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1 Abstract

A hydrologic modelling systembasedon GIS (Geographic Information System)technol-
ogy hasbeenapplied to the island of Sarnta Catalina (CA) to assesghe externt of runo
processesnd to estimate soil erosion. Digital and analogicdata for topography, vegeta-
tion cover, precipitation patterns and soil characteristics have beenassenbled, adapted
and organisedin a distributed databasein ESRI Arc/INF O format. The processing
modulesbasedon AML (Arc Macro Language)scripts were usedfor the semi-automatic
extraction of stream networks from the Digital Elevation Model (DEM) represering
topography, to calculate the rainfall/runo ratios accordingto the SCS(Soil Consena-
tion Service) method, and to estimate soil erosion potential using an adapted version
of RUSLE (Revised Universal Soil Loss Equation). Remote Sensingtechniques of clus-
ter analysis have beenusedto produce a vegetation map, while the extracted channel
networks and related morphometric analysis addressedanalytically the hydrologic char-
acteristics of the island. Attention has beendewted to the conceptual formulation of
the model as a processof sempli cation from the broader geomorphologicalsystem. An
assessmenof model validity is conducted by consideringthe seweral processingstepsin
somedetail from both conceptual and informational perspectives, and RUSLE in par-
ticular is consideredin terms of the risks assaiated with the generalisationof the model

from the designedrange of applicability.



2 Intro duction

Sarta Catalina is the third largestisland of the Channel Islands of California, located
40 miles from Los Angeles (see Figure 1). The extraordinary landscapes of the is-
land provide the contextual framework for the presenceof seweral unique expressionsof
Mediterreneantype ecosystemg3]. Sarta Catalina forms a geographicalcorntinuity with

the other two major Channel Islands Sarta Cruz and Sarta Rosa,comparablein terms
of climate, vegetation type and morphology. This study is certered on the phenomena
of runo and erosionwhich characterise the slopes of Sarta Catalina, exposedto the
impact of oceanicstorms and, in historical times, to grazing. The needfor preciseas-
sessmeh and prediction, in view of the deployment of consenation strategies, required
the implementation of a hydrological model basedon GIS (GeographicInformation Sys-
tem) technology. The characteristics of the island, sud astopography, vegetative cover,

soil and precipitation patterns have beencaptured in a digital format and organisedin

a GIS database,from which processednformation could be extracted. The modelling

system employed here is basedupon the methods taught in [22]. The rst task of the
documernt is to report the processof data preparation, data processingand result anal-
ysis in a structured manner. The secondtask is to expand the information basefrom

the narrow view of the model, by including systematic interpretations of the underlying

geomorphologicprocesses.This step, in turn, will allow to considerthe model itself as
the result of a continuous processof sempli cation and implementation which can be
investigated and criticized.

At the broadest scale,the procedure of model construction is approadied in subse-
guent stagesof knowledge selection, formal de nition, conceptual implementation and
technical implemertation. The documert attempts to considerthe topics in the same
progression. The preliminary formulation of a hillslop e-basedgeomorphologicalsystem
provides a general framework for the following discussions. The model is then articu-
lated and formalised as a propagation of this basesystem. A dual view of the model,
conceptual and informational, is used, is usedimplicitly in the attempt of monitoring

instances of data degradation, visualising the e ort of model construction, and inter-



Figure 1: Location map of Sarta Catalina Island (CA). Sources:(1) SmallWorld DEM
Set, Questar Productions, (2) LargeWorld DEM Set, Questar Productions, (3) IFF 8-bit
Z-Bu er derived from Catalina DEM, Catalina Consenancy. Scalebars indicative and

not in perspective. Renderedwith World Construction Setv2, Questar Productions.



preting the assumptionsand implications made at ead step. Processingunits and data
units are conceptually and visually separated, while the nature of their interaction is
de ned explicitly. The perspective of the analysis descendsinto single processingunits
to investigate internal structures and intermediate sourcesof mathematical relations, in
the attempt of gaining a minimal depth for linking conceptualassumptionswith techni-
cal implementation. Another objective then is to provide a generalvalidity assessmen

for the results of the model.

3 The hillslop e system

The analysis of Sarta Catalina Island requires a prior understanding of the general
geomorphologicalcontext in which the processesinder study take place. The problem
can be approaded from a variety of scales,but the most suitable choice appearsto
focus the attention at the hillslope level. Sud a framework allows to delineate the
details of the subprocessesccurring at the small scale, integrating at the sametime
se\eral hillslope systemsin a single landscape unit.

At this stage,a rst simplied model results useful in isolating, de ning and relat-
ing the various key attributes of landscape elemerts and hydrologic processeswithin a
common hillslope framework. The base model has the form of a ow model (seedi-
agram 2), becauseit actually describesthe ow of a water particle acrossa seriesof
discrete processeginterception, in ltration, routing) taking place in discrete locations
(atmosphere, vegetation, soil). Qualitativ e statemerts will delineate the internal speci-
cations for ead location, while the hydrologically relevant parametersare isolated and
output to other parts of the model to assesgheir in uence on geomorphic processes.
Attempts of quarti cation oer specic insights into the details of system behavior,
and indicate the available instruments of prediction which can be incorporated in other,
more sophisticated models.

At the hillsope scale of analysis, precipitation can be reducedto the status of an
external input variable. Quantity and intensity of rain are the factors which summarize

its geomorphicin uence [6]. Water is the primary elemer in the hydrologic cycle, and
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Figure 2: The model of the geomorphologicalsystem. Diagram structure conceptfrom

[34].

its uctuation propagatesto the rest of the system modifying its internal functioning
(storage, bu ering, transfer) as well asthe nal outputs. A pulsed versus cortinuous
precipitation input, for example, might cortrol the activation and relative importance
of internal system processes.The preferertial pulsedinput over Catalina, driven by the
approad of discrete oceanic storms, might decreasethe relative importance of storage
processeswith implications on the required model complexity [22].

Interception constitutes the rst linking processbetweenatmosphereand landscape.
It involvesthe subtraction of rainfall water to runo processedy e ectiv e storage on
barks and canopy, and direct evaporation, by which moisture is returned to the atmo-
spherebeforereading the ground [6]. It hastherefore the e ect of reducing the input
totals to the hydrologic system, and of storing the water inputs in local bu ers with the
nal result of retarding and redistributing in time the arrival of water to the ground.
The governing variables of interception are foliage density of topmost canopy and lower
undergrowth layers, while secondaryparametersare leavesform and seasonalariations

in caseof deciduous versus conifer forest cover [6]. Apart from these water balance



aspects, interception has an inluence over erosive processesn the form of changesof
raindrop conceriration and raindrop terminal velocity. A seriesof linear deca relation-
ships betweencanopy cover, height and erosion have been proposed. More speci ¢ low
canopy and high canopy erosionexperiments shaved exponertial deca of erosionin the
former and linear decg in the latter [24].

In ltration is the processby which precipitation enters the soil. The soil acts as
a lter that determinesthe path by which rainwater is discharged from a catchmernt,
sincewater that doesnot in ltrate initiates overland runo, while water that enters the
soil moves much more slovly underground[24. The in Itrated water is subdivided in
SubsurfaceStorm Flow (SSF) reaching the water table, and Saturation ExcessOverland
Flow (SOF), which, after sub-horizortal movemert acrossthe hillslope, emergesagain
at the surfaceby spring sapping. In ltration capacity is de ned asthe maximum ux
of water acrossthe given soil surface(i.e. the maximum throughput of the interface).
The in Itration rate quartifying this moisture transfer processis expressedin units of
depth per unit time, similarly to rainfall intensities. They refer to the depth of a sheet
of water that would soakinto the soil in the chosentime frame [6]. Typical in Itration
curvesshaw a rapid initial in ltration rate which drops quickly to someconstart value.
The factors governing this behavior are the increaseof water cortent in the soil, and the
alteration of the soil structure during a rainfall event. The increasein moisture level
causessaturation of the soil which reducesthe hydraulic gradient near the surface, a
processenhancedby the low permeability of lower soil layers and the accurrulation of
through o w from upslope. Also, changesin the soil surface, such as the reduction of
pore sizesgeneratedby washed-inclays, inhibit further in ltration [8].

