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Abstract:

Certain vegetation types of ecological interest to land-managers can not be reliably distinguished with
multispectral remote sensing tools, such as the Landsat thematic mapper, because there is no simple
correlation between remote sensing properties of vegetation and botanical classifications such as genus
and species. To improve classification accuracy, researchers have employed ancillary information such
as digital elevation data and soil survey data to help resolve ambiguities in remote sensing derived
vegetation maps. Existing U.S. Forest Service remote sensing methods for large areas (1074 - 1076
km”2), developed by Ma and Redmond at the University of Montana, add the primary terrain attributes
of elevation and slope to a multispectral image classification. This study explores whether secondary
terrain attributes relevant to vegetation, such as topographic wetness indices and incident solar
radiation, can be incorporated into the Forest Service classification to improve accuracy. Terrain
attributes were computed from 30-meter spatial resolution USGS digital elevation data with the Terrain
Analysis Programs for the Environmental Sciences - Grid version (TAPES-G), and the DYNWET and
SRAD programs, in a 1700 km”?2 test site in the Littie Missouri National Grassland, North Dakota.

When quasi-dynamic topographic wetness index and incident shortwave solar radiation are added to a
Ma/Redmond classification containing seven Landsat bands and elevation, little or no improvement in
overall classification accuracy occurs: accuracy remains in the 51-57% range for a classification into 13
landcover types. Individual landcover class accuracies are not significantly improved: a large fraction
of the total error is found in misclassification of grassland and riparian forest classes. Possible reasons
for the lack of improvement include 1) classes with distinct terrain attributes, such as ponderosa pine
and badlands, are already distinguished by remote sensing alone, and 2) confused categories with
similar remote sensing properties, such as broadleaf forest and cropland, occur on terrain with similar
topographic wetness and solar radiation indices. Overall classification accuracy would improve
approximately 10% if the two grassland categories were combined into a single class.

The Ma/Redmond method also incorporates a spatial grouping process to merge image pixels into
groups appropriate for the scale of the final map. Although overall classification accuracy varies little
when the minimum mapping unit is changed from 0.4 to 2.0 ha, spatial aggregation can change the
vegetation class of up to two-thirds of the pixels in a map and can dramatically change the spatial
pattern of vegetation patches. A minimum mapping unit of 0.8 ha is recommended to retain the spatial
structure of the wooded-draw ecosystems of the Little Missouri region.

A predicted riparian zone derived from TAPES-G computed stream channels can be used to improve
classification accuracy. This technique has the potential to improve accuracy up to 20% in the Little
Missouri study area, because ~12% of the error in the maps is due to riparian vegetation classes
occurring outside the riparian buffer, and ~8% of the error is due to non-riparian classes occurring
inside the buffer. These errors can be corrected by using the stream buffer to reclassify vegetation to
the appropriate riparian or non-riparian class.
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ABSTRACT

Certain vegetation types of ecological interest to land-managers can not be reliably
distinguished with multispectral remote sensing tools, such as the Landsat thematic mapper,
because there is no simple correlation between remote sensing properties of vegetation and
botanical classifications such as genus and species. To improve classification accuracy,
researchers have employed ancillary information such as digital elevation data and soil
survey data to help resolve ambiguities in remote sensing derived vegetation maps. Existing
U.S. Forest Service remote sensing methods for large areas (10*-10°km? ), developed by Ma
and Redmond at the University of Montana, add the primary terrain attributes of elevation
and slope to a multispectral image classification. This study explores whether secondary
terrain attributes relevant to vegetation, such as topographic wetness indices and incident
solar radiation, can be incorporated into the Forest Service classification to improve
accuracy. Terrain attributes were computed from 30-meter spatial resolution USGS digital
elevation data with the Terrain Analysis Programs for the Environmental Sciences - Grid
version (TAPES-G), and the DYNWET and SRAD programs, in a 1700 km? test site in the
Little Missouri National Grassland, North Dakota.

When quasi-dynamic topographic wetness index and incident shortwave solar
radiation are added to a Ma/Redmond classification containing seven Landsat bands and
elevation, little or no improvement in overall classification accuracy occurs: accuracy
remains in the 51-57% range for a classification into 13 landcover types. Individual
landcover class accuracies are not significantly improved: a large fraction of the total error
is found in misclassification of grassland and riparian forest classes. Possible reasons for the
lack of improvement include 1) classes with distinct terrain attributes, such as ponderosa
pine and badlands, are already distinguished by remote sensing alone, and 2) confused
categories with similar remote sensing properties, such as broadleaf forest and cropland,
occur on terrain with similar topographic wetness and solar radiation indices. Overall
classification accuracy would improve approximately 10% if the two grassland categories
were combined into a single class.

The Ma/Redmond method also incorporates a spatial grouping process to merge
image pixels into groups appropriate for the scale of the final map. Although overall
classification accuracy varies little when the minimum mapping unit is changed from 0.4 to
2.0 ha, spatial aggregation can change the vegetation class of up to two-thirds of the pixels
in a map and can dramatically change the spatial pattern of vegetation patches. A minimum
mapping unit of 0.8 ha is recommended to retain the spatial structure of the wooded-draw
écosystems of the Little Missouri region.

A predicted riparian zone derived from TAPES-G computed stream channels can be
used to improve classification accuracy. This technique has the potential to improve
accuracy up to 20% in the Little Missouri study area, because ~12% of the error in the maps
is due to riparian vegetation classes occurring outside the riparian buffer, and ~8% of the
error is due to non-riparian classes occurring inside the buffer. These errors can be corrected
by using the stream buffer to reclassify vegetation to the appropriate riparian or non-riparian
class.
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CHAPTER ONE

INTRODUCTION

“A vegetation map not only serves as a record of what exists when it is
made, but also as a starting point for the study of changes, whether natural
or brought about by human activity. It serves to arouse public interest of a
country in its wild vegetation, which ought to be recognised as a national
possession not to be lightly destroyed or wasted; and it indicates the
localities which are most suitable for the nature reserves which every
country should have. ... The making of such maps should be part of the
national stock-taking which is the duty of every modern community.”
Arthur G. Tansley and T.F. Chipp, 1926.

In order to manage natural resources effectively", land managers must know the
geoéapﬁcd distribution of landscape components such as vegetation, soils and terrain. The
need for natural resource mapping has long been aclmowledged (Tansley and Chipp 1926),
but until the advent of digital remote sensing and computerized image analysis, the
production of detailed resource maps was costly, time consuming and not easily-
standardized. Such maps were compiled from decades of fieldwork which could not be
updated quickly. Remote sensing and GIS now prox;ide the tools for mapping large areas
such as an entire National Forest at spatial resolutions as fine as 30 m, and potentially allow

these maps to be updated efficiently.
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A disadvantage of remote sensing is that it may not be able to distinguish ecologically
distinct vegetation types of interest to the land manager; Remote sensing image classification

attempts to convert multi-spectral imagery into ecologically meaningful vegetation types.

However, there is no simple correlation between vegetation type and spectral signature

(Gates 1980), so timt considerable confusion arises: dissimilar vegetation types may have
similar. spectral signatures. Furthermore, a given vegetation type may have a seasdnally
variable signature. Grasslands in p@culm show rapid responses to varying precipitation
amounts (Pickup et al. 1994). Regardless of future improvements in remote sensing
technology, such as imaging spectrometers (Thomas and Ustin 1987), which produce a
reflectance spectrum for each pisel in the image, there will always be some inherent
confusion betweerll spectral reflectance and vegetation type.

To help resolve confusion in remote sensing maps, aﬂditional information may be
incorporated into the remote seslsing classification in two ways, -either in the- original
statistical clustering method, or in a rule-based classifier. In the former, terrain attributes are
treated by the clustering algorithm ss additional layers of information that complement the
multi-spectral bands of a Landsat image. In a rule-based model, the ecological knowledge
of experts is distilled into a series of questions in a decision tree that can be used to clarify
vegetation types that are confﬁsedin remote sensing images (Bolstad and Lillesand 1992).
The advantage of the statistical clustering method is that it does not involve assumptions
about the relationship between vegetatioﬁ and terrain, whéreas rule-based classifiers may
involve subjective rules and broad assumptions about terra.lin-ve, getation correlations. Often,

rule-based classifiers are specific to a particular area, whereas general statistical clustering




is less site-dependent.

Terrain parameters, rather than soil or climate variables, are explored in this s.tﬁdy,
because topo graphic data are available at an appropriate scale for Landsat images, whereas
soil and climate data are n;)t available in thjs study area. Modern soil surveys aré available
for less than half of the Little Missouri region studied here, and where 1:20,000 scale soil
maps are available, they do not resoive individual wooded valleys aﬁd small drainages, but
lump togéther much of the highly dissected badlands as "mixed badlands corriplex;' (Aziz
1989). The climate of western North Dakota does not exhibit the dramatic eleyation-induced
variations seen in more mountainous terrain: the climate within the study a;'ea is quite
homq genous (Owenby and Ezell 1992) and is therefore of little use in differentiating
vegetation typeé. ‘

Digital topographic data can be used to calculate terrain parameters of relevance to
vegetation. The Topographic Analysis Programs for the Environmental Sciences - Grid
version (TAPES-G) suite of programs compute how various geometric terrain parameters
such as slope, aspect, curvature, and the upslope area that drains to each point (upslope
contributing area, or specific catchment ‘afea), and biophysical parameters, such as solar
radiation and toﬁogréphic wetness, vary acfoss a landscape (Gallant and Wilson 1‘996,
Wilson and Gallant 1996a, 1996b). In particular, two veg'etaﬁonfrelétcd parameters may be
improvements over the basic parameters of elevation, slgpe and aspect: 1) thé Spatial pa&cmf
of soil moisture as affected by accumulated waterﬂ;)w, and 2) solar radiation as affected by
topographic shading by nearby features. Both are physical processes not addressed by slope

and aspect alone. Thus, one might expect thcsé_ secondary biophysical parameters to
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correlate with vegetation better than slope and aspect. Where landcover has been greatly
influenced by human activity, such a§ agriculturé, terrain attributes may be less useful in
predicting vegetation. However, cropland is constrained by terrain: in the United States,
cultivation of steep slopes is discouraged. A time-series of images might also improve
vegctation ideﬁtiﬂcation, but the temporal dimension could not be cxplofed here, due to the
high cost of multiple images of the same area, and also due to the paucity of recent cloud-
free imagery duﬁng the growing season in parts of the Litt‘le Missouri (Dibenedetto, Custer.
National Forest ecoloéist, pcrsbnal communication).

This study explores whether terrain attributes can be used to improve .the thematic
accuracy of remote sensing landcover.maps. The objective is to compare the accuracy of
Landsat vegetation maps prepared with and without' the use of terrain attributes, to
determine whether application of these methods is worthwhile over the entire Little Missouri
region. Specifically, two improvements to the existing U.S. Forest Service vegetation
classification methods are explored: 1) whether or not the addition of TAPES-G
topographic wetness and solar radiation attributes improves the Ma/Redmond (i994b)
vegetation classification; and 2) " whether or not the use of TAPES-G drainage channels

derived from 30 m digital elevation models improves the accuracy of the vegetation maps.




Literature Review

Remote Sensing

Landsat multispectral remote sensing attempts to identify vegetation based on its
spectral reflectance, measured in the satellite’s seven Qvavelength bands, ranging from blue
visible light to far-infrared thermal wavelengths. Generally, green leaves absorb light in the
0.4-0.7 micron wavelength range, but méke an abrupt transition to reflectance at .70 micron,
scattering light effectively between 0.7 and 1.3 ‘nﬁ&ons (Gates et al. 1965, Ripple 1985).
In the semiarid grassland and badlén‘ds cover types that ére common in the Little Missouri
area, the observed reflectance may result from a combination of live vegetatidn, dead
vegetation and bare soil. In addition, thc_ spectral signature may vary due to differing angles
of illumination, the health of vegetation (affected by precipitation and grazing), and the
seasonal iife-cycle of vegetation. The ability of the Landsat thematic mapper to distinguish
ve ge_tétion typés is hrmted by the spec.:tral and spatial resolution of the detector.
Furthermore, remote sensing classification has proven difficult to automate (Lillesand ar;d
Keifer 1994).

~ Accuracy of remote sensing vegetation classification decreases when vegeta,tion'is
divided into fihe categories. Andefson et al (1976) defined a hierarchy of landcover types:
land managers are typically.interested in Anderson level III vegetation categories (the

species level) but automated classification accuracies for these classes are generally quite
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low, 65'% to 75% (Skidmore and Turner 1988). Accuracy can be increased by grouping
v'egetation.into the very broad classes of Anderson level ]I, such as conifer versus hardwood
forest. Manual photo-interpretation of Landsat iméges may yield higher accuracies, and
these .mcthod’s are spi]l used for small study areas, but are too time consuming for an area
~as large as the Little Misséuri Nationai Grassland.

