047
1 22041 0.019 661.5 24.75 0.267  0.56
1 224.17 0.016 682.7 45.83 0377 041
1 243.82 0.022 731.8 17.28 0.221 0.67
1 244.23 0.019 733.0 27.42 0286  0.53
1 295.25 0.030 886.1 8.35 0.151 0.97
1 296.31 0.024 889.3 17.78 0.230  0.66
1 300.92 0.021 903.1 26.62 0288  0.54
1 302.85 0.027 908.9 11.98 0.185  0.81
1 348.26 0.032 1045.2 8.18 0.152 098
] 348.83 0.035 1046.9 6.50 0.134 1.10
1 359.97 0.027 1080.3 14.76 0.211 0.73
1 362.22 0.032 1087.1 9.04 0.161 0.93
1 383.29 0.032 1150.3 9.00 0.162 093
1 386.63 0.032 1160.4 9.08 0.163  0.93
3.9 72.63 0.028 2212 16.16 0.169  0.70
5.9 78.96 0.027 240.5 18.19 0.182  0.66
5.9 100.28 0.028 30t.0 22.31 0.209  0.59
5.9 100.56 0.030 301.8 17.16 0.181 0.68
5.9 151.86 0.039 462.5 12.13 0.156  0.80
5.9 155.81 0.033 474.5 20.21 0.208 0.62
59 161.81 0.040 485.6 11.71 0.154 0.82
5.9 164.27 0.037 500.3 14.52 0.174  0.74
59 247.24 0.047 7529 .17 0.157 0.84
5.9 2479 0.047 754.9 10.74 0.154  0.85
59 253.07 0.050 770.7 9.16 0.141 0.93
5.9 254.46 0.048 774.9 10.80 0.155 035
5.9 308.59 0.051 939.8 10.95 0.160  0.85
5.9 308.71 0.049 940.1 12.09 0.169  0.81
59 337.73 0.052 1028.5 Il 0.162 084
5.9 339.68 0.054 1034.4 10.00 0.153  0.89
5.9 379.02 0.055 1154.2 10.76 0.162  0.85
5.9 379.83 0.058 1156.7 9.21 0.148 092
5.9 405.72 0.057 1235.6 10.36 0.160  0.87
5.9 407.8 0.055 1241.9 11.58 0.170  0.82
15 67.1 0.049 204.3 6.87 0.099 1.07

—
W

70.84 0.049 215.7 7.11 0.101 1.05
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (m/s) number Weisbach f n C
13 98.64 0.056 296.0 6.61 0.101 1.09
15 100.95 0.055 303.0 7.25 0.106 1.04
13 168.79 0.069 506.6 5.96 0.101 1.15
15 172.21 0.072 516.8 5.44 0.096 1.20
15 180.04 0.067 548.3 7.03 0.112 1.06
15 181.8 0.069 553.6 6.51 0.107 1.10
15 250.36 0.082 751.4 5.31 0.099 1.22
13 253.04 0.081 759.4 5.57 0.102 1.19
15 283.57 0.080 863.6 6.48 0.112 1.10
13 285.86 0.079 870.5 6.78 0.115 1.08
15 348.23 0.087 1060.5 6.20 0.112 1.13
15 350.85 0.089 1068.5 5.84 0.108 1.16
13 371.82 0.093 1132.3 5.37 0.104 1.21
15 373.08 0.090 1136.2 6.00 0.111 1.14
135 406.88 0.096 1239.1 5.34 0.105 1.21
13 408.31 0.095 1243.4 5.59 0.108 1.18
15 429.58 0.098 1308.2 5.41 0.106 1.20
13 431.67 0.103 1314.6 4.59 0.097 1.31
21.2 61.36 0.072 184.2 271 0.057 1.70
21.2 61.47 0.073 187.2 2.60 0.056 1.74
21.2 99.11 0.074 297.4 4.09 0.076 1.39
21.2 103.24 0.076 309.8 3.89 0.074 1.42
21.2 124.69 0.082 374.2 372 0.074 1.45
21.2 128 0.081 384.2 4.05 0.078 1.39
21.2 179.01 0.093 537.2 3.68 0.076 1.46
21.2 183.33 0.091 550.2 4.11 0.081 1.38
21.2 213.29 0.100 640.1 3.57 0.077 1.48
21.2 213.89 0.102 641.9 3.34 0.074 1.53
21.2 276.94 0.107 831.2 3.75 0.081 1.45
21.2 279.12 0.104 837.7 4.16 0.086 1.37
21.2 291.26 0.112 874.1 3.41 0.077 1.52
2122 295.57 0.109 887.1 3.82 0.082 1.43
21.2 347.01 0.120 1041.4 3.33 0.078 1.53
21.2 349.4 0.117 1048.6 3.59 0.081 1.48
21.2 391.33 0.133 1174.5 2.80 0.072 1.67
21.2 392.07 0.131 1176.7 2.89 0.073 1.65
21.2 393.64 0.129 1181.4 3.06 0.075 1.60
21.2 398.92 0.129 1197.2 3.06 0.075 1.60




197

Table G-11. Flume data from surface 3 with sand of 1.004 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (mb/mvs) (mv/s) number Weisbach f n C
1 53.475 0.005 169.6 362.38 1.013 0.15
1 94.013 0.011 298.1 55.65 0.381 0.38
1 110.234 0.016 335.7 21.23 0.227 0.61
1 157.583 0.017 499.7 25.56 0.262 0.55
1 228.714 0.020 696.5 21.19 0.246 0.61
l 234623 0.019 734.4 25.08 0.271 0.56
1 277.554 0.030 845.2 8.10 0.147 0.98
1 313.918 0.027 982.6 11.99 0.186 0.81
1 340.42 0.027 1036.7 13.00 0.196 0.78
1 366.171 0.034 1115.1 7.64 0.147 1.01
92.544 0.026 2858 12.14 0.154 0.80
29 117.695 0.029 363.5 11.26 0.151 0.84
29 145.651 0.034 449.8 8.75 0.135 0.95
29 179.12 0.035 553.2 9.62 0.145 0.90
29 221.008 0.036 682.5 11.23 0.162 0.84
29 235.207 0.039 716.3 8.97 0.144 0.94
29 283.817 0.047 876.5 6.27 0.121 1.12
29 298.382 0.047 908.7 6.59 0.125 1.09
29 345.038 0.047 1050.8 7.62 0.137 1.01
29 361.68 0.050 1117.0 6.66 0.128 1.09
5.9 72.01 0.027 2224 16.59 0.171 0.69
5.9 73.45 0.028 226.8 16.34 0.170 0.69
5.9 118.62 0.046 361.2 5.83 0.101 1.16
5.9 120.08 0.043 365.7 7.04 0.112 1.06
5.9 165.25 0.041 510.3 11.13 0.150 0.84
5.9 167.97 0.040 518.7 12.16 0.158 0.80
5.9 184.09 0.052 560.6 6.17 0.110 1.13
5.9 186.54 0.051 568.1 6.62 0.114 1.09
5.9 245.71 0.056 748.3 6.50 0.116 1.10
5.9 246.2 0.054 749.8 7.12 0.123 1.05
5.9 248.33 0.059 766.9 5.53 0.107 1.19
59 249.16 0.055 769.5 6.95 0.121 1.06
59 317.67 0.061 967.4 6.52 0.120 1.10
59 317.92 0.063 968.2 5.93 0.114 1.15
5.9 319.24 0.061 972.2 6.66 0.122 1.09
5.9 322.58 0.063 996.2 6.11 0.116 1.13
5.9 355.44 0.065 1082.4 6.04 0.116 1.14
5.9 355.83 0.062 1083.6 6.96 0.126 1.06
5.9 373.33 0.066 1136.9 5.88 0.115 1.16
5.9 374.07 0.066 1139.2 5.89 0.116 1.15
8.9 73.18 0.044 2229 6.01 0.095 1.14

8.9 76.19 0.047 2320 5.27 0.089 1.22
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
89 83.22 0.049 2534 5.00 0.087 1.25
8.9 87.25 0.047 265.7 592 0.096 1.15
8.9 126.66 0.054 385.7 5.7 0.098 1.17
8.9 128.32 0.055 390.8 5.39 0.095 1.21
8.9 170.48 0.069 519.2 3.66 0.079 1.46
8.9 173.37 0.060 528.0 5.63 0.101 1.18
8.9 2342 0.066 713.2 5.57 0.104 1.19
8.9 236.67 0.070 720.7 4.73 0.095 1.29
8.9 282.26 0.077 859.6 4.31 0.092 1.35
8.9 282.65 0.078 860.8 4.21 0.091 1.37
8.9 307.32 0.075 935.9 5.08 0.102 1.24
8.9 351.87 0.081 1071.6 4.68 0.099 1.30
8.9 35294 0.078 1074.8 5.19 0.105 1.23
8.9 355.45 0.079 1082.5 5.09 0.104 1.24
8.9 357.55 0.068 1088.9 8.02 0.133 0.99
8.9 382.02 0.082 1163.4 4.83 0.101 1.27
8.9 383.64 0.082 1168.3 4.85 0.102 1.27

15 82.5 0.060 254.8 445 0.079 1.33
15 84.66 0.064 2615 3.84 0.073 143
15 102.09 0.064 3109 4.49 0.082 1.32
15 102.09 0.064 310.9 4.49 0.082 1.32
15 103.9 0.065 316.4 4.50 0.082 1.32
15 147.81 0.076 450.1 3.93 0.079 1.41
15 149.12 0.077 454.1 3.81 0.078 1.43
15 151.4 0.076 467.6 4.13 0.081 1.38
15 152.4 0.076 470.7 4.16 0.082 1.37
15 212.84 0.092 648.2 3.17 0.073 1.57
15 215.31 0.088 655.7 3.75 0.080 1.45
15 228.27 0.096 705.0 3.06 0.072 1.60
15 229.82 0.086 709.8 4.23 0.087 1.36
15 294.85 0.098 897.9 3.64 0.082 1.47
15 2954 0.101 899.6 340 0.079 1.52
15 297.71 0.103 919.4 3.20 0.076 1.57
15 298.86 0.105 910.1 3.03 0.074 1.61
15 363.44 0.112 1106.8 3.03 0.076 1.61
15 366.1 0.113 1114.9 3.00 0.075 1.62
15 377.58 0.113 1149.9 3.10 0.077 1.59
15 384.45 0.107 1170.8 3.65 0.084 1.47
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Table G-12. Flume data from surface 3 with sand of 1.584 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nvs) (m/s) number Weisbach f n C
1 83.675 0.010 258.4 64.52 0.408 0.35
1 115.585 0.010 361.8 81.41 0.481 0.31
1 166.887 0.018 5154 23.00 0.248 0.58
1 172.987 0.016 541.5 3143 0.297 0.50
1 235.661 0.021 727.8 19.04 0.232 0.64
1 266.362 0.027 822.6 10.17 0.166 0.88
1 311.375 0.031 961.6 8.01 0.148 0.99
1 327.937 0.033 1012.8 7.26 0.141 1.04
1 362.046 0.034 1118.1 7.56 0.146 1.02
1 370.637 0.032 1144.7 8.97 0.161 0.94
29 85.223 0.020 263.2 23.58 0.220 0.58
29 126.652 0.024 391.1 20.90 0.215 0.61
29 154.275 0.030 476.5 12.54 0.166 0.79
29 183.464 0.032 558.7 13.17 0.174 0.77
29 236.227 0.036 729.5 11.37 0.165 0.83
29 255.864 0.038 779.2 10.53 0.159 0.86
29 299.131 0.040 911.0 10.35 0.160 0.87
29 299.522 0.044 925.0 8.21 0.141 0.98
29 348.874 0.047 1077.4 7.55 0.137 1.02
29 371.101 0.049 1146.1 7.25 0.135 1.04
59 94.551 0.038 2920 7.94 0.117 0.99
59 129.91 0.036 401.2 12.42 0.155 0.79
5.9 129.98 0.038 401.4 11.20 0.147 0.84
5.9 175.744 0.052 542.8 5.89 0.106 1.15
5.9 190.29 0.042 579.5 11.95 0.159 0.81
5.9 190.67 0.042 588.9 11.70 0.157 0.82
5.9 229.15 0.050 707.7 8.29 0.132 0.97
59 230.19 0.051 710.9 7.86 0.129 1.00
5.9 258.31 0.052 786.6 8.50 0.136 0.96
59 258.67 0.054 787.7 7.75 0.129 1.01
39 319.35 0.057 972.5 7.88 0.133 1.00
59 320.33 0.060 989.3 6.79 0.123 1.07
5.9 320.76 0.060 976.8 7.03 0.125 1.06
59 321.44 0.058 978.9 7.79 0.133 1.00
59 360.01 0.063 1096.4 6.71 0.124 1.08
59 361.53 0.060 1101.0 7.79 0.134 1.00
5.9 381.68 0.065 1162.3 6.49 0.122 1.10
59 384.17 0.065 1169.9 6.33 0.121 1.11
8.9 98.2 0.043 303.3 8.82 0.122 0.94
8.9 99 0.043 305.7 8.50 0.119 0.96
89 101.11 0.051 3123 5.20 0.091 1.23