The shape of the in ltration capacity curve is in uenced by rainfall intensity and
duration, and most importantly by soil characteristics astexture, structure, depth, pro-
portion of clay minerals, vegetation and land use [8] [6]. Intense precipitation might
pad the soil surface reducing the pore spacesbetween particles, and prolonged rain-
storms may saturate the soil completely. Coarsetextured soils sud as sands, or soils

with high proportions of organic matter, have large poresand a loosestructure for fast
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water drainage (high potential throughput), while clays tend to retard drainage (low po-
tential throughput). The depth of the soil pro le determinesthe actual moisture storage
capacity to which surfacethroughputs are linked, sothat shallow soil pro les developed
in clays may presen limited storageaswell aslow throughput potertial [6]. The initial
soil moisture conditions are determinant in the behavior of soils [8], in that they o -
set the hydraulic conditions to a position more or lesscloseto saturation. Vegetation
protects soil from padking by raindrops and provides organic matter for the formation
of soil aggregateswhich facilitate in Itration. Changesin soil cover consequen to land
use policies, such as grazing or forest removal, may alter dramatically the in Itration
capacity and causesoil erosion[6]. When the through o w capacity of the soil surface
is surpassedby rain intensity, or in caseof soil storagessaturation, overland runo will
be produced on the hillslope. The ow is formed as a sheetor Im of water, but at a
critical distance downslope, when runo has reated the threshold depth, erosion will
be initiated in the form of rills. The actual routing of water over the landscape is de-
termined by topography. Slope angle regulatesthe extent of the downslope componert
of water gravity, and consequetly water velocity, which in turn in uences erosional
processes.High slopesimply high ow velocities and deeprill incisions. Slope aspect
controls the direction of ow, since water particles move along the shortest paths de-
ned by maximum drop. Curvature, the rst derivative of slope, a ects the shape and
spatial variability of the shortest paths of water motion, and according to which axis
is considered(longitudinal or transversal) it is termed plan curvature or prole curva-
ture. The former indicates the corvergenceof ow lines along highest slope directions,
or the divergenceof ow away from ridges or topographic highs, and it is therefore a
cortrol upon channel formation and water routing. The latter considersthe variability
of slope angles,and the consequeh accelerationand decelerationof ow along a single
hillslope pro le. Considering the implication of velocity changesupon energy transfers,
transversal curvature can be usedasa surrogate for the determination of areasof erosion
(acceleration) and deposition (deceleration) [7].

The processof erosionis strongly linked with the hydrologic cycle, but it is worth-
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Figure 3: Roadsideand hillslope gullies, Sarta Catalina Island.

while to considerit in somemore detail. Erosion is a three-stagesprocess:detachmert,
transport and deposition [24]. Detachmernt is causedby rainsplash (the impact of rain-
drops) which induces consolidation and subsequetly disruption and dispersion of soll
particles. Experiments have shown that rainsplash erosion varies with the square of
the instantaneousrainfall intensity. Other detachment factors include weathering (me-
chanical, wetting-drying, frost induced, or biochemical), tillage practice and trampling
of peopleand livestock, wind and running water. In the latter case,detachment occurs
when the resistanceof the particle to motion equalsthe force of the ow. Resistancehas
beenmodelled by the Shieldsnumber using parametersas water and particle densities,
particle sizeand shearvelocity of the ow. Its validity is limited by the exclusionfrom
the formula of additional factors such as rainsplash e ects and cohesion. A more gen-
eral relationship relatesthe rate of detachmert to grain sizesasa parabolic curve, where
the opposite extremesindicate the higher resistanceof respectively clays, characterised
by internal cohesion,and coarse particles, for which the gravitational force becomes
dominant. The transport of soil can be distinguished in areal action processegqsuch
asrainsplash and surfaceruno of "in nite" width (overland runo ), and concerrated
ow processesn channels (from rills to a wide gullies), which also implicitly delineate

the interrill erosionzone (overland water Im runo and rainsplash) [24].
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The erosionalpower is a function of the two main variables of potential energy and
velocity, and alongthe pro le of a hillslope a sequencef areasof accelerationand erosion
can be expected according to their interplay [24]. The sewral factors and models have
beengrouped and represened in synthetic indexes, constituting a sort of intermediate
layer between theory and empirical obsenations. For examples, the index of agert
erosivity is basedon rainfall intensity, which is empirically linked to kinetic energy in
turn usedasa surrogate of splash,overland and rill erosionprocessesSoil erodibility is
similarly expressedn the K index (consideredlater), which expressessoil lossper unit
of rainfall erosivity, which is then again linked to the same basevariable (i.e. rainfall
intensity asa surrogate of kinetic energy) [24]. The use of indexesis advantageousbut
causesa conceptual separation from the underlying processesand a certain degreeof
error in the determination of actual index values when no direct eld obsenation is

available.

4 Mo del structure

4.1 Overview

The conceptualmodel is a structured description that providesa commonunderstanding
of system organisation, behavior and nomenclature [21]. In this section the Catalina
model is presenied in its various data and processingcomponerns. The set of ertities
and relationships consideredat this stage are a subsetof the speci cations of the more
generalhillslope model previously illustrated. The major sempli cation is the limitation
of water routing to direct runo, by which in ltrated water simply exits the systemand
does not cortribute to runo in the form of Saturation-ExcessOverland Flow. The
model does not include the processof storage by the soil, while the dynamicity of the
processef in ltration (such astime dependert variations) is substituted by a static
conceptualisation. The processof model building can be traced in terms of information
ows, data corruption and format corversion. The conceptual characterisation of the

model is therefore accompaniedby the technical speci cations of the data structures,
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Figure 4: Model construction diagram.

and by the analysisof the conversionand processingprocedurescarried out on the data.
The problem of providing a complete distributed parameters database for the ertire
island is solved by di erentiating the units of hydrologic signi cance into independert
data layers. The data structure employed in the model is raster, which therefore de nes
the landscape units as squaregrid cells of uniform size. This is maintained throughout
the model, from the topography, represened by a DEM, to the vegetation, soil and
precipitation layers, converted in preprocessingstageto raster structure.

The diagram in Figure 4 o ers a general schematisation of the processof model

construction. The data componerts are imported in a variety of formats, from surfaces
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to vector coveragesto tabular data. The objective of most of the preprocessingis to
transform the sourcesinto the internal "language" of the processingmodules. The algo-
rithmic componert is basedupon the main RUSLE, SCSRuno and Channel Extraction

modules, plus the corversionatables. They will be illustrated herein sequence.

4.2 RUSLE

RUSLE (Revised Universal Soil Loss Equation) is an empirically derived equation pre-
dicting averageannual erosion. Its governing parameters have beenobtained from the
regressionanalysis of the erosion values registered at more than 10000test sites. It is
therefore an empirical black-box method, composedby subparametersor indexeswhich
are not purely processoriented. RUSLE is alsothe most recent developmert of the older
USLE (Universal Soil Loss Equation), from which di ers in seweral aspects[29].