Two géneral' types. of classification are used, unsﬁpérviscd and éupewiscd. In thé .
former, the data are clustered‘into arbitréry categories, but in the latter, ground;truth is used
as training data to divide the multidimensional data space into categories based on the
observed properties of the training data set (Jensen 1996). Provided that there is adequafc,
unbiased ﬁajning data available, the supervised method is far superi'of to the arbitrafy classes |
of the unsupervised method. |

Hutchinson (1982) outlines three ways that additional dafa layers can be added to
remote sensing classification: before; during or after the remote sensing classifier. Ancillary
data can be used as a pre-classification stratifier, as additional data | dimensions in a
maximum likelihood classifier, ér as a post-classification sorting of classes. In the first
method, the data can be divided into subsets with smaller variance using the ancillary data.
In the maximum likelihood method, ancillary data is used to modify the prior probabilities
used in the classiﬁcatibn. In the post-classification sorting, deterministic rules are used to
reassign classes based on ancillary data. Joria and Jorgenson (1996) used ancillary data
layers of elevation, slope, landform type, solar radiation and riparian zones, in a post-
classification sorting, to assist a classiﬁcaﬁén of 14 landcover types in arctic tundra, but

classification accuracy remained at ~50% when these terrain attributes were used.
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Numerous statistical clustering methods have been used to group multispectral data
into landcover classes, but ultimately, the quantity and quality of ground-truth data used in
supervision of vegetation classes may be more important than the classification method used
(Congalton 1991). Zhuang et al. (1995) compare minimum distance, max-imum—likelihood,
and neural network classification accuracy for sii landcover classes in a mixed cropland,
rangeland and broadleaf forest site in Indiana. The three methods produced similar
accuracies (within a 5% range) for each of the landcover classes, with the exceptidn of the
bare soil class, where the neural network classifier was 10% more accurate than the other
two methods. As with many remote sensing applications, high‘ accuracies of 85-95% were
achieved by lumping landcover types into very broad categon'és, in this case water, bare soil,
one forest class, oné grassland class and two crop .classes.

For this study, the Forest Service was interested in evaluating the impact of adding
additional terrain attributes to their existiﬁg remote sensing method developed for efﬁcient
mapping of very large areas. This method, dew}eloped by Ma and Redmond at the Univer‘-sity
of Montana, is a multi-stage process in which terrain attributes are added after an initial
classification of Landsat bands 3,4 and 5 Ma aﬂd Redmond 1994b). The details of this
method are described in Chapter Two.

An alternative approach to identifying vegetation by species is to characterize it by
ecological parameters such as leaf area index (LAI) or above ground biomass, which are less
arbitrarily related to the plant’s spectral reflectance than genus and species. However,
establishing a universal relationship between remote sensing spectral indices, such as the

normalized infrared minus red difference (NDVI), and ecological parameters has proven
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difficult. In Great Plajﬁs grasslands at Mandan, North Dakota, Aase et al. (1987) found that
the relationship between remote sensing vegetation index and leaf area index varied
according to the intensity of cattle grazing, making it impossible to translate NDVI into LAI
without knowing the grazing intensity. Friedl et al. (1995) report sumlar problems in the
Konza Prairie, Kansas. |

In grasslands in particular, the rapid temporal variation of the spectral signature, and
the interplay of forces such as drought and grazing have hlade the mapping of rangeland at
large scales problematic. For large areas where automated mapping is necessary, low
classification accuracies seem unavoidable using the classification techniques and ancillary

data used to date.

Digital '

With the advent of widély available, inexpensive digital elevation daﬁ, there is a need
for computerized terrain analysis and automated, standafdized landform classification
algorithms based on terrain atuibutes (Dikau 1989). Terrain parameters have already proven
useful for hydrologic anal&siS ;ﬁd erosion modeling (Moore and Nieber 1989, Moore and
Hutchinson 1991, Panuska, et al. 1991, Quinn, et al. 1991) . Moore et al. (1993a) and
Wilson et al. (1994) have used terrain attributes to aid soil mapping. Moore et al. (1993b)
explored how solar radiation and topographic wetness are related to vegetation in south-east
Australia. They found that the presence 6f certain species 6f Eucalyptus correlated well with
the amount of solar radiation, but the presence of Eucalyptus could not be predicted from _

the distribution of average annual soil water content across the landscape.
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Terrain analysis computes propértics of a ;thr_ée-diménsional landscépc surface. Terrain
attributes may be locally ACﬁned geometric properties such as slope, curvature and aspect,
or cumuiativc, such as flow direction, upsiope cbntribﬁting area, and flow path length.
Secondary, biophysical parameters such as. the quantity of solar radiation incident on the
land surface, and various topographic wetness indices, can be computed from the primary
terrain attributes. |

Several terrain analysis software packages aré widély used, including the ARC/INFO
TOPOGRID and FLOWDIRECTION terrain functions (ESRI Inc. 1995), the TOPMODEL
software of Beven et al. (1994), and the Terrain Analysis Programs f(;r the Envi:ofxmental
Sciences (TAPES-G) (Gallant ‘and Wilson 1996). Firstly, in order £o have correct drainage
patterns, spurious pﬁs in the terrain surface, which may result from DEM defects or
undersampling of complex terrain, must be removed. The method of Jensen and‘Dorrllinquc
(1988) is the most widely used. |

Hydrologic parameters, such as upslope contributing area, depend on the method

used to calculate flow direction on the terrain surface. The simplest method, known as

deterministic eight-node (D8), used by ARC/INFO, assumes that all the water in a cell flows

to a single adjacent cell in the directioh of steepest descent (O'Callaghan and Mark, 1984).

Two problems arise fﬁ)m this, 1) the divergence .of flow on a convex surface is not modeled,
and 2) onl); eight flow directions are permitted, so tﬁat flow paths are not smoothly cufved,
but Broken into 45° increments, which does not look “nanu ”, })ut may be an acceptable
approximation. As the spatial pattern of soil moisturc may be influenced by divergence in

upland areas, a more sophisticated flow algorithm is necessaryfor this study. The TAPES-G .
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random eight-node (FRho8) algorithm uses the method of Falrﬁeld and Leymarie (1991)
which adds Poisson noise to the flow vector to avoid long parallel flow paths, and partitions
flow between muitiple downhill cells by a weighting based on stceimess. This algorithm

- allows divergence below a user—deﬁgcd channel initiation threshold, above which divergence
is turned off because the flow is assumed' to be channeled. Wolock and McCabe (1995)
compared maps of specific catchment area computcd with both of these algorithms and
concluded that the FRho8 flow direction algorithm was superior in predicting the
distribution of soil moisture. For some cumulative hydrologic functions, such as predicted
stream flow, there may be little difference bétween the rﬁcthods.

Beven and Kirkby (1979) proposed a topographic wetness index which approximates
the depth to the water table, w=In(a/tanb) , where w is wetness index, In is the natural
logarithm, a is the upslope contributing area, tan is the trigonometric tangent, and b is the
slope angle in degrees. This index assumes a steady-state subsurface drainage equilibrium,
which is rarely the case (Barling et al. 1994). The DYNWET program used here computes
a quasi-dynamic wetness index which takes into account variable flow times across a -
landscape, and the hydrologic conductivity and porosity of the soil. Bmﬁﬂg et al. (1994)
have found that the quasi-dyné.rnic index better -models .observed soil moisture in catchments
in southeast Australia. Overall, the two methods bof:h i)redict Iower soil moisture on steepér |
slopes, but the static index is influenced more by upslope contributing area which is lﬁgest
ﬁ drainage channels at the mouth of catchments. Neithgr static nor dynamic wetness indices
incorporate evaporation, vegetation effects such as water uptake, or variation in soil

properties and geology across a landscape. Tﬁus,ﬁe indices are independent of terrain
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aspect, which may not be realistic.

Computer programs that calculate incidcnt solar radiation across landscapes include
the SOLARFLUX software written in ARC/INFO Macro Langﬁage, and tile Atmospheﬁc
and Topographic ‘Model (ATM), both summarized by Dubayah and Rich (1996), and the
SRAD program (Wilson and GMt 1996b). All three use thé efficient topographic shading
élgorithm of Dozier et al. (1981), and compute the sum of solar.radiation computed at

intervals throughout the year.
Study Area Descripti

Tl"le choice of study area arose from the desire of the U.S. Forest Service to map the
USFS Northern Region National Grasslands and National Forests of North and South
Dakota, a 10* kn?* area consisting of the Little Missouri, Grand River/Cedar River and
Sheyenhe‘ National Grasslands and the Sioux District of the Custer National Forest. Of the
grasslands, the Little Missouri (Figure 1) has the largest vertical relief, making it rr;ost
suitable for terrain analysis; farther east the terrain is very flat and the USGS digital data
errors become more troublesome, and the effects of terrain on vegetation are less dramatic.
The following éﬁteria were used to sélcct a stud).' area within tﬁe Little Missouri. As
hydrology is cumulativé downbhill, ﬂ1e area used in tﬁe terrain calculaﬁons must consist of
complete éatchment are.as, or the uppermost portions thereof. The grassland area east of the
Little Missouri River satisfies this requirement, but 30 m digital data coverage is not

complete in the western tributary drainages of the Little Missouri River. The area must also
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Little Missouri National Grassland, North Dakota

50km UTM Projection
National Grassland " : North Dakota Rivers and
/ 'V Counties Reservoirs
Figure 1. Study Area Vicinity, Western North Dakota. Study

Area
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have adequate ground-trutl_l fieldwork measurements available. Ma and Redmond chbse a
. 700 km? test area consisting of the Tracy Mountain, Cliffs Platcalll, Deep Creek North,
Spring Creek and Juniper Spur 7.5 minute USGS quadrangles (c?oss-hatched m Figure 1).
The primary selection criterion Waé the availability of ground-truth data with which to
evaluate classification accuracy: these five quadrangles contained the highest density of
groupd-truth data in addition to representing the major landscape types of the Little
Missouri: rolling uplands which are mostly cropland, wooded draws and badlands, and riv;r
floodplains and terraces. The study area contains the Third Creek draiﬁage;, on the east side
of the Little Missouri River. The northern edge of the study area is truncé.ted at an angle by

the northern boundary of the Landsat scene.

Geology

The erosional processes that created the North Dakota badlands began 600,000 years
ago, when the continental ice sheet displaced the Little Missouri River southward into a
shorter, steeper channel. The Little Missouri and its tributélies continue to cut into the
surrounding plain. The eastern boundary of this erbsion bisects the study area, dividing it
into two dramatically different physiographic regions, the gently rolling Missouri Slope
Upland to the east and the Little Missouri Badlands to the west (Bluemle 1991).

Thé bedrock is entirely sedimentary, consisting of Upper Cretaceous and Tertiary shale
strata. The Bul]ion Creek Formation, which underlies most of the study area, consists of
alternating layers of sandstone, shale and lignite. Flat-topped buttes (monadnocks) of the

more resistant sandstone rise 150 m above the surrounding peneplain. Total vertical relief
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in the study area is less than 250 m. The Little Missouri has incised a channgl 100-200 m
below the sﬁrroundhg terrain. Most of the woodéd draws have a V-shaped cross-section,
but the larger drainages have a floodplain several hundred meters wide. The main stem of
the Little Missouri has a floodplain up .to one kilometer wide. Pleistocene river terraces,
containing material eroded from the Rocky Mountains, cover areas up to 10 km?® near.the
Little Missouri main stem. A distinctive feature of this area is the presence of naturally fired
clay (clinker, ioca]ly named "scoria"), which is more erosion resistant than unbaked
. materials, forming steep-sided knobs 20-40 m high (Bhiemle 1991). In places these knobs,
together with depressions caused by the collapse of burned lignite ‘bedé, form large areas of
hummocky fenajn. This highly complex terrain is barely resolved at the 30 m cell size of the

Landsat images and elevation data.

Soils

Soil is largely absent in the badlapds areas, because the steep slopes are continually
eroding. Where the parent materials are ‘sufficiently* weathered to be considered soil,
Inceptisols and Entisols are common, such as the Cherry series (fine-silty, mixed, ﬁigid
Typic Ustochrepts) and Cabbart series (loamy, mixed (caléareous), frigid, shallow Ustic
Torriorthents), two of the more common soils in the wooded draws (Thompson 1978). The
floodplains of the larger creeks are also classified as Entisols, though they may be deep soils,
such as the Korchea series (fine-loamy, mixed (calcareous), frigid Mollic Ustifluvents). The
rolling uplands, which are mostly grasslard and hcropland, contain moderately deep soils

such as Entic and Typic Haploborolls.
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Most wooded draws aré not delineated m the 1:20,000-scale soil survey map of Slope
County (Thompson 1978) and large areas of the wooded draws are mapped as the
Badlands-Cabbart complex. Flatter upland areas and wide ﬂoodpia.ins within the badlands
are delineated. It appears that cropland in the rolling uplands is - mapped at greater detail.
Only the southernmost Iiortion of the study area, in Slope County, has been mapped at this
scale. The computerized 1:250,000-scale State Soil Geographic Database (STATSGO) soil
maps show even less detail, but they do disﬁnguisﬁ brf.)ad areas of badlands from the

surfounding rolling uplands (U.S. Soil Conservation Service 1993).

Climate

North.I-)akota, which is located near ‘the geographic center of North America, has a
éenﬁarid mid-latitude steppe climate (BSk in the Koppen classification), where cold dry
winters (-15° C mean temperature) alternate with warm summers (21° C mean temperature)
that average 120 frost-free days. Precipitation is greatest in the early part of the. growing
season, when approximately 50% of the annual precipitation of 406 mm occurs in April,
May and June, whereas ]csS than 30 mmm of precipitation falls in the three mid-winter months
(Owenby and Ezell, ‘1992).

