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An accuracy assessment of two broad-scale vegetation databases

for eastern Oregon, both developed from satellite imagery, was performed

to assess the usefulness of the databases for forest landscape planning

and assessment efforts. The two databases were the Oregon Department

of Forestry (ODF) vegetation database and the U.S. Geological Survey

National Land Cover Database (USGS NLCD) vegetation database, both

created from Landsat TM 25m satellite imagery. The ODF vegetation

database contained four attributes: crown closure, forest size, forest

species, and forest structure. The USGS vegetation database contained a

single attribute: forest species. Due to reference data availability problems,

the accuracy assessment could only be performed on USDA Forest Service

lands, which, however, covered most of the forested landscape of eastern

Oregon. Within the ODF vegetation database the accuracy of classifying



tree species was good, however, the accuracy of classifying tree species

within the USGS database was better. Only one forest size class, the small

sawtimber class, was classified moderately well in the ODF vegetation

database and neither of the forest structure classes were classified well.

While both vegetation databases provide a good representation of forest

species as well as non-forested areas, their usefulness for forest landscape

planning and assessment is limited. The USGS vegetation database, with

only one attribute associated with each pixel, evidently meets the goals of

the developers of the map- to provide a reasonably accurate, broad-scale

description of forest conditions. The ODF vegetation database, with four

attributes associated with each pixel, provides more detailed information

about the landscape, albeit at low accuracy levels in many cases.
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Assessment of the Accuracy of Forested Classifications within Two Broad-
Scale Remotely-Sensed Vegetation Databases in Eastern Oregon.

1.0 INTRODUCTION

Advances made in computer and remote sensing technology in

recent years have facilitated an increase in the use of classified remotely

sensed imagery for the inventory and analysis of regional vegetative ground

cover. As a result of the increased use of remotely sensed databases,

specifically for forest policy analysis and other landscape assessments,

determining the accuracy of the databases becomes particularly important.

Unfortunately, if a simultaneous validation of the classification process is

made while developing ground-cover databases; an after-the-fact accuracy

assessment becomes problematic.

In the case of the research presented in this thesis, natural resource

managers, planners, and policy makers in the Pacific Northwest (USA)

have a need for an accurate characterization of the extensive forested

landscape of eastern Oregon. For example, if the quality of a vegetation

database is relatively high, it could support the policy analysis efforts of

large-scale landscapeplanning projects such as the Interior Northwest

Landscape Analysis System (INLAS) project being conducted by the

Oregon Department of Forestry, Oregon State University, and the USDA

Forest Service (LaGrande Forestry and Range Sciences Lab 2002). The



INLAS project is designed to project future conditions of forests across

eastern Oregon under current and proposed management policies.

Development of the "initial condition" of the landscape is necessary to set

the stage for growth and future condition models related to landscape

assessment and planning efforts.

One solution to meet this need is to conduct a broad scale in-depth

analysis of the "true" ground cover based on the systematic investigation of

every piece of land located in eastern Oregon, either through ground-based

surveys or interpretation of aerial photographs. Obviously, this presents an

enormous task for land managers, given the extent (11.8 million acres) of

forest land in eastern Oregon, and a task that would be extremely cost-

prohibitive. To facilitate a fast and efficient (from a time and cost

perspective) acquisition of accurate representations of large landscapes,

remote sensing techniques have been employed.

The objective of this project is to assess the accuracy of the forested

vegetation class within two broad-scale vegetation databases developed for

eastern Oregon. Pacific Meridian Resources (PMR) developed one of the

vegetation databases in 1998 for the Oregon Department of Forestry

(ODF). The other vegetation database was developed by the U.S.

Geological Survey (Vogelmann et al. 2001). The accuracy of the

classification of both databases has not been previously measured, and the



IN LAS project is interested in the potential of each to support their

landscape assessment and planning efforts.

1.1 Common Satellite Remote Sensing Devices for Natural Resource
Management

Remote sensing technologies enable humans to identify and map

landscape features while not in direct contact with those features

(Congalton and Green, 1999). Remotely sensed data are useful to a wide

range of potential users, including public and private organization decision-

makers, natural resource planners, and disaster aid workers. Virtually

anyone who requires information regarding spatially distributed features

can benefit from the use of remote sensing technologies.

The early uses of remote sensing technologies paralleled the

development of the balloon and airplane in the late nineteenth and early

twentieth centuries, as well as the development of photographic recording

devices. Aerial photography has been employed since then for a variety of

purposes, including the mapping of natural and man-made. Making use of

aerial photography and related imagery can potentially save organizations

up to 35 percent of the cost of planning and mapping natural resource

features (Paine 1981). More recently, the human push into space has

created new opportunities for sensors placed on satellite platforms (in

either geo-stationary or sun-synchronous orbit) capable of mapping large



portions of the planet with increasing precision. Advances in digital image

processing and computing in the past twenty years have tremendously

increased our ability to record, identify and interpret remotely sensed data.

Remote sensing has provided users with a tool for characterizing

landscapes in a manner that allows for informed and logical decisions to be

made. The products of greatest importance to users of remotely sensed

images, are maps. Maps are attempts to depict the true nature of a

landscape, maximizing the information presented to users while minimizing

the complexity and cost of collecting such information. They also help us to

understand the spatial relationships of landscape features, and provide

methods for understanding data in a way not readily interpretable by

humans. Two examples include the use of microwave and thermal infrared

radiation, types of electromagnetic energy that human senses cannot

detect. Thus, remote sensing technologies have provided a number of

helpful tools for scientists and workers in many fields.

Since the early 1970's, several remote sensing plafforms have been

developed, the most notable being the Landsat Thematic Mapper (TM)

satellite sensor system. Landsat TM utilizes a charge-coupled device

(CCD) sensor to capture images in 6 bands with a 30-rn spatial resolution.

A seventh band of imagery captures thermal infrared radiance at an 120-rn

spatial resolution. In addition to the TM sensor, the Landsat satellites have

another sensor called the multi-spectral scanner (MSS). The MSS sensor



captures images across four spectral bands at a spatial resolution of

approximately 80-m. This sensor has been present on all Landsat

missions. First launched in 1972, the Landsat system is currently on its 7th

satellite platform. The satellites orbit the earth at about a height of 900 km,

passing within 90 of the north and south poles (Lillesand and Kiefer 1994).

The periodicity of the sun-synchronous orbit gives the sensor the ability to

obtain complete ground overage of the planet every 18 days.

The French Systeme Pour l'observation de Ia Terre (SPOT) satellite

provides remotely sensed imagery in 3 spectral bands at a 20-rn pixel

resolution as well as with a panchromatic band having 10-rn spatial

resolution (Lillesand and Kiefer 1994). The higher cost of SPOT imagery

has rnade the use of Landsat TM imagery more widespread in natural

resource management (Hyyppa et al., 2000). Finally, radar imaging is

another option to forest managers and resource planners. However, the

information gleaned from radar imagery is generally thought to be

somewhat less useful for forestry applications than data derived from

optical/digital sensors (Hyyppa et at., 2000).

1.2 Accuracy Assessments of Remotely Sensed Satellite Imagery

Every map or spatial database is a generalization of reality, and

commonly questions regarding the accuracy of maps or databases arise,



particularly when decisions might be based on information they provide.

Cost, scale, and the complexity of the features being mapped, however,

limit the processes employed to assess map quality. However, it is

essential to quantify the accuracy of a map if it is to be used as the basis

for management and policy decisions. Assessing the potential for

correcting map errors may also be important (Congalton and Green, 1999).

In addition, some users may wish to compare various maps or image

classification processes to assess which is "better" at describing important

landscape features. To do this, it is necessary to know how well each map

or image classification process characterizes the features they presume to

represent across a landscape. Accuracy assessments are therefore

conducted to locate and identify different types of error.

In the case of classified digital remotely sensed imagery, error can

be described as being of the following three types: classification error,

boundary line error, and control point location error (Hord and Brooner

1976). Each unit being mapped is assumed to have an equivalent "true"

map category. Classification accuracy is a measure of the number of units

correctly classified (as compared to the true map category) in relation to the

total number of units being mapped. Thus classification error results from

the classification of sensor data into an incorrect category. Boundary line

error can be described as the error inherent in defining precise boundaries

on a landscape. Errors can be introduced when a map attempts to
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delineate a precise linear boundary between mapping units, when in reality

a gradual gradient between mapping units exists. A good example might

be in the development of soils maps. Soils do not generally change from

one type to another along an abrupt and precise line. Defining a precise

boundary between two spatially complex soil types can lead to errors of this

type. Control point location error results from the misregistration of a

classified map image to a geographic coordinate system. Errors of this

type can cause misclassifications in databases because mapping units do

not correspond to the true ground area they are assumed to represent.

The identification and description of errors in geographic information

system databases are important, if decisions will be made based on the

information they contain. An accuracy assessment enables users to

understand the limitations of the data, the resulting analysis, and

subsequently the decisions that they make. Of particular importance to the

research presented in this thesis is the use of remotely sensed satellite

imagery by natural resource managers and foresters in eastern Oregon.

Two vegetation databases, created by classifying Landsat TM satellite

imagery, are available for extensive forestland areas of eastern Oregon.

An accuracy assessment of each of these vegetation databases was

performed to characterize the accuracy of the image classification process

relative to true ground cover. Once the accuracy of the vegetation

databases has been determined, the INLAS project and others will be able



to understand the opportunities and limitations for using the databases in

broad-scale policy analyses. Further, the accuracy of the predictive models

within landscape assessment and planning projects can be informed and

influenced by the accuracy of the vegetation database used as the "initial

condition" of the forested landscape.

Other accuracy assessments of Landsat imagery with similar

classification schemes to that of this project have found overall accuracy

values of around 60% for all classes (Vogelmann et al. 2001). Similarly the

standard error of volume estimates from Landsat TM imagery is also high,

around 40-60% (Päivinen and Anttila 2001). Other accuracy assessments

of vegetation maps using ancillary data sources to improve the

classification showed higher accuracy values in the range of 78-85%

(Edwards, et. al. 1998).

2.0 METHODS

Any accuracy assessment should include three essential elements

(Stehman and Czaplewski 1998): 1) A sampling design for choosing

sample points that meet the requirements of a statistically sound

procedure; 2) A response design to create an independent reference data

set comparable to the data being assessed; and 3) an appropriate set of

analysis techniques capable of performing a comparison of reference data



with the classified satellite imagery. These three elements will be

discussed shortly, after I set the stage by briefly describing the type and

condition of imagery to be assessed.