The main RUSLE equation is so structured:

A=0224 R K L S C P (1)

whereA = the soil lossin %gz R = the rainfall erosivity factor, K = the soil erodibilit y
factor, L = the slope length factor, S = the slope gradiernt factor, C = the cropping
managemem factor and P = the erosioncontrol practice factor. The R factor is based
on the valuesfor the 30 minutes intensity of a storm with high recurrenceinterval (RI).
RUSLE is basedon the extrapolation of this basequartity that becomesrepreserativ e
of the overall rainfall erosivity e ect over the ertire yearly time frame. A correlation has
beentraced betweenthe characteristics of an instant event and the long term erosion,
ewven if they are consisterlly dierent concepts. K determines the inherent tendency
of the soil to erosion, and it constitutes the rate of erosion per unit of erosion index
from a standard plot. When there is not a K number for a given soil type, the value is
obtained by using special nomographsrelating texture to particle size.L and S are the
topographic factors of the model, directly related to water hydrology. Slope length L
indicates the distance betweenthe top of the slope and the areaof deposition or entrance

into a stream channel. It is expressedas a length ratio with the baseexperimental plot
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with the equation

X
2213

wherex is the slope length and m is an exponert that variesfrom 0.2to 0.5, according

L= (5ra)

to the range of slope variation from lessthan 1% to more than 5%. The sampling
was basedmostly on slopesof no more than 9% steepnesspr approximately 6 degrees
[24]. According to [6], the basedata extendsto 20%, or 11 degrees,beyond which the

values are based on extrapolation. An additional subfactor introduced in RUSLE is
the susceptibility of the soil to rill erosionas a function of L. This is not included in

the actual algorithmics of the model, which instead computesthe power function with

exponert valuessimilar, but not identical, to the onesproposedin [15]. Slope gradient

S is the secondtopographic variable usedin RUSLE, and its relationship with erosion
is approximately linear. The weight of S in the overall estimated results is much higher
than the L factor, and a 10% percert variation in slope gives an increasein soil loss
of 20%. The basedata in the caseof L rangesfrom 10 to 400 feet (3 to 120 meters),

beyond which the valuesare extrapolated. It is calculated with the formula illustrated

in [15]

_ 0:43+ 0:30s + 0:0432
B 6:613

where S is the slope gradiert factor and s is the gradiert per cert, which expanded

S

()

becomes

S = 0:065+ 0:045 + 0:00652 A3)

When expressingthe slope in degreess can be consideredasthe percertage version

AB

of tan gz, where AB and BC are respectively the horizontal and vertical componerts

of slope (seeFigure 5). After simple calculationsthe nal equation becomes

S = 0:65+ 4:5tan s+ 65(tans)? (4)
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Figure 5: The de nition of gradiert and implications on RUSLE S factor.

In this case,s is the slope gradient in decimal degrees.The actual implementation
of the S-factor algorithm actually usessin(s) instead of tan(s)[22]. This seemsdue to
the interpretation of gradient asthe di erence in height divided by the oblique distance
(Figure 5), usedby USLE dewelopers. Other instancesof this incorrect interpretation
can be found for examplein [24]. According to the de nition, the gradiert is a vector
expressingthe derivative of a function in that particular direction [1]. In the corntext
of topography, the vector direction is vertical, and therefore the gradiert represerts the
variation in height in relation to the horizontal distance. This is correctly expressed
in the tan(s) interpretation of gradient. Interestingly, the generaltheory linking slope
with erosionstatesthat erosionis proportional to the tangert of slope [24]. It might be
that USLE dewelopersuseda quadratic form of the sin of the slope angle asa surrogate
for this general power relation basedon tan, and the de nition of gradiert has been
"adapted” to this empirical necessiy. In practice the curve behavior at higher slopes
is more realistically de ned with sin, expecially consideringthe asymptotic increaseof
tan. RUSLE is basedon a more linear S ! slope relation, but it hasnot beenpossible

to know which onein particular [29]. In any case,the model here implemented seems
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to usethe old USLE S-factor equation.

The cropping managemen factor C represens the ratio of soil lossfrom a specic
cover condition to the soil lossfrom a tilled condition, maintaining constart soil type,
slope and rainfall. In its original agricultural implementation it includesthe interrelated
e ects of cover, crop sequence productivity level, growing seasonlength and rainfall
distribution [24]. In the most recen RUSLE implemertation, C is calculated asa result
of subfactorsPLU (prior land use), CC (canopy), SC (surface cover) and SR (surface
roughness). This subdivision allows a more analytical approad to the designation of
the overall C value [29]. Unfortunately the model here implemented usesthe oldest
classi cation method o ered by USLE, asimplied by the use of pre-RUSLE corversion
tables by US Soil consenation Services,presertied in [6] and consideredlater.

The erosioncortrol practise factor P is the ratio of soil lossusing the speci c agri-
cultural practice comparedwith the soil lossusing up-and-down hill culture. It includes
practices as contouring, contour strip-cropping, and terracing. It is probably the most
agricultural specic factor, and also one of the least reliable [29]. In RUSLE new data
hasextendedthe samplebaseto reewaluate the e ects of contouring, and P factors have
beendeweloped to re ect consenation practices on rangeland. As for the C factor, the
use of conversion tables in [6] doesnot allow the accessto these new RUSLE features,
and P doesnot seemto be de ned outside agricultural conexts.

In conclusion,the model usedhere practically implemens USLE, the predecessoof
RUSLE, similar in structure but dewid of the new extended features. This is mainly
due to the use of pre-RUSLE classi catory literature. The USLE model used here is
actually a modi ed versionadapted for functioning with distributed databases:in other

words, the calculation is repeatedfor ead 20 20 meters cell of the landscape.

4.3 Channel Network Extraction

Topography is the main variable governing the o w of water over a landscape. Potential
energy and water movemert depend in fact upon altitude and its variation in space,

accordingto the laws of kinematics. A topographic model should be chosensothat the
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most important altimetrical information governing the ow of water is captured and
maintained valid even if in simplied form [2]. From a Digital Elevation Model (DEM)
it is possibleto extract channel networks by numerical simulation of the forcesoperating
on reality.

At the microscale,a singledrop of water would o w downslope along the direction of
greatestdrop. This processof downward movemert is repeated until the water droplet
reaches the bottom of a valley or the stream channel. Translated into a digital raster
represertation, the movemern of a water droplet locatedin a certral cell canbe modelled
as a transition to one of the 8 neighbouring destination cells [7], as shavn in Figure 6.
Slope canbederived from the DEM usinglocal interpolation methods[18], and according
to the direction of greatestvertical di erence, the local direction of ow is determined.
Internally, a number is assignedto the certral cell de ning its extracted hydrologic
behavior. In order to compensatefor the greater distance along diagonal directions, a
weighting factor of P 2 is addedsothat the correct gradiert (this time basedon tan) can
be computed. Alternativ e solutionsto the movemert along a singledirection include the
distribution of water to all the neighbouring cells in quartities proportional to slope,
as seenin some models of subglacial hydrology [30]. If the cell is lower than all the
other eight neighbouring cells, it causesinternal drainage and it is then termed sink or
pit. Most of the times, sinks are artifacts of the DEM, and they can be removed by
automatic functions of detection and hydrologic correction [7].

A generalmap of ow directions can be generatedby repeating the ow direction
processiterativ ely acrossthe ertire landscape (by meansofa3 3 "moving window", so
that every cellis consideredin all the eight possiblepositions). Assuminga uniform input
of precipitation acrossthe ertire landscape, every cell would be the starting position for
the same amounts of water units. If instead the rainfall input is not uniform, the
sourcing of water units will vary acrossthe landscape in distribution and quartity. In
either case,the input is independert from the general o w direction map and constitutes
a separatelayer which acts as a complete parameter for precipitation. When the input

water is routed on the DEM it generatesa map of ow accunulation, where somecells
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Figure 6: The 8-directions ow model, adapted from [7]. The ow direction for the
certral cell is set according to the maximum drop, which in this caseis straight down-
wards. The 8 numbers (from 1 to 128) indicate the code usedinternally to assignthe

o w direction to ead cell. Renderedwith VRLI VistaPro.

will contain more water units than others becausethey constitute the relative outlet
of multiple upstream cells. When the rainfall input layer is uniform and equal to 1,
the value at ead cell re ects the number of upstream cells owing into it, and it is
an index of the size of the ow of water in that cell. The necessaryoperation before
delineating the channelnetworks is to decidethe threshold value of accunulation beyond
which a ow path is considereda proper channel to be mapped as such. Small values
(around 50 cells) capture ne details and single headwaters, while large values (around
300 cells) produce a more coarsernetwork of only prominent features. The transition
from colluvial hollows to actual channels on the real landscape indicates the suitable
threshold value. The nal extracted networks are then dependert on the grid size,the
routing algorithm and the choice of accurrulation values: the use of di erent valuesin
the three componerts might produce substartial di erences [27] [32).