The temporal variation of precipitation from year to year at a given station is far
greater than the spatial variation across North Dakota. At Dickinson Experimental Farm, ‘
just east of the Little Missouri, annual precipitétion ‘has ranged from 170 mm to 800 mm
over the 90 year record, 1904-93 (Hydrosphere, Inc. 1993). The rainfa]l distribution is

skewed, with drier than average years occurring more frequently than wetter than average
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ones. The moisture balance 1n the grdwjn_g season shifts dramatically from year to year: at
Williston Experimental Farm, the nearest station for which data is complete, ‘a dry year such .
as 1988 yielded 9 mm precipitation and 290 mm observed pan evaporation in the month of
July, whereas in a .wet year (1993), the moisture balance was reversed, w.ith 208 mm
precipitation and 136 mm obser'\'éd evaporation (NOAA 1993a). The wet weather was also
accompanied by much cooler térnpcratures, in July 1993 the mean daily maximum was 9.3°
C cooler than in July 1988.

The climate is sufficiently arid and hot in the growing season that most tree species are
unable to grow on south-facing siopcs, with the possible exception of éonderosa pine (Pinus
ponderosa). Broadleaf trees such as green ash (Fraxinus per;nsylvanica) and shrubs such
as snowberry (Symphoricarpos occidentalis) are largely confined to areas near

watercourses.

.
The Little Missouri is a transition zone between western and eastern plant species‘
(Rudd 1951). The region is at the western limit of the range of eastern hardwoods such as
green ash (Fraxinus pennsylvanica) and bur oak (Quercus rhacrocarpa) and at the eastern
limit of western species, su;:h as Rocky Mountain juniper (Juniperus scopulorum) and
Ponderosa Pine (Pinus ponderosa) (Little 1971). Furthermore, the Little Missouri is the
southernmos_t extent of sofne ’boreal forest &6es such as balsam poplar ‘(Po'pulus
balsamifera) and paper birch (Betula papyfira). Desert plants with ranges cer;tered on the

Great Basin, such as cactus (Opuntia fragilis), yucca (Yucca glauca), saltbush (Atriplex
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sp.), skunkbrush (Sacrobatus ver}niculatus), saltgrass (Distich'lis stricta) and sagebrush
(Artemesia tridentata) are also widespread in the Little Missouri region (Rudd 1951),
though thc& may not grow in patches large ‘cnough to be detected by remote scrising.

. Brown (1993) mapped species composiﬁon of grasses in the Great Plains and found
western wheétgrass (Agropyron smithii) and needle-and-thread (Stipa comata) to be the
most common “cool-season” (C3 photosynthesis path) native grasses in the region, whereas
blue grama (Bouteloua gracilis) is the only “warm-season” (C4 photosynthesis path) grass
that is abundant in the Little Missouri. In the rolling uplands, crested wheatgrass (Agropyron
desertorum), an introduced bunchgrass from the Rqssian steppe, was abundantly planted on

former cropland abandoned in the drought of the 1930's, to prevent erosion.
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CHAPTER TWO

DATA SOURCES AND METHODS

From 1987 to 1994, the USDA Forest Service made vegetation measurements in the
Little Missouri National Grasslandé which are s’uitabha for use as grouhd-truth for remote
sensing vegetation classifications. The dominant vegetation species was determined by
relative canopy cover at 97 field data p'oi‘nlt_s' within the five-quadrangle study area. Jeff
Dibenedetto, Custer National Forest ecol‘(‘)gist,'assigned these vegetation types to a Forest
Service landcover class (T: able‘ 1), and associated eacht"grom_ld-truth point with a vegetation
patch visible on the Landsat image. The geographic locatibr]s of the vegetation patches were‘
measured on the Landsat image, using the ARC/INFO comma.nd CELLVALUE. An
additional 76 landcover ground-truth points were derived from 1:24,000-scale airplllotos,
dated August 17, 1981; to increase thé sample size for landcover types such as riparian
forest that are poorly represented in the field data. Some landcover types such as riparian
shrub,v sageBrush, aqd juniper forest, are neverthelesé still poorly represented (five points or
less) in the combined data-set because the& could not be identified on airphotos. The Forest
Service landcover classes are defined in Appen&ix A and the locaﬁops of the ground-truth

data are given in Appendix B.
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Table 1. U.S. Forest Service Codes and Sample Sizes of Landcover Classes.

USEFES Code Landcover Class Number of Ground Truth Points
2100 Cropland, cultivated pasture and hay 18
3110 Low grass/low cover 24
3111 . Low grass/moderate cover 21
3201 Mesic upland shrub 10
3309 Silver sage 5
4102 Upland broadleaf forest 12
4206 Ponderosa pine forest 8
4214 Rocky Mountain juniper forest 5
5000 .- Water 3
6102 Riparian broadleaf forest 40
6201 : Riparian grass and forb 9
6202 Riparian shrub : 5
7601 - Badland " 13
Landsat Thematic Mapper Imagery

A cloud-fre;a Landsat thematic mapper image (path 34, ro'w 28) covering the study
area on ;Ilﬂy 5, 1989 was uséd for this study. No more recent cloud-free images in the
growing season were available for the southern Little Missouri area at the start (1992) of
this study (Dibenedetto, Custer National Forest ecologist, personal communication). The
image was terrain-corrected and georeferenced to an Albers qonical equal area projection
by Hughes STX Aerospace Corporation. Ma and Redmond (1992) have measured the

spatial accuracy of this terrain correction in western Montana, and have found it to be
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accurate to well within the 30 m pixel size.

Digital Elevation Models (DEM

Five 30 m resolution USGS 7.5 arc-minute quadrangles were joined using
ARC/INFO GRID to provide full coverage of the study area; this mosaic was then linearly
interpolated from the original Universal Transverse Mercator (UTM) prbjection to the sarné

Albers projection as the Landsat image, using the ARC Version 7 PROJECT command.

Although the digital elevation data conforms to USGS map accuracy level one, which

allows a mean elevation error of 7 m in a 7.5 minute quadrangle (U.S. Geological Survey
1993), the systematic and spatially patterned nature of the error can sometimes be confused
with real ‘terrajn features in an area such as the Little Missouri where the total vertical relief
is as little as 20 m in some quadrangles. Several examples of the types of error that can
occur in USGS elevation data are illustrated in Figure 2, which shows a 16x22 km area
located at the southern boﬁndary of. ﬂie study area. Portions of six 7.5 arc-minute
quadrangles are included. Three tYpes of error are noticeable: 1) a quasi-periodic "ripple”
of 250-300 m \;vavelength andupto7 m aﬁplimde, oﬁented roughly, but not exactly, c;,ast-
west, 2) a quasi-random lumpiness of approximately 20 ha patch size, which varies in
amplitude from quadrangle to quadrangle, and 3) linear discontinuities of up to 15 m in
elevation, running ﬁorth—south and east-west, which often, but not always, agree with
quadrangle boundaries. The amplitude of all three types of error varies substantially from

quadrangle to quadrangle; the orientation and spatial frequency varies less dramatically.
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Figure 2. Shaded Relief Elevation Map. USGS digital elevation data
errors are visible as horizontal stripes.
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Over water bodies, such as reservoirs, the errors have apparently been removed by the
USGS, as they are not present.

The ripplé originated from USGS manual ﬁroﬁling of photogrammetric
strereomodels (U.S. Geological Survey 1993) and is actually modﬁlatcd by terrain: human
operators made negative errors (resulting in iower elevations) when scanning in an uphill
direction, and poéitive errors when scanning downhill (B‘and‘ 1993), so that the phase of the
ripple is altered by terrain. This érror pattern is therefore difficult to remove using standard
de-striping algorithms such as Fourier filtering (Simpson et al. 1995). If the ripple were a
pe;fect sinusoid superimposed on terrain, it could simply be subtracted from the DEM, but
the variable amplitude, wavelength and phase make this irnpossil;le. A disadvantage .of the
commonly used rectangular box-average method of stripé removal (Brown and Bara 1994)
is that it removes real terrain features, such as some east-west trending woodéd draws in the
Little Missouri region. The 30 m resolution USGS DEMé are by far -the best elevation data
that are available in the Little Missouri region, so precise quantification and correction of -
the errors, or the side effects of ripple removal methéds, cannbt be imdertaken, because |
there is no reference data. For this reason, no attempt was made to remove the DEM errors
in this study. The lower resolqtion, three arc-second USGS elevation data contain equally
probler.natic systematic data errors of larger rﬁagnitude.

For the purposes of terrain analysis, th_e most troublesome systematic DEM errors
are those which mimic real terrain features such as small drainagé channels and swales, for .
example the east-west ripple troughs caﬁ be confused with real east-west trending drainages.

Fortunately, some DEM errors are compensated for by the depression-filling capability of
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the TAPES-G terrain analysis software, discussed in the next section.
Terain Analysis (TAPES-G)

Thé TAPES-G software computes various geometric surface parameters such as
slope, aspect and curvatures parallel and perpendicular to the flow direction; and water
accumulation parameters such as upslope contributing area, flow path leﬁgﬂl and width,
from raster elevation data (Gallant and Wilson 1996). The TAPES-G program includes an
option to compute a depressionless terrain surface according to the method of Jensen and
Dominque (19885, to remove’depressions in the raw DEM due to elevation errors such as
the ripple pattern, and from the terrain beiné ‘insuffici'e.ntly resolved at vthe 30 mcell size of
the DEM. For example, the narrow wooded draws in the Little Missouri region are oﬁly a
few cells wide, so the bottom of the channel is not always sampled, producing a chain of
“spurious pits” alc‘mg the drainage path. Once the depressionless DEM has been caléﬁlatcd,
TAPES-G allows the user to select one of several flow, direction aigorithms. This study used
the FRho8 method (Fairfield and Leymarie 1991), with divergence enabled beldw a user-

specified catchment size, described below. Some flow algorithms, such as the ARC/INFO

FLOWDIRECTION command, do not realistically model divergent ﬂow‘ on convex -

surfaces.

¢ On a convex surface, water flow diverges unless channeled. TAPES-G allows the - “

user to specify a threshold catchment area above which the water is assumed to flow in a

stream channel. This threshold varies depending on the climate and terrain. One way to set

L

L
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the threshold for a particular region is to examine 1:24,000-scale topographic ﬁ1aps and by
uiai and erro¥ adjust the TAPES-G threshold to match the stream channels shown on the
map.

For this study area, a threshold of 2.0x10° m* was chosen to ‘proyide the best match
to the topographic maps. It should be noted that the USGS. stream lines on maps are not
totally consistent with catchment area, ias they are derived from photo-interpretation.
Therefore, the agreement between TAPES-G channels and 1:24,000-scale hydrography is
not uniform across a quadrangle, thus the catchment area threshold is approximate. Another
approach is to adjust the TAPES-G threshold to give channels that correspond to the
pattern of woody draw vegetation seen in the Landsat image. This yields a lower c'étchment
area threshold, 1.0X10° m?, because wooded draw vegetation occurs in drainages smaller
than those containing stream lines on topographic maps. One disadvantage of the lower
threshold is that some sﬁurious channels are caused by the DEM errors. Typicailly, these
spurious channels trend east-west in the orientation of the “ripple” error, but sometimes

north-south quadrangle boundaries produée errors as well.
Quasi-Dynamic T hic W Index (DYNWET"

The DYNWET program uses the methods of Barling et al. (1994) to compute a
topographic wetness index from the slope and ﬁpslope contributing area outputs of the
TAPES-G program. Additionally, DYNWET uses soil and climate properties. such as

average soil depth, saturated hydraulic conductivity, drainable porosity and average drainage
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time between rainfall events. These were approximated for the Little Missouri study area
by using the soil survey of Thompson (1978) to estimate a mean soil depth of 0.5 m, and a
most abundant soil texture of silt loam. A hydrologic conductivity of 15 mm hr ! (Rawls and
Brakensiek 1989), and a drainable porosity equal to 25% of the soil volume (Ratlif‘f etal. -
1983), are representative for this soil texture. In reality, ‘soil properties vary across the
landscape, but the chsion of DYNWET implemented for this study assumes that they can
be approximated by these spatial averages. A mean drainage time of 10 days was chosen
to reflect the typicél interval between major precipitation events in the semi-arid climate of

the Little Missouri fegion.
S ] rB ]- 3 II ] ]- :S’B ?D:

The SRAD module of TAPES-G computes shortwave (visible) and longwave
(infrared) radiation budgets at each point in thé digital representation of terrain. For this
studsl, only the incoming shortwave solar radiation was used; because the other components
of the radiaﬁon budget depend on vegetative cover and to use them in the determination of
remote sensing vegetation type would involve cﬁculm reasoning. SRAD uses a three-
component approximation of the sky brightness function: it computes the sum of direct solar
radiation (affected By topographic shading), plus a circumsolar component scattered from
within a few degrees of the solar direction, plus the \;vider-anglc diffuse reflected sunlight
from clouds and blue sky (Wilson and Gallanf i996b). To compute this diffuse corﬁponent, '

TAPES requires an input parameter, called £, that represents the mean transmission
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coefficient for sunlight passing through clouds. The ,B parameter was calculated from 196 1-
90 mean solar radiation and percent-of-possible-sunshine measured at the nearest solar
station to the Little Missouri, which is Bismarck, ND (NOAA 1993b). Monthly mean values
of f are input to SRAD. In this study, incident radiafion was computed at four 90-day
intervals throughout the year, then added to obtain the mean annual total solar radiation
incident on the terrain surface. This annual average radiation is dominated by the summer

months when incident solar radiation is greatest.
Ma-Redmond Remote Sensing Methods

This method is a multi-step process developed for mapping large (10°-10° km?®)
areas, where automated classification of entire Landsat scenes in'a computationally éfﬁpient
manner is necessary. The first step applies an unsupervised clusteﬁng Ialgorithm (Ma and
Rédmond 1994a) which is closely related to the \;/idely used color-ciuantization scheme for
approximating three-color composite images in a single 8-bit color image (Heckert 1982).
The resuiting vegetation classes are color-coded to resemble their appearance in a red-
. green-blue (RGB) color composite of the three bands, allowing easy visual inspection of the
classification, and comparisons with the 'originalﬂimage.