8.9 101.78 0.051 3143 543 0.093 1.20
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/nvs) (mvs) number Weisbach f n C
8.9 137.41 0.049 4244 8.09 0.120 0.99
3.9 139.92 0.051 432.1 7.33 0.114 1.03
8.9 161.87 0.059 499.9 5.53 0.099 1.19
3.9 164.28 0.058 5074 5.90 0.103 1.15
3.9 231.2 0.061 714.0 7.04 0.118 1.06
8.9 232.23 0.062 717.2 6.85 0.116 1.07
8.9 240.54 0.069 7429 5.09 0.099 1.24
8.9 240.56 0.068 742.9 5.31 0.102 1.22
8.9 318.1 0.072 968.7 593 0.111 1.15
8.9 318.63 0.079 970.3 445 0.095 1.33
8.9 324.28 0.074 1001.5 5.65 0.109 1.18
8.9 324.88 0.074 1003.3 5.51 0.107 1.19
8.9 370.96 0.083 1129.7 4.58 0.098 1.31
8.9 37195 0.074 1132.7 6.31 0.117 1.12
8.9 390.59 0.080 1189.5 5.39 0.108 1.21
8.9 391.01 0.078 1190.8 5.74 0.112 1.17
IS5 69.1 0.052 2134 5.95 0.091 1.15
15 7115 0.051 219.7 6.36 0.095 [.11
5 130.14 0.063 401.9 6.18 0.100 1.13
15 130.59 0.063 403.3 6.20 0.100 1.12
15 144.13 0.067 438.9 5.7 0.097 1.17
15 144.42 0.067 439.8 5.64 0.096 1.18
15 173.27 0.071 527.7 5.78 0.100 1.16
15 174.95 0.071 5328 5.76 0.100 1.17
15 230.79 0.083 712.8 4.67 0.091 1.30
15 232.54 0.082 718.2 5.00 0.095 1.25
15 248.84 0.086 757.8 4.64 0.092 1.30
15 24945 0.083 759.7 5.05 0.096 1.25
15 334.35 0.094 1032.6 4.72 0.096 1.29
15 336.09 0.099 1038.0 4.07 0.088 1.39
15 350.47 0.101 1067.3 395 0.087 1.41
15 352.27 0.100 1072.8 4.09 0.089 1.38
15 384.79 0.107 1171.8 3n 0.085 1.45
15 385.58 0.105 1174.2 387 0.087 1.42

5 399.75 0.110 12174 3.56 0.083 1.49

—
n

400.26 0.108 1218.9 3.69 0.085 1.46




Table G-13. Flume data from surface 3 with sand of 3.334 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynoids Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
1 122.658 0.010 3839 103.84 0.555 0.27
1 162.514 0.018 508.7 22,40 0.244 0.59
1 173.391 0.016 535.5 3340 0.307 0.48
1 227.758 0.020 703.4 21.10 0.245 0.61
1 228.798 0.022 716.2 16.93 0.217 0.68
1 287.562 0.029 900.1 8.96 0.156 0.94
1 294,713 0.026 922.5 12.99 0.193 0.78
1 346.58 0.032 1084.8 8.65 0.156 0.95
1 349.999 0.030 1095.6 10.22 0.172 0.88
1 378.83 0.034 1185.8 7.68 0.148 1.01
29 98.748 0.022 305.0 20.88 0.209 0.61
29 102.271 0.022 320.1 21.62 0.214 0.60
29 128.554 0.027 3970 15.67 0.184 0.71
29 131.249 0.028 410.8 13.90 0.172 0.75
29 213.366 0.033 667.9 13.20 0.177 0.77
29 216.603 0.035 668.9 11.31 0.163 0.83
29 292.162 0.036 902.3 14.45 0.192 0.74
29 311.953 0.042 963.4 9.37 0.152 0.92
29 357.681 0.041 1104.6 11.52 0.174 0.83
29 380.466 0.042 1175.0 11.43 0.174 0.83
59 78.449 0.026 2423 20.10 0.192 0.62
59 80.852 0.025 2497 2496 0.217 0.56
59 88.88 0.031 278.2 13.80 0.158 0.75
59 89.932 0.031 2813 14.41 0.162 0.74
59 134.099 0.037 419.8 12.49 0.156 0.79
3.9 136.626 0.038 427.7 11.77 0.152 0.82
59 178.753 0.041 552.0 12.04 0.158 0.81
59 180.914 0.042 558.7 11.10 0.152 0.84
5.9 234.392 0.050 733.7 8.82 0.137 0.94
59 2364 0.045 740.0 11.87 0.162 0.81
59 253.574 0.047 783.1 10.99 0.156 0.85
59 254.24 0.050 785.2 9.57 0.145 091
5.9 313.457 0.056 981.2 8.43 0.138 0.96
59 313.94 0.057 982.7 8.01 0.134 0.99
59 319.568 0.056 986.9 8.30 0.137 0.97
59 322.883 0.060 997.2 6.85 0.124 1.07
59 364.029 0.058 1124.2 8.68 0.143 0.95
59 364.327 0.062 11252 7.24 0.129 1.04
5.9 381.925 0.060 1179.5 8.10 0.138 0.98
5.9 382.498 0.058 1197.3 9.12 0.148 0.93
8.9 70.312 0.033 217.1 13.56 0.149 0.76
8.9 70.969 0.032 219.2 14.94 0.157 0.72
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/mvs) (m/s) number Weisbach f n C
8.9 118 0.040 364.4 13.09 0.155 0.77
8.9 120.382 0.042 3724 11.34 0.143 0.83
3.9 121.63 0.039 375.6 13.82 0.160 0.75
8.9 125.273 0.042 386.9 12.06 0.149 0.81
8.9 173.311 0.047 535.2 11.75 0.152 0.82
8.9 174.557 0.048 539.1 11.36 0.149 0.83
8.9 201.705 0.053 622.9 9.44 0.137 091
8.9 204.455 0.053 631.4 9.75 0.140 0.90
8.9 260.885 0.060 805.7 8.48 0.133 0.96
8.9 263.525 0.067 813.9 6.17 0.111 1.13
3.9 303.155 0.071 936.2 5.89 0.110 1.15
8.9 305.168 0.074 942.5 5.32 0.104 1.22
8.9 319.658 0.069 987.2 6.86 0.12] 1.07
8.9 324.24 0.071 1001.4 6.22 0.115 1.12
8.9 359.232 0.078 1109.4 5.28 0.106 1.22
8.9 361.673 0.080 1117.0 4.87 0.101 1.27
8.9 379.676 0.074 1172.6 6.61 0.121 1.09
8.9 381.803 0.078 1179.1 3.54 0.109 .19
15 83.44 0.051 261.2 7.32 0.105 1.04
15 84.887 0.054 265.7 6.32 0.097 1.11
15 102.164 0.052 319.8 8.48 0.116 0.96
15 104.467 0.052 3226 8.67 0.118 0.95
15 132.827 0.063 415.8 6.21 0.101 1.12
15 134.674 0.061 421.6 6.92 0.107 1.07
15 190.931 0.065 589.7 8.27 0.123 0.97
15 192.591 0.066 594.8 7.74 0.119 1.01
15 221.375 0.080 692.9 5.06 0.095 1.25
15 222.899 0.079 697.7 5.28 0.098 1.22
I3 289.212 0.082 893.2 6.14 0.109 1.13
15 289.961 0.080 895.5 6.62 0.114 1.09
15 315.563 0.089 974.6 5.31 0.102 1.22
15 317.669 0.086 981.1 5.92 0.108 1.15
15 360.477 0.090 11133 5.74 0.108 1.17
15 362.214 0.088 1118.6 6.30 0.114 1.12
15 377.729 0.100 1166.6 448 0.094 1.32
15 379.206 0.093 1171.1 5.47 0.105 1.20
21.2 74.039 0.061 231.8 542 0.086 1.20
212 74.288 0.062 2325 5.19 0.084 1.23
212 105.19 0.069 3249 5.40 0.089 1.21
21.2 107.47 0.068 3319 5.59 0.091 1.18
21.2 126.433 0.077 395.8 4.59 0.083 1.31
21.2 127.592 0.074 3994 5.33 0.090 1.21
21.2 135.202 0.072 4175 6.04 0.097 1.14
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) {ml/mvs) (nv/s) number Weisbach f n C
21.2 135.718 0.073 419.1 5.83 0.096 1.16
212 188.082 0.083 580.9 5.54 0.096 1.19
212 189.214 0.082 5844 5.64 0.097 1.18
21.2 220.67 0.094 690.7 444 0.087 1.33
21.2 222.367 0.096 696.0 4.21 0.084 1.37
21.2 241.853 0.085 746.9 6.56 0.109 1.09
212 244.37 0.089 754.7 5.85 0.102 1.16
212 309.152 0.103 967.7 4.65 0.092 1.30
212 309.162 0.105 967.7 4.47 0.090 1.32
212 324.58 0.106 1002.4 4.52 0.091 1.32
21.2 326.448 0.108 1008.2 4.26 0.089 1.36
21.2 351.731 0.127 1101.0 2.85 0.071 1.66
212 352.661 0.110 1103.9 4.44 0.091 1.33
21.2 354.75 0.115 1110.4 3.91 0.085 1.42
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Table G-14. Flume data from surface 4 with sand of 0.629 mm mean diameter.

Slope Flow discharge Mean flow velocity Reymolds Darcy- Manning Chezy

(%) (ml/m/s) (m/s) number Weisbach f n C

1 67.53 0.036 205.7 1.16 0.043  2.60

1 68.69 0.033 209.2 1.48 0.049 230

1 145.36 0.044 442.7 1.34 0.050 242

1 145.508 0.042 443.1 1.49 0054 229

1 181.44 0.056 5525 0.81 0.039 3.1

1 182.99 0.059 557.3 0.69 0.036  3.36

1 217.61 0.058 662.7 0.89 0.042 296

1 220.12 0.064 670.3 0.66 0.036  3.44

1 2629 0.069 800.6 0.64 0.036  3.51

! 264.58 0.065 805.7 0.74 0.039  3.26

1 285.83 0.073 870.4 0.58 0.034  3.68

1 288.35 0.072 878.1 0.60 0.035  3.63

1 339.06 0.076 1032.6 0.62 0.036 3.57

1 340.11 0.080 1035.7 0.51 0.033 391

1 340.77 0.071 1037.8 0.75 0.040 323

1 344.25 0.065 1048.4 0.96 0.046  2.36

1 363.93 0.084 1108.3 0.48 0.032 4.04

1 364.88 0.081 11112 0.54 0.034  3.81

1 379.9 0.087 1156.9 045 0.031 4.18

1 380.32 0.082 1158.2 0.53 0.034  3.84

5.9 70.01 0.052 2132 233 0.057 1.84

5.9 70.8 0.046 215.6 3.35 0.070 1.53

59 113.8 0.059 346.6 2.61 0.064 1.73

5.9 116.63 0.059 355.2 2.68 0.065 1.71

5.9 159.49 0.073 485.7 1.90 0.056  2.03

59 163.08 0.071 496.6 2.08 0.059 1.94

59 215.02 0.083 654.8 1.74 0.055 212

5.9 215.05 0.077 654.9 2.17 0.062 1.90

5.9 264.14 0.084 8044 2.05 0.062 1.95

5.9 268.54 0.091 817.8 1.68 0.055 2.16

59 299.55 0.093 912.2 1.71 0.057 214

59 299.8 0.088 913.0 2.01 0.062 1.98

5.9 34751 0.104 1058.3 1.43 0.052 234

59 348.27 0.101 1060.6 1.58 0.055 223

39 350.15 0.100 1066.3 1.64 0.056  2.19

5.9 351.56 0.099 1070.6 1.67 0.057 217

59 386.09 0.110 1175.8 1.33 0.051 243

59 387.51 0.120 1180.1 1.03 0.044 275

59 396.26 0.112 1206.7 1.32 0.051 244

5.9 396.9 0.115 1208.7 1.22 0.048 2.54

82.1 0.066 250.0 2.00 0.052 1.98

co 0o
O O

82.96 0.058 2490 2.96 0.065 1.63
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/my/s) (nv/s) number Weisbach f n C
8.9 84.16 0.069 256.3 1.82 0.050 2.08
8.9 88.96 0.060 2709 2385 0.064 1.66
89 173.86 0.084 529.5 2.04 0.058 1.96
8.9 175.48 0.085 534.4 1.99 0.057 1.99
89 183 0.094 557.3 1.55 0.050 2.5
8.9 187.68 0.088 571.5 1.94 0.056 2.0t
8.9 257.04 0.109 782.8 1.39 0.049 237
8.9 265.03 0.099 807.1 1.93 0.059 2.01
89 273.78 0.109 833.8 1.48 0.051 2.30
8.9 275.74 0.103 839.7 1.77 0.056 2.11
8.9 343.51 0.113 1046.1 1.66 0.055 2.18
8.9 348.49 0.114 1061.3 1.63 0.055 219
8.9 359.36 0.119 1094.4 1.51 0.053 2.28
8.9 361.67 0.117 1101.4 1.58 0.054 223
8.9 385.65 0.120 1174.4 1.55 0.054 2.25
8.9 388 0.127 1181.6 1.33 0.050 243
8.9 409.4 0.132 1246.8 1.24 0.048 252
8.9 413.98 0.134 1260.7 1.19 0.047  2.56