The extraction of watershed boundariesworks in a similar way. A watershedis de-
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ned as an areawhich drains water and other substancesto a common outlet or pour
point of concerrrated drainage [7]. The algorithm for watershed de nition consistsin
a recursive climbing from the pour point (and connectedchannel network cells) to the
upslope cortributing cells. If the cells consideredduring an iteration have no contribut-
ing cells (no in o w of water), the drainage divide is reached and the external boundary
of the catchment can be delineated [18]. The pour points can be manually set on the
map, or they can be de ned automatically on the boundary betweenthe landscape and
the cells with NODATA values on the raster. The internal boundaries of the water-
shedsvary accordingto the accurrulation threshold valuesde ned for the channels. As
an additional classi cation measure,the channel networks and relative watershedscan
be de ned with network ordering methods, such as the one of Strahler. Since di er-
ent orders are stored in di erent datasets, they can be consideredseparatelyto derive

statistical data about basin morphometry.

44 SCS Runo

A quartitativ e, empirical method for estimating runo given incoming rainfall and soil
characteristics was developed by the Soil Consenation Service(SCS) under the name of
TR-55 (Tednical Release55) [26]. The formula is derived from a decomposition of the
hypothetical rainfall and runo curvesinto descriptive parameters, as shovn in Figure
7.

The main variables are sode ned: P is rainfall (inches); P is e ectiv e storm runo
after initial abstraction; Q isruno (inches);l 4 isinitial abstraction (inches),i.e. rainfall
intercepted, in ltrated or stored in surface depressionsbefore runo begins; F is the
actual retention after runo begins(inches), variable with time and equalto P Q; S
is the potential maximum retention (inches),a constart de ning the maximum retention
possibly occurring for a given storm. The equation linking rainfall and runo is obtained

in the following equation:

®)
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Figure 7: The basegraph of the SCSRuno method, from [26]

The ratio % betweenretention and maximum retention here determinesthe separa-

tion betweenruno and actual runo. Substituting F = P Q

Pe Q Pe?

Q= Pe S :F’e+S (6)

The actual runo is the amount of rainfall minus initial abstraction. Substituting
Pe=P g

_ (P 1a)?
0P Ta+s ")

By analysing rainfall and runo data from experimental small watersheds,the rela-
tionship betweenl, and S hasbeenfound asa constart with valuel, = 0:2 S. Then

the equation becomes

(P 02 S)?
P+08 S ®

The factor of maximum retention S is determined by

Q:
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1000
S= (&N

where CN is the Curve Number, a constart value de ned for every di erent comnbi-

10 )

nation of soil in ltration capacity and cover type, and grouped in tables such asin [6].
The nal equation becomes

P 02 (&P 10y

= . 1C0l(\Jlo )2 (10)

P+08 (o 10)

which is equivalent to the equation usedby the AML script to compute runo on a

cell to cell basis. The pivot of the ertire equationis CN, determined by corverting the
available data accordingto the classi cation tables. The method of determination of CN
is probably basedon regressionon the entire rangeof eld data. A componert missingin
the presen application of the model is the useof the Antecedert Soil Moisture condition
factor, an additional factor that shifts curve valuesto accomalate for the initial level of
saturation of the soil. The intermediate value Il is usedinstead [26].
There are three important passagesdetermining the accuracy of the SCS Runo

model: the rst isthe t of the analytic represenation to physical reality; the secondis
the accuracyof SCSCN regressionsthe third is the processof cornversion of data into

CN numbers.

45 Conversion tables

The corversiontables are an elemert of major importance in the information o w of the
model. Their role is to convert data into represertations meaningful to the algorithmic
modules previously described. At this point it is interesting to investigate what kind
of data corversion is carried out, and what are the consequeh implications for data
quality. Seweral corversion tables, developed by the US Soil Consenation Service and
preseried in [6], are used for the determination of RUSLE C factor for vegetation, K
factor for the soil and CN (Curve Numbers) for soil and vegetation combined.

For the soil componert of the CN factor, the available information was ordinal (4-

classes)in ltration data and the table requestedordinal (4 classes)in Itration data,
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Figure 8: Runo CN for hydrologic soil and cover complexes,from Soil Consenation

Service(1972) and [6]

Figure 9: Cover type hydrologic classi cation, from Soil Consenation Service (1972)
and [6]
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with the only di erence that the rangeswere de ned in a non-linear numerical fashion
in the input case,and according to a qualitativ e subdivision in the caseof the table.
This slight mismatch might intro duce a degreeof error di cult to quartify. In the case
of the CN factor for vegetation, the great variabilit y of cover type characteristics had to
t into a 2 classsubdivision (Rangeland and Woodland) with 3 subclassesead (poor,

medium and gaod) - seeFigure 8. The tables were originally compiled with a particular

attention to land use(grazing) and undergrowth aspects of vegetation, which could not
be directly assessedn a cover type basis. The mismatch at this point is dueto dierent

information sources,and the reclasseddata cortent may be substartially di erent from
the original. A similar situation is found in the caseof the C factor, which dependson
percertage cover, cover height and undergrowth type, while the available information

was lessparametric and alsohad a distributed componert which a ected the estimation
of cover percertages. Finally, the table for the K factor corversion (see Figure 10)
was actually a nomograph relating grain sizeto a range of values for K, empirically
obtained from a baseof approximately 20 measuremets. The visual estimation of K

on the graph implied a range of error of approximately 50% throughout the textural

spectrum, which also was not de ned with the sametextural successiomasthe one in

the available dataset.

The corversiontables are the stagein the model wherethe intervertion of qualitativ e
estimation is most in uen tial, and coincidertly where the data undergoes a processof
rede nition only partially supported by available data or eld obsenation. The problem
is principally due to a dicult y in adapting to the format of classi cation set by the
Soil Consenation Tables,which are not speci cally designedfor the type of application

preseried in this context.
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Figure 10: Soil texture to K factor corversion nomograph, from [6].

5 Assembling the model

5.1 Topography

The Catalina DEM consistsof an array of 1398 x 1016 binary values referring to the
altitude in feet from sealevel. The spatial resolution (i.e., the spacingof ead elewation
value) is 20 meters. The original DEM wasregisteredin latitude/longitude accordingto
the UTM coordinate system using the Clarke 1927 datum. The source maps were the
standard USGS quadrangle sheetsthat were scannedand digitized along the corntours
by the Catalina Consenancy. An Arc/INF O proprietary Countour-to-DEM utilit y car-
ried out the interpolation at the required resolution. The exact method employed by
Arc/INF O is dicult to deduce,but it was probably a specic algorithm possibly to
be usedin combination with other data sources,such as stream network coverages,to
avoid the occurenceof artifacts [7]. A standard quanti cation of error introducedin the
process,such as RMSE (Round Mean SquareError) was not available, but by meansof
manual testing the DEM resulted within the published standards of accuracy[Bushing,

personalcommunication].
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The preprocessingprocedure started with the modi cation of the DEM attribute
values to metric units, by re-projecting the coverage and multiplying the values by
meansof map algebra. The rectangular DEM had a o or altitude of 0 meters without
bathimetry. By setting the DEM o or at 0.1 meters,the at seasurfaceat O meterscould
beremoved and the landscape could be clipped preciselyat the coastlineboundary. This
permitted a reduction of the databasesize(subsequetly propagatedto the other layers,
similarly clipped with a polygonal outline of the DEM) and a more precise de nition
of the study area. The numerical distinction of the sea-landboundary did not a ect
the accuracy of the digital coastline, as could be seenby comparing the opposite shores
at Two Harbors with the other referencemaps. The hydrologic correction of the DEM
consistedin the detection and removal of sinks. The sink maps were indicativ e of the
kind of production artifacts presert in the DEM. In somecasessinks appearedto follow
closelythe contour lineson the DEM, expecially along steepslopes. This is probably due
to the interpolation method which might have used higher order polynomial surfaces,
resulting in very curved interpolated pro les, generating intermediate cells at lower

altitude than the original, closely spacedcontours.