In the second step, image pixels.are spatially grouped into an ecologically relévant
patch size, to eﬁnﬁnatc the visual confusion of "salt-and-pepper" pixels. Vegetation classes
that do not occur in patches as large as the minimum mapping unit are eliminated, resulting

in fewer classes in the aggregated image. A cémpromise must be made between map clarity
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and detail; care must be taken to avoid removing ecologically important features such as
riparian corridors, which are prevalent in the Little Missouri region. The aggregation

algorithm used here was developed by Ford et al. (1993) at the University of Montana,

although similar aggregét‘ion tools are now available in ARC GRID Version 7. An additional

advantage of aggregation is that it greaﬂy speeds subsequent computation and reduces data
storagé requirements because later classifications are performed on the grouped regions of
pixels rather than individual image pixels. Using the ARC GRID REGIONGROUP
command, these regions are treated as single data points in subsequent data analysis. The

remaining four Landsat bands (1, 2, 6, and 7), plus the selected terrain attributes are

" averaged within each vegetation region to obtain mean attribute values for each vegetation

patch.

The third step in the Ma-Redmond process is a supervised‘ non-parametric
classification which assigns the gréupcd vegetation patches to the nearest ground-truth point
in the multidimensional parameter space which includes seven Landsat bands plus the
selécted terrain attributes (Ma and Redmond 1994b). In this study, 8,9 or 10 data layers are

used, depending on how many terrain -attributes are included in the classification. The

advantage of this ‘nearest member of group’ classification is that it does not depend on any

assumptions about the statistical distribution of parameters. Some cumulative terrain

parameters, such as upslope contributing area and the wetness indices, are not normally

distributed.

A fourth, optional step uses a stream buffer defined by an elevation threshold above

stream level to delineate riparian areas (Ma and Righter 1994). The stream channels can be
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input either from USGS digital line graph (DLG) hydrography data, or from drainage
channels computed by terrain analysis sofWue such as TAPES-G, and the buffer is
calculated from the same digital elevation data (DEM) used for other terrain analysis. In
this study, Ma and Redmond selected an elevation difference of 5 m above stream level to
define riparian areas. Where they are incorrectly identified, Forest Service vegetation classes
can be reclassified to correspond to the appropriate riparian or upland designation based on
presence inside or outsidq the stream buffer, thus rcducing error in the 'vegetation map.

Zhenkﬁi Ma and Roland Redmond at the University of Montana Cooperaﬁve
Wildlife Research Unit performed all image classification, spatial aggregation, error

assessment and stream buffer calculations for this project.
Accuracy Assessment

Because the ‘nearest member of groﬁp’ method alwa);s yields éorrect identiﬁcatidns
at the ground truth locations, accuracy of the classifications can noi be measured by
overlaying the gro.und-truth points on a classified image, becauseﬂ agreement would be
100%. Instead, accuracy assessment was made by a procéss called “bootstrapping’, in which
a ground-truth point is removed and a classification made using the remainder of tvlllp poiﬁts.
This process is repeated for each ground-truth point in‘tum, ;csulﬁng in 173 classiﬁéétions |
for this ground-truth sample. By tabulating which ground-truth points were correctly
identified using the remainder of the data sample, Ma and Rédmaﬁd produced the error

matrices reported in this study.
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Both the total accuracy of the classification and the accuracies for individual
landcover categories are of interest. Furthermore, a pixel-by-pixel c'omparisoﬁ of the
landcover maps yields a percent agreemﬁt between any pair of maps,- indicating how much
the addition of terrain attributes, or a change in the sizc‘ of the mmlmmn mapping unit,
affects the maps. The percent agreement is computed with the ARC GR_ID CON function,
which can be applied to either the vegetation maps or the stream buffers in raster (image)
format. The vector repf_esentation of stream buffers given to us by-our collaborators was

converted to the ARC GRID raster format with the POLYGRID command.
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CHAPTER THREE

RESULTS AND DISCUSSION

Terrain Attribute Val G | Truth ] .

Terrain parameters were computed for an area somewhat Iérge; than the five-
quadrangle remote sensing area (Figure 3), in 6rdcr to inéure that cumulativc hydrologic
parameters were complete. The-only parts of the TAPES-G upslope conuibuﬁng area map
which do not have complete catchment coverage are the one cell wide drainage channels of
the Little Missouri River and two of its tributaries. DEM data were not available for the upper
part of these catchments. These channels have very large values of upslope contributing area
by the time they enter the study area, and the channels are not r'cs‘olved‘ in the remote sensing

image, so this has a negligible effect on the final classification accuracy. Upslope contributing

area at the locations of all ground truth points is based on complete elevation data.

All terrain attributes except slope have a large amount of overlap between landcover

classes (Figures 4-9). In particular, both secondary attributes (quasi-dynarrﬁc wetness and

" solar radiation) used in. this study show a very large overlap between vegetation classes

(Figures 7-8). ‘szil]l ranges in small sample sizes (N<5) may simply reflect a lack of data,

however a large range in a small sample size does provide evidence of a large variance.

Classes 3309 (sagebrush), 4214 (juniper forest), 6202 (riparian shrub) have a samplé size of - |

five or less. The quasi-dynamic wetness indices reach similar maximum values of 2.64-2.67

in all classes except 4214 (juniper forest) and three classes (3110, 4102, 7601) span the entire
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Figure 3. Elevation. Plusses indicate locations of ground-truth data.
The remote sensing coverage is outlined in white.
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Figure 4. Minimum, Maximum and Median Elevation by Landcover Type.
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Figure 5. Minimum, Maximum and Median Slope by Landcover Type.
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Vegetation Type

Figure 6. Minimum, Maximum and Median Upslope Contributing Area by Landcover Type.
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Figure 7. Minimum, Maximum and Median Steady-State Wetness Index by Landcover Type.
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Figure 9. Minimum, Maximum and Median Solar Radiation by Landcover Type.
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range of 2.21—2.67 (Figure 8). Thus,. vegetation classes are not well separated by this

parameter, and this may be reflected in the slight reduction in classification aﬁcuracy when it

is added to the Landsat data. In particular, some of the most seriously confused classes in

Landsat data, 2100 (cropland') and 6102 (riparian broadleaf forest) show largely overlapping

distributions in both quasi-dynamic wetness index and solar radiation. If steady-state wetness

(Figure 7) wérc substituted for quasi-dynamic wetness (Figure 8), a similar overlap exis'ts |
between cropland and riparian forest. In the case of solar radiation (Figure 9), the riparian

forest class has the largest range of ‘vaiues.

In contrast, the primary attribute slope (Figure 5), used in thé standard Ma/Redmond
method, does exhibit interesting variatibns between classes. None of the 18 crdpland points
occurs on a slope greater than 10%, whereas upland vegetation types such as 3201 (upland
shrub), 4102 (upland broadleaf forest) and 4214 (juniper forest) grow on slopes up to 29%,

35% and 48% respectively. Thus, the slope parameter does show less overlap between some

“ classes than the secondary terrain attributes used in this study. However, the riparian

categories also include maximum slopes of 19-26%. These steep riparian areas occur in

‘ rugged terrain in the headwaters of drainages.

I . g -] II :

Output grids from TAPES-G, DYNWET and SRAD are shown in Figures 10-15.
The differences between the gently rolling upland areas at the eastern edge of the study area
and the more rugged wooded draw and badlands terrain in the western two-thirds of the -

study area are well shown in most of the terrain attribute maps. Flat areas, shown in dark

b
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Figure 10. Slope Computed by TAPESG.



Figure 11. Aspect Computed by TAPESG
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Figure 12. Upslope Contributing Area (sg. meters) Computed by TAPESG.
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Albers Projection #
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4.0 Steady-State Wetness 24.5
Figure 13. Steady-State Wetness Index Computed From TAPES-G Output.
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Figure 14. Quasi-Dynamic Wetness Index Computed by DYNWET.
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Figure 15. Average Annual Solar Radiation Computed by SRAD.
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tones, such as floodplains, river terraces, and depressions in rolling upland, are clearly visible
in the slope map (Figure 10), and also as areas of high wetness (light tones) in both the
steady-state and quasi-dynamic wetness indices (Figures 13-14). The distribution of both
wetness indices follows a pattern of high wetness in flatter terrain and lower wetness on
steeper slopes (Figures 10,13 and 14). High values of wetness index occur in both riparian
and cropland areas.

Steeper terrain, such as river bluffs, hillsides, and badlands are shown in lighter tones
in the slope map, and appear as areas of low topographic wetness (dark tones) in Figures 13-
14. The abrupt transition between the rolling uplands in the east, and the highly dissected
Little Missouri drainage to the west, is particularly prominent in the slope map.

The aspect and solar radiation maps (Figures 11 and 15) reveal similar patterns,
however topographic shading on north-facing slopes produces a more complex spatial pattern
in the solar radiation map. In the aspect map, pure white indicates an undefined aspect, which
occurs in regions where the slope in zero. In the solar radiation map (Figure 15), north facing
slopes receiving 80-100 Wm'2 average annual solar radiation are shown in dark tones,
whereas southern exposures receive 150-190 Wm'2 and are shown in lighter tones. In the
rugged badland terrain (center), more variation in radiation intensity is seen, compared with
the more gentle rolling upland terrain at right Figure 15 also shows a high-frequency ripple
in elevation over part of the study area, plus a more pronounced low-frequency ripple in the
northern and eastern quadrangles outside the study area.

In the upslope contributing area map (Figure 12), ridgelines appear as dark areas (low

upslope contributing area), and valleys, floodplains and depressions appear lighter (high
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upslope contributing area). Elevation data quality is dramatically lower in the northern and
eastern quadrangles, as evidenced by the abundant spuri(;us linear drainage features trending
east-west. Other discontinuities at quadrangle boundaries are visible at center‘ left in Figure
12, whgre the flat river terraces and floodplains are U'unc'atf;d by an clevétion jﬁmp across a
quadrangle boundary. The upslope contributing area map.shows large upslope drainage areas

in both rolling uplands and wooded draws.
Classification A

Three classifications were compared, 1)' all éeven Landsat bands plus elevation, 2)
seven Landsat bands plus elevation, plus dynémic wetnesé index, and 3) seven Landsat bands
plus elevation, plus dynamic weu;ess index and incoming shortwave S(')lar radiation. Each
classification was spatially aggregated fo 0.4, 0.8 and 2.0 ha minimum mapping units, making
nine classiﬁcatiohs in all, shown in Table 2. In the 0.4 ﬁa merge, overéll classification
accurac;ies remained roughly constant with the addition of wetness index and solar radiation:
accuracy varied from 51-54%. In the 0.8 ha merge, accuracy declined from 57% to 56% with
the addition of wetness index, and further declined to 53% with the addition of solar
radiation. In the 2.0 ha merge, éccuracy remained nearly constant at 56-57% in all three cas;es.

Similarly, there is little difference in accuracy when comparing the three sizes ‘of
spatial a;ggregation: accuracy remains at 53-57% at the 0.8 and 2.0 ha minimum mapping
units, suggesting that there may be no disadvantage to using the la;ger mapping unit.

However, in other areas of the Little Missouri region, Ma and Redmond (personal
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communication) have noticed a loss of continuity in riparian corridors at a 2.0 ha aggregation,

but this is not-evident from the limited ground-truth sample used in this study area.

Table 2. Overall Classification Accuracy.

0.4 ha Minimum Mapping Unit Accuracy(%)
Landsat, elevation 53.8
Landsat, elevation, quasi-dynamic wetness 50.9
Landsat, elevation, quasi-dynamic wetness, solar radiation 53.8
0.8 ha Minimum Mapping Unit Accuracy(%)
Landsat, elevation 57.2
Landsat, elevation, quasi-dynamic wetness 56.1
Landsat, elevation, quasi-dynamic wetness, solar radiation 53.2
2.0 ha Minimum Mapping Unit Accuracy(%)
Landsat, elevation 57.2
Landsat, elevation, quasi-dynamic wetness 57.2
Landsat, elevation, quasi-dynamic wetness, solar radiation 56.1

Error matrices are shown in Table 3, with USFS numeric landcover codes (2100-

~ 7601) identified in Table 1. Correct identifications of the 13 landcover classes fall along the

diagonal, incorrect classifications fall elsewhere. Individual landcover classes showed little

change in accuracy with the addition of terrain attributes, and altering the minimum mapping

unit also had little effect. Cropland showed no accuracy improvément with the addition of

terrain attﬁbutes, and the 2.0 ha minimum mapping unit reduced accuracy slightly. Cropland

was frequently misclassified as riparian classes of forest and shrubland. The two grassland
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Table 3. Error Matrices for the Nine Classifications. Vegetation codes identified in Table 1.