2.1 Classification of Imagery

The accuracy of the classification of features within two vegetation

databases developed from satellite imagery will be assessed. One

vegetation database was developed by PMR for the ODF (hereafter

referred to as "ODF vegetation database"), the other was developed by the

USGS (hereafter called "USGS vegetation database"), under a nationwide

effort to characterize land cover (Vogelmann et al., 2001). A brief

description of each vegetation database follows; a more detailed

description of the ODF vegetation database can be found in Appendix A,

and a more detailed description of the USGS vegetation database is found

in Appendix B.

2.1.1 ODF vegetation database

The ODF vegetation database was developed by PMR from four

different sources of TM satellite imagery. Very little documentation

regarding the development of the ODF vegetation database was available.

The only reference information regarding the development of the database
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was obtained from the original project proposal (Pacific Meridian Resources

Inc. 1997) and personal communication with Mike Golden, (USDA Forest

Service, Portland, OR) who led the project related to the development of

the ODF vegetation database in the mid 1990's while employed by PMR.

The four sources of TM satellite imagery were:

U.S. Forest Service Eastern Oregon Landsat TM Classification. This

portion of the ODF vegetation database was developed by PMR using

1988-1991 Landsat TM imagery. The areal extent of the imagery consisted

of all 7.5-minute quadrangles in eastern Oregon that included U.S. Forest

Service lands. If any Forest Service land fell within a quadrangle, the entire

quadrangle was mapped. This resulted in approximately 17.8 million acres

falling into this classification. In subsequent discussions and analysis, this

land area is termed "Zone 1" (see Figure 2.1).

Boise Cascade Eastern Oregon TM Classification. This portion of the

ODF vegetation database was developed by PMR using 1989 and 1991

Landsat TM imagery and covers approximately 53,300 acres of land owned

by the Boise Cascade Corporation in eastern Oregon (mainly in the Blue

Mountains). The classification scheme was identical to the U.S. Forest

Service classification scheme described above. In subsequent

discussions, this land is noted as "Zone 2" (see Figure 2.1).
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Crown Pacific Eastern Oregon TM Classfication. This portion of the ODF

vegetation database was developed by PMR using 1994 Landsat TM

imagery and covered land owned by Crown Pacific in eastern Oregon

(mainly in the Bend-LaPine area of Central Oregon). The classification

scheme was slightly different than what was used in the U.S. Forest

Service and Boise Cascade classification processes. This area was not

processed further in subsequent discussions because the areal extent of

the Zone could not be defined.

Oregon Department of Forestry, North Eastern Oregon (ODF NEOR).

These data were developed by PMR for non-industrial private forest lands

in Wallowa, Umatilla, Union, and Baker counties using 1996 Landsat TM

imagery. The classification scheme used on this portion of the imagery

was also slightly different than what was used in the U.S. Forest Service

and Boise Cascade classification processes. This area covers

approximately 2,654,000 acres in the four aforementioned counties of

eastern Oregon that were not already included in Zones I or 2. In

subsequent discussions, this land area is noted as "Zone 3" (see Figure

2.1).
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Figure 2.1 ODF Vegetation Database Analysis Zones 1, 2, and 3.
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While the U.S. Forest Service and Boise Cascade mapping projects

employed identical classification schemes, the ODF NEOR and Crown

Pacific projects differ in the tree size class, crown closure, and species

groups used to classify the imagery. Some aggregation of classes was

necessary to bring all four imagery sources into one single classification

scheme, and the aggregation process was performed by PMR prior to

delivery of the ODF vegetation database to the ODF. The set of rules used

to classify the categories of the crown closure, forest species, forest size,

and forest structure components of the ODF vegetation database are noted

in Table 2.1 and Table 2.2.

Once the four image composites (portions) were standardized with

respect to their classification schemes, they were combined into a single

image and edge-matched to provide a seamless map. Each component of

the ODF vegetation database was comprised of 4 6 categories of forest

descriptors (Table 2.3). The non-forest and low-density categories were

identical in each of the four components having the same pixels classified

into these categories. The classification of the geographic regions outside

the four analysis Zones described above were then interpolated using

existing Gap Analysis Program (Gap) data from the U.S. Biological

Resources division, and USGS Land Use and Land Cover (LUDA data),

(USGS 2001). The Gap data were developed from interpretations of

Landsat MSS data, while LUDA data were developed from the manual



Table 2.1 Decision rules used to classify the ODF imagery: forest crown
closure and forest species components.

Forest Canopy
Closure

41-70%

71-100%

Low Density 40%) Crown closure <41%

Forest
Species

Softwood

Hardwood

Mix

USFS/Boise Cascade ODF NE Oregon

Crown closure 41%
70%

Crown closure 70%
100%

Zones I and 2

> 75% softwood and over
41% crown closure

> 75% hardwood and over
41% crown closure

<75% of either of the
above and over 41%

crown closure

Low Density
Crown closure <41%(40%C.C.)

Crown closure
36%60%

Crown closure
61% 100%

Crown closure <
36%

Zone 3

> 80% softwood and

41% crown closure

> 80% hardwood and
41% crown closure

<80% of either of the
above and 41%
crown closure

Crown closure < 41%

14



Table 2.2 Decision rules used to classify the ODF imagery: forest size and
forest structure components.

Forest Size 'USFS/Boise Cascade

Seed-Sap-Pole

Small

Medium

Large

Low Density
40% C.C.)

Forest Structure

Single-story

Multi-story

Trees <8.9" dbh and with
crown ctosure 41%

Trees from 9-21" dbh and
with crown closure? 41%

Trees from 21-32" dbh
and with crown closure
41%

Trees > 48"dbh and
crown closure 41%

Crown closure <41%

Low Density 40% C.C.) Crown closure <41%

ODF NE Oregon

Trees < 10" dbh and
with crown closure
41%
Trees from 10-20" dbh
and with crown closure
41%
Trees from 20-30" dbh
and with crown closure
41%

Trees> 30"dbh and
crown closure 41%

Crown closure <41%

All Zones

Single age class over story canopy
structure (Even age) and crown closure
41%

Multiple age class over story canopy
structure (Uneven age) and crown
closure? 41%

15



Table 2.3 Final classification scheme of the ODF vegetation database.
forest crown closure (4 classes), forest species (5 classes), forest size (6
classes), and forest structure (4 classes).

16

Forest Crown
Closure

Forest
Species Forest Size

Forest
Structure

Non-forest Non-forest Non-forest Non-forest
(<10% crown
closure)

Low-density Low-density Low-density Low-density
(11%-40%
crown closure)

41 %-71% Softwood Seedling/sapling/ Multi-story
crown closure (>75%) poletimber (< 9" dbh) (<90%

single-story)

71 %-1 00% Hardwood Small (9"- 21" dbh) Single-story
crown closure (>75%) (>90%

single-story)

Mixed species Medium (21"- 32" dbh)
(<75% of

either)

Large (>32" dbh)



interpretation of National Aerial Photography Program (NAPP) aerial

photography (Pacific Meridian Resources 1997).

2.1.2 USGS vegetation database

The USGS developed a National Land Cover Data set in 2000,

derived from circa 1992 Landsat TM imagery. One of the goals in the

development of the USGS vegetation database was to produce a

consistent product with a 30 m spatial resolution for the conterminous

United States (Vogelmann et al. 2001); thus, complete coverage of eastern

Oregon was available within the database. Twenty-one land cover classes

are depicted in the database. Four categories of forest cover type were

rocessed for this project: hardwood, softwood, mixed forest, and non-forest

(Table 2.4). The imagery may be appropriate for regional analyses of water

quality, ecosystem health, wildlife habitat, or other land management issues

(Vogelmann et al. 2001), however, the accuracy of the classification has yet

to be assessed in Oregon. The accuracy of the NLCD database has only

been assessed officially in the Northeastern U.S. as of December 2002.

The USGS vegetation database characteristics are further described in

Appendix B.

17



Table 2.4 USGS vegetation database forest cover type categories and
decision rules.

Categories

Non-forest

Softwood

Hardwood

Mixed forest

Decision rules for classification

<25% crown closure

> 75% softwood crown closure

>75% hardwood crown closure

<75 crown closure of either
softwoods or hardwoods

18



2.2 Sampling Design

A sampling design, when applied to remote sensing accuracy

assessments, is the protocol by which the sample elements are chosen

(Stehman 2001). The sample design for an accuracy assessment should

consist of defining a sampling scheme, determining the number of samples

to acquire within that scheme, and actually collecting those samples. As

we will see, the budget for this project did not provide for the development

and collection of new samples, and thus forced me to choose from samples

(and hence use a sampling design) that had been developed and collected

by others. In addition, since the age of the various satellite images was 10-

13 years old, we would logically have been forced to locate inventory

samples that were also collected 10-13 years ago.

Due to the budgetary limitations of this project, we are forced to

utilize sample data, and hence a sampling scheme, that is publicly available

and developed by others for other purposes. The sampling scheme that is

available for the accuracy assessment of the two eastern Oregon

vegetation databases utilized a systematic sampling design. Systematic

sampling employs a method in which sample points are selected based

upon how a rectilinear grid falls on a landscape. All areas on a landscape

therefore theoretically have the same level of coverage as all other areas

on a landscape.

19
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2.2.1 Sample size calculations

A number of resources are available for determining the appropriate

number of sample points needed to ensure a statistically rigorous

assessment of the accuracy of classifying vegetation (Congalton and Green

1999, Rosenfield et al. 1982). Congalton and Green (1999) suggest a rule

of thumb where at least 50 sample plots be used for each vegetation

category being assessed. Over large landscapes, 75 to 100 per category

are suggested. Assuming the sampling design remains unchanged,

reducing the number of samples in less important vegetation classes can

help lower the cost of data collection, yet the cost of doing so may result in

a corresponding loss of precision in the accuracy estimates (Stehman

2001). To determine the number of samples to be collected, the following

formula can be used to calculate the individual and total sample size

requirements for each of the components of the vegetation databases:

Where:

n = total number of samples required to assess the classification for

a single vegetation class

= a vegetation class
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B = X(l,.(l-a/k))

cc = 0.95

X2(1,10,k) = Chi square distribution with 1, and 1-cc/k degrees of

freedom

fl = the proportion of the population in the jth vegetation class

b = absolute precision for a parameter i in the population (assumed

here to be 0.05)

k = total number of land classes

The sample size calculations are performed for each class I, and the

largest n is then selected as the desired sample size. In other words, the

estimate of sample size from the vegetation class encompassing the

largest land area can be used since it will yield the largest n.