5.2 Soil

The soil databasehad beenassenbled by the Center for Natural Areasin 1976, based
upon the US Soil Consenation Service mapping in 1955. The resulting product was
an ArcView3 format polygon shape le with multiple attributes. These included Per-
meability (4 classesde ned by numerical ranges of variable size), Texture (8 nominal
classesbasedupon Medium-Fine-Coarse subdivision, plus relative quartity of gravel),
Erosion (7 nominal classessudh as Gullying and a range of intensity valuesfrom Slight
to Very Sevee erosion)and Land Use (8 nominal classessuc as Cultiv ated, Urban and
Scrub). The objective wasto extract information on soil permeability, to be usedin the
runo estimation, and on soil texture, for the RUSLE equation. Direct information on
permeability was available in the soil coveragefor approximately 85% of the island. The

polygon coverage had to be rst imported into Arc/INF O, and then corverted to the
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raster structure on which the rest of the model wasbased. This required the speci cation
of the attribute of interest in the Polygon Attribute Table (PAT) in the INFO database,
and then the generationof a raster layer using the geometry of the polygon coverageand
the actual cell value for the speci ¢ attribute considered(in this case,permeability).
As the permeability attribute coveragewas not complete, for the remaining 25% of
the island the Texture attribute was usedas a surrogate. After the sameprocedure of
polygon coverageimport and rasterization, a similar classi cation task had to be carried
out. In this case,the 8 input classesvere subdivided to t the same4-way classi cation
of in ltration. While a spectrum of Fine-Medium-Coarse could have beenseenas an
analogy of low to very high permeability, the additional elemernt of Gravel content
complicated the problem. One of the risk was to estabilish an arbitrary hierarchy, by
which, for example, Medium Cobbly was consideredto be experiencinglower in Itration
than plain Coarse soil. Another problem wasto estimate the extent of polygons with
explicit Gravel "tags", becausethe placing of one very popular "tagged" classinto a
level 2 in ltration instead of level 3 could have unnaturally unbalanced the dataset.
In conclusionthe Medium textures (4 classes)were split in two represerting slov and
moderatein Itration, while Fine and Coarse were placedat the extremes. The resulting
distribution might beinconsistert with the previousclassi cation usingdirect in ltration
values. Permeability and texture polygonscovered 95% of the island. For the remaining
5% a standard averagein ltration value was used. A possibility could have beento use
geologyas a data sourceto infer the permeability of the overlying soil horizon, but this
resulted objectively not feasiblefor the long successiorof seweral assumptionsrequired
to link bedrock with speci ¢ surface characteristics. Possiblegapsin the geologylayer
for speci ¢ classescould also have required additional coverages,so that the averaged
badkground resulted to be a reasonablechoice. The three grids, permeability, texture
and badkground, were integrated into one layer with discrete values (in thousands)
ranging from 1000to 4000, as requestedby the SCS-Runo tables. The raster map of

textural characteristics could be directly corverted into the RUSLE K factor.
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Figure 11: The cluster vegetation map. Sources: ESRI Arc/INF O and ArcView3 on
SPOT multiband images.

5.3 Vegetation

The source of information for vegetation was a multiband (Infrared, Red and Green)
satellite SPOT image of October 1993. Also, a vegetation coverage was provided by
Catalina Consenancy in Arc/INF O readableformat: it has beenused rst on the eld
asreference,and then as an alternativ e sourcein the classi cation of cover type.

The preprocessingof the source SPOT bitmaps consistedin removing the atmo-
spheric ltering e ect, importing the imagesinto Arc/INF O ervironment and clipping

the landscape with the vectorized outline of the DEM, so that the ocean could be
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removed from further analyses.The image registration was carried out using the built-

in Arc/INF O CONTROLPOINTS tool which permitted an interactive overlay of the
sourceimage with the referencecoverages. The Road Network coverage (produced by
the Catalina Consenancy using di erential GPS) and the extracted stream network,

were usedas references.The operation consistedin linking through on-screendigitising

the visible and distinguished features appearing in both sourceand referencecoverages.
The road network appearedto be the most useful reference,becausethe road cuts were
sharper and more precise(only a few pixels wide) than the incisions of stream valleys.
The cortrol points were chosenmostly along the coastline, at road interruptions and
sharp bends. The registration information was stored in 33 individual links, an ad-
equate quartity considering that an increasein the number of links did not seemto

a ect the match betweenthe coverages.The three SPOT imageswere rewarped to the
new geometry by a Linear, Nearest Neighbour algorithm. Linearity proved to be more
reliable than Quadratic or Cubic ts after testing the three options at the edgesof the
landscape along the coastline boundary north of Avalon. NearestNeighbour resampling
has been preferred to other schemesbecauseit only shifts pixels without modi cations

in brightness, minimizing the di erences with the original image [20].

An extra NDVI (Normalized Di erence Vegetation Index) imagewas generatedfrom
the rst three, using map algebra. The NDVI image is an arithmetic enhancemen of
the responseof vegetation in Remote Sensingimagery, and it is basedon the shape of
the spectral responsecurve of vegetation acrossseweral emissionbands [12)].

The images (including NDVI) were grouped in a stak (see Figure 12), a logical
construct of Arc/INF O that relates vertically di erent coverageson a cell to cell basis
[7]. Eadh corresponding group of cells constitutes the so-called measuremen vector,
the unit of analysisfor the multisp ectral classi cation sthemes. A statistical crosscom-
parison of grid vectors groups the pixels accordingto the chosennumber of categories
(assumedto contain normally distributed populations). The classi er algorithm must be
trained to determine the actual statistical characteristics of the populations (mean and

covariance). This may be carried out by supervisedtraining, presening to the computer
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Figure 12: SPOT 3+1 bands stadk

spectral signaturesfrom a relatively small set of pixels of well known origin, or by unsu-
pervisedtraining, wherethe computer is allowed to selectthe population characteristics
by performing a processcalled Clustering. The unsupervised method requiresthe user
to specify the expectednumber of categories,while the computer selectsthe method and
the selectionparametersto partition the spectral signature spaceaccordingly. After the
partitioning, the individual clusterscanbe displayed, and it is possibleto link ead cover
type to the corresponding cluster [10].

Several options for the number of clusters were attempted (4, 7, 12 and 15), but 12
was consideredas the most suitable for the reconstruction of the vegetation cover over
the island, balancing resolution with accuracy and readability of cluster maps. Each
cluster was then assignedto a speci ¢ cover type, using all the ancillary information
available (paper maps, digital vegetation map, eld pictures). The assignedclassesvere
12in total and in particular Water, Grass (3 subtypes), Oak (2 subtypes), Cultivated,
Sage(2 subtypes), Bare (2 subtypes)and Barren/Mine. The very speci c cover types
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like Water, Cultivated and Barren/Mine wererecordedwith high spatial precision,iden-
tifying small resenwoirs, narrow elds and delimited land-use types signalled on paper
maps and written notesfrom eldw ork. The other classeswvere somewhatlessde ned,
and the great internal variabilit y, already experiencedon the eld, resultedin the prolif-
eration of cover subclassesvith mixed or intermediate attributes. The reclassi cation of
the vegetation map obtained from clustering was carried out using the standard tables

for vegetative covers by the Soil Consenation Service,published in [6].