Mapping unit 0.4 ha. Landsat, elevation. .
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210012 0 0 6 © 1 o o o o0 2 2 1 18 67
3110 0 16 8 0o ©o0 O ©0 O © ©0 0 0 0 24 67 .
31110 13 7 1 6 0o o0 ©0 ©0 0 0 0 0 2 33
3201 0 0 1 o 2 1 2 0 0 3. 1 o ‘o 10 o
33000 0 1 1 3 0o o0 0. 0 0O O 0 0 5 ° 60
41020 0 0 0 0 3 1 o o0 7 0 1 0 12 25
42060 0 0 1 o o 7 o o0 O0 0 O 0 8 88
42140 0 1 0 0 1 o 3 o ©0 O0 O 0 5 60
5000 0 0 o O o0 © O 3 0 0 ©0 0 3 100
61020 0 ©O0 O O 8 O O O 24 4 4 0 40 60
6011 0 ©0 2 0 O O O0 ©0 3 2 1 0o 9 22
62021 06 0 0 O 1 o o o 3 0 0 0 5 0
7010 0 ©0 ©0 ©0 O ©0 ©0 o0 .0 0 0 13 13 100
Total14 29 18 5 5 15 10 3 3 -4 9 8 14 173 :
0855 38 ° 0 6 20 70 100 100 60 22 0 92 %Corect .

Mapping unit 0.4 ha. Landsat, elevation, wetness index. ‘
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210011 © 1 0 0 2 0 0 0 0 1 2 1 18 61
3110 0 16 7 0 0 0 0 0 0 1 0 0 0 24 67
3111 0 13 7 1 0 0 0 0 0 0 0 0 0 21 33
3200 0 0 0 1 3 1 1 0 0 4 0 0 0 10 .10
3309 0 0 0o .1 3 0 0 0 0 0 1 0 0 5 60
4102 0 O 0 1 0 1 1 0 0 8 0 1 0 12 8
4206 0 O 0 1 0 0 7 0 0 i} 0 0 0 8 88
42140 0 1 0 0 1 0 3 0 0 0 0 0 5 60
50000 O 0 0 0 o 0 0 3 0 0 0 0 3 100
61020 O 0 3 0 7 0 0 0 21 4 5 0 .40 53
62010 0 O 2 0 1 0 0 0 2 3 1 0 9 33
62021 0 0 0 0 1 0 0 0 3 0 0 0 5 0
7601 1 0 0 0 0 0 0 0 0 0 0 0 12 13 92
Total 13 29 16 10 6 14 9 3 3 39 9 9 13 173
84 55 43 100 50 7 77 100 100 53 33 0 92 ZCorrect

Mapping unit 0.4 ha. Landsat, elevation, wetness index, solar radiation.
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 .7601 Total %Correct

210012 0 1 0 0 1, 0 0 0 0 2 1 1 18 67
3110 0 17 6 0 0 0 0 0 0 1 0 0 0 24 71
3111 0 13 6 0 1 0 0 0 0 1 0 0 0 21 290
32000 O 0 2 2 o 1 0 0 4 I 0 o 10 20
33090 0 0 .1 3 0 0 0 0 0 1 0 0 5 60
4102 0 . O 0 1 0 2 1 0 0 6 1 1 -0 12 17
4206 0 O 0 1 0 0 7 0 0 0 0 0 0 8 88
4214 0 O 1 1 0 0 2 0 0 1 0 Y 0 5 0
5000 0 © 0 0 0 0 0 0 3 0 0 0 0 3 100
6102 0 © 1 3 1 2 0 0 0 27 3 3 0 40 68
6201 0 O 0 1 1 2 0 0 0 2 2 1 0 9 22
62021 O 0 0 0 1 0 0 0 3 0 0 0 5 0
7601 1 0 0 0 0, 0 0 0 -0 0 0 0 12 13 92
Total 14 30 15 10 8 8 1 0 3 45 10 6 13 173 ,
40 20 37 25 63 0 100 60 20 0 92 %Correct

85 56
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Table 3, Continued.

Mapping unit 0.8 ha. Landsat, clevatlon
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210013 © 1 0 0 1 0 0 0 0 01 1 1. 18 72
3110 0 17 6 0 0 0 0 0 0 0 1 0 0 24 n
3111 0 11 9 0 0 0 0 0 0 0 1 0 0 21 43
3201 0 O 0 2 1 0 1 0 0 5 1 0 0 10 20
33090 O 0 1 4 0 0 0 0 o 0 0 0 5 80
41021 0O 0 0 0 3 1 .0 0 6 1 0 0 12 25
4206 0 O 0 0 1 0 7 0 0 0 0 0 0o 8 88
4214 0 O 1 0 0 0 0 4 0 0 0 0 0 5 80
5000 0 O 0 0 0 0 0 0 3 0 0 0 0 3 100
6102 0 O 1 3 1 10 0 "0 0 19 4 2 0 40 48
6201 0 O 1 0 0 o 0 0 0 3 4 1 0 9 - 44
62021 O 0 0 0 0 0 0 0 1 1 2 0 5 40
7601 1 © 0 0 0 0 0 0 0 0 0 0 12 13 92
Total 16 28 19 6 7 14 9 4 3 34 14 6 13 173
81 60 47 33 57 21 7 100 100 55 28 33 92 %Correct

~

Mapping unit 0.8 ha. Landsat, elevation, wetness index.
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210013 0 1 0 0 1 0 0 0 0 1 1 1 18 72
3110 0 17 5 0 0 0 0 0 0 0 2 0 0 24 71
3111 0 11 9 0 0 0 0 0 0 0 1 0 o 21 43
32000 O 0 1 2 0 1 0 0 5 1 0 0 10 10
33090 0 0 1 4 0 0 0 0 0 0 0 0 5 80
41021 0O 0 0 0 3 1 0 0 6 1 0 0 12 25
4206 0 O 0 0 0 1 0 7 0 0 0 0 0 8 88
4214 0 0 1 0 0 0 0 4 0 0 0 0 0 5 80
5000 0 O 0 0 0 0 0 0 3 0 0 0 0 3 100
6102 0 1 1 4 1 8 0 0 0o 17 5 3 0 - 40 43
6201 0 1 1 0 0 0 o 0 0 2 4 1 0 9 44
62021 0 0 0 0 0 0 0 0 1 1 2 o 5 40
7601 0 0 0 0 0 0 0 0 0 0 0 0 13 13 - 100
Total 15 30 18 6 8 12 9 4 3 3t 16 7 4 173
8 56 .50 16 50 25 77 100 100 54 25 28

‘92 %Correct

Mapping unit 0.8 ha. Landsat, elevation, wetness mdex, solar radiation.

2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210013 O 1 0 0 1 0 0 0 0 1 1 1 18 72
3110 0 14 9 0 0 0 0 0 0 0 1 0o 0 24 58
3111 0 11 8 0 1 0 0 0 0 0 1 0 0 21 38
32010 O 1 2 1 0 1 0 0 5 0 0 0 10 20
33090 0O 0 1 3 0 0 0 0 0 1 0 0 5 60
4102 0 O 0 0 0 2 1 0 0 9 0 0 0 12 17
4206 0 O 0 0 1 1 6 0 0 0 0 0 0 8 75
42140 O 1 0 0 1 2 0 0 1 0 0 0 5 0
5000 0 O 0 0 0 0 0 0 3 0 0 0 0 3 100
6102 0 1 0 3 1 4 0 0 0 24 4 3 0 40 60
6201 0 1 1 0 0 0 0 0 0 4 2 1 o 9 22
62021 O 0 0 0 0 0 o 0 1 1 2 0 5 40
7601 0 O 0 0 0 0 0 0 0 0 0 0 13 13 . 100
Total 14 27 21 6 7 9 10- 0 3 44 11 7 14 173

92 51 38 33 42 22 60 0 100 54 18 28 92 %Corect

Ll L
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Table 3, Continued.

Mapping unit 2.0 ha. Landsat, elevation.
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210011 O 1 0 0 1 0 0 0 3 1 0 1 18 61
3110 0 15 4 0 0 0 0 0 1 2 0 0 2 24 63
3111 0 11 6 1 0 0 0 0 0 1 0 0 2 21 29
3201 0 1 1 5 0 1 0 0 0 2 0 0 0 10 50
33090 O 1 0 3 0 0 0 0 0 1 0 0 5 60
4102 0 O 0 3 0 2 0. 0 1 5 0 1 0 12 17
4206 0 O 0 1 0 0 7 0 0 0 0 0 0 8 88
42140 O 0 0 0 0 0 5 0 0 0 0 0 5 100
5000 0 O 0 0 0 1 1 0 1 0 0 0 0 3 33
6102 3 1 1 1 0 4 0 0 0 26 2 2 0 40 65
6201 2 O 0 0 0 0 0 0 0 2 5 0 0 9 56
62021 0 0 0 0 0 0 0 .0 1 1 2 0 5 40
7601 1 O 1 0 0 0 0 0 0 0 0’ 0 11 13 85
Total 18 28 15 11 .3 9 8 5 3 42 10 5 16 173
61 53 40 45 100 22 87 100 33 61 50 40 68 %Correct

Mapping unit 2.0 ha. Landsat, elevation, wetness index.
21003110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210010 0 1 0 0 0 0 0 0 4 1 1 1 18 56
3110 0 16 4 0 1 0 0’ 0 1 1 0 0 1 24 67
3111 0 12 5 1 0 0 0 0 0 1 0 0 2 21 24
32010 O 2 5 0 1 0 0 0 2 0 0 0 10 50
3309 0 0 1 0 3 0 0 0 0 0 1 0 0 5 60
41020 O 0 2 0 "4 0 0 1 5 0 0 0 12 33
4206 0 O 0 0 0 0 7 0 0 1 0 0 0 8 88
4214 0 O 0 0 0 0 0 5 0 0 0 0 0 5 100
5000 0 O 0 0 0 1 1 0 1 0 0 0 0 3 33
6102 4 1 1 2 0 5 0 0 0 25 0 2 0 40 63
6201 2 O 0 0 0 0 0 0 0 2 5 0 - 0 9 56
62021 O 0 0 0 0 0 0 0 1 1 2 0 5 40
7601 1 0 1 0 0 0 0 0 0 0 0 0 11 13 85
Total 18 29 15 10 4 11 8 5 3 42 8 5 15 173
56 55 33 50 75 36 88 100 33 60 63 40 73 %Correct

Mapping unit 2.0 ha. Landsat, elevation, wetness index, solar radiation.
2100 3110 3111 3201 3309 4102 4206 4214 5000 6102 6201 6202 7601 Total %Correct

210010 O 1 0 0 1 0 0 0 3 2 0 1 18 56
3110 0 17 4 0 1 0 0 0 1 1 0 0 0 24 71
3111 0 11 6 1 0 0 0 0 0 1 0 0 2 21 29
3201 0 2 1 4 0 1 0 o 0 1 1 0 0o 10 40
3309 0 0 0 1 3 0 0 0 0 1 0 0 0 5 60
4102 1 0 0 2 0 2 0 0 1 5 0 1 0 12 17
4206 0 O 0 0 0 0 7 0 0 0. 1 0 0 8 . 88
4214 0 O 0 0 0 2 1 2 0 0 0 0 0 5 40
5000 0 O 0 1 1 0 0 0 1 0 0 0 0 3 33
6102 3 1 1 2 0o - 4 0 0 0 26 1 2 0 40 65
6201 1 0 0 0 0 0 1 .0 0 2 § 0 0 9 56
6202 1 0 0 0 0 o 0 0 0 0 1 3 0 5 60
7601 1 0 1 0 0 0 0 0 0 0 0 0 1 13 85
Total 17 31 14 11 5 10 9 2 3 40 11 6 14 173
58 54 42 36 60 20 77 100 33 65 45 50 78 %Correct
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classes were frequently confused, though the identification of low-cover-grass (3110) was
higher than for high-cover grass. Merging the two classes would result in approximately a
10% increase m total accuracy, raising the accﬁacy of a single grassland class to >75% at
all three spﬁtial scales. The upland shrub category (3201) was frequently c.onfused‘ with
riparian forest, but not confused with riparian shrub. Accuracy improved when the minimum
mapping unit was increased to 2.0 ha. Upland forest (4102) was most frequently confused
with riparian forest (6102), but the addition of teﬁain attributes did not a%fect the generally
low accuracy of <30%. Broadleaf riparian forest (6102), does show a slight accuracy
improvement with the addition of terrain attributes. Confusion between riparian and upland
forest in the Little Missouri is not surprising as‘the dominant vegetation is green ash in both
cases. Confusion between broadleaf shrubs and broadleaf trees is also to be expected, because
they may have similar spectral signatures. | |

-In the 0.4 ha aggregatidn, accuracy increased from‘60% to 65% out of 40 points, aﬁd
the 0.8 ha aggregation improved from 48% to 60%. At the 2.0 ha minimum mapping unit,
accuracy remained 65%, both with and without terrain attributes. Riparian forest was
frequently nﬂmlassiﬁed as, uplar}gl forest. Potentially, eliminating the confusiqn between
riparian and upland forest cduld improve total accuracy by 5-10%. Additional errors were

caused by ripan'an\ forest misclassified to non-forest riparian categories. Overall accuracy of

the classification could be raised to 75%, if the two grassland categories are merged, and the

confusion between upland and riparian classes resolved.
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The corhplete study area laﬁdcover map is too detailed té be reduced to an 8.5x11 inch
page size; a representative portion of the area is shown as an example in Figures 16-20. This
region is located in the southeast of the study area. Some confusion between cropland and
n;panan ash remains in all cases, for exémple, the rectangular cultivated fields at lower ﬁght
in the figures are misclassified as riparia_n ash or riparian shrub, even when terrain attributes
are added to the classification. Changing the spatial aggregation from 0.4 ha to 0.8 ha altered . -
' some miap unit identifications, but many misclassifications remain.