15 76.65 0.043 230.0 1111 0.131 0.84
13 79.41 0.048 238.3 8.41 0.113 0.97
13 80.64 0.046 2420 9.45 0.120 091
13 82.38 0.052 247.2 6.77 0.100 1.08
15 108.51 0.057 325.7 6.86 0.104 1.07
15 113.52 0.063 340.7 5.35 0.091 1.21
15 165.61 0.080 497.0 3.87 0.079 1.42
15 166.86 0.086 500.8 3.08 0.070 1.60
15 180.6 0.087 542.0 3.27 0.073 1.55
15 183.43 0.081 558.6 4.03 0.082 1.40
15 29275 0.115 878.6 2.28 0.063 1.86
15 29453 0.116 883.9 223 0.062 1.88
15 327.76 0.125 998.1 1.97 0.059 2.00
15 329.37 0.133 1003.0 1.64 0.053 2.19
15 3712.27 0.133 11173 1.87 0.058 2.05
15 374.02 0.142 11225 1.53 0.052  2.26
15 397.25 0.148 1209.8 1.44 0.050 234
15 397.57 0.148 1210.7 1.46 0.051 2.32
15 411.58 0.151 1235.2 1.39 0.050  2.37

15 411.67 0.150 1253.7 1.43 0.050 2.35
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Table G-15. Flume data from surface 4 with sand of 1.004 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (m’'s) number Weisbach f n C
1 61.68 0.036 190.5 1.06 0.040 272
1 67.73 0.036 209.2 1.17 0.043 2.59
1 151.13 0.049 466.7 1.03 0.044 2.76
1 152.5 0.053 471.0 0.81 0.038 311
1 178.78 0.058 544.4 0.73 0.037 3.27
1 179.23 0.057 545.8 0.76 0.038 3.22
1 229.28 0.062 698.2 0.74 0.038 3.25
1 230.09 0.064 700.7 0.69 0.037 3.37
1 242,74 0.064 749.7 0.71 0.038 3.32
1 246.17 0.062 760.3 0.82 0.041 310
1 263.24 0.067 801.7 0.70 0.038 3.35
1 263.28 0.068 801.8 0.65 0.036 3.47
1 32533 0.078 990.7 0.54 0.033 3.80
1 326.67 0.075 1008.9 0.6t 0.036 3.60
1 330.11 0.078 1005.3 0.55 0.034 377
1 330.19 0.074 1019.7 0.64 0.037 3.50
1 371.65 0.082 1131.8 0.52 0.033 3.89
1 371.86 0.086 1132.4 0.46 0.031 4.15
1 389.2 0.079 1202.0 0.61 0.036 3.58
1 390.4 0.084 1205.7 0.53 0.033 3.87
5.9 77.13 0.053 238.2 241 0.059 1.80
59 80.25 0.053 2478 251 0.061 1.77
59 95.51 0.061 290.9 1.92 0.053 2.02
5.9 97.64 0.058 297.3 2.30 0.059 1.85
59 134.82 0.071 410.6 1.76 0.053 2.11
5.9 137.66 0.068 419.2 2.06 0.058 1.95
5.9 152.94 0.076 465.8 1.61 0.051 221
5.9 155.6 0.077 4739 1.57 0.050 2.24
5.9 204.35 0.085 622.3 1.53 0.051 2.26
5.9 205 0.086 624.3 1.48 0.050 230
5.9 223.24 0.095 679.8 1.19 0.045 2.57
59 22525 0.084 686.0 1.75 0.056 212
59 278.15 0.095 847.1 1.49 0.052 2.30
5.9 279.22 0.090 850.3 1.77 0.057 2.10
3.9 324.11 0.108 987.0 1.18 0.047 2.58
5.9 32447 0.103 988.1 1.36 0.050 2.40
5.9 343.07 0.106 1044.8 1.35 0.050 241
5.9 344.41 0.114 1048.8 1.09 0.045 2.69
59 383.56 0.107 1168.1 1.46 0.053 2.32
5.9 38s5.16 0.121 11729 1.00 0.043 2.80
59 399.16 0.118 1215.6 1.12 0.046 2.64
5.9 401.12 0.122 1221.5 1.03 0.044 2.76
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/mvs) {mv/s) number Weisbach f n C
8.9 37.89 0.072 267.7 1.62 0.047 2.20
8.9 91.17 0.071 277.6 1.76 0.049 211
8.9 132.16 0.086 408.2 1.47 0.046 2.31
8.9 133.75 0.084 413.1 1.57 0.048 2.23
8.9 144.41 0.087 446.0 1.54 0.048 225
8.9 146.31 0.081 4519 1.93 0.055 2.02
8.9 192.38 0.097 594.1 1.47 0.049 2.31
8.9 193.16 0.092 596.5 1.73 0.053 213
8.9 202.98 0.096 626.9 1.58 0.051 2.23
8.9 204.88 0.096 632.7 1.60 0.051 222
8.9 250.97 0.107 775.1 1.42 0.049 2.35
8.9 254.18 0.099 785.0 1.85 0.057 2.06
8.9 293.06 0.113 905.1 1.43 0.050 2.34
3.9 295.06 0.124 911.2 1.07 0.043 271
8.9 324.56 0.111 1002.4 1.64 0.055 2.19
8.9 326.72 0.123 1009.0 1.23 0.047 2.53
89 365.76 0.130 1129.6 1.16 0.046 2.60
89 366.16 0.129 1130.8 1.18 0.046 258
8.9 391.65 0.139 1209.5 1.03 0.043 2.77
3.9 392.04 0.143 1210.8 0.94 0.041 2.90
13 67.93 0.059 206.9 3.85 0.072 1.43
13 67.99 0.058 210.0 4.18 0.075 1.37
13 112.71 0.079 343.2 2.74 0.063 1.69
15 114.94 0.080 350.0 2.63 0.061 1.73
] 117.58 0.086 358.1 2.17 0.055 1.90
15 118.81 0.084 361.8 2.32 0.058 1.84
15 172.16 0.100 524.3 2.02 0.056 1.97
15 174 0.095 529.9 241 0.061 1.80
15 199.68 0.108 608.1 1.85 0.054 2.06
15 202.15 0.109 615.6 1.82 0.053 2.08
15 269.66 0.128 821.2 1.50 0.049 229
15 271.79 0.125 827.7 1.65 0.052 2.18
15 292.35 0.130 890.3 1.56 0.051 2.24
15 297.56 0.128 906.2 1.65 0.053 2.18
15 328.72 0.130 1001.1 1.76 0.055 2.11
15 330.14 0.137 1005.4 1.52 0.051 2.27
15 364.87 0.147 1111.2 1.37 0.049 2.40
15 365.72 0.144 1113.7 1.45 0.050 2.33
15 387.76 0.145 1180.9 1.48 0.051 2.30
15 388.51 0.155 1183.1 1.23 0.046 2.52
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Table G-16. Flume data from surface 4 with sand of 1.584 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) {ml/my/s) (m/s) number Weisbach f n C
1 70.82 0.039 2157 0.95 0.038 2.87
1 114.74 0.047 3494 0.89 0.039 297
1 169 0.063 514.7 0.53 0.031 3.83
1 176.06 0.063 536.2 0.54 0.031 3.80
1 2523 0.072 768.3 0.52 0.032 3.88
! 255.17 0.078 777.1 0.43 0.028 4.29
1 312.89 0.078 952.9 0.51 0.032 391
1 328.09 0.084 999.1 0.44 0.030 4.22
1 366.68 0.092 1116.7 0.37 0.027 4.62
1 376.97 0.094 1148.0 0.36 0.027 4.67
29 70.89 0.047 215.9 1.55 0.048 2.25
29 143.74 0.067 437.7 1.11 0.043 2.66
29 144.19 0.067 439.1 1.11 0.043 2.65
29 220.2 0.076 670.6 1.14 0.045 2.63
29 265.5 0.087 808.5 0.93 0.041 291
29 296.08 0.092 901.7 0.86 0.040 3.02
29 327.03 0.097 995.9 0.82 0.040 3.10
29 3377 0.097 1028.4 0.83 0.040 3.07
29 370.18 0.096 1127.3 0.96 0.044 2.86
2.9 387.33 0.100 1179.5 0.88 0.042 2.99
5.9 79.26 0.056 2414 2.09 0.055 1.94
5.9 82.24 0.059 2504 1.89 0.052 2.04
3.9 114.56 0.079 348.9 1.08 0.040 2.69
3.9 114.71 0.082 3493 0.96 0.037 2.85
5.9 137.25 0.078 418.0 1.35 0.046 241
5.9 137.96 0.074 420.1 1.58 0.050 223
5.9 179.1 0.093 545.4 1.02 0.040 2.77
5.9 180.52 0.086 549.7 1.30 0.046 245
5.9 225.32 0.088 686.2 1.54 0.052 2.26
5.9 225.96 0.090 688.1 1.44 0.050 234
5.9 290.17 0.107 883.7 1.09 0.044 2.68
59 295.52 0.108 900.0 1.08 0.044 2.70
5.9 318.04 0.101 968.5 1.42 0.051 235
59 321.8 0.110 980.0 1.12 0.045 2.64
5.9 381 0.116 1160.3 1.14 0.046 2.63
59 383.18 0.116 1166.9 1.14 0.047 2.62
5.9 403.06 0.129 1227.5 0.87 0.040 3.00
3. 405.87 0.134 1236.0 0.78 0.038 3.18
8.9 71.43 0.065 217.5 1.78 0.048 2.10
8.9 72.23 0.067 220.0 L.71 0.047 2.14
8.9 97.03 0.068 295.5 2.15 0.055 1.91
8.9 98.94 0.074 301.3 1.71 0.049 2.14
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (mi/nvs) (mv/s) number Weisbach n C
8.9 135.59 0.080 4129 1.83 0.053 207
89 136.9 0.088 416.9 1.41 0.046 2.36
8.9 137.39 0.086 418.4 1.50 0.047 2.29
89 137.66 0.088 419.2 1.39 0.045 237
8.9 211.84 0.103 645.1 1.36 0.047 240
8.9 212.27 0.103 646.4 1.36 0.047 2.40
8.9 2147 0.104 653.8 1.31 0.046 244
8.9 226.74 0.105 690.5 1.37 0.047 240
89 226.82 0.106 690.7 1.33 0.047 243
8.9 316.47 0.117 963.8 1.38 0.050 2.38
89 3233 0.130 984.6 1.03 0.042 2.76
8.9 334.25 0.123 1017.9 1.24 0.047 251
89 336.83 0.135 1025.8 0.96 0.041 2.86
8.9 380.36 0.132 1158.3 1.17 0.046 2.59
89 384.84 0.131 1172.0 1.20 0.047 2.56
8.9 411.45 0.144 1253.0 0.97 0.042 2.84
8.9 417.98 0.130 1272.9 1.31 0.050 2.44

i3 89.7 0.053 2732 6.94 0.103 1.06
13 92.92 0.050 283.0 8.65 0.116 0.95
15 94.89 0.063 289.0 447 0.081 1.32
13 96.43 0.063 293.7 4.55 0.082 1.31
13 148.22 0.079 451.4 353 0.074 1.49
13 151.2 0.086 460.5 2.85 0.066 1.66
15 160.08 0.088 487.5 2.80 0.066 1.68
15 163.61 0.084 498.2 3.20 0.071 1.57
15 23474 0.115 714.9 1.83 0.054 2.07
15 235.66 0.104 YN 247 0.064 1.78
15 237.15 0.109 7222 2.14 0.059 1.92
15 238.38 0.112 725.9 1.99 0.057 1.98
15 323.82 0.146 986.1 1.23 0.045 2.53
15 327.31 0.142 996.8 1.36 0.048 240
1S 329.39 0.154 1003.1 1.06 0.042 2.7
15 3322 0.153 1011.7 1.09 0.042 2.68
15 388.46 0.164 1183.0 1.03 0.042 275
N 391.34 0.160 1191.8 1.12 0.044 2.65
15 411.03 0.177 1251.7 0.87 0.038 3.01