ODF veqetatiàn database: Tree size component

The low-density tree size class covers 51% of the forested area and

is identical in extent to the extent of the combination of the other four

components of the ODF vegetation database. Therefore, the following

values were used in the calculation of the sample size requirements.
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k = 6 forested classes

a = 0.95

B=X99) = 6.63

LI = 0.51

b = 0.05 (absolute precision)

Therefore,

n = (6.63)(0.51)(.49)/(0.05)2

n = 663.7 or 664 total samples required to adequately sample the entire

ODF vegetation database (Table 2.5) for the tree size component. This

translates into 132.5 or 133 samples per forested class in the size

component.

If we were to exclude the low-density class from the sample size

calculations, the total number of samples we would need is reduced to 524,

or about the same number (131) per forested class. If we were to loosen

up the confidence interval bounds and assume that a = 0.85, we would

need a total of 58 samples, or about 15 per forested class, If we were to

concentrate on a single zone, as many as 671 samples would be required

when a = 0.95 and b1 = 0.05. In total, over 1471 sample points would be

required to assess the accuracy of the three zones.
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Table 2.5 Sample sizes required for the accuracy assessment of two
vegetation databases covering eastern Oregon.

ODF vegetation database USGS
vegetation
database

Vegetation All Zone I Zone 2 Zone 3 Zone I
attribute Zones

Tree size 664 624 671 176

Tree 624 602 661 168 601
species

Crown 574 498 158
closure

Forest 574 511 158
structure
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ODF veqetation database: Tree species component

Under the assumption that we wish to perform an accuracy

assessment that includes the low density forested class, we would need

624 samples, or about 156 per class to adequately evaluate the accuracy

of the tree species classification of the ODF vegetation database (Table

2.5). This drops considerably, to 23 total samples, or about 8 per class,

when the low density forested class is excluded. Under the assumption

that a = 0.85, the number of samples falls to about I per class. If we were

to concentrate on a single zone, as many as 661 samples would be

required when a = 0.95 and b = 0.05. In total, over 1431 sample points

would be required to assess the accuracy of the three zones.

ODF veqetation database: Crown closure component

Under the assumption that we wish to perform an accuracy

assessment that includes the low density forested class, we would need

574 samples, or about 191 per class to adequately evaluate the accuracy

of the crown closure classification of the ODF vegetation database (Table

2.5). This drops to 444 total samples, or about 222 per class, when the

low-density forested class is excluded, since the number of classes
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drops to two under this condition. Under the assumption that a = 0.85, the

number of samples falls to about 49, or 25 per class. If we were to

concentrate on sampling each zone individually, about 500 samples would

be required when a = 0.95 and b1 = 0.05. In total, over 1216 sample points

would be required to assess the accuracy of the three zones.

ODF vegetation database: Forest structure comDonent

Under the assumption that we wish to perform an accuracy

assessment that includes the low density forested class, we would need

574 samples, or about 191 per class to adequately evaluate the accuracy

of the forest structure classification of the ODF vegetation database (Table

2.5). This drops to 486 total samples, or about 243 per class, when the

low-density forested class is excluded, since the number of classes drops

to two under this condition. Under the assumption that a = 0.85, the

number of samples falls to about 54, or about 27 per class. If we were to

concentrate on sampling each zone individually, about 500 samples would

be required when a = 0.95 and b = 0.05. In total, over 1229 sample points

would be required to assess the accuracy of the three zones.



USGS veqetation database: Land cover class comDonent

The USGS vegetation database sample size calculations indicate

that 601 samples are needed to perform the accuracy assessment (Table

2.5). This translates into 150 samples per class being sampled. Under the

assumption that a = 0.85, the number of samples falls to about 67, or 17

per class.

2.2.2 Choosing the number of samples

Once the number of samples required to provide an adequate

assessment of the accuracy of the vegetation database has been

determined, the next step is to choose the number of samples that will

actually be used. Unfortunately, we are not at liberty to collect new forest

inventory data to assess the accuracy of the vegetation databases.

Therefore, we are limited to the data that are available through agencies

such as the U.S. Forest Service, Bureau of Land Management, Oregon

Department of Forestry, or privately managed organizations. One source

of publicly available forest inventory data is the Current Vegetation Survey

(CVS) of the USDA Forest Service. In eastern Oregon, 4570 CVS plots are

publicly available. These samples reside solely on National Forests,

however. Additional samples collected by the USDA Forest Service's
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Forest Inventory and Analysis (FIA) program could potentially be used to

represent the conditions of forestland outside National Forests, but these

data are currently unavailable due to a confidentiality agreement associated

with the plot locations.

2.3 Response Design

The response design represents the protocol for determining the

reference data necessary to perform an accuracy assessment (Stehman

2001). Two important aspects of the response design are the choice of

variable used to describe the classification and the size of the sample unit.

The ultimate goal of the response design is to determine the reference

landscape with which to compare the classified imagery.

2.3.1 Reference data collection

Reference data should be collected in a manner that ensures their

independence from data used to classify the imagery being assessed

(Stehman 1997). In order to assess the accuracy of a classified thematic

map, a reference data source must be obtained to characterize ground

truth. Field surveys specifically designed for each project are perhaps the

most appropriate source of reference data. Conducting a systematic field

survey of ground plots would be cost prohibitive on the large scale required



28

by this study, however. Thus, existing data sources had to be relied on to

act as the reference data.

The only data source available to the project is the CVS inventory

plots collected by the U.S. Forest Service on National Forest land. This

reference data source was chosen for the accuracy assessment based on

the areal coverage of the study area and similarities between the temporal

frame of the plot data sets and the GIS vegetation databases. CVS

inventory plot data are available for all National Forest lands in eastern

Oregon (Figure 2.2). Initially it was hoped that the USDA Forest Inventory

and Analysis (FIA) plots collected by the U.S. Forest Service on private

lands would be available to assess those forested areas not contained

within the National Forest boundaries. Due to new regulations concerning

the dissemination of the locations for FIA plots, these data were not

available to this project in time for their use.

The CVS inventory plots provide an adequate total number of

sampling units as defined by the sample size calculations derived above.

The CVS reference plot data was collected in a systematic grid pattern

across federal lands. This type of sampling scheme allows for a

landscape-wide placement of reference plots, effectively eliminating the

under representation of areas being sampled. However, some of the

vegetation categories may be under-represented using systematic grid-

sampling schemes. This is because vegetation categories not present at
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Figure 2.2 Continuous Vegetation Survey (CVS) inventory plot locations on
federal land in eastern Oregon.
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the preset locations of the reference plots on the sampling grid. The effect

of this under-representation of potentially important categories cannot be

avoided, but should be addressed so users of the accuracy assessment

information are aware of the problem. Another concern is that the CVS

plots in wilderness areas are sampled at only 1/4 of the intensity as

elsewhere on federal lands. Therefore, the results of any accuracy

assessment must reflect the fact that there may not be enough reference

samples collected to effectively sample these areas. Finally, the CVS data

were not used to assist in the classification of either the ODF or USGS

vegetation databases.

The spatial locations for CVS inventory plots were contained in

ArcView shape files, which were acquired from a USFS Pacific Northwest

Region internet site (http:Ilwww.fs.fed.us/r6lsurveyl). Around each of these

plot locations a number of classified image pixels were selected to

represent the same spatial area sampled by the inventory plots. A

comparison of agreement between the classified image pixels and the

aggregated tree lists for each inventory plot was performed.

2.3.2 Classification variables

To ensure a statistically sound measurement procedure, the

reference data were summarized in such a way as to be comparable to



those classes presented in the ODF vegetation database and the USGS

vegetation database. The basis of the accuracy assessment of remotely

sensed data is to compare classified vegetation databases to reference

data sources, the latter of which should then be considered of a higher

quality. The CVS inventory plot data contains a list of sampled trees

measured at each plot location. These tree lists were compiled in a

manner that closely represents the structure of the classification of the

imagery.

2.3.3 Relation of the reference areas to the sample design

While a sampling design must be developed so as to ensure the

statistical viability of an accuracy assessment, we were limited in our

flexibility to design the optimal sampling scheme. Given the reference data

available to this project, CVS inventory plots, the sampling design was

inherited rather than chosen for this project. The CVS model uses a

systematic sampling scheme. As the data are organized in this manner, it

may be desirable to use all available reference data plots within the areal

coverage of the classified imagery. Since the ODF vegetation database is

comprised of a multi-temporal composite of imagery, the reference data

should be applied to each separate spatial component individually (i.e., the

Boise Cascade land, the U.S. Forest Service land, etc.). It is essential that
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this operation be done carefully to match the proper reference data to the

temporally and spatially corresponding locations on the classified imagery.

For example, a large portion of the classified imagery is comprised of

Landsat TM data covering eastern Oregon's National Forests. This

imagery was collected during a different year than the other pieces of the

composite ODF vegetation database.

Since the only reference data available for the National Forest areas

are the CVS inventory plot data, dnly the areas in Zone I of the analysis

can be assessed. Care was exercised to temporally match the CVS

reference data with the ODF vegetation database (see Figure 2.3). If the

temporal similarity of the two data sets varies by more than a few years, it

can be considered unusable unle$s some sort of procedure is applied to

simulate the change in one or boti databases to bring them to a common

temporal time frame (Bettinger 2OI). Changes in the landscape due to

temporal displacement can drasti ally reduce agreement between the

reference data and classified imagery. However, given the scope and

budget of this project, correction fOr temporal displacement was not

conducted.
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Figure 2.3 Data timeline of image acquisition (vegetation databases) and
reference data collection (plots).

Data Timeline

2
0
U)

FIA 0cc 4

FIA 0cc 3

Boise

USGS

Crown

ODF NEOR

I' I

Year



2.3.4 Relation of reference areas (inventory plots) to sample units

The size and shape of the reference plot locations (the CVS

inventory plots) must also be taken into account when extracting sample

units from the classified imagery. The image-sampling unit has to

effectively take into account the resolution of the reference plots. Decision

rules about how to select classified image pixels that represent the

sampling unit need to be developed and applied. For example, around

each inventory plot center a sample of pixels are selected from the

remotely sensed imagery. The number and arrangement of pixels should

correspond to the size and shape of the reference inventory plots. The

process is problematic. While both the ODF and USGS vegetation

databases are based on Landsat TM imagery, the spatial resolution of the

ODF vegetation database is 25 m, and the spatial resolution of the USGS

vegetation database is 30 m. To solve this problem the USGS imagery

was resampled to 25 meters and the pixel grid was matched to that of the

ODF vegetation database.