' Although overall classification accuracy varies little between different terrain attribute
combinations and spatial scales, a pixel-by-pixel comparison of the vegetation maps shows
substantial differences between them. Percent agreement between the 36 unique combinations
of the nine maps is shown in Table 4. The addition of terrain attributes results in an agreement
of 67-89%, which means that up to 33% of the pixels in the map can change with the addition -
of# single secondary terrain attribute. Flgufe 16-18 show how the classiﬁcaﬁ(;n' changes with
the addition of terraih attributes, for the 0.4 ha mapping unit. Varying the minimum mapping
unit produces even lower agreement, only 34-44%. In other words, between 56% and 66%
of the pixels changed when changiné the aggregation frém 0.4 to 0.8 or 2.0 ha. This is evident
in Fighres 18-20, where the spatial pattefn of the vegetation patches varies greatly accbrding
to the spatial scale. Ultimately, ﬁe choice of spatial scale is a matter of ﬁser preference, but
as the aggregation process cannot be reversed, it may be advisable to underestimate the size

of mapping unit, to preserve ecologically valuable information in small vegetation patches.
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Albers Projection
Landcover codes identified in Table |

Figure 16. Limdcover Map Using Landsat Data Plus Elevation; Minimum Mapping
Unit 0.4 hectare.
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Figure 17. Umdcover Map Using Landsat Data Plus Elevation and Quasi-Dynamic
Wetness Index: Minimum Mapping Unit 0.4 hectare.
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Figure 18. Landcover Map Using Landsat Data Plus Elevation, Quasi-Dynamic
Wetness Index and Solar Radiation; Minimum Mapping Unit 0.4 hectare.
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Figure 19. Landcover Map Using Landsat Data Plus Elevation, Quasi-Dynamic
Wetness Index and Sohu- Radiation: Minimum Mapping Unit 0.8 hectare.
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Figure 20. Landcover Map Using Landsat Data Plus Elevation, Quasi-Dynamic
Wetness Index and Solar Radiation; Minimum Mapping Unit 2.0 hectare. Stream
Buffer Shown in Blue.
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Although there is no loss of overall accuracy in a 2.0 ha aggregation, the spatial pattern

of wooded draw vegetation in the Little Missouri is more difficult to discern in the aggregated

- image. For example, the narrow strips of riparian broadleaf forest (class 6102), shown in

magenta at top center of Figure 18, are visible at 0.4 ha minimum mapping unit, but are less

extensive and become discontinuous at 2.0 ha minimum mapping unit, shown in Figure 20.

Table 4. Percent Agreement in a Pixel-by-Pixel Comparison of Landcover Maps.

L1 w1l S1 L2 w2 8§82 L5 W5 85
L1 - :
W1 848 -
S1 67.1 69.8  --
12 417 412 399  --
W2 418 428 405 875 -
S2 399 392 413 703 738 -
L5 432 431 409 368 368 356 --
W5 432 438 417 364 375 359 894 -
'S5 409 417 420 344 359 390 696 716 -
L -- Landsat plus elevation :
w -- Landsat plus elevation and quasi-dynamic wetness index |
S -- Landsat plus elevation, quasi-dynamic wetness index, and solar radiation i
1

,2,5 -~ Minimum Mapping Units of 0.4, 0.8 and 2.0 ha (1, 2 and 5 ac) ‘
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Given the lack of improvement from incorporating terrain attributes directly into the
classification process, other methods for using terrain attributes to improve map accuracy
were investigated. Because many of the Forest Service vegetation classes are defined as

upland or riparian, the stream' elevation buffer of Ma and Righter (1994) can be used to

distinguish vegetation classes with similar spectral signatures, such as upland broadleaf forest.

and riparian broadleaf forest, which may consist of the same vegetation species (e.g. green
ash, Fraxinus pennsylvanica), growing in different landscape positions.

The elevation bﬁffer is applied to stream channels, which can be obtained either as

USGS digital line graph data, or calculated from digital elevation models by the TAPES-G

software. At present, high resolution USGS digital hydrography data at 1:24,000-scale is not .

available for the Little Missouri region, and the available 1:100,000-scale data does not have
a high enough drainage density to delineate many of the wooded-draws of interest in this

study. Therefore, we investigate the use of TAPES-G stream channels as input to the stream

buffer calculation. An advantage of the TAPES-G stream channels is that their drainage

density can be adjusted to produce optimum agfeemcnt with riparian vegetation seén in the
Landsat image. |

Figures 21-23 show in black the TAPES-G buffer, the 1:100,000 scale USGS aigiml
line graph buffer, and their overlap. The TAPES-G buffer, which was chosen to match
1:24,000-scale hydrography on paper 7.5 minutc‘.quadranglcs (digital data wcré‘not available),

shows more first order tributaries in the headwaters of drainages. In the low-relief areas (at

\
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Figure 21. Stream Elevation Buffer Computed From TAPES-G Stream Channels.
The catchment area threshold for these channels is 0.2 sg. km.
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Figure 22. Stream Elevation Buffer Computed From 1:100,000-Scale USGS
Digital Line Graph Data.
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Albers Projection
I0km

Figure 23. Overlap Between Stream Buffers Derived From TAPES-G and DLG Data.
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right in the figures), the buffers are affected by DEM error, which produces spurious
drainages trending east-west. Ovell'all, 16.0% of the 1700 km?® terrain analysis area is within
| the TAPES-G buffer, compared with 11:4% for the DLG buffer. The two buffers overlap in
-6.9% of the total study ,an:é, shown in. black in Figure 23. Including agreement in areas

outside the buffer, overall agreement between the two grids is 86.5%. Agreement is generally
good in ?he middle sections of well-defined wooded-;iraw drainages, but worse in tﬁe source

areas, and in flatter rolling upland terrain.

The stream elevation buffer has Fﬁe potential to increase classification accuracy
substantially in all nine maps, because much of the error results from copfusion between
upland and riparian vegetation classes, which can be rcélaésifiéd according tq whether they
are inside or outside thé stream buffer. The remaining veéetation classes (e.g. cropland or
silver sage) do not carry a riparian or upland designation, and cannot be reassigned using the
sﬁearn buffer. Four upland classes can be unambiguously reclassified to riparian equivalents
if they occur inside a riparian buffer: the grassland classes 3110 ‘and 3111 can be reclassified
to riparian gréss]and (6201), upland shrub (3201) can be reclassified to riparian shrﬁb (6202),
and upland broadleaf forest (4102) can be reclassified to riparian broadleaf forest _(6102). In
the nine maps, between 7.4% and 8.2% of the total area of the ‘T’ shaped remote sensing
coverage consists of upland classes within me.TAfES-G derived riparian buffer (Table 5).

In addition, two ‘riparian clésses (6102 and 6202) can be unambiguously reclassified to their
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Table 5. Fraction of Upland Vegetation Inside the TAPES-G Derived Stream Buffer, and
Fraction of Riparian Vegetation Outside the Stream Buffer.

Upland Vegetation  Riparian Vegetation

Inside Buffer (%) Outside Buffer (%) Sum(%)
L1 8.1 9.8 ' 17.9
Wi 8.0 10.1 ‘ 18.1
S1 8.1 11.3 ‘ 194
L2 8.0 15.2 - 23.3
w2 8.2 14.2 22.4
S2 8.1 14.5 22.6
L5 7.6 13.1 - 20.7
W5 7.7 13.3 21.0
S5 7.4 13.6 21.0

Percentages are of the total area in the five quadrangle study site.

-- Landsat plus elevation

L

\\A -- Landsat plus elevation and quasi-dynamic wetness index

S -- Landsat plus elevation, quasi-dynamic wetness index, and solar radiation
1,2,5 -- Minimum Mapping Units of 0.4, 0.8 and 2.0 hectare (1, 2 and 5 acre)

upiand equivalents, and riparian grassland (6201) could be recla'ssiﬁed to moderate-cover

grass (3111), if thJs class occurs outside the riparian buffer. Between 9.8% and 15.2% of the
)

map area consists of these npanan classes (')gcun'ing outside the riparian‘buffcr. Adding the

. two possible improvémcnts, the TAPES-G derived stream buffer has the potential to improve

accuracy of the vcgetaﬁon classification by 18-23%, assuming that a stream elevation .buffcr

can be created which accurately models what ecologists would consider to be riparian areas.

Currently, the Eorést Service does not have a riparian delineation for this study area, therefore

this agreement can not be measured (iuanﬁtatively. Qualitatively, the 5 m elevation buffer
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| employed here produces buffers that are too wide (up to 0.5 km) in areas of low reljef, such
as river terraces and rolling upland (at right in Figures 20 and 21). This may overestimate the
‘amount of riparian vegetation. Thus we may expect a smaller overall improvement in accuracy
if the stream elevation buffer were used to reclassify the maps, perhaps on the order of 10%,

which would raise overall classification accuracies to 65% for 13 landcover classes.
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CHAPTER 4

CONCLUSIONS

The negligible improvement in classification accuracy gained by adding quasi-dynamic
topographic wetness index and sol& radiation to Landéat data does not justify tile'ir’ usev in.
. remote sensing vegetation mapping, but thc;, use of riparian i)uffers t.0 distinguish between
ripariar'l and upland vegetation classes may be Worth the c'onsiderable_ effort involved in
computing terrain attributes. Before applying terrain analysis to a large Forest Service
- management area such as the entire Little Missouri National Grasslahds, the following issues
should be investigated: 1) assess DEM error over the entire Little Missouri region and
examine how it propagates into terrain attributes, 2) determine whether terrain attributes caﬁ
be incorporated into the initial stage of the Ma/Redmond method, 3) explore more
sophisticated wétness indices which incorporate thé effects of terrain aspect, such as the WET
module of TAPES-G, 4) compare the stream elevation buffer with a Forest Service rip_arian
delineation based on airphotos or field mapping, and 5) alter the buffer algorithm to make the
elevation threshold- a function of local vertical relief or upslope drainage area, to better tailor
the buffer to the terrain.

USGS DEM error varies greatly from quadrangle to quadrangle, and may prqduce
unacceptable errors in terrain attributes in the rélling'upland areas of the Littlé Missouri,
whereas the five duadrangle area used in this study coﬂsists mostly of rugged wooded-draw

terrain where errors are minor. Modeling how spatially patterned systematic elevation error
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propagates into terrain attributes is a spérsely reseérched area, but Spangrud et al. (1995)
have shown that derived terrain attﬁbutcs are highly sensitive to subtle modifications of
elevation data. In the Little Missouri region, the USGS elevation data is by'far the best
available: quant_:iﬁcétion of errors is harﬁpered by the lack of a reference data set of accurate
elevations with which to compare USGS data. Nevertheless, visual inspection of terrain
attribute maps can give an excellent qualitau've. impression of whether the linear patterns of
DEM error oblitérate terrain features.

A possible improvement to the Ma/Redmond method might be to inclﬁde terrain
attributes in the initial classification stage, in contrast to deﬁning vegetation patches from

Landsat bands 3, 4 and 5 only. At large minimum mapping units, terrain attributes are

. averaged over a large area, which may diminish their impact on the classification process.

Dividing the initial classification into classes based on terrain attributes may improve
acéuracy.

A more sophisticated wetness index which incorpératcs the effects of aspect might be
more successful in diséerning végctation types. The WET module of TAPES-G incorporates
SRAD output into a wetness index, but the program was not implemented eit MSU in time
for this study. |

Before proceeding with a stream buffer calculation over a larger area, a comparison
of the TAPES-G derived buffer with a Forest Service delineation of riparian arleas is
recommended. In order to optimize this agreement, two parameters may be adjusted in the
buffer calculatipn: 1) the channel ihiﬁation threshold specified in TAPES-G affects the density

of drainage channels, and 2) the height above stream level specified in the buffer algorithm




| SR S—" S — [0 ) Ll Y R P R A

65
affects the width of the buffers. Adjusting these thresholds to correspond to observed riparian
vegeiation may resultin a ﬁore useful stream buffer. | .