5.4 Precipitation

The processfor the generationof rainfall surfacesis illustrated in Figure 13. The sources
of precipitation data consistedin tabular values of the annual precipitation values for
four stations on Sarta Catalina (Avalon, Two Harbours, Middle Ranch, Airp ort) and
daily totals limited to the city of Avalon, available in [3].

Both data sourceshave beenimported into a spreadsheetervironment. A discrete
time-seriesprecipitation chart for the city of Avalon could be plotted out, sothat major
storms events were highlighted as distinguished pulsesagainst the rainfall badkground.
Four major storms could be isolated, and a preliminary study of the hydrograph shapes
hinted to the character of the oceanicstorm fronts passingover the island: suddenbursts
of rainfall, without preliminary precipitation build-ups and quick fading after the peaks
of the perturbation. Two statistical analyseswerecarried out on this data. The rst was
a Weybull Recurrencelnterval (RI), for which the major storm events were ordered in
decreasingorder of magnitude, and the respective recurrenceinterval was derived from

the formula

RI (years)= %1 (1)

wheren is the number of yearson record and m is the magnitude rank. The second
method was basedon the Log Pearsondistribution. The daily precipitation data was
aggregatedto form yearly totals, by subdividing the year accordingto the wet season

from Septenber to August. The valueswere then processedby extracting logarithms
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Figure 13: Procedurediagram for the generation of the precipitation surfaces.
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Figure 14: Time seriesgraph for rainfall daily totals, Avalon

and evaluating the resulting distribution in terms of varianceand skew factors. The nal
result wasa magnitude ranking that permitted to identify a function relating Recurrence
Interval (RI) to expectedtotal rainfall [14]. The precipitation totals, expectedfrom RIs
of 2, 5 and 10 years,and the maximum experiencedstorm, were then deductedfrom the
Log Pearsonplot (Figure 15). Comparing thesevaluesto the daily time-series,the four
selectedstorms could be identi ed and extracted as data to be employed in the model.

Using the co-ordinates provided by the Catalina Consenancy, the altitude of the
four gauging stations could be determined from the DEM. A fth station, EI Rancho
Escondido, had beendiscarded due to partial or inconsistert data. Each annual series
was comparedto the respective altitude in order to derive an equation linking altimetry
with precipitation totals. The altitude versusrainfall plots for the four stations suggested
consisterly di erent equations,and a simple averaging of the linear parametersdid not
seemsu cien t. Therefore a generalequation, determined in previous studies, has been
used|3]

y = 0:0036 + 12405 (12)
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Figure 15: Log Pearsondistribution RI graph for Avalon

wherey is the total annual rainfall in inches,and x is the altitude in meters. Theo-
retical models have investigated and formalized the orographic e ect upon precipitation
causedby relief and topographic barriers. Using the modelling variables of p (storm
in o w depth), v (velocity of storm front) and w (water content), the actual precipita-
tion intensity appeared as a linear function of the dierentials of these variables. In
qualitativ e terms, the storm front approading an idealised landscape pro le preseris
in successioninitial depletion of w at the rst topographic barrier, then corvergence
and intensi cation progressingwith air massrise, an intensity peak closeto the top of
highest relief and a suddendeca characterisedby rainfall spillovers[35)].

This sempli ed model may be applied to Sarta Catalina, even if the island is not
symmetrical along a certral ridge and presens internal topographic variability. The
gauging stations result located in the initial depletion zone (Avalon, Two Harbor), in
the intensi cation zone (Middle Ranch) and the peak intensity zone (Airp ort). They
then provide a spatially minimal sampling coveragefor capturing the orographic e ect
processas formulated before. The direction of approad of the storm fronts is variable,

preseriing a preferred WNW prevailing trend (Westerling), NW (Winter), NE (Sana

35



Ana) and S (Chubasco)[3. An island-wide aspect componert of the rainshadawing e ect
is probably not dominant in determining rainfall characteristics (a di erence in interior
versusexterior locations is probably more important). The numerical resolution of the
given equation is probably too high comparedto accuracy while spatially it is unlikely to
be more accurate than the generalsubdivision in three precipitation zonesas suggested
by the theoretical model.

The four stations provided the points for the generationof rainfall surfaces.Usingthe
dates of the four storms previously derived from Avalon time seriesand RI calculations,
it was possibleto selectthe storm daily totals from the four stations for ead given evert
(the gauging stations, beside annual values, provided also data for speci ¢ important
ewverts). The storm daily valueswereaggregatedand averagedto obtain onerepreserting
value for ead station and ead storm. The interpolation stcheme chosenwas Thiessen
interpolation, becausethe limited number of data points was not suitable for Kriging
and Inverse Distance Weighting (IDW) methods. Moreover, Thiessen polygons were
originally designedfor precipitation data interpolation and so it seemeda proper case
for application. The nal result was a rainfall surfacefor ead storm.

Using the orographic equation combined with the altimetrical data of the DEM,
another rainfall surfacecould be interpolated and consideredin the study. By meansof
map algebra, a surface constituted by the expected averageannual precipitation could
be derived for eat cell of the DEM. The resolution of the resulting surface (20 meters
asfor the DEM) wasthen much higher than the other polygonal Thiessensurfaces.

The integration of thesetwo di erent datasets,the Thiessensurfacesof daily totals on
one hand, and the orographic precipitation surface of yearly totals on the other hand,
required the dewvelopmert of a special approach. The objective was to basethe nal
rainfall surfaceon the Thiessensurfacesand to include someof the information stored
in the orographic surface. The problem to overcome was that the former contained
storm totals, while the latter yearly totals. Both the Thiessen and the orographic
surfaceswere then normalized to real valuesfrom 0 to 1, sothat they represened only

the relative indices of precipitation distribution on the landscape. Then the di erences
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(, calculated by subtraction with map algebra) betweenthe two normalized surfaces
were computed. A normalized surface intermediate between the two source surfaces
could be de ned by adding a percertage of  (determined by a real weighting factor Kk,
ranging from 0 to 1) to the original Thiessensurface. Finally, the output rainfall surface
was obtained by de-normalising the intermediate surfacesusing the original normalising
parametersusedfor the Thiessensurface,sothat the output units were still daily storm
totals. For example,for Storm1T the range of precipitation values(read from the raster

diagnostic data) wasfrom 2.07to 3.60inches. The normalized Storm1TN wascomputed

by

StormlT 2:.07
Storm1TN = 360 207 (13)

The normalized orographic surfacewas computed similarly, considering extremes of

12.416and 35.448inches

Orographic 12416

OrographicN = —=-728 12416 (14)
The was calculated by di erence betweenthe two grids
= Storm1TN  OrographicN (15)
The intermediate normalized surfacewas generatedby
IntermediateN = k + OrographicN (16)

The factor k can be seenas a cortrol variable that can be regulated according
to the relative con dence with the two datasetsto be integrated. With k = 1, the
IntermediateN surfaceis equal to the Thiessen Storm1TN surface; with k = O, it is
equalto OrographicN. Intermediate k valuesresult in a linear interpolation betweenthe
sourcesurfaces.In this case,a value of k = 0:6 is usedto indicate a preferencetowards
the Thiessensurfacesand a subordinate corntribution of the orographice ects to the nal

totals. Finally, the IntermediateN surfacemust be de-normalizedinto the original units
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of Storm1T, using the sameextreme valuesas coe cien ts and with minimal reworking

of the equation

StormlFinal = (3:60 2:07) IntermediateN+ 2:07 a7

The normalisation procedureintro ducedtwo enhancemets in the overall precipita-
tion information included in the model. First, it increasedthe resolution to 20 meters,
maintaining an alignment with the rest of the datasets,and incremerted the accuracy
since the sourcesincluded in the estimates are now altimetry, yearly totals and daily
totals. Second,the storm surfaceshave beenspatially correctedsothat they comprisein-
direct theoretical assumptions(the orographice ect) aswell asdirect measuremets.The
rainfall surfaceshave beenconverted to R factors by computing the 30-minutes precip-

itation intensity valuesfrom precipitation totals and the length of the storm.