15 415.21 0.151 1264.5 1.41 0.050 2.36




Table G-17. Flume data from surface 4 with sand of 3.334 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
%) (ml/mv/s) (v's) number Weisbach [ n C
1 97.099 0.039 299.9 1.30 0.048 245
1 158.739 0.049 490.2 1.05 0.044 2.74
1 167.062 0.059 515.9 0.63 0.034 3.52
1 206.271 0.069 637.0 0.49 0.030 4.01
1 254,425 0.069 785.7 0.60 0.034 3.61
1 283915 0.075 876.8 0.54 0.033 3.82
1 327411 0.082 1011.2 0.47 0.031 4.10
1 368.657 0.091 1138.5 0.39 0.028 4.48
1 385.482 0.089 1190.5 0.42 0.030 431
1 408.107 0.096 1260.4 0.36 0.027 4.69
29 88.94 0.046 2709 2.15 0.058 1.91
29 130.368 0.057 397.0 1.60 0.052 222
29 144.783 0.069 440.9 1.02 0.041 278
29 186.88 0.070 569.1 1.26 0.047 2.50
29 239.66 0.074 729.8 1.35 0.050 241
29 284.496 0.085 866.4 1.07 0.045 27N
29 345.845 0.080 1053.2 1.52 0.056 2.27
29 347.671 0.089 1058.8 1.11 0.047 2.66
29 393.671 0.104 1198.9 0.79 0.039 3.16
9 403.965 0.101 1230.2 0.89 0.042 297
39 86.9155 0.051 268.4 3.07 0.068 1.60
9 132.923 0.077 404.8 1.37 0.046 240
3.9 142.583 0.074 440.3 1.61 0.051 2.21
5.9 196.8675 0.089 608.0 1.27 0.046 2.48
5.9 235.6015 0.085 727.6 1.78 0.056 2.10
5.9 248.845 0.092 757.8 1.46 0.051 2.32
5.9 316.1895 0.105 976.5 1.27 0.048 248
59 345.8545 0.101 1053.2 1.55 0.055 225
5.9 383.8545 0.103 1185.5 1.61 0.056 221
5.9 405.783 0.106 1253.2 1.57 0.056 223
8.9 78.668 0.060 243.0 2.56 0.060 1.75
8.9 79.164 0.064 2445 2.12 0.054 1.92
8.9 133.433 0.084 412.1 1.60 0.049 222
8.9 148.2835 0.090 4579 1.44 0.046 2.34
8.9 220.3235 0.109 680.4 1.20 0.044 2.55
8.9 251.869 0.113 777.9 1.23 0.045 2.52
8.9 301.591 0.119 9314 1.24 0.046 252
8.9 313.7745 0.123 969.0 1.19 0.046 2.57
8.9 374.153 0.127 1155.5 1.27 0.048 249
8.9 403.8855 0.135 12473 1.14 0.046 2.63
15 83.158 0.045 253.2 10.63 0.129 0.86
15 96.059 0.060 296.7 5.37 0.090 1.21



211

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (m/s) number Weisbach f n C

15 117.2605 0.070 362.1 395 0.077 1.41
15 141.9015 0.075 432.1 4.00 0.079 1.40
15 202.477 0.107 6253 1.97 0.056 2.00
15 220.3955 0.114 671.2 1.77 0.053 2.11
13 276.255 0.119 853.2 1.91 0.057 2.03
I3 316.4205 0.135 963.6 1.51 0.051 2.28

3 368.7865 0.141 1138.9 1.55 0.052 225

—
i

396.214 0.146 1223.6 1.51 0.052 2.28




Table G-18. Flume data from surface 5 with sand of 0.629 mm mean diameter.

~
et
o

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) {(mb/my/s) (m/s) number Weisbach f n C
1 86.32 0.032 270.2 2.08 0.061 1.94
1 86.78 0.030 275.2 2.61 0.069 1.73
1 151.61 0.052 468.2 0.82 0.039 3.09
1 153.46 0.058 473.9 0.61 0.033 3.59
1 179.59 0.058 554.6 0.73 0.037 3.28
1 180.34 0.060 557.0 0.67 0.035 343
! 207.27 0.061 648.8 0.70 0.037 3.35
1 211.37 0.062 661.6 0.70 0.037 3.35
1 249.11 0.071 769.3 0.55 0.033 3.78
1 250.5 0.070 773.6 0.56 0.033 3.74
1 268.44 0.069 840.3 0.64 0.036 3.51
1 269.97 0.077 845.0 0.47 0.030 4.10
I 307.47 0.080 949.6 0.48 0.031 4.06
1 307.69 0.079 950.3 0.48 0.031 4.03
1 3278 0.082 1026.1 0.46 0.031 4.12
1 328.43 0.083 1028.0 0.46 0.030 4.14
I 3589 0.085 1123.4 0.46 0.031 4.11
1 359.99 0.086 1126.8 0.44 0.030 422
1 385.72 0.089 12074 0.43 0.030 427
1 386.4 0.087 1209.5 0.47 0.031 4.10
2.9 103.33 0.059 319.1 1.17 0.043 259
29 105.7 0.063 326.4 0.96 0.038 2.86
29 159.02 0.071 497.8 1.00 0.041 281
29 160.22 0.076 501.5 0.84 0.037 3.05
29 164.79 0.083 508.9 0.65 0.032 3.48
29 165.61 0.079 511.5 0.77 0.035 3.20
29 218.72 0.090 684.6 0.69 0.034 337
29 219.11 0.091 685.8 0.67 0.034 3.43
29 248.26 0.106 766.7 0.48 0.028  4.06
29 250.35 0.103 773.2 0.52 0.030 3.88
29 291.12 0.106 9113 0.56 0.032 374
29 300.93 0.106 942.0 0.58 0.032 3.68
2.9 303.02 0.105 948.5 0.59 0.033 3.63
29 324.61 0.106 1016.1 0.61 0.034 3.58
29 361.12 0.107 1130.4 0.67 0.036 343
29 361.65 0.111 1132.0 0.60 0.034  3.63
29 362.73 0.108 11354 0.66 0.036 344
29 363.49 0.104 1137.8 0.73 0.037 328
29 38245 0.111 1197.1 0.63 0.035 3.53
29 383.68 0.113 1201.0 0.61 0.034  3.59
8.9 101.25 0.076 316.9 1.59 0047 222
89 101.73 0.081 3184 1.34 0.043 242
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nvs) (my/s) number Weisbach f n C
8.9 130.48 0.093 403.0 1.12 0.040 2.64
8.9 132.92 0.101 410.5 0.89 0.035 2.97
8.9 181.22 0.105 559.7 1.11 0.041 2.66
8.9 183.16 0.104 565.7 1.14 0.042 2.62
8.9 183.82 0.109 567.7 0.98 0.039 282
8.9 190.47 0.113 588.2 0.92 0.037 2.93
8.9 25221 0.128 7789 0.84 0.037 3.06
8.9 255.32 0.132 788.5 0.77 0.035 3.9
8.9 268.06 0.116 8279 1.19 0.045 2.56
8.9 269.6 0.119 832.6 1.11 0.043 2.66
8.9 323.07 0.136 997.7 0.89 0.039 2.97
8.9 32595 0.136 1006.6 091 0.039 294
8.9 328.97 0.133 1016.0 0.97 0.04! 2384
8.9 33392 0.136 1031.3 0.93 0.040 2.90
8.9 364.38 0.142 1125.3 0.89 0.039 297
8.9 365.76 0.145 1129.6 0.84 0.038 3.06
8.9 388.41 0.147 1199.5 0.86 0.039 3.02
8.9 390.7 0.147 1206.6 0.86 0.039 3.03

15 76.27 0.064 2355 346 0.068 1.51
15 80.16 0.067 2476 314 0.065 1.58
15 128.47 0.093 402.1 1.89 0.052 2.04
15 130.01 0.100 407.0 1.54 0.046 2.26
15 137.96 0.106 426.1 1.35 0.043 241
15 138.31 0.095 427.1 1.90 0.052 2.03
15 190.64 0.113 596.7 1.54 0.048 2.26
15 191.83 0.116 600.5 1.44 0.047 2.34
15 230.68 0.130 7124 1.25 0.044 251
15 233.02 0.126 719.6 1.37 0.046  2.39
15 259 0.132 810.7 1.33 0.046 243
15 260.22 0.128 814.5 1.45 0.048 233
15 298.88 0.140 923.0 1.29 0.046 247
15 301.12 0.137 930.0 1.39 0.048 238
15 326.5 0.143 1022.0 1.31 0.047 245
15 32898 0.134 1029.8 1.60 0.052 222
15 363.71 0.143 1144.7 1.47 0.051 231
15 366.69 0.154 1147.8 1.18 0.045 2.57
5 383.35 0.158 1183.9 1.15 0.044 2.61
385.39 0.155 1190.2 1.22 0.046 2.54




Table G-19. Flume data from surface 5 with sand of 1.004 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (m/s) number Weisbach f n C
l 84.22 0.028 263.6 3.05 0.075 1.60
1 91.17 0.034 2854 1.79 0.056  2.10
1 147.39 0.052 4489 0.82 0.039 3.09
1 149.66 0.046 455.8 1.17 0.047 2.59
1 160.13 0.044 494.5 1.48 0.054 2.30
1 161.92 0.045 500.1 1.40 0.052 237
1 200.5 0.061 610.6 0.71 0.037 3.33
1 246.3 0.064 760.7 0.73 0.038 3.28
1 25142 0.066 776.5 0.70 0.037 3.35
1 265.87 0.070 821.1 0.62 0.035 3.56
! 266.62 0.066 823.4 0.73 0.038 3.29
1 333.34 0.069 1029.5 0.79 0.041 3.15
1 334.17 0.077 1032.0 0.57 0.034 372
1 344.17 0.073 1062.9 0.69 0.038 3.36
1 344.96 0.070 1065.4 0.79 0.041 315
1 389.46 0.081 1202.8 0.58 0.035 3.67
1 390.68 0.084 1206.6 0.51 0.033 391
! 391.8 0.079 1210.0 0.64 0.037  3.51
1 397.1 0.078 1226.4 0.66 0.038 344
29 62.26 0.017 189.6 26.74 0.228 0.54
29 68.18 0.030 207.6 5.75 0.098 1.17
29 122.33 0.060 3725 1.27 0.045 2.49
29 122.95 0.055 374.4 1.70 0.053 2.15
29 155.81 0.061 481.2 1.58 0.052 2.23
29 157.74 0.058 487.2 1.83 0.057  2.07
29 205.19 0.076 624.9 1.06 0.043 272
29 206.44 0.074 628.7 1.16 0.046 2.60
29 214.03 0.078 661.0 1.02 0.043 277
29 215.66 0.075 666.0 1.18 0.046  2.58
2.9 268.24 0.084 828.4 1.04 0.044 275
29 268.94 0.086 830.6 0.95 0.042  2.88
29 289.87 0.092 882.8 0.84 0.040  3.06
29 290.87 0.091 885.8 0.88 0.041 2.99
29 342.53 0.098 1057.8 0.82 0.040 3.09
29 345.13 0.096 1065.9 0.88 0.041 2.99
29 393.1 0.103 1214.0 0.83 0.041 3.08
29 397.14 0.106 1226.5 0.76 0.039  3.22
29 402.41 0.100 1242.8 0.90 0.043 2.95
29 403.93 0.105 1247.5 0.80 0.040 3.13
8.9 102.94 0.067 3179 240 0.059 1.81
89 102.95 0.065 3179 2.58 0.062 1.74
8.9 163.78 0.084 505.8 1.90 0.055 2.03
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/nv's) (mvs) number Weisbach f n C
3.9 166.4 0.087 5139 1.74 0.052 2.12
8.9 177.02 0.089 546.7 1.76 0.053 2.11
8.9 179.14 0.083 553.2 2.20 0.060 1.89
8.9 234.52 0.100 724.3 1.62 0.052 2.20
8.9 235.32 0.099 726.7 1.69 0.054 215
8.9 241.92 0.104 747.1 1.51 0.050 228
8.9 242.09 0.103 747.7 1.54 0.051 2.26
8.9 274.19 0.116 846.8 1.22 0.046 2.54
8.9 277.59 0.107 857.3 1.59 0.053 222
8.9 308.45 0.120 952.6 1.24 0.047 2.51
8.9 310.84 0.121 960.0 1.23 0.046 2.53
8.9 35395 0.122 1093.1 1.37 0.0s0  2.39
8.9 356.73 0.122 1101.7 1.38 0.050 2.38
8.9 390.94 0.126 1207.4 1.37 0.051 2.39
8.9 391.77 0.127 1209.9 1.35 0.050 241
8.9 399.42 0.131 12164 1.24 0.048 251
8.9 405.35 0.126 12344 1.42 0.052 2.35

13 113.64 0.073 351.0 346 0.072 1.51
15 113.81 0.072 3515 3.58 0.073 1.48
15 131.55 0.074 407.9 3.88 0.078 1.42
15 133.39 0.077 417.5 3.39 0.072 1.52
15 158.47 0.084 489.4 3.14 0.070 1.58
15 160.19 0.083 494.7 3.30 0.072 1.54
I5 215.27 0.109 673.8 1.98 0.056 1.99
15 216.61 0.104 678.0 2.26 0.061 1.86
15 255.63 0.102 789.5 2.83 0.070 1.67
15 257.21 0.106 7944 2.56 0.066 1.7§
15 308.73 0.120 966.4 2.09 0.060 1.94
15 3093 0.117 968.2 2.26 0.063 1.86
15 358.41 0.125 1121.9 2.17 0.063 1.90
15 359.08 0.134 1124.0 1.77 0.056 2.11
15 361.2 0.123 1115.5 230 0.065 1.85
15 3633 0.124 1122.0 2.26 0.064 1.86
15 393.11 0.137 1230.5 1.80 0.057  2.09
15 393.36 0.135 1231.3 1.89 0.059  2.04
15 405.41 0.138 1252.0 1.81 0.058 2.08
15 407.8 0.136 1259.4 1.91 0.059 2.03




Table G-20. Flume data from surface 5 with sand of 1.584 mm mean diameter.