The calculated stream buffer illustrated in Figure 21 suggests that a single height
above strc.am level for the entire area may not be able to generate suitable buffers in both the
rolling upland and wooded-draw physiographies: an improvement would be to make the
buffer height above streém level a function of the local vertical relief. In areas of large veﬁcd
relief, the height above stream level used to define the bufferl could be increased; in areas of
low relief, this threshqld height could be reduced. Similarly, the roughness (vertical relief
divided by area) of each ¢atchment could be computed and used to adjust the buffer threshold
for streams within these catchments. The threshold could alternatively be scaled by upslope
dfainage area. |

A combination 6f one or more of these improvements to the tgnaiil analysis methods
may improve results. Furthermore, additional data such as é larger ground truth sample, new ‘
data layers such as geology, soils and property ownership, or a time series of Landsat images
might algo be helpful in resolving confusion between vegetatioﬁ classes.

The accuracy of the Ma/Redmohd method might improve with larger ground-truth
sample sizes in the post-aggregation classification for landcover classes poorly represented
in this study, but the grassland identification remained poor despite a total of 45 ground-truth
points in two grassland classes. Grouping together some low-accuracy classes, sﬁch as the
two grassland classes, or the shrub and forest classes, would increase accuracy substantially.

Additional data layers such as soil properties and property ownership might be of

some use in improving accuracy. However, Moore et al. (1993a) have demonstrated a strong
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correlation between terrain and soil properties, so soil mzippingﬂmay not add much new

information. Furthermore, in the rugged wooded draw terrain of the Little Missouri, soils

have not been mapped in counfy soil surveys at sufficient spgtial resolution to distinguish the

individual small drilinagcs that affect vegetation patterns (Thompson 1978). In other N ationai

Forests where geologic parent material is more aiverse than in the Little Missouri, soil

mapping might improve classification accuracy when incorporated into the classification, ‘
however, few mountainous National Forests have de@ed soil surveys. Property ownership”
maps might be of use in identifying cropland, which occurs almost exclusively on private land.

However, riparian areas élso occur on private land, meandering through the complex

checkerboard pattern of land ownership in the Little Missouri,. making identification by

pfoperty ownership diffi(iult.

A time-séries of Landsat images throughout the growing season might help resolve
éomc of the confusion between cropland and broadleaf forest, because cropland may exhibit
rapid changes in spectral signature due to ploughing and harvest, compared with the more
constant signature of broadleaf forest in the summer monms. Time-seriés remoté sensing has
improved accuracy in other large-séale mapping projects (Fuller et-al. 1994, Pic]gup etal:
1993), but in the Konza Prairie, Kmisaé, a grassland site similar to the Little Missouri, Oleson
et al. (1995) found that cropland and forest had a consiaerable overlap in spectral signature
at all times during the May ‘to October growing season.

Although remote sensing classification accuracy is léss than ideal in the landscape of
the northern Grcai Plains, satellite mapping remains the best way of mapping large areas of

National Grassland in the Dakotas, because field mapping and airphoto interpretation are too
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time-consuming at this scaﬁe. East of the Little Missouﬁ, in locations with less vertical relief,
such as the Grand RiVer/Cedér River and Sheyenne National Grasslands, terrain analysis may
be less useful, as the spatia]ly. patterned DEM errors may overwhelm terrain features.
Altematively, terrain attributes fnay be of more use in the mountainous National Forests of

the Rockies, where vertical relief is larger.
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APPENDIX A

DESCRIPTION OF FOREST SERVICE LANDCOVER TYPES
(by Jeff Dibenedetto, Custer National Forest ecologist)
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FOREST SERVICE LANDCOVER TYPES

Code
2100 Cropland, cultivated pasture, and hay.

3110 Low grass/low cover

“This type is typically found on ridge tops and clay outwash areas below buttes. Vegetation
found within this class is blue grama (Bouteloua gracilis), needle and thread (Stipa comata),
threadleaf sedge (Carex filifolia). The type is characterized by low biomass productivity (less
than 700 lbs/acre) and low ground cover and bare ground. "

3111 Low grass/moderate cover ,
This type is typically found on hillslopes. Vegetation found with this cover class are needle
and thread, western wheatgrass (Agropyron smithii), blue grama. This type is characterized
by medium biomass productivity, moderate ground cover values and less bare ground than
cover class 3110.

3201 Mesic upland shrub
This type is found on northerly aspect slopes, depressions and draws.. Vegetation found with
this cover class include snowberry (Symphoricarpos occidentalis), buffalo berry (Sheperdia
argentea), chokecherry (Prunus virginiana), creeping juniper (Juniporus horizontalis).
Occasional young green ash (Fraxinus pennsylvanica) trees may also be found

within this type.

3309 Silver sage

This type is found mainly within valley bottoms on terraces adjacent to stream channels.
Vegetation is dominated by silver sagebrush (Artemisia americana) with and understory of
grass species western wheatgrass and blue grama. Snowberry may also be found within this
type as in some situations as a co-dominant shrub.

4102 Upland broadleaf forest
This type is associated with upland settings, mainly on steep northerly aspect slopes
associated with badlands or deeply incised drainageways or draws.

4206 Ponderosa pine forest

This type is associated with shallow soils associated with ridges and hillslopes. Vegetation
include with this type is dominated by ponderosa pine (Pinus ponderosa). Other vegetation
that may be found with this type include rocky mountain juniper, green ash, snowberry and
chokecherry.
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4214 Rocky Mountain juniper forest g

This type is typically found on very steep north aspect badland slopes. Vegetation is
dominated by rocky mountain juniper (Juniperus scopulorum). - Assomated species may.
include green ash as an occasional tree or patch within the stand.

5000 Water

6102 Riparian broadleaf forest
This type is found along river bottoms, drainage bottoms, valley bottoms and narrow draws.
Included within this type are woody draws often dominated by green ash.

6201 Riparian grass and forb
This type is found along drainage bottoms and draws. Vegetat:lon found within this type
include western wheatgrass, baltic rush (Juncus balticus) and a mixture of forbs.

6202 Riparian shrub

This type is found along drainage bottoms, valley bottoms and narrow draws. Vegetation
found within this class includes snowberry, buffaloberry, chokecherry, with occasional young
ash trees.

7601 Badland

This type is associated with steep badland slopes, often very steep south aspect slopes and
outwash areas at the base of buttes and slopes. Vegetation associated with this type are
scattered patches of grass and big sagebrush (Artemisia tridentata wyomingensis) shadscale -
(Atriplex confertifolia, green rabbitbrush (Chrysothamnus visidiflorus) and greasewood
(Sarcobatus vermiculatus). ,
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APPENDIX B

TERRAIN ATTRIBUTE VALUES AT GROUND-TRUTH LOCATIONS
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LAT ELEV SLOPE ASPECT UPSLOPE WET DYNWET SRAD

(deg) (deg)” (m) (%) (deg) log(m™2) wW/m*2 .
2100 103.251 46.587 846 2.2 45 4.01 9.66 2.67 161
2100 103.274 46.581 865 3.3 243 3.26 7.25 2.64 153
2100 103.277 46.597 870 5.7 236 3.37 7.38 2,54 148
2100 103.307 46.608 837 9.1 117 3.49 7.08 2.58 162
2100 103.307 46.608 837 9.1 117 3.49 7.08 2.58 162
2100 103.315 46.582 882 2.8 297 3.74 7.16 2.52 150
2100 103.385 46.525 836 7.4 27 3.35 6.92 2.34 128
2100 103.390 46.529 842 8.4 31 3.78 7.66 '2.57 156
2100 103.462 46.628 743 2.4 180 2.95 7.47 2.42 146
2100 103.480 46.653 734 1.7 V] 4.24 10.49 2.67 150
2100 103.487 46.649 736 1.7 0 3.25 8.40 2.67 158
2100 103.490 46.647 1738 2.6 225 3.28° 7.43 2.39 155
2100 103.392 46.767 1796 4.4 315 5.31 11.46 2.65 154
2100 103.457 46.770 807 5.0 0 4.21 9.37 2.67 151
2100 103.488 46.701 797 4.9 194 4.91 9.17 2.66 152
2100 103.402 46.558 790 2.2 45 . 5.15 8.67 2.67 165
2100 103.405 46.559 780 6.0 0 4.87 10.62 2.66 160
2100 103.409 46.562 1786 3.0 117 4.02 9.40 2.67 149
3110 103.295 46.589 878 7.4 166 3.88 7.87 2.45 154
3110 103.308 46.585 874 2.9 90 4.60 10.39 2.66 149
3110 103.317 46.585 899 7.4 59 2.99 6.65 2.37 180
3110 103.319 46.589 882 16.4 276 3.15 5.93 2.64 143
3110 103.328 46.578 885 12.0 236 3.30 6.56 2.35 151
3110 103.336 46.583 877 7.3 225 3.83 -8.02 2.39 154
3110 103.338 46.585 884 2.2 27 2.95 8.33 2.32 173
3110 103.338 46.593 844 6.3 104 3.10 6.94 2.32 154
3110 103.341 46.591 846 3.9 270 4.49 8.34 2.45 156
3110 103.348 46.598 851 4.5 315 3.23 7.43 2.34 159
3110 103.368 46.599 834 2.9 45 3.00 7.26 2.55 170
3110 103.369 46.610 831 5.3 18 3.27 7.18 2.65 154
3110 103.386 46.663 846 5.6 90 .3.19 7.06 2.36 156
3110 103.387 46.787 778 0.7 0 3.79 11.22 2.67 139
3110 103.389 46.604 844 6.5 146 3.66 7.91 2.66 164
3110 103.390 46.791 1780 4.0 72 4.05 9.25 2.44 148
3110 103.398 46.656 817 4.5 27 3.16 7.14 2.32 149
3110 103.400 46.644 814 35.5 227 3.38 5.45 2.21 143
3110 103.400 46.750 819 7.4 281 5.28 7.88 2.62 168
3110 103.403 46.649 834 2.0 90 2.95 7.64 2.41 161
3110 103.406 46.745 810 3.5 243 4.05 9.29 2.33 151
3110 103.409 46.742 798 10.2 304 4.69 7.21 2.63 151
3110 103.488 46.768 886 8.9 101 3.21 6.76 2.44 157
3110 103.491 46.767 888 3.9 45 2.99 7.12 2.57 139
3111 103.288 46.589 874 4.7 162 4,11 9.14 2.67 153
3111 103.294 46.589 883 1.4 -0 3.19 8.79 2.67 158
3111 103.296 46.587 873 4,8 135 4.15 9.09 2.38 152
3111 103.296 46.592 882 5.2 0 3.51 7.75 2.66 139
3111 103.303 46.586 879 2.7 270 3.05 7.56 2.50 148
3111 103.309 46.586 885 8.1 169 3.14 6.63 2.50° 156
3111 103.361 46.597 831 6.1 346 2.95 6.58 2.32 155
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LAT ELEV SLOPE ASPECT UPSLOPE WET DYNWET SRAD

(deg) (deg) (m) (%) (deg) log(m~2.) W/m"2
3111 103.381 46.790 789 5.2 0 3.07 6.75 2.66 155
3111 103.385 46.683 889 14.9 186 3.45 6.64- 2.58 172
3111 103.388 46.790 1778 3.3 90 4.00 9.13 2.63 155
3111 103.398 46.643 794 16.1 243 4.23 7.88 2.34 135
3111 103.398 46.744 825 10.1 207 3.39 6.89 2.61 157
3111 103.398 46.756 - 821 0.1 0 2.95 10.18 2.67 151
3111 103.401 46.748 819 4.7 252 3.44 7.86 2.52 142
3111 103.402 46.637 778 20.8 35 3.30 5.93 2.36 136
3111 103.402 46.643 798 16.2 66 3.59 . 6.78 2.47 155
3111 103.408 46.748 '808 1.3 0 3.96 10.31 2.56 139
3111 103.410 46.749 806 3.2 297 6.12 13.12 2.67 157
3111 103.413 46.784 888 5.9 153 2.95 6.73 2.54 141
3111 103.541 46.551 803 9.0 129 4.56 8.81 2.64 157
3111 103.546 46.551 812 4.1 153 3.24 7.43 2.48 146
3201 103.378 46.606 829 15.7 252 4.28 7.53 2.48 149
3201 103.403 46.638 773 10.1 141 4.45 8.51 2.50 155
3201 103.427 46.805 779 10.9 281 2.97 5.78 2.37 136
3201 103.433 46.803 785 6.2 0 4,27 9.29 2.66 141
3201 103.435 46.798 781 6.7 14 4.04 8.57 2.66 143
3201 103.440 46.794 794 5.5 236 5.95 11.71 2.52 148
3201 103.442 46.797 795 6.2 180 4.86 8.50 2.66 146
3201 103.449 46.788 818 19.6 5 3.38 6.17 2.63 156
3201 103.454 46.780 805 2.1 225 6.02 12.32 . 2.62 158
3201 103.479 46.775 822 29.5 43 4.66 8.60 2.59 160
3309 103.384 46.788 780 2.3 180 2.95 7.29 2.66 132
3309 103.386 46.789 775 2.2 180 7.36 12.34 2.67 135
3309 103.387 46.793 774 0.3 0. 4.58 13.79 2.67 141
3309 103.387 46.797 770 7.1 194 7.58 14.02 2.66 153
3309 103.431 46.631 1741 6.3 236 4.82 10.23 2.64 145
4102 103.316 46.587 872 14.9 21 4.24 8.30 2.46 134
4102 103.316 46.588 857 14.8 58 4.69 9.37 2.64 145
4102 103.361 46.589 826 4.8 315 4.46 9.81 2.46 155
4102 103.370 46.588 805 14.7 229 5.39 6.73 2.63 147
4102 103.397 46.727 840 17.9 73 4.10 7.80 2.52 163
4102 103.405 46.738 .797 12.2 186 6.88 14.11 2.50 148
4102 103.413 46.677 863 22.3 299 3.82 6.85 2.27 141
4102 103.438. 46.698 858 27.4 11 4.07 6.91 2.39 163
4102 103.440 46.699 854 20.9 24 4.54 8.42 2.29 153
4102 103.449 46.695 816 18.7 297 5.05 9.55 2.62 164
4102 103.479 46.775 851 35.1 51 3.85 6.61 2.20 160
4102 103.535 46.574 785 17.8 229 3.93 7.24 2.46 146
4206 103.468 46.599 794 6.3 45 2.95 6.35 2.33 158
4206 103.479 46.566 792 12.2 14 3.06 6.10 2.48 136
4206 103.506 46.569 778 13.5 7 3.50 6.73 2.64 129
4206 103.531 46.579 790 13.7 249 3.59 6.48 2.65 144
4206 103.538 46.551 810 5.6 252 2.95 7.30 2.57 147
4206 103.542 46.567 801 9.1 349 3.69 7.50 2.43 135
4206 103.547 46.553 804 11.1 8 3.54 . 6.78 2.65 168
4206 103.547 46.556 803 16.5 326 3.40 6.38 '2.58 168
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LAT ELEV SLOPE ASPECT UPSLOPE WET