I assumed that the reference inventory plot locations have been geo-

referenced and measured accurately, but we also eliminated plots with

obvious mismatches between ground data and imagery which could be due

to location errors or temporal differences (Ohmann and Gregory 2002).
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Otherwise the reference data would have to undergo their own accuracy

assessment, another cost prohibitive endeavor.

2.4 Methods used for the Accuracy Assessment of the ODF Vegetation
Database

The first step taken in analyzing the accuracy of the ODF vegetation

database was to identify the area of intersection between the imagery and

reference data, both geographically and temporally. Each zone of the ODF

vegetation database should be treated differently to ensure that the

classification scheme was replicated in the reference data summary and

the summary of the pixels at plot locations. Since the CVS inventory plots

were the best-suited reference data for all areas owned by the U.S. Forest

Service (Zone 1), an adequate coverage of this area was available (Figure

2.4).

2.4.1 Analysis of zone I

Pixel grouping selection

The CVS inventory plot centers were used to identify the corresponding

"center pixels" from the PMR imagery. These center pixels were then
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Figure 2.4 Patterns of selection of pixels using CVS plot centers.
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used as the seed pixels to create a 185 foot buffer around them. The 185

foot buffer distance is derived from the radius of a one-hectare circular CVS

inventory plot footprint. This buffer was then used to extract an

approximately circular pattern of 21 pixels around each "center pixel"

(Figure 2.4). These groupings of 21 pixels per plot were then summarized

into a single plot-level statistic that could be compared to a corresponding

statistic generated from the CVS inventory plot tree lists.

Pixel grouping summary - crown closure component

The summary process involved the determination of the decision

rules used to create the pixel categories, and the application of weights to

each pixel in the groupings based on these rules. Each of the four

components of the ODF vegetation database contained a low-density forest

category that represented forested areas with less than 41% but greater

than 10% crown closure. Since each of the components (crown closure,

species, size, structure) contained this category, obviously the crown

closure factor was used to classify each of the components. The decision

to start with crown closure component summaries stemmed from this fact.

There are four categories of interest within this component. They are the

low-density category described above, 41%-71% crown closure, 71%-I 00%
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crown closure and a clumped category of all of the non-forest categories

that is simply called "non-forest".

Based on the above decision rules defining each category, weights

were assigned to each pixel in the grouping. Each pixel in the grouping

was multiplied by the midpoint crown closure for the category that it

belonged to (Table 2.6). The plot level average is the value that

determines the crown class to which the plot belongs. For instance, if the

plot level average is 42%, the plot belongs in the 41 %-71 % category.

Pixel grouping summary - Species component

Once the plot level crown closure characteristics had been

determined, the species component was assessed to determine what

species category each CVS inventory plot represents. Since the species

component contained elements of crown closure in its decision rules, the

crown closure plot-level values were initially used to class the species plots

into forested, non-forested, and low-density categories. The non-forested

and low-density plots were not processed further to determine species

classes since they were already
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Table 2.6 Weights assumed for calculating crown closure from each crown
closure class.

Crown closure class Weight assumed (% crown

closure)

Non-forest 0.05

Low-density 0.25

41-71% closure 0.55

71+% closure 0.85
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processed when assessing the crown closure component. The pixels in the

plots that were considered forested (>40% crown closure) in the crown

closure assessment were then multiplied by weights representing the

percentage of species present in each pixel classification: softwood,

hardwood or mixed forest. These weighted pixel values were then

averaged across each plot to produce a plot level species statistic. The

weights applied to each pixel based on the species value of the pixel are

shown in Table 2.7. Each forest pixel has a provision for giving some

weight to another species category. For example, the weights assumed for

hardwoods contain an element of softwood. Mixed forest pixels are

regarded as being composed of 50% hardwood and 50% softwood

species. Low-density forest pixels are regarded as being 80% low-density

forest and 10% each hardwood and softwood. The decision rules applied

to the original classification of the species component were used to

categorize the 21-pixel grouping based on a statistical representation of the

sum of the weighted pixel values. For instance, if the plot-level species

statistic was greater than 75% softwood or hardwood, the plot is

categorized as such. If it was less that 75% either of the above and not

already classified as non-forest or low-density it is classed as mixed forest.

Obviously, variations in these assumptions may result in alternative

measures of the accuracy of the ODF vegetation database. The

assumptions made, however, seemed logical given the classification rules.
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Table 2.7 Weights assumed for the species component to produce a plot-
level species classification.

Species Weight assumed
Group

Low-density Softwood Hardwood

Softwood 0.00 0.90 0.10

Hardwood 0.00 0.10 0.90

Low-density 0.80 0.10 0.10

Mix 0.00 0.50 0.50
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used to classify and standardize the original imagery and the composition

of the forests of eastern Oregon

Pixel grouping summary - Size component

The size component capitalized on the crown closure component

calculations to allow a determination of a plot-level statistic that described

forest size. All plots that were not classed as either low-density or non-

forest in the crown closure component summary were assessed with this

procedure. For these plots the midpoint value of the category being

represented by eacJipjxel are assigned to each pixel. These assumed

values are shown in Table 2.8. The sum of the assumed values for each

pixel the plot is then divided by the number of forested pixels in the plot.

This average plot size is then used to categorize the entire plot into a size

category represented in the ODF vegetation database.

Pixel grouping summary - Structure component

The structure component also capitalized on the crown closure

calculations discussed previously. All plots identified in the crown closure

summary process as being low-density or non-forest were regarded as

such in this summary process. The remaining plots described as forested
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Table 2.8 Weights assumed for the size component to produce a plot-level
size component characterization.

Tree size class Tree diameter size class Assumed mid-point
ranqe diameter size

(inches) (inches)
Seedling/sapling/ <9.0 4.5

poletimber
Small sawtimber 9.0 20.9 15.0

Medium 21.0 -32.0 26.5
sawtimber

Large sawtimber >32.0 37.5



were subjugated to further classification. The number of single-storied

forested pixels was summed, as was the number of multi-storied pixels.

These values were divided by the number of forested pixels in each plot.

The percentage of single-story and the percentage of multi-story pixels in

each plot were then obtained. Following the decision rules applied to the

original classification, any plot that had a single-story percentage of more

than 90% was classified as such. All other plots were classified as multi-

story since all other plots were either single-story or non-forest.

2.4.2 CVS inventory plot tree list summaries - ODF vegetation database

A summary of the tree lists associated with the Forest Service's CVS

inventory plots was conducted in Visual FoxPro 6.0. It was determined that

a specified lower limit should be set at which the summary would not

include trees with a diameter at breast height (DBH) less than 3 inches.

This limited the effect of the influence of small, but numerous, seedlings

and saplings on the species composition of a measured plot. The trees

that did not meet the minimum DBH requirements were dropped from the

CVS inventory plot tree lists. Because the classification rules of the ODF

vegetation database were based on crown closure, it was decided to begin

the tree list summary by assessing crown closure. Crown closure

computations follow those suggested by Hann (1997). A set of coefficients
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was used for each species to account for differences growth

characteristics.

First, the maximum crown width for a given tree was calculated using

the following formula:

MCW = Co+(Ci*H(C2*'T3F12)

Where:

MCW = Maximum crown width

C0 = The first species dependent coefficient

C1 = The second species dependent coefficient

C2 = The third species dependent coefficient

Since trees generally do not reach their maximum crown width under

normal stand growth conditions, the largest crown width (LCW) was

calculated as follows:

LCW = MCW *

Where:

CR = Crown ratio

CL = Crown Length



HI = Tree height

B0 = The fourth species dependent coefficient

B1 = The fifth species dependent coefficient

B2 The sixth species dependent coefficient

From the results of this calculation, the crown area (feet2) for each

tree could be calculated:

Tree Canopy Area (feet2) (TCA) = r *
(Lcw2

2)
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Each tree crown area value is then multiplied by the trees per acre

(TPA) expansion factor and divided by feet2 acr&1 to determine the percent

crown cover for each tree in the stand (CCI).

CCT=100* (TCA * TPA)

43560

An uncorrected percent crown cover (UCC) for the plot was

calculated by summing the percent crown cover for each tree across the

plot.



UCC=CCT

It is possible for this uncorrected plot crown closure value to be

greater than 100%, however, since overlapping of tree canopies are not

taken into account. The corrected crown closure CCC is calculated using

the following formula suggested by Crookston and Stage (1999):

CCC = 100 *[10 - expt100°']

Once the corrected crown closure was calculated for each plot, it

was possible to assign a crown class category to each plot based on the

original classification of the ODF Vegetation Database. In addition to the

plots that had corrected crown closures of less than 10%, the CVS system

contained references to several hundred plots without corresponding trees.

These plots were unmeasured due to inaccessibility and were ignored

throughout the summary process, as they did not have data associated with

them to be compared to the vegetation databases.

When each plot was classed as either forested or non-forested with

the above process, a species composition designation for a plot had to be

determined. Each tree in the tree list had a species associated with it as

identified by the field survey crew. The trees were classed as either
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softwood (deciduous) or hardwood (coniferous), multiplied by the tree

expansion factor (trees per acre each tree record in the tree list represents)

and summed across the plot. If either softwood or hardwood species

accounted for greater than 75% of the plot species it was classed as such.

If both hardwood or softwood species accounted for less than 75% of the

stocking, the plot was classed as a mixed forest.

The forest size designation of a plot was determined by calculating

the quadratic mean diameter (QMD) of each plot using the following

formula:

Where:

n =total number of trees

The QMD is the diameter of the tree of average basal area, and was

used to class the plot into one of the size categories recognized in the ODF

vegetation database.

Finally, the forest structure of the plot was determined using the

decision rules of the ODF vegetation database. If 90% of the plot's trees
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were in two adjacent size classes, it was considered to represent a single-

story stand. If the trees were not concentrated in two adjacent size

classes, the plot was considered to represent a multi-story stand.