5.5 Fieldw ork comp onent

Another sourceof information wasthe three-days eldw ork sessioncarried out on Sana
Catalina Island in collaboration with the Catalina Consenancy prior to the actual im-
plemertation of the model. It consistedin a thorough reconnaissancef the island along
primary and secondaryroads. The main interest was placed in the characteristics and
distribution of vegetation, which would have resulted important in the successie clas-
si cation of cover typesfrom RS maps. Another interest consistedin the obsenation
of soil typesand widespreaderosional features. The collected data was mainly digital
photographs, supported by eld sketchesand additional obsenations, including approx-
imate locations and camerabearingsfor a later reconstruction of the obsenations.
After extensive obsenation of the various vegetative features of the island, a cer-
tain lack of consistencyof the source maps emergedin some areas. In particular it
could not be found the correspective of remnant (Oak, Sagg terminology usedin the
map, which was responsible for distinctiv e subgrouping. A great variability internal to
most vegetation categorieswasalsoobsened, preserting for exampleextensive grassland

patchesin areasclassi ed aswoodland, or bare eroded soil instead of grasses.The rela-
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Figure 16: The aspect componert of vegetation as taken from the eld: the more

vegetated slopesare facing north.

tive inadeguacyof the map justi ed the corvenienceof a Remote Sensingapproad for
deweloping the vegetation map. From an hydrologic point of view, the variability of veg-
etative factors controlling interception and in Itration within the sameclassappearedto
be unsuitable for broad distinctions sud asthe onesimposedby the conversion tables.
For example the riparian oaks preseried an high undergrowth layer, which was not as
much deweloped in the north western part of the island, even if classi ed in the same
way in the map and having the same spectral signature. Erosion processesappeared
to be dominated by rill and gullies formations, which are not consideredin the current
implemenrtation of USLE (also the 20 meters cell resolution is well beforethe threshold
of detection of such microtopographic features). With respectto the DEM, the presence
of resenoirs damming stream ow might alter locally the hydrologic signi cance of to-
pography. A preliminary map of extracted channel networks was usedon the eld, and
critical locations asdrainage divides or stream corvergenceswereveri ed. For example,
the quadruple joint corvergencepoint near Little Harbor wascomparedto the extracted
network and veri ed in accuracy The threshold of distinction betweencolluvial hollows
and actual channelswas comparedon the short streamson steepslopesat Two Harbors,

and roughly con rmed the accunulation threshold of 50 represerted on the map.
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The digital pictures were later organisedinto an ArcView coveragewhich included
the Catalina DEM, the Road network and an additional vector layer which linked the
pictures to speci ¢ locations, sothat they could be retrieved in a hypertextual manner.
A modi cation in the Avenue linking script allowed for dynamic resizing of the bitmaps

which could be displayed in the original dimensions.

6 Results

The Channel Network Extraction process,in conjunction with watershed delineation
procedures,have produced the stream networks and watershed subdivision illustrated
in Figure 17. The summarizing morphometric statistics are preserned in the graphsin
Figure 18. The more deweloped watershedsof order 4 and 5 are located in the certral
part of the island, and in the south-western area closeto Avalon. The main stream
networks corverge approximately towards Little Harbor, and drain in close proximity
in the western coastline. The northern peninsulapresens small but well developed 4"
order streams, while the easternand southern coastline of the island, characterised by
steepslopesand drainage divides in closeproximity to the ocean,preserts small, closely
spaced39 (or lower) order watersheds. The statistics presen regular exponertial re-
lationships between stream order and number of streams (Figure 18.1), averagestream
length (Figure 18.2) and sum length of streams (Figure 18.3). The averagestream gra-
dient is instead linearly dependert with stream order (Figure 18.4). In the literature,
the progressionof stream length and number of links accordingto stream order is gener-
alized as geometrical [11]. The aggregationof data from many di erent networks might
modify the validity of the generalization. In the caseof Sarta Catalina, exponertial
relationships t very closelythe data. The exponerts of the exponertial equations are
indicativ e of the speci c drainage characteristics. In the stream number relation, -1.7
denotesan extremely rapid decline of number as order increases(and therefore a dom-
inance of lower order streamsin drainage). In sum length, -0.98 is a more moderate
exponert, which comparedto the previousoneindicatesthat the higher number of lower

order streamsdoesnot determine the samedominancein length on the drainage system
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asimplied by number alone(i.e. lower order streamsare many but comparatively short).
0.76for the averagelength indicates a somewhatslower increasein length than expected
from sum length estimates, expressinga certain degreeof compressionof the drainage
networks which dewelop higher order interconnectionsin a limited space, also visible
in Figure 17. It must be consideredthat the characteristics of the extracted networks
vary according to the threshold accurrulation values. The employed threshold of 50
producesmany low order streams, while higher thresholds (for example 300) are likely
to showv a more compressecdborder spectrum (4 orders maximum) and the morphometric
characteristics would be scaledaccordingly.

The vegetation map produced from cluster analysis and classi cation (Figure 11)
can be consideredas a result on its own. Comparedto the other digital vegetation map
and to direct obsenation on the eld, it appearsto be much more precisein resolving
the variabilit y of vegetation and internal dishomogeneitiesasthe other sourcepreserned
unrealistic extended zoneswith uniform vegetation. It is also able to capture natural
uniformities sud as the aspect-baseddi erence in the northern peninsula: the south
facing slopeswith Barren/Grass cover versuswooded north facing slopes, feature also
visible throughout the island (seeFigure 16), the delineation of riparian corridors along
streamsand the predominartly forested eastside of the island. The cover classi cation
could bere ned with further validation on the eld, becausen the current study it has
beenre ned predominartly using the other sourcemap.

Unfortunately, no result maps for runo and erosion are available at this stage.
Nevertheless,the critical framework proposedin this document and summarisedin the

next section provides generalcriteria for interpreting the accuracy of model results.

7 Critique of the model

A critique should be addressedmainly to the algorithmic componerts of the model,
becauseahey areresponsiblefor represetting and simulating the physical processesinder
study. The USLE equation had originally beendeweloped for application in agricultural

contexts, and the various parametersare all directly linked to agricultural ertities like
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Figure 17: Extracted channel networks at 300 and 150 threshold accurrulation values,
and extracted watershedsof order 3, 4 and 5. Source: ESRI ArcView3, ESRI Arc/INF O

and original Catalina DEM from Catalina Consenancy.
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Figure 18: Morphometric statistics of Catalina extracted drainage network.
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crop typesand practices. As a result, the valuesto be inserted in the USLE equation
must be referred and comparedto the baseset of agricultural parameters;for example
the P factor is an expressionof speci ¢ agricultural practicesof cortouring and terracing,

and doesnot appear to have a more generalmeaning. When the method is applied to

geomorphicstudies, the processof corversion and adaptation might reducethe validity

of the results. Spatially, USLE, even if de ned as"Univ ersal”, is built upon a database
which is restricted to the United States east of the Rocky Mountains. Moreover the

baseis further restricted to a range of slopeswhere cultivation is feasible,from 0% to

7% [8]. The diagram proposedin [6] expandsthe range from 3% to 20% (11 degrees).
In the the slope map (seeFigure 19) approximately 80% of the island results beyond
the extended rangesof applicability. The implied extensive extrapolation is a factor to

be considered. It is also a problem of scale, becauseUSLE was designedfor a single
eld and at the hillslope scalehere considered,it doesnot take in accourt the sedimen

deposition at the baseof the slope [17]. A more conceptual problem derives from the
independert status of rainfall and soil factors in the USLE equation, which cortradicts

the relationship existing in reality betweenthe permeability of the soil and the erosive
e ect of precipitation [15). The calculation of single parametersimplies a large degree
of uncertainty, suc asin the caseof the K factor when it is not speci cally de ned for

the given soil type.