DYNWET SRAD

(deg) (deg) (m) (%) (deg) log(m”™2) wW/m"2
4214 103.415 46.786 852 20.1 350 4.05 7.59 2.46 129
4214 103.416 46.787 833 27.7 333 4.24 7.69 2.54 125
4214 103.421 ,46.772 835 31.6 286 4.10 6.83 2.23 141
4214 103.428 46.781 838 44.0 301 3.24 5.22 2.17 164
4214 103.431 . 46.776 872 47.7 274 3.24 5.02 2.28 163
6102 103.501 46.602 731 4.7 326 8.29 16.96 2.67 185
6102 103.279 46.615 878 6.1 194 4,52 7.88 2.64 162
6102 103.282 46.611 858 8.1 18 5.29 10.77 2.66 159
6102 103.283 46.619 851 11.3 201 5.43 10.52 2.56 131
6102 103.283 46.621 858 6.9 180 4.74 9.84 . 2.34 165
6102 103.289 46.623 846 7.8 233 5.24 9.07 2.60 147
6102 103.305 46.605 830 8.7 270 3.47 7.14 2.44 154
6102 103.382 46.534 821 13.1 256 4.85 6.76 2.64 153
6102 103.383 46.531 828 12.5 270 3.43 6.71 2.65 148
6102 103.391 46.619 809 - 9.1 261 - 4,47 7.85 2.59 156
6102 103.393 46.670 838 - 17.1 216 4.46 6.57 2.44 154
6102 103.394 46.616 797 10.7 225 4.40 8.72 2.64 167
6102 103.397 46.621 1782 6.9 217 5.99 10.38 2.66 160
6102 103.399 46.766 798 7.2 243 4.00 8.40 2.66 153
6102 103.401 46.540 840 12.8 120 3.45 6.72 2.65 165
6102 103.403 46.537 835 7.0 104 4.71 10.03 2.34 145
6102 103.404 46.536- 843 11.3 279 3.78 7.42 2.59 170
6102 103.404 46.546 831 13.5 249 3.64 6.82 2.65 145
6102 103.408 46.541 840 11.0 261 4.56 7.77 2.50 140
6102 103.411 46.535 840 6.0 214 3.66 7.84 2.39 161
6102 103.417 46.543 835 11.8 217 3.57 7.07 2.53 167
6102 103.420 46.543 829 7.6 333 4.75 8.94 2.66 132
6102 103.441 46.651 790 19.1 225 3.43 6.24 2.63 177
6102 103.442 46.650 782 12.8 166 4,74 7.20 2.64 155
6102 103.443 46.640 751 6.5 117 6.07 9.96 2.55 148
6102 103.445 46.638 748 6.9 153 . 3.29 7.18 2.42 153
6102 103.445 46.6894 864 25.8 247 3.25 5.53 2.56 153
6102 103.446 46.653 792 5.5 194 5.31 11.08 2.62 150
6102 103.446 46.701 857 11.5 0 4,93 9.63 2.61 147
6102 103.452 46.685 798 17.0 84 4.23 8.10 2.43 132
6102 103.452 46.702 873 11.5 56 4.38 8.91 2.59 145
6102 103.454 46.688 799 11.2 63 4,59 9.38 2.38 149
6102 103.456 46.702 860 25.2 48 4.66 8.71 2.60 169
6102 103.456 46.795 810 6.2 34 5.65 11.84 2.66 130
6102 103.461 46.642 735 13.3 231 8.16 9.42 2.58 150
6102 103.461 46.794 825 4.3 34 4.76 11.00 2.67 161
6102 103.468 46.682 770 14.7 261 5.98 10.05 2.44 150
6102 103.473 46.640 736 1.1 270 3.84 10.07 2.67 152
6102 103.481 46.644 735 1.8 270 3.94 9.67 2.37 156
6102 103.494 46.633 787 6.9 288 -5.31 11.51 2.66 154
6201 103.255 46.594 845 1.3 0 3.36 8.89 2.48 160
6201 103.268 46.589 851 1.7 180 3.69 8.90 2.67 152
6201 103.271 46.588 851 2.7 0 6.62 13.06 2.58 154
6201 103.274 46.590 854 2.5 0 6.19 13.60 2.67 -140
6201 103.275 46.587 856 6.8 194 3.30 6.98 2.66 168
6201 103.287 46.581 860 1.7 90 6.51 14.46 2.61 145
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LAT ELEV SLOPE ASPECT UPSLOPE WET.DYNWET SRAD

(deg) (deg) (m) (%) (deg) log(m™2) W/m"~2
6201 103.302 46.622 822 19.4 250 3.22 5.83 2.60 158
6201 103.304 46.622 814 7.2 127 6.18 10.19 2.63 156
6201 103.312 46.617 806 6.2 .342 6.51 11.64 2.49 156
6202 103.312 46.620 807 19.2 207 5.54 6.51 2.63 165
6202 103.377 46.782 782 4.6 270 6.61 8.71 2.66 161
6202 103.546 46.579 750 0.0 0 4.85 14.37 2.67 153
6202 103.567 46.546 769 1.7 270 5.18 8.40 2.66 154
6202 103.568 46.544 769 2.6 135 4.07 9.61 2.67 153
7601 103.379 46.798 787 2.1 0 3.27 7.81 2.67 160
7601 103.387 46.759 819 17.0 110 3.26 6.22 2.64 154
7601 103.406 46.792 803 3.0 45 2.95 7.25 2.48 153
7601 103.406 46.793 800 4.0 0 3.89 8.82 2.63 155
7601 103.407 46.784 817 7.2 45 . 3.42 7.28 2.31 154
7601 103.432 46.696 869 42.7 218 3.42 5.45 2.31 148
7601 103.436 46.692. 859 25.8 . 68 2.95 5.08 2.25- 147
7601 103.440 46.785 824 6.7 180 2.95 6.33 2.64 154
7601 103.463 46.693 886 34.4 207 © 3.28 5.49 2.21 163
7601 103.466 46.697 877 - 34.3 227 3.01 5.14 2.23 142
7601 103.467 46.692 835 37.6 185 3.160 5.09 2.22 162
7601 .103.470 46.691 824 15.4 63 2.95. 5.67 2.30 160
7601 103.482° 46.691 832 26.4 198 3.26 5.62 2.49 158
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DATA IDENTIFICATION TAPES-G Ascii

CREATED TAPES-G version 6.0

DATA TYPE grid

GRID CELL SIZE 30.00000

NODATA VALUE -999.0000

OPTION No-Data cells included in output - flle
OPTION Traditional output file

INPUTFILE t_alb.asc DEM

PARAMETER DEM Input File Type = 6
NUMFIELDS 14

FIELD 1 X

FIELD 2 Y

FIELD 3 Flow direction

FIELDRANGE 3 1.0 256.0

FIELD 4 Elevation

FIELD 5 Drainage area (cells)

FIELD 6 Flow width (grid spacing)

FIELD 7 Slope (%)

FIELD 8 Aspect (degrees)

FIELDRANGE 8 0.0 360.0

OPTION Convex curvatures are negative

FIELD 9 Profile curvature * 100 (convex -ve)
FIELD 10 Tangent curvature * 100 (convex -ve)
FIELD 11 Plan curvature * 100 (convex -ve)
FIELD 12 Elevation residual (m)

FIELD 13 Flow path length (m)

FIELD 14 d(as)/ds

XMIN 1044863.

XMAX 1081133.

YMIN 260031.0

YMAX 306471.0

OPTION Depressionless DEM created

OPTION Flow direction Rho8

OPTION Flow accumulation FRho8

PARAMETER Maximum cross-grading area 200000.0
OPTION Flow accumulation Rho8

OPTION First record is in northwest corner
OPTION Slope computed with finite differences
END METADATA
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DATA IDENTIFICATION SRAD Binary
CREATED SRAD wversion 3.0

DATA TYPE grid

INPUTFILE study.asc DEM

GRID CELL SIZE 30.00000

PARAMETER DEM input file type = 4 ascii
XMIN 1044863.

XMAX 1081133.

YMIN 260031.0

. YMAX 306471.0

PARAMETER Number of horizon directions = 16
PARAMETER Solar constant = 1354 W/m2

OPTION Results ocutput in W/m2

OPTION Summary temperatures included i,
INPUTFILE bismarck radiation parameter file

OPTION Lumped transmittance

FIELD Outgoing surface long-wave radiation
FIELD Net long-wave radiation

FIELD 10 Net radiation '

FIELD 11 Max air temperature

FIELD 12 Min air temperature

.FIELD 13 Average air temperature

FIELD 14 Surface temperature

END METADATA

PARAMETER Start month = 1

PARAMETER Start day = 1

PARAMETER Finish month = 12

PARAMETER Finish day = 31

PARAMETER Time step = 4

NUMFIELDS 14

FIELD 1 X

FIELD 2'Y

FIELD 3 Elevation

FIELD 4 Short wave radiation ratio

FIELD 5 Short wave radiation on sloping surface

FIELD 6 Short wave radiation on horizontal surface

FIELD 7 Incoming atmospheric longwave radiation
8
9
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SRAD PARAMETER FILE

46.766

.083 . .099 .123 .145 .167 .188 .208 .188
.66 .66 . .66 .47 .29 .18 .18 .18

.303 .303 .292 .292 .285 .279 .236 .247
.54 .54 .59 .59 .62 .64 .74 .72

.153 .121 .080 .071
.21 .40 .63 .66
.276 .295 .319 .315
.65 .58 .44 .47

-18.72 -14.94 -7.89 -0.56 5.67 10.89 13.56 12.17 6.17 0.28

-7.89 -15.94

-6.56 -3.11 3.61 12.72 19.89 25.06 29.11 28.17 21.56 14.83

4.06 -4.17

=-12.64 -9.03 -2.14 6.08 12.78 17.97 21.33

-1.92 -10.06
.50 6.50 6.50 6.50 6.50 6.50 6.50 6.50 6.
.30 7.30 7.30 7.30 7.30 7.30 7.30 7.30 7.
.00 6.00 6.00 6.00 6.00.6.00 6.00 6.00 6.

.2 0.2 0.2 0.5 1.5 2.5 2.5 1.5 1.
.0 0.97 0.00008 504

.716 0.746 0.713 0.689 0.686 0.701 0.684
.704 0.711 '

20.17 13.86 7.56
50 6.50 6.50 6.50
30 7.30 7.30 7.30
00 6.00 6.00 6.00
0 0.5 0.2 0.2

0.677 0.664 0.671

DATA IDENTIFICATION DYNWETG Ascii
CREATED DYNWETG version 2.0

DATA TYPE grid

GRID CELL SIZE 30.0000

INPUTFILE starfill.asc TAPESG

NUMFIELDS 5

FIELD 1 X

FIELD 2 Y

FIELD 3 Elevation o

FIELD 4 Dynamic wetness index

FIELD 5 Steady state wetness index

XMIN 1.04486E+06

XMAX . 1.08113E+06

YMIN 260031. -

YMAX 306471.

OPTION Uniform soil properties
PARAMETER So0il depth = 0.500000 m
PARAMETER Saturated conductivity = 15.
PARAMETER Porosity = 0.250000 m*3/m"3

0000 mm/h

PARAMETER Drainage time = 240.000 hours.

END METADATA
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