2.5 Methods used for the Accuracy Assessment of the USGS
Vegetation Database

As with the ODE vegetation database, the first step in assessing the

accuracy of the USGS vegetation database was to identify the area of

intersection between the image and reference data. The USGS database

and the CVS reference data overlap spatially over the lands identified as

Zone I in the above section. Since the same data availability issues arose

with this analysis concerning reference data on private lands, only federal

lands in Zone I were assessed. Furthermore, the USGS database only

contains one component describing the dominant cover type species of the

forest.

The USGS vegetation database was obtained with a pixel resolution

of 30-rn. To allow for more direct comparison to the ODF vegetation

database and for ease of operations, the image was resampled to 25-rn

resolution and snapped to the origin coordinates of the ODE imagery.



2.5.1 Analysis of zone I

Pixel grouping selection

The process of selecting the CVS inventory plot footprints on the

USGS imagery was identical to that used in the ODF analysis. There were

four categories of interest to this project in the USGS database. Pixels

were classified as either softwood, hardwood, mixed forest, or as some

other non-forested cover type. All of the non-forest cover type

classifications (<25% crown closure) were aggregated into one category

henceforth referred to as "non-forest". The percentage of forested pixels

within each 21-pixel grouping was calculated to determine the forested/non-

forested status of each plot. Then, in following the decision rules laid out

by the USGS classification scheme, any plot with <25% forested pixels in it

was classified as non-forest. Conversely, if any pixel grouping representing

a plot had 25% forested pixels it was considered a forested plot. All of

the non-forest plots identified in this procedure were not processed further

to determine a species classification.

All of the forested plots were then put through the following summary

process. Each forested pixel was multiplied by a value based upon the

classification of softwood, hardwood, or mixed forest species. These

values were arbitrarily chosen to represent some element of diversity in the
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species composition of each pixel. Each group of pixels multiplied by their

respective values described above was then summed and divided by the

number of forested pixels in the grouping. This produced a plot-level

statistic of percent hardwood and softwood in each plot. The weights

applied to each pixel based on the species group of a pixel are shown in

Table 2.9.

The decision rules applied to the original classification of the species

component were used to categorize the 21-pixel grouping based on a

statistical representation of the sum of the weighted pixel values. For

instance, if the plot-level species statistic was greater than 75% softwood or

hardwood, the plot is categorized accordingly. If it was less than 75%

either of the above and not already classified as non-forest, it was classed

as mixed forest.

2.5.2 CVS inventory plot tree list summary

The CVS inventory plot tree lists were summarized in a similar

fashion to what was done with the ODF database summaries. The crown

closure calculations already performed for the ODF database analysis were

used to determine the crown closure of each plot. If a plot was classified

as having < 25% crown closure, it was categorized as non-forest. If the

crown closure



Table 2.9 Weights assumed for the cover type species component of the
USGS vegetation database to produce a plot-level species classification.

52

Species Weight assumed
Group

Softwood Hardwood

Softwood 0.90 0.10
Hardwood 0.10 0.90
Mixed 0.50 0.50
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calculations produced a value 25%, the plot was considered forested and

was further processed for species determination.

Each tree in the tree list had a species associated with it as identified

by the field survey crew. The trees were classed as either softwood

(coniferous) or hardwood (deciduous). Each tree was then multiplied by

the tree expansion factor (trees per acre each tree record in the tree list

represents) and summed across the plot. If either softwood or hardwood

species accounted for 75% of the plot tree species it was classed as

such. If both hardwood or softwood species accounted for < 75% of the

stand species, the plot was classed as a mixed forest. These calculations

were conducted using the trees per acre of a given species type to

determine which forest class the CVS plot would be assigned to. This is in

accordance with the original methods used to classify the imagery. With

both the image and reference data being summarized, it was then possible

to construct an error matrix to analyze the agreement between the two.

2.6 Analysis Techniques for Accuracy Assessment

Several statistical techniques will be used to assess the accuracy of

the ODF and USGS vegetation databases, including the error matrix,

overall, producer's, and user's accuracy, corrected overall and producer's

accuracy, Kappa coefficient, and conditional Kappa coefficients. The
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analysis techniques that are common to assessing the accuracy of

classified remotely sensed imagery typically center on the development of

an error matrix (Story and Congalton 1986), and a variety of measures

related to the data contained within the error matrix (Stehman 2001).

2.6.1 Error matrix

An error matrix is a square table where the rows of the table

represent the categories of the classified image being assessed and the

columns represent the corresponding categories in the reference data

(Figure 2.5). The cells on the diagonal of the error matrix depict the

number of sample units correctly classified in agreement with the reference

data category. The off-diagonal cells depict classification errors of

omission and commission. Omission error occurs when a sampling unit is

excluded from the category from which it belongs. Sampling units included

in an incorrect category comprise commission errors.

Error matrices are used to quantify the errors of classified imagery in

relation to the reference data being used to assess accuracy. It is

accepted practice in remote sensing to always report the full error matrix

along with any of the single measures of classification accuracy described

below as well as overall, user's and producer's accuracies (Story and

Congalton 1986).



Mixed Total
488 1 69 0 558

1 0 1 0 2

999 3 2963 9 3974

9 0 25 2 36

1497 4 3058 ii[ 4570

Figure 2.5 Example Error Matrix depicting imagery data (rows) versus
reference plot data (columns).

Non-Forest Hardwood Softwood
Non-Forest
Hardwood
Softwood
Mixed
Column
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The overall accuracy of a classification procedure in relation to the

reference data be used can be calculated directly from the error matrix.

Overall accuracy is simply the total number of pixels classified correctly

divided by the total number of pixels in the classified image.

Overall accuracy =

Where:

N = the total number of samples taken

x = the value of the major diagonal at row i, column i.

k = the total number of categories in the classification

This measure of accuracy is perhaps the most simple accuracy

assessment technique to calculate. It does not, however, provide any

information about the distribution of errors across the data set or within the

categories of the classification.

Two other commonly used accuracy assessment metrics, producer's

and user's accuracy, are standard techniques applied to accuracy

assessment processes. Producer's accuracy describes the extent of areas

on the ground correctly identified on a map (or in an image):
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Producer's Accuracy = x+j

Where:

x+1 =the row total of rowj

User's accuracy describes the extent of areas on a map (or in an

image) that are actually the same on the ground.

Users accuracy = (i..
xi+

Where:

x+ = the row total of column I

The concept of user's and producer's accuracies is sometimes

difficult to understand to both users and producers of thematic maps. They

are both important measures of thematic map accuracy. User's accuracy

reflects the proportion of a particular category of pixels in a vegetation

database or map that are correctly identified as the same category in the

real world, or in the case of this project, the reference data is assumed to

be indicative of the true ground cover. For example, a forester using a map
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with 75% user's accuracy in the softwood forest class, would find that if

they attempted to locate a softwood forest stand on the ground using the

map, 75% of the time they would indeed find themselves standing in a

softwood forest stand once they reached their destination. Producer's

accuracy on the other hand, reflects the proportion of a particular category

of real world vegetation being correctly identified as such on the map or

vegetation database, If the same forester had just finished creating a map

of the forest, a producer's accuracy in the softwood forest class of 75%

would indicate that 75% of the softwood forest on the ground was actually

identified as softwood forest on the map.

Thus, it is possible to have map categories that have opposed

values of user's and producer's accuracy. A case of this is shown in the

example of a softwood forest category having 75% user's accuracy, but

only a producer's accuracy of only 25%. In this example a user of the map

would find that 75% of the softwood area on the map are indeed softwood

forest on the ground. However, the same person would find that only 25%

of the softwood forest areas on the ground were correctly classified as

softwood forest on the map. This means that 75% of the softwood forest

on the ground was mistakenly classified as some other cover type.

Depending on the users needs, both of these measures can be useful and

informative about how the classification process worked. A combination of
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the two measures should be used to get a better idea of how the database

is structured.

In general, the user's, producer's and overall accuracies can be

assessed by grouping the resulting values into three classes (Landis and

Koch 1977). If the measure is below 40% it is considered as indicating

weak agreement between the image and reference data. If the resulting

measure is between 40% and 80%, the image data is considered to be in

moderate agreement with the reference data. Above 80% indicates strong

agreement between the compared data sources.

Care should be taken when assessing the accuracy of a map, in that

any single measure of error is inherently incomplete in describing all of the

error. In particular, classification errors at the land use level and

misclassifications at the pixel level will not be reflected in these single

measures (Stehman 1999). Thus, in addition to overall error, user's

accuracy, and producer's accuracy, it is possible to calculate several other

measures of accuracy based on the error matrix. In conjunction with the

full error matrix, these additional measures can provide insight into how

error is distributed throughout a data set.



2.6.2 Kappa coefficient of agreement

The Kappa coefficient of agreement is defined as a discrete

multivariate technique used as a measure of total map accuracy (Congalton

and Green 1999). It is a single measure of accuracy calculated from an

error matrix reflecting actual agreement shown on the major diagonal of the

error matrix, and the chance agreement as indicated by the row and

column totals of the error matrix (Congalton and Green, 1999). Since its

introduction to the remote sensing community in 1981 it has become the

accepted standard single measure of classification accuracy (Rosenfield

and Fitzpatrick-Lins 1986, Brennan and Prediger 1981).

The Kappa coefficient of agreement is calculated as follows (Hudson

and Ramm 1987):

N x - N xx1
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The variance of Kappa can be calculated with the following formula:

a2(k)_ 1 [o(i-e) 2(1-01X28102 -03) (i-o1Xe4 _4022)1
- N[1(1_02)2 + (1-O2) (1-O2) ]

Where:

From this the I (referred to as K-hat) value is determined. I is the

estimate of the true Kappa coefficient of agreement. This estimate is used

in place of the true Kappa because knowledge of the true ground

conditions at every location would have to be known to know the true

Kappa value.
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To determine the significance of a single error matrix, a Z statistic is

calculated from the following formula:

At a 95% confidence interval the critical Z value is 1.96. Therefore if

the absolute vIueof the Z statistic is greater than 1.96 then the

classification can be considered better then a random classification of the

image at a 95% level of confidence (Congalton and Green 1999).

Two image classifications can be tested against each other using a

similar technique. A Z statistic can be calculated for the comparison using

the following formula.

'i

/vâr(I1 )+ vâr(i2)

In this case if the Z statistic produced from this calculation does not

exceed the critical value of 1.96 at a 95% confidence interval then the two

classifications can not be considered significantly different (Congalton and

Green 1999).