Slope Flow discharge Mean flow velocity Reymolds Darcy- Manning Chezy
(%) (ml/r/s) (m/s) number Weisbach f n C
1 96.78 0.032 306.9 233 0.066 1.84
1 99.39 0.038 315.1 1.48 0.051 231
1 141.59 0.037 443.2 220 0.066 1.89
1 142.32 0.036 445.5 231 0.068 1.84
1 172.24 0.043 539.1 1.65 0.058 2.18
1 173.51 0.045 543.1 1.50 0.055 2.29
] 173.84 0.043 544.1 1.73 0.059 2.13
1 174.35 0.044 545.7 1.62 0.057 2.20
] 221.8 0.053 694.3 1.14 0.048 2.62
1 221.86 0.054 694.5 1.11 0.048 2.66
1 263 0.055 823.2 1.25 0.052 2.51
1 265.94 0.050 8324 1.67 0.061 2.17
1 302.56 0.064 947.1 0.90 0.044 296
1 304.3 0.060 952.5 1.10 0.049 2.67
1 341.96 0.069 1070.4 0.83 0.042 3.08
1 346 0.062 1083.0 1.12 0.050 2.65
1 366.98 0.061 1148.7 1.24 0.053 2.52
1 387.65 0.071 1213.4 0.85 0.044 3.03
! 392.57 0.068 1228.8 0.99 0.048 2.82
29 114.75 0.044 359.2 297 0.072 1.63
29 114.75 0.043 359.2 3.30 0.076 1.54
29 120.16 0.048 376.1 2.40 0.064 1.81
29 120.46 0.048 3771 2,56 0.067 1.75
29 160.33 0.062 501.9 1.52 0.052 227
29 160.73 0.060 503.1 1.66 0.054 217
29 2214 0.065 693.0 1.81 0.059 2.08
29 2233 0.067 699.0 1.69 0.057 2.16
29 227.75 0.072 7129 1.40 0.051 2.37
29 23248 0.071 727.7 1.46 0.052 232
29 27445 0.071 859.1 1.72 0.059 214
29 274.69 0.073 859.8 1.57 0.056 2.23
29 322.85 0.072 1010.6 1.99 0.065 1.99
29 323.07 0.071 1011.3 2.02 0.065 1.97
29 327.08 0.082 1023.8 1.36 0.053 240
29 327.95 0.080 1026.5 1.45 0.054 2.32
29 361.6 0.083 1131.9 1.46 0.055 231
29 362.73 0.078 11354 1.76 0.061 211
29 389.58 0.081 1219.4 1.70 0.061 2.15
29 390.84 0.088 1223.4 1.32 0.053 2.44
8.9 100.11 0.037 313.4 13.49 0.155 0.76
8.9 101.25 0.038 316.9 13.10 0.152 0.77
8.9 112.91 0.047 353.4 7.58 0.114 1.02
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml/m/s) (m/s) number Weisbach f n C
3.9 112.96 0.045 353.6 8.86 0.124 0.94
8.9 153.54 0.057 480.6 5.76 0.10t 1.17
3.9 153.84 0.053 481.5 7.19 0.114 1.04
8.9 155.72 0.063 487.4 4.40 0.087 1.33
8.9 158.22 0.068 495.3 3.55 0.077 1.49
8.9 223.82 0.034 700.6 2.60 0.068 1.74
8.9 223.99 0.082 701.1 2.86 0.071 1.66
8.9 241.28 0.091 755.2 2.26 0.063 1.87
8.9 24414 0.090 764.2 231 0.064 1.84
8.9 292.19 0.094 914.6 243 0.067 1.80
8.9 292.56 0.093 915.8 255 0.069 1.76
8.9 31532 0.102 987.0 2.09 0.062 1.94
8.9 317.08 0.100 992.5 2.24 0.065 1.87
8.9 372.82 0.112 1167.0 1.86 0.059 2.06
8.9 37297 0.107 1167.5 211 0.064 1.93
8.9 392.86 0.105 1229.7 2.40 0.069 1.81
3.9 394.8 0.109 1235.8 215 0.065 1.91

15 100.44 0.030 2144 42.66 0.285 0.43
15 101.36 0.028 3173 55.87 0.331 0.37
15 152.53 0.058 477.4 9.00 0.126 0.93
15 153.78 0.059 481.4 8.88 0.125 0.94
13 168.21 0.065 526.5 7.22 0.112 1.04
135 168.34 0.063 526.9 7.79 0.117 1.00
15 210.31 0.076 658.3 5.67 0.101 1.18
15 210.42 0.076 658.6 5.75 0.102 1.17
15 234.59 0.086 734.3 4.31 0.088 1.35
15 236.57 0.091 740.5 3.68 0.080 1.46
15 247.23 0.089 773.9 4.07 0.085 1.39
I35 247.95 0.095 776.1 341 0.077 1.52
15 298.02 0.102 932.8 3.30 0.077 1.54
15 298.28 0.104 933.7 314 0.075 1.58
15 298.97 0.096 935.8 3.93 0.086 1.41
15 330.55 0.114 1034.7 2.60 0.069 1.74
15 3314 0.103 1037.3 3.60 0.082 1.48
15 375.17 0.110 1174.3 3.30 0.079 1.54
15 375.21 0.113 1174.5 3.08 0.077 1.60
15 393.95 0.114 1233.1 312 0.078 1.58

15 394.76 0.109 1235.7 3.56 0.083 1.48




Table G-21. Flume data from surface 5 with sand of 3.334 mm mean diameter.

Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) (ml'nys) {m/s) number Weisbach f n C
1 105.33 0.017 338.1 15.72 0.191 0.71
1 105.53 0.020 338.8 10.43 0.152 0.87
1 144.88 0.025 4594 7.36 0.130 1.03
1 148.68 0.023 4714 9.50 0.150 0.91
1 165.57 0.028 518.3 5.63 0.114 1.18
1 167.28 0.028 523.6 5.68 0.114 1.17
1 191.37 0.032 606.8 461 0.103 1.31
I 191.43 0.03t 607.0 5.14 0.110 1.24
1 219.03 0.036 676.4 372 0.093 1.45
1 221.29 0.040 683.4 267 0.077 1.72
1 272.92 0.040 8429 343 0.091 1.51
1 275.24 0.040 850.0 345 0.092 1.51
1 313.69 0.044 968.8 291 0.084 1.64
1 315.68 0.047 974.9 2.39 0.076 1.81
1 321.01 0.046 1004.8 2.51 0.078 1.77
1 322,74 0.049 1010.2 222 0.073 1.88
1 345.1 0.053 1065.8 1.82 0.066 2.08
1 348.06 0.050 1074.9 2.18 0.073 1.90
1 374.74 0.052 1157.3 2.09 0.072 1.94
1 376.02 0.055 1161.3 1.78 0.066 2.10
29 97.47 0.020 305.1 28.00 0.246 0.53
2.9 98.18 0.015 307.3 67.91 0.403 0.34
2.9 135.8 0.038 425.1 5.53 0.104 1.19
29 136.3 0.038 426.6 5.55 0.104 i.19
29 181.22 0.049 567.2 3.51 0.083 1.50
29 182.7 0.044 5719 4.72 0.098 1.29
9 232.31 0.054 727.2 3.30 0.083 1.54
29 233.68 0.053 7315 3.50 0.085 1.50
2.9 237.12 0.056 7323 312 0.080 1.59
29 238.5 0.057 736.6 298 0.078 1.62
29 285.98 0.059 895.2 317 0.083 1.57
29 286.67 0.055 897.3 397 0.094 1.41
29 293.16 0.058 905.4 3.49 0.087 1.50
29 294.26 0.057 908.8 3.59 0.089 1.48
29 330.89 0.063 1035.7 3.00 0.082 1.62
29 331.01 0.062 1036.1 14 0.084 1.58
29 343.75 0.066 1061.6 2.75 0.078 1.69
29 343.86 0.066 1062.0 275 0.078 1.69
29 373.16 0.065 1168.0 3.11 0.084 1.59
2.9 376.14 0.064 11774 3.20 0.086 1.57
8.9 152.22 0.035 470.1 25.36 0230 056
89 152.65 0.030 4714 39.36 0294 045
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Slope Flow discharge Mean flow velocity Reynolds Darcy- Manning Chezy
(%) {ml/nv's) (mv's) number Weisbach / n C
8.9 165.99 0.034 519.6 30.27 0.256 0.51
8.9 167.04 0.034 5229 30.46 0.257 0.51
8.9 23593 0.054 7385 10.76 0.150 0.85
8.9 236.76 0.054 741.1 10.79 0.150 0.85
8.9 237.37 0.058 743.0 8.51 0.132 0.96
8.9 239.56 0.051 749.9 12.79 0.165 0.78
3.9 241.15 0.056 754.8 9.49 0.140 0.91
8.9 295.57 0.071 925.2 5.85 0.110 1.16
8.9 296.75 0.072 928.9 5.58 0.107 1.19
8.9 310.6 0.068 972.2 6.84 0.120 1.07
8.9 312.52 0.070 978.2 6.29 0.115 1.12
8.9 348.51 0.077 1090.9 5.32 0.106 1.22
3.9 351.11 0.076 1099.0 5.61 0.109 1.18
8.9 351.64 0.075 1100.7 5.80 0.111 1.16
8.9 352.34 0.075 1103.5 5.91 0.112 1.15
8.9 378.26 0.082 1184.0 4.77 0.101 .28
8.9 378.56 0.079 1185.0 5.28 0.106 1.22

15 162.5 0.030 508.7 69.01 0.392 0.34
135 163.22 0.030 5109 69.32 0.394 0.34
15 173.95 0.023 544.5 90.80 0.461 0.29
15 174.18 0.030 545.2 77.76 0.423 0.32
15 198.11 0.036 620.1 51.46 0.341 0.39
15 198.81 0.039 622.3 38.11 0.289 0.45
15 243.01 0.047 760.7 27.16 0.244 0.534
15 243.15 0.048 761.1 26.42 0.241 0.54
135 264.04 0.052 826.5 21.49 0.217 0.60
15 266.23 0.055 833.3 19.22 0.204 0.64
15 299.75 0.061 938.3 15.93 0.186 0.70
s 302.14 0.064 945.7 13.72 0.171 0.76
15 341.63 0.069 1069.4 12.27 0.163 0.80
15 341.82 0.069 1069.9 12.49 0.165 0.79
15 358.48 0.073 1122.1 10.75 0.153 0.85
15 358.86 0.075 1123.3 9.96 0.146 0.89
15 375.18 0.074 1174.4 10.91 0.155 0.85

15 375.66 0.077 1175.9 9.82 0.146 0.89
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APPENDIX H: NEURAL NETWORK MODELING

Feed-forward back-propagation neural networks with one hidden layer were used
as the basic elements of the predictive algorithms (Figure H-1). This type of neural
network is a nonlinear data transformation structure consisting of input and output nodes
connected to a hidden layer by adaptable coefficients. Two types of coefficients have
been used: weights and biases. Furthermore, weights are classified as input weights and
layer weights. Input weights (iw) connect the input layer and the hidden layer. Layer
weights (/w) connect the first and second neuron layers. The biases (b) are special
weights that introduce constant inputs (ones) to the network. The network architecture
presented in Figure H-1 is equivalent to the following mathematical expression:

S R
O=fyby+ ) Iw; fl[bl.j+2iw,-.jp,-] (H-1)
j=1 i=1
where p; represent the input variables to the network, R is the number of input variables
used to predict the output O, and S is the number of neurons in the hidden layer.

All the network neurons work in a similar fashion. A neuron receives a series of
inputs (input variables or outputs from neurons in a previous layer) that are weighted
using a series of coefficients (similar to synapses in biological neural networks). The
weighted inputs are summed and the result is transformed using a transfer function. The
result of this transformation is the neuron output, which is passed to the following layer
of neurons or, in the case of an output layer, represents a network output. Transfer

functions can be linear or nonlinear relationships. The networks used in this study used a
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hyperbolic tangent sigmoid function in the hidden (first) layer and a linear function (slope
one and intercept zero) in the second layer. The hyperbolic tangent sigmoid function

computes its output based on the following expression:

2

y= -1 (H-2)

-1x

l+e

All the networks had the same number of inputs and outputs. The input layer
consisted of five input variables (sand grain diameter, two surface configuration
parameters, bed slope and Reynolds number). A single output neuron produced the
estimated hydraulic roughness coefficient. Different neural networks were developed for
the three hydraulic roughness coefficients employed: Darcy-Weisbach, Manning and
Chezy.

In modeling neural networks, it is difficult to specify a priori the optimum network
architecture. It is believed that a feed-forward back-propagation neural network, with one
nonlinear hidden layer and a linear output layer, can approximate any unknown
relationship with a finite number of discontinuities, given sufficient neurons in the hidden
layer (Demuth and Beale, 1998). The number of nodes in the hidden layer depends on the
complexity of the underlying problem, and is determined empirically by calibrating and
testing different architectures. The coefficient values (weights and biases) were obtained
in an iterative calibration procedure, called training, based on the Levenber-Marquardt
algorithm (Demuth and Beale, 1998) and the minimization of the mean square error
objective function, using the Neural Network Toolbox of MATLAB (version 3.3,

MathWorks, Inc.).
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Figure H-1. Basic architecture of the feed-forward, back-propagation neural networks
used to develop the predictive algorithms.



APPENDIX I: SURFACE IRRIGATION EXPERIMENTAL DATA

Two border irrigation experiments were performed at the University of Arizona's
Campus Agricultural Center, to produce experimental data to test the hydraulic roughness
algorithms. The soil was a Gila fine sandy loam, with the following particle size
distribution: 53% sand, 36% silt, and 11% clay in the 0-15 cm layer, and 60% sand, 34%
silt and 6% clay in the 15-135 cm layer (Shuttles. 1998). The field was laser graded to a
0.5% slope. A sloping rectangular plot 45 m long and 1.5 m wide was defined using low
soil dikes along both sides of the plot. The plot surface was hand-raked to increase
roughness, and a commercial product containing polyacrylamide (PAM) was
homogeneously sprayed to prevent the soil aggregates to collapse during irrigations. Two
precalibrated flumes were located at the upper and lower end of the plot, to measure
inflow and outflow respectively.