For all of thesereasonsUSLE should not be applied beyond the baseset of conditions
for which it wasoriginally devised[17] [15][24][8]. Nonethelessthe vast databaseand the
promisede ectiv e prediction would be advantageousgain if USLE could be extendedto
other environments. An assessmenof the applicability of USLE to geomorphicstudies
is given in [33]. The tests reported in the researt paper preseried a di erence of
two orders of magnitude between measuredsoil lossand RUSLE predicted soil losson
reclaimedand natural hillslopesin non-extemeconditions. The original tests conducted
by Wishmeier in 1976,basedon 189agricultural plots, resultedin an error level of 10%,
but they were conductedin the ideal setting for USLE. The o cial position of the US

Soil Consenation Serviceis extemely supportiv e of the validity of USLE, but doesnot
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Figure 19: Slope map of Sarta Catalina. The slopesshadedin blue represen the areas
within the range of RUSLE baseplots. Source: ESRI ArcView3 and Catalina DEM

from Catalina Consenancy.
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Factor | MIN MAX Variability
K 0 0.5 10
L 0 5 (For 1 km) 10
S 0.065| 31.35(For 60 deg.) 10°
C 0.003 0.45 107
P 0.1 0.90 10

Table 1: Order of variability of RUSLE parameters

give indications of applicability or o cial estimations of error. Interestingly it seemsto
suggestto considerpredicted soil lossdata only in a relative senseasa broad indication
for the improvemert of agricultural practice [33], and this might imply that the accuracy
of the results is much lower than the resolution obtainable from the equation.

In the limited context of the Catalina model, the application of USLE might be
summarisedby consideringthat S factor results from risky extrapolation in 80% of the
cases;that K factor introducesan error range of approximately 50% when using the
nomograph; that the C factor is obtained from tables adaptable only with dicult y
with generalsourcedata; and nally P factor hasno de ned sensein a non-agricultural
contexts. The overall composite error might be of the order of 50%, and therefore the
results have only a broad validity in terms of generalspatial distribution.

Table 1 represerts eadcy RUSLE factor separatelywith minimum and maximum val-
ues(derived from tables and formulas) and relative oscillation bands expressedn terms
of order of magnitude. The only factor omitted from the table is R, which dependson
precipitation intensity of relevant storm events and alsovariesgreatly accordingly to the
method of calculation employed [24]. Approximately, a variability of 10 is considered
realistic. The slope factor S is by large the onewhich intro ducesthe greatestvariabilit y
in the results. The others, taken individually , are somewhatsubordinated to the role of
modifying the slope factor values. According to variabilit y, factors can then be grouped
in a hierarchical order, determining a order 3 variation class(S), a secondaryorder 2

variation class(C) and four tertiary order 1 variation classegR, K, L and S). It must
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be consideredthat the factors are multiplied and not summed together, and therefore
the order 3 dominance of S should be comparedto the composite weight of the other
factors, equivalert to 6. Also ead factor has the potential capacity, derived from the
relation basedon multiplication, of imposing drastical changesto the nal equation
values. On the other hand, while slope is consisterily mapped throughout the land-
scape as a continuous function of topography, the other factors are spatially discrete or
lessregular (as seenfrom the technical speci cations of the coverages),and they might
tend to reciprocally compensatetheir relative di erences, and result of subordinated
importance at the large scale. The rangesof valuesin Table 1 are also basedon the
extremesread from the general SCStables, and on real landscapes they might result
narrower. Their relative in uence would then be reduced even more when comparedto
the S factor, which covers the entire order 3 variability range within moderated slope
values. Also, consideringthe rangesin Table 1, there is not the possibility of a sudden
zeroing of the erosionvalues, causedby the zeroing of a single factor (the only excep-
tion seemsto be K, but this is only due to the particular represenation of boundary
valuesin the nomographin Figure 10). Therefore, the erosionpatterns traced by slope
are never completely disrupted. The nal outcome of the dominance of the S factor
is a certain similarity between slope maps and correspondert erosion maps. If the -
nal erosion maps, becauseof validity and accuracy constraints, are further degraded
to ordinal (High/Medium/L ow) level, the secondaryand tertiary factors becomeewven
more marginal, becausenternal micro variability is eliminated by the coarseregrouping
of values. The consistencyof the slope factor would emergevisually and numerically.
Therefore the slope map in Figure 19 has a comparable amourt of spatial information
about erosionas a degradederosionmap. For numerical estimatesthe full application
of the model is required, even if previous considerationsabout numerical accuracy of
the model would then apply.

The SCSRuno method dependsheavily on the validity of the CN curve numbers,
and the sameproblem of classi cation of RUSLE factors applies. SCSruno produces

usefulinformation relative to spatial distributions and generalisedrainfall/runo ratios,
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but the accuracy of the results is not the oneimplied by the resolution of the data used
in the model, or by the numerical precision of runo estimates. The Channel Network
Extraction processrelieson the algorithms of Arc/INF O, but the assessmenof validity
can be approaded by consideringthe general principles of cell based o w and channel
de nition and it hasbeencarried out elsewhere[27] [32).

The transferability of this modelling systemto other locations, such asto the other
major Channel Islands (Santa Rosa and Sarta Cruz) is dicult to assess.Certainly,
if the model has been consideredapplicable to Sarta Catalina, the transition to other
islands, from the model perspective, would be limited to a change of sources(top og-
raphy, soil, precipitation data, SPOT images), with the only limitation that the same
infrastructure presert on Catalina would not available on other islands (there are less
rain gaugeson Sarta Cruz, for example) with consequence®n model reliability. The
pulsed precipitation inputs characterise all the Channel Islands and justify the use of
a model not basedon saturated conditions and groundwater balance. The size of the
island under study, and the DEM array size,should be adequatefor the e ectiv enessof
the channel extraction process. The slope rangesand the cover typeswould still be lo-
cated outside the rangesof con dence of USLE applicability, and all the other problems

would apply as well.

8 Conclusions

The modelling system employed in this study o ers an example of how di erent digital

data sourcescan be integrated in a singledistributed databaseto run hydrologic simula-
tions and obtain runo and erosionestimates. The construction of the model has been
traced from the initial abstraction from the base hillslope system, to the formulation
of the model, and nally to the actual implementation. The necessarysimpli cation

included the limitation of runo processedo Hortonian overland type only, and the use
of empirical submodels (SCSRuno and RUSLE) which employ generalisingindexesof
limited versatility instead of lower level physical conceptualisationsof processes.Sev-

eral di erent techniques have beenusedto gather and relate the necessaryinformation,
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ranging from cluster analysis on RS imagery, to the interpolation and integration of
rainfall tabular data, to the corversion of the digital soil map and the validation of the
data from eld obsenations. Each independert data layer produced results such asthe
hydrologically corrected DEM, the RS-sourcedvegetation map, and the extracted chan-
nel networks with delineated watersheds. These descriptive componerts cortribute to
trace a rst analytic framework for the hydrology of Sarta Catalina, from which addi-
tional modelling can be carried out. The RUSLE and SCSRuno modules, considered
in somedetail, required the preprocesseddata to passthrough the Iter of corversion
tables. This step hasbeenidenti ed to imply the useof USLE instead of RUSLE equa-
tion in the calculations, and the introduction of a certain degreeof mismatch between
the original landscape represernation and the internal represertation. The application
of RUSLE in the consideredenvironment implies risky extrapolations, mainly due to its
specialization in agricultural problems, even if no preciseboundariesto its applicability
could be found in the literature. The results of SCS-Runo and RUSLE, while valu-
able for distributions and general spatial patterns, should be taken with the necessary
attention, consideringall the di erent procedureswhich this documen has contributed

to map.
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