2.6.3 Compensation for chance in the Kappa coefficient of agreement

The above formulas pertain to the estimation of the Kappa

coefficient of agreement when the classified imagery has been sampled

using simple random sampling. It has been determined that under stratified

sampling designs there exists some bias when using these formulas

(Stehman 1996), and that the degree of agreement by chance may be

over-estimated (Foody 1992). Therefore, the observed agreement may

consist of actual agreement and agreement by chance. Thus the Kappa

coefficient may underestimate the classification agreement. If one were to

assume that the Kappa coefficient of agreement was not an efficient

estimator of classification accuracy, Stehman (1996) provides guidance in

compensating for chance agreement.

2.6.4. Conditional Kappa coefficient of agreement

As the Kappa coefficient of agreement is a single measure of

agreement between a classified image and its reference data, the

conditional Kappa is the measure of agreement between individual

categories of a classified image and their associated reference data.

Conditional Kappa should be reported for any accuracy assessment

(Rosenfield et al. 1986). This technique enables users to measure the

errors within individual categories rather than the data set as a whole. The
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maximum likelihood estimate for the Kappa coefficient of agreement in a

particular category i is as follows (Congalton and Green 1999):

k =1
Nx11

( Nx

The large sample variance is calculated as follows:

vâr(kj)=
N(x1 x) -

[x1 (N- )]3 LVi+ XXI+X+i - Nx11 ) + Nx (N - - +

2.6.5 Confidence limits d correction for bias

Confidence limits are an integral and expected component of any

statistical estimate (Congalton and Green 1999). They give the statistically

probable range of expectation for a parameter of interest. However,

confidence intervals are usually more difficult to compute for an error matrix

than those for traditional statistical measures. The calculation of confidence

limits using these formulas also has the effect of correcting for bias in the

producer's and overall accuracy possibly introduced by differential sampling

rates in each category. By incorporating the map marginal proportions into

these formulas, this bias can be removed. The user's accuracy, however,

does not contain this type of bias due to the reference data being
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independent of the image map marginal proportions. The following

formulas illustrate the calculation of confidence intervals for an error matrix,

and the formulas used to correct for bias in the producer's accuracy and

overall accuracy. First, the proportion of each image falling into a category

of the error matrix, or the individual cell probabilities, must be derived:

Where:

p = the individual cell probabilities

the map marginal proportion

= the individual cell value
I "11

= the row marginal value

The next step to calculating confidence intervals for an error matrix

is to compute the true marginal proportions p3 using the following equation

(Card 1982):



p1=I
j=1 j

( "
o I

a

t'pij
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Then the probability of a pixel being correctly classified, given the

true class i, otherwise known as the producer's accuracy corrected for bias,

is computed:

The probability of a pixel being correctly classified for each map

class] is then computed:

The overall accuracy corrected for bias is then computed by

summing the major diagonal of the cell probabilities using:

I
Ii. fl

j=1\ flj
,,
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Finally, the variances for the overall and producers accuracies that

can be used in calculating confidence intervals are computed:

The confidence intervals developed with these variances are

assumed valid if the normality assumption of the data is valid, otherwise the

confidence levels are to be assumed lower than that actually used

(Congalton and Green 1999). For example, if a 95% confidence interval is

used, yet the normality assumption is invalid, the true confidence interval is

at least 75%.

3.0 RESULTS

The results of the analysis are listed below in the form of error

matrices and associated statistical measures. The analysis techniques

described above were used to generate the error matrices below. Each

component of the ODF vegetation database and the single component of

the USGS vegetation database were assessed and compared to the CVS

inventory plot data.



3.1 ODF Vegetation Database - Crown Closure Component

The comparison between the ODF vegetation database crown

closure component and the CVS inventory plot reference data within the

boundaries of Zone I (Forest Service lands), was conducted using 4570

plots and yielded an overall accuracy of 61% (Table 3.1). After correcting

for bias, the overall accuracy was 54% (Table 3.2). This value indicates

moderate agreement between the image and reference data. However,

this measure of accuracy does not take into account omission and

comission errors. To account for these types of errors a Kappa statistic

was calculated to be 36%, indicating weak agreement between the

database and reference data. The producer's accuracy's for individual

categories within the crown closure component ranged from 58% in the

71%- 100% crown closure category, to 70% in the non-forest category.

However, these producer's accuracy figures may be biased because the

true map marginal proportions are not used (Congalton and Green 1999).

After correction for bias using the true map marginal proportions,

producer's accuracies ranged from 44% in the low-density forest category,

to 93% in the non-forest category (Table 3.2). User's accuracies ranged

from 38% in the 71 %-100% crown-closure category, to 80% in the low-

density forest category. The user's accuracies are not subject bias the way

producer's accuracy is since the reference data is not influenced by the true
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Table 3.1 Error matrix and statistics associated with the ODF vegetation
database crown closure component (rows) and CVS inventory plot data
(columns) covering Zone I of the accuracy analysis.

CVS plot cover type

69

ODF map Low- 41-70% 71-100% Non- Row
CC type density CC CC forest total

Low- 1650
density

354 4 60 2068

41-70% 780 832 104 5 1721
CC
71-100% 42 208 151 1 402
CC
Non- 219
forest

9 0 151 379

Column 2691
total

1403 259 217 4570

Computed Producer's User's Conditional
accuracy's accuracy accuracy Kappa

Low-density 0.61 32 0.7979 0.5084
41-70% CC 0.5930 0.4834 0.2546
71-100% CC 0.5830 0.3756 0.3381
Non-forest 0.6959 0.3984 0.3684

Overall
accuracy

0.6092

Kappa 0.3582
CC = Crown closure
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Table 3.2 Confidence intervals of ODF vegetation database crown-closure
component covering Zone I of the accuracy analysis.

ODF map CC
type

Prod.'s
accuracy
corrected
for bias

Variance Upper Cl Lower Cl

Low-density 0.4409 0.0000874 0.4596 0.4222
41-70% CC 0.4809 0.0007245 0.5347 0.4270
71 -1 00% CC 0.7494 0.0113633 0.9626 0.5362
Non-forest 0.9313 0.0006953 0.9840 0.8786

Cover type User's
accuracy

Variance Upper Cl Lower Cl

Low-density 0.7979 0.0000353 0.8098 0.7860
41-70% CC 0.4834 0.0000546 0.4982 0.4687
71-100% CC 0.3756 0.0000513 0.3899 0.3613
Non-forest 0.3984 0.0000051 0.4029 0.3939

Overall accuracy Variance Upper Cl Lower Cl
corrected for bias

0.5396 0.00004750 0.5533 0.5258
Cl = Confidence interval
CC = Crown closure
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map marginal proportions (Card 1982). Conditional Kappa statistics were

generated for each individual category and ranged from 25% in the 41 %-

71% crown-closure category, to 50% in the low-density forest category.

These conditional Kappa statistics indicate that only the low-density

category has moderate agreement with the reference data. All of the other

categories in this component show weak agreement with the reference

data. A complete listing of the error matrix results from this comparison are

shown in Table 3.1 and the results from the confidence interval

computations are shown in Table 3.2.

3.2 ODF Vegetation Database - Forest Species Component

4570 samples were used to analyze this component even though

only 602 were necessary according to the sample size calculations.

However, both the hardwood and mixed forest categories were not

adequately sampled due to the lack of these forest types in both the image

and the reference data. The comparison between the ODF vegetation

database forest species component and the CVS inventory plot reference

data within the boundaries of Zone I (Forest Service lands), yielded an

overall accuracy of 68% (Table 3.3). The Kappa statistic was calculated

and was shown to be 43%, indicating a moderate agreement with the

reference data, although this value is on the lower end of the moderate



Table 3.3 Error matrix and calculated accuracy's of the ODF vegetation
database forest species component (rows) and CVS inventory plot data
(columns) covering Zone I of the accuracy analysis.

CVS plot cover type

ODF map LD SW HW Mixed Non-forest Row total
species

type

LD 1650 356 1 1 60 2068

SW 818 1287 0 5 6 2116

HW 0 0 0 0 0 0

Mixed 4 3 0 0 0 7

Non- 219 9 0 0 151 379
forest
Column 2691 1655 1 6 217 4570
total

Computed Producer's User's Conditional
accuracy's accuracy accuracy Kappa

LD 0.6132 0.7979 0.5083
SW 0.7776 0.6082 0.3858
HW 0.0000 0.0000 0.0000
Mixed 0.0000 0.0000 -0.0013
Non-forest 0.6959 0.3984 0.3684

Overall 0.6757
Accuracy

72

Kappa 0.4269
LD = Low-density
SW = Softwood
HW = Hardwood



73

agreement range. The producer's accuracies for individual categories

within the crown closure component ranged from 61 % in the low-density

category, to 78% in the softwood category. After correction for bias, the

producer's accuracies ranged from 43% in the low-density forest category,

to 77% in the softwood category (Table 3.3). Users' accuracies ranged

from 40% in the non-forest category, to 80% in the low-density forest

category. Conditional Kappa statistics were generated for each individual

category and ranged from 0.1% in the mixed forest category, to 51% in

the low-density forest category (Table 3.4). The negative correlation in the

mixed forest category is a result of the lack of samples in the image and

reference data of this category. A complete listing of the error matrix

results from this comparison is shown in Table 3.3 and the results from the

confidence interval computations are shown in Table 3.4.

3.3 ODF Vegetation Database - Forest Size Component

Again, 4570 samples were used for comparison between the ODF

vegetation database forest size component and the CVS inventory plot

reference data within the boundaries of Zone I (Forest Service lands).

Although a large sample size was obtained, the large sawtimber category

did not have any samples represented and the medium sawtimber category

only had 80 samples represented. The non-existence of the large
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Table 3.4 Confidence intervals of ODF vegetation database forest species
component covering Zone I of the accuracy analysis.