The following tables present the experimental data obtained from this field
experiment. Table I-1 shows the measured infiltration depths versus time from the ning
infiltrometer experiments. Table [-2 shows the measured runoff at the plot end for the
first irrigation experiment (inflow rate 0.742 L s and shutoff time 3390 s). Table [-3
presents the measured runoff rates at the plot end for the second irrigation experiment
(inflow rate 0.738 L s™' and shutoff time 3600 s). Table [-4 and Table I-5 show the
irrigation front advance with respect to time for the first and second irrigation
experiments respectively. And finally, Table [-6 and Table I-7 list the recorded flow

depths and temperatures at equilibrium for both irrgations.



Table I-1. Cumulative infiltration depth versus time for the infiltrometer experiments.

Infiltrometer #1 [nfiltrometer #2 Infiltrometer #3
Time (s) Depth (mm) Time (s) Depth (mm) Time(s) Depth (mm)

60 0.5 60 4.0 60 3.0
120 1.5 120 5.5 120 4.5
210 4.5 240 6.0 210 6.5
330 55 420 7.0 330 2.0
450 6.5 600 8.0 570 12.5
600 7.0 1200 9.0 1110 18.0
1230 11.5 1740 11.0 1710 23.0
2430 16.5 2340 12.0 2310 28.0
3030 19.5 2940 13.0 2910 32.0
3630 215 3540 14.0 3510 36.0
4230 23.0 4140 14.5 4110 39.0
6030 30.5 5940 17.0 5910 51.0
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Table I-2. Runoff hydrograph at the plot downstream end for irrigation number 1.

Time Discharge Discharge Discharge
(s) (Lsh Lm's"h  (mmh")

2070 0.00 0.00 0.0
2110 0.08 0.06 44
2115 0.18 0.12 9.4
2130 0.25 0.16 13.1
2145 0.42 0.28 222
2160 0.45 0.30 239
2175 0.48 0.32 25.7
2235 0.52 0.34 276
2415 0.55 0.37 29.5
2640 0.59 0.39 314
2880 0.63 0.42 334
3390 0.67 0.44 355
3465 0.63 0.42 334
3735 0.59 0.39 314
3780 0.55 0.37 29.5
3795 0.52 0.34 27.6
3810 0.48 0.32 25.7
3825 0.45 0.30 239
3855 0.42 0.28 222
3870 0.38 0.26 20.5
3885 0.35 0.24 18.9
3900 0.33 0.22 17.4
3920 0.30 0.20 15.9
3960 0.27 0.18 14.4
3990 0.25 0.16 13.1
4035 0.22 0.15 11.8
4080 0.20 0.13 10.5
4110 0.18 0.12 9.4
4140 0.15 0.10 8.2
4200 0.13 0.09 7.2
4260 0.12 0.08 6.2
4290 0.10 0.07 53
4380 0.08 0.06 44
4440 0.07 0.05 3.7

4650 0.06 0.04 29

N
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Table I-3. Runoff hydrograph at the plot downstream end for irrigation number 2.

Time Discharge Discharge Discharge
s) Ls)  (@Cm's) (mmh’)

1440 0.00 0.00 0.0
1455 0.08 0.06 44
1470 0.25 0.16 13.1
1485 0.35 0.24 18.9
1500 0.38 0.26 20.5
1530 0.42 0.28 222
1570 0.45 0.30 239
1605 0.48 0.32 25.7
1650 0.52 0.34 27.6
1740 0.55 0.37 295
1860 0.59 0.39 314
2160 0.63 0.42 334
3600 0.63 0.42 334
3930 0.59 0.39 314
3975 0.55 0.37 29.5
4005 0.52 0.34 27.6
4020 0.48 0.32 25.7
4035 0.45 0.30 23.9
4065 0.42 0.28 22.2
4095 0.38 0.26 20.5
4125 0.35 0.24 18.9
4140 0.33 0.22 17.4
4170 0.30 0.20 15.9
4215 0.27 0.18 14.4
4245 0.25 0.16 13.1
4275 0.22 0.15 11.8
4320 0.20 0.13 10.5
4365 0.18 0.12 9.4
4425 0.15 0.10 8.2
4500 0.13 0.09 7.2
4575 0.12 0.08 6.2
4635 0.10 0.07 5.3
4740 0.08 0.06 4.4

5520 0.04 0.03 2.3
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Table [-4. [rrigation front advance versus time for irrigation number 1.

Distance Time
(m) (s)

0 0
5 150
10 315
15 525
20 700
25 960
30 1200
35 1410
40 1770
45 2070

Table [-5. Irrigation front advance versus time for irrigation number 2.

Distance Time
(m) (s)
0 0
5 [50
10 270
15 405
20 540
25 750
30 900
35 1050
40 1215

45 1440
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Table I-5. Water depth and temperature at equilibrium at selected location for irrigation

number 1.
Location along the plot

Im ISm 30 m 44 m

34 11.9 2.1 10.1

Wl\;’t"e‘fé"e‘t’h 9.4 6.4 3.8 40

( mm‘;p 13.7 8.5 20.7 6.4

13.7 9.1 30.5 11.9

Average depth (mm)  10.1 9.0 15.5 8.1
Temperature (°C) 25.0 26.5 30.0 32.0

Table [-6. Water depth and temperature at equilibrium at selected location for irrigation

number 2.
Location along the plot

I m I5m 30m 44 m

4.9 10.4 1.8 98

»;\:;f(‘i‘ffh 7.9 13.4 3.4 6.1

(mm)p 14.6 6.4 19.5 2.7

11.9 5.5 26.8 10.1

Average depth (mm) 9.8 8.9 12.9 7.2
Temperature (°C) 25.0 26.5 28.0 28.5
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APPENDIX J: COMPUTER PROGRAMS

Computer programs were written in Fortran 90. Surfan is a computer program
designed to analyze the elevation files and compute the values of the three experimental
functions used to describe the microtopography of the surface samples. The program
analyzes sequentially the elevation files from the field experiment (£_fieldl.dat and

E field2.dat) and the laboratory artificial surfaces (EsurfacelD_sandID.dat).

program surfan

' This program performs the analysis of elevation files. The elevation
data are read into a 2-D array. The following analyses are then
performed:

1) Surface trend removal (fit a plane equation and subtract)
2) Variogram computation and model fitting (Markov Gaussian)
3) Mean abosolute difference analysis (Linden & Van Doren)

! 4) Power spectrum computation and power model fitting
Surface storage analysis (and model fitting?)

w 3

Last modification: 3 July 2000
use numerical libraries

implicit none

integer, parameter :: maxlag = 800
integer, parameter :: window = 60
integer, parameter :: freqlag = 500
real, parameter :: pi = 3.14159265358979
character(12) :: efilename
character(23) :: frase

character(4) :: num

character(16) :: outfile

integer :: nx

integer :: ny

integer :: nobs

integer :: filenum

integer :: filerr

integer :: event

integer :: i, j, k

integer :: pos



integer, allocatable :: series(:)
real, allocatable :: elev(:,:)
real, allocatable :: row(:)
real, allocatable :: longy(:)
real, allocatable :: coord(:, :)
real, allocatable :: vrg(:,:)
real, allocatable :: cov(:,:)
real, allocatable :: mad(:, :)
real, allocatable :: psd(:,:)
real :: b(1:3)

real :: meanvrg(0:maxlag)

real :: stdvrg(0:maxlag)

real :: meancov (0:maxlag)

real :: stdcov(0:maxlag)

real :: meanmad(0:maxlag)

real :: stdmad(0:maxlag)

real :: meanpsd(0:freqlag)

real :: stdpsd(0:freglag)
real :: mean

real :: std
real :: limict
real :: sst
real :: sse
real :: wvall
real :: wval2
real :: val3
real :: vals
real :: omega
real :: Kw

do filenum = 1, 23
! Select elevation file

select case (filenum)

case (1)

efilename = 'E_fieldl.dat’
case (2)

efilename = 'E_field2.dat’
case (3)

efilename = 'El_oO2.dat’
case (4)

efilename = 'E1_05.dat’
case (5)

efilename = 'El_1l0.dat’
case (6)

efilename = 'E1_15.dat’
case (7)

efilename = 'E1l_30.dat’
case (8)

efilename = 'E2_05.dat’
case (9)

efilename = 'E2_l0.dat’
case (10)



case

case

case

case

case

case

case

case

case

case

case

case

case

efilename
(11)
efilename
(12)
efilename
(13)
efilename
(14)
efilename
(15)
efilename
(16)
efilename
(17)
efilename
(18)
efilename
(19)
efilename
(20)
efilename
(21)
efilename
(22)
efilename
(23)
efilename

end select

! Open selected file. Check for errors

write
write

open

if (filerr /= 0)

{*,*)

file

end i

(*,*)

(*,*)

[}

[}

[}

'E2_15
'E2_30
'E3_05
'E3_10
'E3_15
'E3_30
'E4_05
'E4_10
'E4_15
'"E4_30
'ES_05
'ES_10
'E5_15

'ES_30

'Processing file °',

(1, file=efilename,

write

", efilename

stop
f

then
"Iostat reported error number ",

.dat'

.dat’

.dat’

.dat'

.dat’

.dat'

.dat'

.dat"’

.dat'

.dat'

.dat'

.dat’

.dat'

.dat’

status='old’,

efilename

action='read',

! Find array dimension and allocate arrays

read (1,*); read (1,*); read (1,=*);
read (1,*); read (1,*); read (1,*);
read (1,'(a23,i6,all,i6)') frase, nx,
nobs = nx*ny

allocate (elev(l:ny,1l:nx), row(l:nx),

coord(1l:nobs,2))

frase,

series(l:nx),

read (1,*);
read (1,*);

ny

filerr,

read (1,*)
read (1,*)

! Read file one profile at a time. Check for errors

iostat=filerr)

" opening

longy (1l:ncbs),
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write (*,=*) 'Check for erros and remove outliers’
write (=*,*)

do i=1, ny
read (1,'(1x,10000i5)', iostat=event) (series(j), j=1, nx)
if (event > 0) then
write (*,*) "Iostat reported error number ", event, "
reading from file", &
efilename
stop
end if

Convert integer numbers to real numbers. Find and remove outliers
row = real(series)
mean = sum{row)/real (nx)
std = sqrt(sum((row-mean)**2.0)/real(nx-1))
limit = 3.0*std

! Find and remove outliers at the beginning of the profile

if (abs(mean-row(1l)) >= limit) then

k =1
do
if (abs{mean-row(l+k)) < limit) exit
k = k+1
end do
row(l:k) = row(l+k)
end if

! Find and remove outliers at the end of the profile

if (abs(mean-row(nx)) »>= limit) then

k =1

do
if (abs{mean-row(nx-k)) < limit) exit
k = k+1

end do

row(nx-k+1l:nx) = row(nx-k)

end if

Find and remove outliers within the profile

pos =1
do
k=1
if (abs(mean-row({(pos+k)) >= limit) then
k=2
do

if (abs(mean-row(pos+k)) < limit) exit
k = k+1
end do
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do j=1, k-1
row(pos+j) = row(pos)+(row(pos+k) -
row(pos)) *real (j) /real (k)
end do
end if
pos = pos+k
if (pos == nx) exit
end do

! Save values without outliers in the array

elev(i,:) = row
longy ((i-1) *nx+1: (i*nx)) = row

end do
Get coordinate array to fit the plane to the data in longy

write (*,*) 'Fit best squares plane and subtract from data‘
write (*,*)

do i=1, ny
do j=1, nx
coord( (i-1) *nx+j,1)
coord( (i-1) *nx+j,2)
end do
end do

real(j)
real (i)

close (1)
! Fit plane to surface
call rlse(nobs, longy, 2, coord, nobs, 1, b, sst, sse)
! Subtract plane from measured surface. This will correct for any
improper
! leveling of the sample at the time of scan
longy = longy-(b(1)+b(2)*coord(:,1)+b(3)*coord(:,2))
do i=1, ny
elev(i,:) = longy((i-1)*nx+1l:1i*nx)

end do

! Convert values from hunderdths of mm to milimeters. Add a constant to
! adjust all the data sets to a common reference plane

elev = (elev/100.0)+100.0

! Create a file with the corrected elevation values. Profiles are stored
! in columns!!

write (num,'(i4)') filenum
outfile = ‘'surf'//trim(adjustl{num))//'.txt’



write (*,*) 'Create output file containing corrected elevation values:
', outfile

write (*,*)

open (2, file=outfile, status='new')

write (2,'(al9,al2)') 'Derived from file: ', efilename

write (2,'(a68)') 'Least squares plane has been subtracted and a
constant (100mm) added'

write (2,'(a47)') 'Profiles are in columns. Values are milimeters.'

write (2,*)
do i=1, nx
write (2,'(1000£f8.2)') (elev(j,i), j=1, ny)
end do
close (2)

! Compute profile statistics: variogram, autocovariance function and
! mean absolute elevation difference. Lag values will vary between 1 and
! 'maxlag’ mm.

allocate (vrg(l:ny,0O:maxlag), cov(l:ny,0:maxlag), mad(l:ny,0:maxlaqg),
psd{1l:ny,0:freqlag))

write (*,*) 'Compute variogram, autocovariance and mean absolute
elevation difference*
write (*,*)

do i=1, ny
mean = sum(elev(i,:))/nx
do j=0,maxlag
vall = 0.0; val2 = 0.0; val3 = 0.0
do k=1, nx-j

vall = vall+(elev(i,k)-elev(i,k+j))**2.0
val2 = val2+(elev(i,k)-mean)*(elev(i,k+j)-mean)
val3 = val3+abs(elev(i,k)-elev(i,k+j))

end do

vrg(i,j) = 0.5*valli/real (nx-j)
cov(i,j) val2/real (nx-j-1)
mad (i, Jj) val3/real (nx-j)

end do
end do

! Compute the power spectral density from the autocovariance values
! Spectrum is smoothed using a Parzen window (Hearn & Metcalfe, 1995;
! pgl23)

write {(*,*) 'Compute power spectral density’
write (*,*)

do i=1, ny
omega = 0.0
do j=0, freqlag



valsa = 0.0
do k=1, window-1
kw = real (k) /real (window)
if (k <= window/2) then
vald = val4+(1.0-
6.0*kw**2 . 0+6.0*kw**3_.0) *cov (i, k) *cos (omega*real (k))
else
vald = val4+2.0*(1.0-
kw) **3*cov (i, k) *cos (omega*real (k))
end if
end do
psd(i,j) = (cov(i,0)+2*val4)/pi
omega = omega+pi/real (freqlag)
end do
end do

! Compute ensamble averages for the variogram, the mean absolute
! elevation difference, and the power spectral density values

do i=0, maxlag

meanvrg (i) = sum(vrg(:,i))/real(ny)

stdvrg(i) = sqgrt{sum((vrg(:,i)-meanvrg(i))+**2.0)/real(ny-1))

meancov (i) = sum(cov(:,1i))/real(ny)

stdcov (i) = sqrt(sum((cov(:,1i)-meancov(i))**2.0)/real(ny-1))

meanmad (i) = sum(mad(:,1i))/real (ny)

stdmad (i) = sqrt(sum((mad(:,1i)-meanmad(i))**2.0)/real(ny-1))
end do

do i=0, freqlag

meanpsd (i) = sum(psd(:,i))/real(ny)

stdpsd (i) = sgrt(sum((psd(:,1i)-meanpsd(i))**2.0)/real(ny-1))
end do

! Create a file containing the ensamble averages just computed

outfile = ‘'ensb'//trim(adjustl(num))//'.txt"'
write (*,*) 'Create output file containing ensamble averages: ', outfile
write (*,*); write (*,*); write (*,*)

open (2, file=outfile, status='new')

write (2,'(al9,al2)') 'Derived from file: ', efilename

write (2, *)

write (2,'(a6,3(3x,a8,2x,a7))') 'Record', 'Mean Vrg', 'Std Vrg', 'Mean
Cov', &

'Std Cov', 'Mean Mad', 'Std Mad:'

write (2,'(aS,2(6x,aS,4x,as5),7x,a4,5x,a4)"') '(Lag)', '(mm2)°',' (mm2)"',
'{mm2) ', &

"(mm2) ', ' (mm)', *{mm)’

do i=0, maxlag

write (2,'(2x,1i4,x,8{2x,£8.2))*') i, meanvrg(i), stdvrg(i),
meancov (i), stdcov(i), &

meanmad (i), stdmad(i)
end do



write (2,*)
write (2,'(a6,3x,a8,2x,a7)') 'Freque', 'Mean Psd’', 'Std Psd'
write (2,'(a9,2x,al2)') '(Rad/del)', ' {(mm2del/rad)’

omega = 0.0
do i=0, freqlag

write (2,'(f8.4,x,£8.2,2x,£8.2)') omega, meanpsd(i), stdpsd(i)
omega = omega+pi/real (freqlag)

end do

close (2)

deallocate(elev, longy, row, series, coord, vrg, cov, mad, psd)
end do

end program surfan
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Program diffusion was written to simulate surface irrigation events using the
diffusion wave approximation to the Saint Venant equations using a constant Manning
roughness coefficient. Infiltration is computed using the Green-Ampt model. A single
input file provides the following information: plot length, plot width, slope, Manning
coefficient, hydraulic conductivity at field saturation, capillary suction at the wetting
front, soil porosity, initial soil water content (volumetric), constant irrigation inflow rate,
duration of irrigation, duration of simulation, number of segments in which the plot is
divided. and the value of the courant parameter. Three output files are generated: one
shows the computed runoff rate at the downstream end of the plot, the second presents
the advance of the simulated irrigation front with respect to time, and the last one shows a

simulated depth profile at the time the simulated irrigation reaches the end of the plot.

program diffusion
implicit none

real, allocatable :: fr(:,:), fv(:,:), tp(:), tprime(:)
real, allocatable :: h(:,:), qf:,:)
real :: len, wid, sO0, cmn, ks, sav, por, smx, si, qr, tr

real :: rr, ns, y, fy, dfy, dy, alf, cel
real :: heq, veq, hgu, fh, dfh, dh, courant

real :: ts, dx, dt, t, sf, infi, tol, x, cumf, infdt, flrate

real :: va, vb, vc, vr, vs, ca, cb, cc, cr, cs, yr, ys, cn, cp, sfs, sfr
integer :: i, n, ntr, nt, kk, iprint, j, nr, flagl

open(1l, file = 'dif2.txt', status = 'old')

open{2, file = 'dif2.out', status = ‘replace')

open(3, file = 'time2.out', status = 'replace’)

open(4, file = 'prof2.out', status = 'replace’)

read(1,*) len, wid, s0, cmn

read (1, *) ks, sav, smx, si
read(1,*) gqr, tr, ts, ntr, courant
close (1)

iprint = 50
kk = 1
flagl = 0



ks = ks/3600000.0
sav = sav/1000.0

qr = qr/wid/1000.0
ns = sav*(smx-si)
ts = ts*60.0

! TIME STEP AND DISTANCE INTERVAL

len = 2.0*len

ntr = 2*ntr

dx len/real (ntr)
alf = sgrt(s0)/cmn

heq = (qr/alf)**0.6

veq = alf*heq**(2.0/3.0)
cel = sqgrt(heg*9.81)

dt = courant*dx/ (veg+cel)
nt = int(ts/dt)

nr = int(tr/dt)
allocate (fr(0:ntr,0:nt), £fv(0:ntr,0:nt), tp(0:ntr),
allocate (h{(0:ntr,0:nt), q{(0:ntr,0:nt))

fr = 0.0; fv = 0.0
h=0.0; g= 0.0
gq(0,0) = qr

h(0,0) = (gr/alf)**0.6
t = dt

tp = 0.0

tprime =
n =20

]
o
o

write(2,'()"')
write(2,'(2x,a4,5x,a6)') "Time", "q down"
write(2,'(2x,as,5x,a7)') "(min)", "(1/m/s)"

tprime (0:ntr))

write(2,'(1x,£7.2,4x,5f7.4)"') t/60.0, g(ntr/2,n)*1000.0

! INITIATE COMPUTATION OF DEPTH USING ITERATIVE PROCEDURE

do n=1, nt

t

! COMPUTE INFILTRATION USING GREEN-AMPT METHOD

1
tecl = 0.000001
do i=1, ntr

if (tp(i) <= 0.0) then
fv(i,n) = fv(i,n-1)
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else
x = ks*(t-tp(i)+tprime(i))/ns
Yy = (2.0%*x)**0.5
do
fy = y-alog(l.+y)-x
dfy = y/(1.+y)
dy = fy/dfy
y = y-dy
if (abs(dy/y) <= tol) exit
end do
fv(i,n) = y*ns
if (fv(i,n) <= fv(i,n-1)) fv(i,n) = fv{i,n-1)
end if
end do
fr(:,n) = (fv(:,n) - fv(:,n-1))/dt

! UPSTREAM BOUNDARY CONDITION

if (¢t <= tr) then
g(o,n) = gr
h(o,n) = (qr/alf)**(3./5.)
else
g(o,n) 0.0
cb = sqrt(9.81*h(1,n-1))
cc = sqrt(9.81*h(0,n-1))
if (h{1,n-1) <= 0.0) then
vb = 0.0

i

else
vb = gq{(1,n-1)/h(1,n-1)
end if
if (h(0,n-1) <= 0.0) then
ve = 0.0
else
ve = q(0,n-1)/h(0,n-1)
end if
vs (ve- dt/dx *(cb*vc-cc*vb))/(1.0- dt/dx *(vc-vb-cc+cb))
cs (cc + vs * dt/dx * (cc-cb)) / (1.0 + dt/dx * (cc-cb))
ys h(0o,n-1) + dt/dx * (vs-cs) * (h(0,n-1)-h(1,n-1))
if (ys <= 0.0) then
ys = 0.0
sfs = s0
cn = 0.0
h(0,n) = 0.0

—~ N

else
sfs = cnn**2.0 * vs*abs(vs) / (ys**1.3333)
cn = vs - 9.81*ys/cs + 9.81*(s0-sfs)*dt
h(o,n) = cs*((cn**2.0 + 4.0*q(0,n)*cs)**0.5-cn) /
(2.0*9.81)
end if
end if



ca))

if (h(

1,n-1) <= 0.0) h(0,n) = h(0,n-1)

DOWNSTREAM END

y = h
do

end do

h{ntr,
g{ntr,

ntr,n-1)

ca = sqrt(9.81*h(ntr-1,n-1))
if (h(ntr-1,n-1) <= 0.0) then

va = 0.0
else
va = q(ntr-1,n-1)/h(ntr-1,n-1)
if (h(ntr,n-1) <= 0.0) then
h(ntr,n-1) = 1E-15
g(ntr,n-1) = alf * h(ntr,n-1)*+*(5./3.)
y = lE-lS
end if
end if
if (h(ntr,n-1) <= 0.0) then
ve = 0.0
cc = 0.0
else
ve = q(ntr,n-1)/h{(ntr,n-1)
cc = sqrt(9.81*h(ntr,n-1))
end if
vr = (vec - dt/dx * (ca*vc-cc*va))/ (1.0 + dt/dx * (vc-va+cc-
cr (cc-vr * dt/dx *(cc-ca))/ (1.0 + dt/dx * (cc-ca))

if (yr <= 0.0) then
yr = 0.0
sfr = 0.0
sfr = 0.0
cp = 0.0
y = 0.0
exit
else
sfr = cmn**2 *vr*abs(vr)/ (yr**1.3333)
cp = vr + 9.81*yr/cr + 9.81*(s0-sfr)*dt
fy = ¢cp - 9.81*y/cr - alf*y**2/3
dfy = -9.81/cr - (2.0/3.0)*alf/(y**0.3333)
dy = fy/dfy
Y = y-dy
if (y <= 0.0) then
y = 0.0
exit
end if
if (abs(dy/y) <= 0.00001) exit
end if
n) =y

n) alf*y**(S5./3.)

yr = hintr,n-1) - dt/dx * (vr+cr)*(h(ntr,n-1)-h(ntr-1,n-1))
(



! INTERNAL NODES USING LAX SCHEME

do i=1, ntr-1
h(i,n) = 0.5*(h(i-1,n-1)+h(i+1,n-1)) - 0.5* dt/dx *(q(i+l,n-
1)-q(i-1,n-1)) &
- 0.5*dt*(fr(i,n-1)+fr(i,n))
if (h(i,n) <= 0.0) h{(i,n) = 0.0

if (tp(i) <= 0.0 .and. h(i,n) > 0.0) then

tprime(i) = (fv(i,n-1) - ns*alog(l1.0+fv(i,n-1)/ns))/ks
x = ks*(tprime (i) +dx) /ns

y = (2.0%*x)**0.5

do

fy = y-log(l+y)-x
dfy = y/(1+y)

dy = fy/dfy

y = y-dy

if (abs(dy/y) <= tol] exit
end do

cumf = y*ns

flrate = alf*h(i,n)**(5./3.)

infdt = min(flrate, (cumf-£fv(i,n-1))/dt)
fv(i,n) = fv(i,n-1) + infdt~dt

fr(i,n) = infdt
h(i,n) = ((flrate - infdt)/alf)=**(3./5.)
if (h(i,n) <= 0.90) then
h(i,n) = 0.0
else
tp(i) = ¢
end if
end if

end do
do i=1, ntr-1
sf = s0 - 0.5*(h(i+l,n)-h(i-1,n))/dx
if (sf <= 0.0) then
ql{i,n) = -h(i,n)**(5./3.) * (-sf}**0.5 / cmn
else
q(i,n) = h(i,n)**(5./3.) * sf**0.5 / cmn
end if
end do