ODF map
species type

Prod.'s
accuracy
corrected
for bias

Variance Upper Cl Lower Cl

Low-density 0.4278 0.0000401 0.4404 0.4151
Softwood 0.7744 0.0001150 0.7958 0.7529
Hardwood 0.0000 0.0000000 0.0000 0.0000
Mixed 0.0000 0.0000000 0.0000 0.0000
Non-forest 0.9312 0.0001014 0.9513 0.9110

Species type User's
accuracy

Variance Upper CI Lower Cl

Low-density 0.7979 0.0000391 0.7980 0.7977
Softwood 0.6082 0.0000578 0.6084 0.6081
Hardwood 0.0000 0.0000000 0.0000 0.0000
Mixed 0.0000 0.0000000 0.0000 0.0000
Non-forest 0.3984 0.0000581 0.3986 0.3983

Overall accuracy Variance Upper Cl Lower CI
corrected for bias

0.5949 0.0000520 0.6093 0.5805
CI = Confidence interval
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sawtimber samples and the small number of medium sawtimber samples

taken undoubtedly influenced the results of the analysis. The comparison

yielded an overall accuracy of 54% (Table 3.5). After correction for bias,

the overall accuracy was 50%. The Kappa statistic was calculated to be

32%. The producer's accuracies for individual categories within the forest

size component ranged from 7% in the seedling/sapling/poletimber (S/SIP)

forest category, to 73% in the small sawtimber forest category (excluding

the large forest category, where no reference data exist). After correction

for bias, the producer's accuracies ranged from 17% in the S/SIP forest

category, to 93% in the non-forest category (Table 3.6). User's accuracies

ranged from 24% in the SIS/P category, to 80% in the low-density forest

category. Conditional Kappa statistics were generated for each individual

category and ranged from 13% in the S/SIP forest category, to 80% in the

low-density category. A complete listing of the error matrix results from this

comparison is shown in Table 3.5 and the results from the confidence

interval computations are shown in Table 3.6.

3.4 ODF Vegetation Database - Forest Structure Component

For this analysis 4570 samples were available and all forest

structure categories had adequate representation. The comparison

between the ODF vegetation database forest structure component and the



Kappa 0.3237
LD = Low-density
S/S/P = Seedling/sapling/poletimber
SM = Small sawtimber
MED = Medium sawtimber
LG = Large sawtimber

<8.9"
9" 21"
21"- 32"
32" +
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Table 3.5 Error matrix and calculated accuracy statistics of the ODF
vegetation database forest size component (rows) and CVS inventory plot
data (columns) covering Zone I of the accuracy analysis.

CVS plot cover type
ODF map LD S/S/P SM MED LG Non- Row
size class forest total
LD 1650 159 198 1 0 60 2068

S/S/P 104 40 20 0 0 0 164

SM 709 396 766 2 0 6 1879

MED 9 14 56 1 0 0 80

LG 0 0 0 0 0 0 0

Non- 219 6 3 0 0 151 379
forest
Column 2691 615 1043 4 0 217 4570
total

Size class Producer's User's Conditional
accuracy accuracy Kappa

LD Q.6132 0.7979 0.6116
S/S/P 0.0650 0.2439 0.1277
SM 0.7344 0.4077 0.2348
MED 0.2500 0.0125 0.0116
LG 0.0000 0.0000 0.0000
Non-forest 0.6959 0.3984 0.6573

Overall 0.5376
accuracy



Table 3.6 Confidence intervals of ODF vegetation database forest size
component covering Zone I of the accuracy analysis.

ODF map size
class

LD
S'S/P
SM
MED
LG
Non-forest

Size class

LD
S/S/P
SM
MED
LG
Non-forest

Prod.'s
accuracy
corrected
for bias

0.4219
0.1721
0.6248
0.4542
0.0000
0.9324

0.7979
0.2439
0.4077
0.01 25
0.0000
0.3984

Overall accuracy Variance
corrected for bias

0.5021 0.0000628
LD = Low-density
S/SIP = Seedling/sapling/poletimber
SM = Small sawtimber
MED = Medium sawtimber
LG = Large sawtimber
Cl = Confidence interval

Variance

0.0000306
0.0002555
0.0002346
0.0787042
0.0000000
0.0000998

User's Variance
accuracy

0.0000391
0.0000447
0.0000585
0.0000030
0.0000000
0.0000581

Upper Cl Lower Cl

0.4330
0.2041
0.6 554
1.01 53
0.0000
0.9524

0.41 09
0.1401
0.5941
-0.1069
0.0000
0.91 25

Upper Cl Lower Cl

0.7980 0.7977
0.2440 0.2438
0.4078 0.4075
0.01 25 0.0125
0.0000 0.0000
0.3986 0.3983

Upper Cl Lower Cl

0.51 80 0.4863
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CVS inventory plot reference data within the boundaries of Zone I (forest

service lands), yielded an overall accuracy of 53% (Table 3.7). After

correction for bias, the overall accuracy was 49% (Table 3.8). The Kappa

statistic was calculated and was shown to be 27%. The producer's

accuracies for individual categories within the forest structure component

ranged from 37% in the single-story forest category, to 70% in the non-

forest category. After correction for bias, the producer's accuracies ranged

from 40% in the single-story forest category, to 93% in the non-forest

category (Table 3.8). User's accuracies ranged from 1 1% in the multi-story

forest category, to 80% in the low-density forest category. Conditional

Kappa statistics were generated for each individual category and ranged

from 6% in the multi- story forest category, to 51 % in the low-density forest

category. A complete listing of the error matrix results from this comparison

is shown in Table 3.7 and the results from the confidence interval

computations are shown in Table 3.8.

3.5 USGS Vegetation Database - Forest Cover Type Component

For this analysis, 4570 samples were available. The comparison between

the USGS vegetation database and the CVS inventory plot reference data

within the boundaries of Zone I (Forest Service lands), yielded an overall

accuracy of 76% (Table 3.9). The overall accuracy corrected for bias was



Table 3.7 Error matrix and calculated accuracy's of the ODF vegetation
database forest structure component (rows) and CVS inventory plot data
(columns) covering Zone I of the accuracy analysis.

CVS plot cover type

ODF Map Low- Single Multi- Non- Row
structure density story story forest total
type

Low- 1650 320 38 60 2068
density
Single- 524 520 96 3 1143
story
Multi- 298 570 109 3 980
story
Non- 219 8 1 151 379
forest
Column 2691 1418 244 217 4570
total

Computed Producer's User's Conditional
accuracy's accuracy accuracy Kappa

Low-density 0.6132 0.7979 0.5084
Single-story 0.3667 0.4549 0.2097
Multi-story 0.4467 0.1112 0.0611
Non-forest 0.6959 0.3984 0.3684

Overall 0.5317
accuracy

Kappa 0.2690
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Overall accuracy Variance Upper Cl Lower Cl
corrected for bias

0.4916 0.0000430 0.5047 0.4785
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Table 3.8 Confidence intervals of ODF vegetation database forest structure
component, covering Zone I of the accuracy analysis.

ODF map
structure type

Prod.'s
accuracy
corrected
for bias

Variance Upper Cl Lower Cl

Low-density 0.4258 0.0000738 0.4430 0.4087
Single-story 0.3959 0.0006441 0.4467 0.3452
Multi-story 0.4093 0.031 5690 0.7646 0.0539
Non-forest 0.9312 0.0006646 0.9828 0.8797

Cover type User's
accuracy

Variance Upper Cl Lower Cl

Low-density 0.7979 0.0000353 0.8098 0.7860
Single-story 0.4549 0.0000543 0.4697 0.4402
Multi-story 0.1112 0.0000216 0.1205 0.1019
Non-forest 0.3984 0.0000045 0.4027 0.3942
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Table 3.9 Error matrix and calculated accuracy's of the USGS vegetation
database, forest cover type component (rows) and CVS inventory plot data
(columns) covering Zone I of the accuracy analysis.

CVS plot cover type

USGS map Non- Hardwood Softwood Mixed Row
species
tvDe

forest total

Non-forest 488 1 69 0 558

Hardwood 1 0 1 0 2

Softwood 999 3 2963 9 3974

Mixed 9 0 25 2 36

Column
total

1497 4 3058 11 4570

Computed Producer's User's Conditional
accuracy's accuracy accuracy Kappa

Non-forest 0.3260 0.8746 0.8134
Hardwood 0.0000 0.0000 -0.0009
Softwood 0.9689 0.7456 0.2311
Mixed 0.1818 0.0556 0.0533

Overall
accuracy

0.7556

Kappa 0.3536
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78% (Table 3.10). The Kappa statistic was calculated and was shown to

be 35%. The producer's accuracies for individual categories within the

forest structure component ranged from 0% in the hardwood forest

category, to 97% in the softwood category. After correction for bias, the

producer's accuracies ranged from 0% in the hardwood forest category, to

90% in the softwood category (Table 3.10). User's accuracies ranged from

0% in the hardwood forest category, to 87% in the non-forest category.

Conditional Kappa statistics were generated for each individual category

and ranged from 0% in the hardwood and mixed forest categories, to 81 %

in the non-forest category. The relatively low agreement shown between

the imagery and the CVS plots, in the mixed species and hardwood forest

categories, is probably due to the inadequate number of samples of either

of these classes. A complete listing of the error matrix results from this

comparison is shown in Table 3.9 and the results from the confidence

interval computations are shown in Table 3.10.

3.6 Areal coverage of vegetation databases and inventory plot data

One additional measure of thematic classification accuracy, that is

both important and simple to calculate, is the relationship between the areal

coverage of each category as described by the image data to the areal

extent described by the reference data (Story and Congalton 1986). The



Upper CI Lower CI

0.7931 0.7695
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Table 3.10 Confidence intervals of USGS vegetation database, forest cover
type, covering Zone I of the accuracy analysis.

USGS map
species type

Prod.'s
accuracy
corrected
for bias

Variance Upper CI Lower Cl

Non-Forest 0.6594 0.0000086 0.6653 0.6536
Hardwood 0.0000 0.0000000 0.0000 0.0000
Softwood 0.8966 0.0000600 0.9121 0.8811
Mixed 0.2733 11.4222671 7.0327 -6.4860

Cover type User's
accuracy

Variance Upper CI Lower CI

Non-Forest 0.8746 0.0000240 0.8844 0.8648
Hardwood 0.0000 0.0000000 0.0000 0.0000
Softwood 0.7456 0.0000415 0.8518 0.8302
Mixed 0.0556 0.0000000 0.0067 0.0041

Overall accuracy Variance
corrected for bias

0.7813 0.0000347



84

proportion of pixels classified into each class of the ODF and USGS

vegetation databases, is divided by the total number of classified pixels in

the respective databases and compared to the proportion of CVS inventory

plots classified into each category divided by the total number of plots. The

results of this comparison are shown in Tables 3.11 - 3.15.