! WRITE RESULTS TO OUTPUT FILE

if (kk == iprint) then
write(2, ' (1ix,£f7.2,4x,5£7.4)') t/60.0, g(ntr/2,n)*1000.0
kk = 1
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else
kk = kk+1
end if

t = t+dt

! WHEN WATER REACHES 45M GET PROFILE IN OUTPUT FILE

if (flagl == 0) then
if (tp(ntr/2-1) > 0.0) then

flagl = 1
write(4,'()"')
write(4, ' (2x,a8,3x,all)') "Distance", "Water Depth"
write(4, ' (2x,a8,2x,al13)') "(meters)”, "(millimeters)"
do i=0, ntr/2
write(4, '(3x,£7.3,6x,5£7.2) ') real (i) *dx,
1000.0*h(i,n)
end do
close(4)
end if
end if
end do
close(2)
write(3,'()")
write (3, '({2x,a8,3x,al2,3x,all)') "Distance", "Time advance", "Water
Depth"
write (3, ' (2x,a8,5x,a9,2x,al3)"') "(meters)", "(minutes)", "(millimeters)"

de i=0, ntr/2
write(3,'(3x,£7.3,6x,5€£7.2)"') real(i)*dx, tpl(i)/60.0,
1000.0*h{i,nr)
end do
close (3)

end program diffusion
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Program diffusion2 is similar to program diffusion, but considers variable hydraulic
roughness coefficients at different locations along the plot, as well as changes in
roughness coefficients with time. Instead of the Manning coefficient value, the input file
provides an estimate of the diameter of the particles on the soil surface. A second input
file is required. The second input file provides the n-matrix generated by the neural
network algorithm. The n-matrix has been generated based on previously defined surface

configuration parameters and bed slope.

program diffusion2
implicit none

real :: sand

real, allocatable :: fr(:,:), fv(:,:), tp(:), tprime(:)
real, allocatable :: h(:,:), q(:,:), mancoef(:}, alf(:)
real :: len, wid, s0, ks, sav, por, smx, gr, tr, si

real :: rx, ns, y, fy, dfy, dy, alfQ, cel
real :: heq, veq, hgu, fh, dfh, dh, courant

real :: ts, dx, dt, t, sf, infi, tol, x, cumf, infdt, flrate
real :: va, vb, ve, vr, vs, ca, cb, cc, cr, cs, yr, ys, cn, cp, sfs, sfr
real :: temp, visc, rey
integer :: i, n, ntr, nt, j, ntout, nadv, kk
integer :: iprint, nr, nsand, nrey, flagl
real :: manning(l:14,1:27), mann{(l1:27)
open(l, file = 'inp2.txt', status = 'old')
open(2, file = 'multi2.out', status = 'replace')
open(3, file = 'multime2.out', status = 'replace’')
open(4, file = 'cmn2.txt',6 status = 'old')
open(5, file = ‘multpro2.out', status = 'replace’)
do i=1, 14
read(4,*) (manning(i,j), j=1, 27)
end do
close (4)

read(1l,*) len, wid, s0, sand
read(1l,*) ks, sav, smx, Ssi

read (1, *) gr, tr, ts, ntrx, courant
close (1)

nsand = int(sand/0.25)
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if (nsand < 1) nsand = 1
if (nsand > 14) nsand = 14

do i=1, 27
if (nsand < 14) then
mann(i) = manning(nsand,i) + (sand - 0.25*real(nsand)) * &
(manning(nsand+1,i) - manning(nsand,i))/0.25
else
mann{i) = manning(nsand,i)
end if
end do
flagl = 0

ks = ks/3600000.0
sav = sav/1000.0
qr qr/wid/1000.0
ns = savr(smx-si)
ts = ts*60.0

temp = 28.0

iprint = 50

kk = 1

! TIME STEP AND DISTANCE INTERVAL

len = 2.0*len

ntr = 2*ntr

dx = len/real (ntr)
alfo = sqrt(s0)/0.02

heq = (gqr/alfo)**0.6
veq = alfo*heq**(2.0/3.0)
cel = sqrt(heqg*9.81)
dt = courant*dx/(veqg+cel)

nt int (ts/dt)
nr = int(cr/dt)
allocate (fr(0:ntr,0:nt), fv(0:ntr,0:nt), tp(0:ntr), tprime(0:ntr))
allocate (h(O:ntr,0:nt), gq(0:ntr,0:nt), mancoef (0:ntr), alf(0:ntr))

nsand = int(sand/0.25)
if (nsand < 1) nsand = 1
if (nsand > 14) nsand = 14

do 1i=1, 27
if (nsand < 14) then
mann(i) = manning(nsand,i) + (sand - 0.25*real(nsand)) * &
(manning (nsand+1,1i) - manning(nsand,i))/0.25
else
mann(i) = manning(nsand, i)
end if
end do
mancoef 0.0

alf = 0.0



fr = 0.0; £v = 0.0

h=0.0; g= 0.0

q{0,0) = gr

rey = 4.0*q(0,0)/visc(temp)

nsand = int(sand/0.25)
if (nsand < 1) nsand = 1
if (nsand > 14) nsand = 14
do i=1, 27

if (nsand < 14) then

mann(i) = manning(nsand,i) + (sand - 0.25*real (nsand))
(manning (nsand+1,i) - manning(nsand,i))/0.25
else
mann (i) = manning(nsand, i)
end if
end do
mancoef = 0.0
alf = 0.0
alf(0) = sqrt(s0)}) / mancoef (0)
h(0,0) = (gr/alf(Q))**0.6
t = dt
tp = 0.0
tprime = 0.0
write(2,' () ")
write (2, '(2x,a4,5x,aé6)'}) "Time", "q down"
write(2,'{2x,as,35x,a7})') "{(min)", "(1/m/s}"
write(2,'(1x,£7.2,4x,5£7.4)') t/60.0, g(ntr/2,n)*1000.0

INITIATE COMPUTATION OF DEPTH USING ITERATIVE PROCEDURE

do n=1, nt

! GET VALUE OF ROUGHNESS COEFFICIENT FOR EACH NODE, BASED ON
! REYNOLDS NUMBER AT PREVIOUS TIME STEP

do i=0, ntr
rey = 4.0*q(i,n-1)/visc{temp)
if (rey < 50.0) rey = 50.0
if (rey > 1350.0) rey = 1350.0
nrey = int(rey/50.0)
if (nrey < 27) then
mancoef (i) = mann{nrey)+(rey-
50.0*real (nrey)) * (mann(nrey+1) -mann(nrey)) /50.0
else
mancoef (i) = mann(nrey)
end if
end do
alf = sqrt(s0) / mancoef

*
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COMPUTE INFILTRATION USING GREEN-AMPT METHOD

tol = 0.000001

do i=1, ntr
if (ep(i) <= 0.0) then

fv(i,n) = fv{(i,n-1)
else
x = ks*(t-tp(i)+tprime(i))/ns
y = (2.0*x)**0.5
do
fy = y-alog(l.+y)-x
dfy = y/(1.+y)
dy = fy/dfy
Yy = y-dy
if (abs{dy/y) <= tol) exit
end do
fv(i,n) = y*ns
if (fv(i,n) <= fv(i,n-1)) £fv(i,n) = fv(i,n-1)
end if
end do
fr(:,n) = (fv(:,n) - fv(:,n-1))/dt

UPSTREAM BOUNDARY CONDITION

if (t <= tr) then
q(0,n) qr
h(o,n) (qr/alf(0))**(3./5.)

o

else
g(o,n) = 0.0
cb = sqre(9.81*h(i,n-1))
cc = sqrt(9.81*h(0,n-1))
if (h{(1,n-1) <= 0.0) then

vb = 0.0
else
vb = gq(1,n-1)/h(1,n-1)
end if
if (h(0,n-1) <= 0.0} then
ve = 0.0
else
ve = q{(0,n-1)/h(0,n-1)
end if
vs = (vc- dt/dx *(cb*vc-cc*vb))/(1.0- dt/dx *(vc-vb-cc+cb))

cs = (ce + vs * de/dx * (cc-cb)) / (1.0 + dt/dx * (cc-cb))

ys = h(0,n-1}) + dt/dx * (vs-cs) * (h(0,n-1)-h(1,n-1))
if (ys <= 0.0) then

ys = 0.0

sfs = s0

cn = 0.0



h(0,n) = 0.0

(2.0*9.81)

ca)l)

else
sfs = mancoef (1) **2.0 * vs*abs(vs) / (ys**1.3333)
cn = vs - 9.81l*ys/cs + 9.81*(s0-sfs)*dt
h(0,n) = cs*((cn**2.0 + 4.0*q(0,n)*cs)**0.5-cn} /
end if
end if

if (h{l,n-1) <= 0.0) h(0,a) = h(0,n-1)

DOWNSTREAM END

y = h(ntr,n-1)

do
ca = sqgrt(9.81*h(ntr-1,n-1))
if (h(ntr-1,n-1) <= 0.0) then

va = 0.0
else
va = q(ntr-1,n-1)/h(ntr-1,n-1)
if (h(ntr,n-1) <= 0.0) then
h(ntr,n-1) = 1lE-15
q(ntr,n-1) = alf(ntr) * h(ntr,n-1)**(5./3.)
Y = 1E-15
end if
end if
if (h(ntr,n-1) <= 0.0) then
ve = 0.0
cc = 0.0
else
ve = g{ntr,n-1)/h(ntr,n-1)
cc = sqrt(9.81*h(ntr,n-1})
end if
vr = {(vec - dt/dx * (ca*vc-cc*va))/ (1.0 + dt/dx * (vc-va+cc-

cr = {(cc-vr * dt/dx *(cc-ca))/ (1.0 + dt/dx * (cc-ca))
yr = h(ntr,n-1) - dt/dx * (vr+cr)*(h{(ntr,n-1)-h(ntr-1,n-1))
if (yr <= 0.0) then
yr = 0.0
sfr = 0.0
sfr = 0.0
cp = 0.0
y = 0.0
exit
else
sfr = manccef (ntr-1)**2 *vr*abs(vr)/(yr**1.3333)
cp vr + 9.81*yr/cr + 9.81l*(s0-sfr)*dt
fy cp - 9.81*y/cr - dlf(ntr-1)*y**2/3
dfy = -9.81/cr - (2.0/3.0)*alf(ntr-1)/(y**0.3333)
dy = fy/dfy
Yy = y-dy
if (y <= 0.0) then



y = 0.0
exit
end if
if (abs(dy/y) <= 0.00001) exit
end if
end do
h(ntr,n) = vy
gintr,n) = alf(ntr)*y**(5./3.)

! INTERNAL NODES USING LAX SCHEME

de i=1, ntr-1

h(i,n) = 0.5*(h(i-1,n-1)+h(i+1,n-1)) - 0.5* dt/dx *(q(i+l,n-
1) -q(i-1,n-1)) &
- 0.5*dt*(fr(i,n-1)+fr(i,n))

if (h(i,n) <= 0.0) h(i,n) = 0.0

if (tp(i) <= 0.0 .and. h{(i,n) > 0.0) then
tprime(i) = (fv(i,n-1) - ns*alog(l.0+fv(i,n-1)/ns))/ks
x = ks*(tprime(i)+dx)/ns
Yy = (2.0*x)**0.5

do

fy = y-log(l+y) -x

dfy = y/ (1+y)

Y = y-dy

if (abs(dy/y) <= tol) exit
end do

cumf = y*ns
flrate = alf(i)*h(i,n)**(5./3.)
infdt = min(flrate, (cumf-£fv(i,n-1))/dt)

fv(i,n) = fv(i,n-1) + infdt+*dt
fr(i,n) = infdt
h(i,n) = ((flrate - infdt)/alf(i))**(3./5.)

if (h(i,n) <= 0.0) then
h(i,n) = 0.0
else
tp(i) =t
end if
end if

end do
do i=1, ntr-1
sf = s0 - 0.5*(h{(i+l,n)-h(i-~1,n))/dx
if (sf <= 0.0) then
g(i,n) = h(i,n)**(5./3.) * s0**0.5 / mancoef (i)

else
g(i,n) = h(i,n)**(5./3.) * sf**0.5 / mancoef (i)



end if
end do

! WRITE RESULTS TO OUTPUT FILE

if (kk == iprint) then
write(2,'(1x,£7.2,4x,5€7.4)') t/60.0, g(ntr/2,n)*1000.0
kk = 1

else
kk = kk+1

end if

t = t+dt

! WHEN WATER REACHES 45M GET PROFILE IN OUTPUT FILE

if (flagl == 0) then
if (tp(ntr/2-1) > 0.0) then
flagl =1
write (S, ' ()"')
write(5,'(2x,a8,3x,all)') "Distance", "Water Depth"
write(S, ' (2x,a8,2x,al3)"') "(meters)", "(millimeters)"

do i=0, ntr/2
write(S, '(3x,£7.3,6x,5£7.2)') real (i) *dx,
1000.0*h(i,n)

end do
close (5)
end if
end if
end do
close(2)
write(3,'()")
write(3, ' (2x,a8,3x,al2,3x,all)') "Distance", "Time advance", "Water

Depth"
write (3, '(2x,a8,5x,a9,2x,al3)') "(meters)", "(minutes)", "(millimeters)"
do i=0, ntr/2

write(3,'(3x,£7.3,6x,5£7.2)') real(i)*dx, tp(i)/60.0,
1000.0*h (i, nr)
end do
close (3)

deallocate(h,q, fr,fv, tp, tprime)
end program diffusion2

function visc(t)
visc = 3e-14*t**4 - 9e-12*t**3 4+ Jle-9*t**2 - Se-8*t +2e-6;
end function wvisc
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