4.0 DISCUSSION

The results of the accuracy analysis of the ODF vegetation database and

the USGS vegetation database are valid only for the area covered by

ownership Zone 1. Because both the images and the reference data used

in this project were inherited from other data collection efforts, there was

very little flexibility in the design of the accuracy assessment framework.

As a result, many aspects of the analysis could not be controlled, such as

the reference data-sampling scheme. The CVS inventory plot layout

scheme employs a systematic grid pattern over the landscape. While a

systematic sampling scheme may be more precise than simple random

sampling (Stehman, 2001), the presence of undersampled categories (e.g.,

the hardwood and mixed forest species components of the ODF vegetation

database) in the classification can make inference impossible for those

categories. The result of this inevitability was that several of the categories
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CC = Crown closure
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Table 3.11 ODF vegetation database, Zone 1, Crown closure component.
Percentage of land area represented by the pixels selected from the ODF
vegetation database in comparison with the percentage of land area
represented by the CVS inventory plots.

Crown closure
class

Non-forest 8.29% 4.75%

Low-density 45.25% 58.88%

40-70% CC 37.66% 30.70%

71-100% CC 8.80% 5.67%
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Table 3.12 ODF vegetation database, Zone 1, Forest species component.
Percentage of land area represented by the pixels selected from the ODF
vegetation database in comparison with the percentage of land area
represented by the CVS inventory plots.

Forest species
class

Non-forest 8.29% 4.75%

Low-density 45.25% 58.88%

Softwood 46.30% 36.21%

Hardwood 0.00% 0.02%

Mixed Forest 0.15% 0.13%



S/S/P = Seedling/sapling/poletimber
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Table 3.13 ODF vegetation database, Zone 1, Forest size component.
Percentage of land area represented by the pixels selected from the ODF
vegetation database in comparison with the percentage of land area
represented by the CVS inventory plots.

Forest size
class

ODF CVS

Non-forest 8.29% 4.75%

Low-density 45.25% 58.88%

S/S/P 3.59% 13.46%

Small 41.12% 22.82%

Medium 1.75% 0.09%

Large 0.00% 0.00%
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Table 3.14 ODF vegetation database, Zone 1, Forest structure component.
Percentage of land area represented by the pixels selected from the ODF
vegetation database in comparison with the percentage of land area
represented by the CVS inventory plots.

Forest structure
class

Non-forest 8.29% 4.75%

Low-density 45.25% 58.88%

Single-story 25.01% 31.03%

Multi-story 21.44% 5.34%
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Table 3.15 USGS vegetation database, Zone 1, Forest cover type.
Percentage of land area represented by the pixels selected from the USGS
vegetation database in comparison with the percentage of land area
represented by the CVS inventory plots.

Forest species
class

Non-forest 12.21% 32.76%

Hardwood 0.04% 0.09%

Softwood 86.96% 66.91%

Mixed 0.79% 0.24%
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of interest represented in eastern Oregon did not meet the sample size

requirements to achieve statistical validity.

The lack of metadata concerning the ODF vegetation database also

is a factor that can contribute error to the results of the accuracy analysis.

Without being completely certain of how the classification scheme for the

database was developed, it was necessary to make certain assumptions

about its structure. For instance, the classification description in the

original PMR project proposal did not indicate how the exact breaks of the

size classes would be cross-walked to the final composite ODF vegetation

database. These and other data access difficulties (e.g., access to the FIA

inventory data) limited the scope of the analysis. Nevertheless, the

accuracy of classification for both ODF and USGS vegetation databases

over a large area (Zone I land area, 11,787,339 acres) was accomplished.

Regarding the ODF vegetation database crown closure component,

the overall accuracy of this component was low. The non-forest and low-

density areas are moderately well classified, given the ability to classify

non-forested areas (via producer's accuracy), and the amount of low-

density areas in the image being actually deciduous on the ground (via

user's accuracy). Success in the classification of these, non- or low-

density forested areas, must be tempered by the fact that although, for

example, 79% of the low-density areas in the image are actually low-

density on the ground, 414 Low-density plots were incorrectly classed as
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the next higher (41-70% crown closure) or lower (non-forest) classes. If

one were to use a fuzzy analysis approach and assess the user's and

producer's accuracy within ± one class from actual, well over 90% of the

classification are correct. This too, must be tempered by the low number of

actual classes. The overall accuracy of the crown cover classification, in

fact is not very good (54%), when corrected for bias.

The species component of the ODF vegetation database only had

one class of importance, softwood. Other classes, specifically mixed

species and hardwoods, did not have enough reference data to meet the

sample size requirements. Thus it is impossible to make any inferences

about the mixed species and hardwood classes. In the softwood class,

about 78% of the softwood areas were correctly identified as softwood.

However, only about 61% of the areas called softwood in the image were

actually softwood on the ground. These results indicate that the ODF

vegetation database does a good job in characterizing softwood areas.

The USGS vegetation database, on the other hand, does a better job at

delineating softwood areas. Here, it is indicated that about 89% of the

softwood areas were correctly identified as softwood, while 75% of the

areas called softwood in the image were actually softwood on the ground.

The classification rules used in the development of each database

contribute to these results, however, as one can see by viewing tables 3.12

and 3.15. In the ODF database a larger portion of the landscape is
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considered low-density, yet given the rules utilized, the CVS plots indicate

an even larger portion of the landscape should be considered low-density.

When combined, the low-density and softwood portions of the landscape

are fairly even between the source and reference data. The USGS rules

provide a very large portion of the landscape to be considered softwood,

almost 20% more than what the CVS plots suggest. The lack of a low-

density class in the USGS database perhaps contribute to the higher

softwood accuracy levels

The story regarding the ODF vegetation database's forest size

component is a little more complex. Since no large sawtimber reference

data were available, it is impossible to make any inferences about it.

Neither the imagery nor the reference data had any plots in the large

sawtimber category. Indeed, it would be impossible to estimate the error of

a classification category if no samples exist in either the imagery or

reference data. The lack of large sawtimber plots in the CVS inventory plot

data or the vegetation databases may be due to the scattered nature of

such trees in eastern Oregon. The medium sawtimber size class (80

samples in the reference data) had an adequate but low number of

samples per class. This sample size exceeds the rule of thumb for

accuracy assessments of 50 samples per class as given by Congalton and

Green (Congalton and Green, 1999). However, Stehman indicates that

100 samples per class would give an assurance that the standard error of
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the estimated proportion of correct classes is less than 0.05 (Stehman

2001). Congalton and Green also agree with using at least 100 samples

per class for categories with large areal coverage. The relatively low

sample size of medium sawtimber forest plots is probably due the scattered

and low occurrence of pixels of this class in the ODF vegetation database.

The results indicate that the forest size component of the ODF vegetation

database has low agreement in all of the classes except the low density

and non-forest classes, even though the overall accuracy of the forest size

component after correcting for bias was calculated to be 50%. One class,

however, was classified well and indicated that a moderate level (62%) of

small sawtimber areas were actually small sawtimber on the ground. This

class was the best classified of the four size classes other than low-density

and non-forest although the ODF database shows 20% more small

sawtimber areas than suggested by the CVS plots. The

seedling/sapling/poletimber class was not classified well at all. The user

and producer's accuracies for this image classification category were both

below a 25% agreement level with the reference data.

The two forest structure components other than non-forest and low-

density forest, the single- and multi-story forest classes, were both not well

classified. In the single story class, for example, while 40% of the areas

were correctly identified as single-story, only 45% of the areas in the image

called single-story were actually single-storied stands on the ground. More
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of these areas were actually multi-storied stands on the ground (as

computed by the reference data). The multi-story class was similar to the

single-story classification in that the 41 % of the multi-storied areas were

correctly identified as multi-storied. However, only 11% of the areas in the

image called multi-story were actually multi-storied stands on the ground,

and the ODF database shows 15% more area in multi storied stands than

suggested by the CVS plots (Table 3.14).

The USGS vegetation database forest cover type component did not

have adequate reference data to meet some of the sample size

requirements. Neither the reference data nor the image had more than 36

plots categorized as mixed species or hardwood forest. Because of this

limitation, no inference can be made about the image. The USGS

vegetation database analysis shows that 75% of the areas in the image

called softwood are actually softwood stands on the ground and 90% of

softwood on the ground were correctly identified as such in the image.

However, the USGS database shows 20% more softwood area than the

CVS plots suggest (Table 3.15).

Given the results and discussion provided, one might ask for what

purposes might the ODF and USGS vegetation databases be useful and

informative. When it comes to forest planning, because of the long growth

periods inherent in forestry, several scales of planning must be

acknowledged. There are four general levels of planning, each growing in
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scope of land area addressed and time period covered. Operational

planning can be considered the smallest of the four levels, and is

concerned mostly with actual harvest operations (personal communication

with Dr. Pete Bettinger, Oregon State University). This could include the

planning of roads, trees to harvest, and environmental remediation, and

covers relatively short time periods, usually within a year's time frame. The

data requirements for this level of planning are very precise (fine scale) and

must include information at the tree- or stand-level. Tactical planning is the

level next up, at which traditional harvest scheduling techniques are

employed. At this level, several rotations of harvest and replanting are

projected into the future. Since tactical planning is concerned with the

larger tracts of lands and extended time periods, the data requirements are

broader and are less concerned with the micromanagement of each

individual harvest.

The next highest level of planning, strategic planning, is generally

concerned with the long-term goals of a forest plan. The strategic planning

level does not require as much detail as tactical planning and has a larger

temporal and areal coverage. Regional planning is at the highest level of

planning in forestry. This type of planning is concerned with gross

ecological functions across an entire region over the course of one to many

hundreds of years. The data requirements and precision are lower here
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than at lower levels of planning, since it is necessary to first know the

condition of large areas of the landscape.

Each vegetation database has strengths in identifying certain forest

features. For example, both databases show over 75% agreement

between the image and reference data in this softwood species category.

This certainly is a help to land managers. In addition to this class, the non-

forest category of the USGS vegetation database was well classified, with

66% of the non-forest areas being correctly classified and 87% of the areas

on the image called non-forest actually being non-forest on the ground.

The small sawtimber size class within the ODF vegetation database size

component is also identified well. One distinct advantage of the USGS

vegetation database is the uniform set of classification procedures used to

make the image. The accuracy assessment of this project only is valid

within the boundaries of Zone 1, but outside this boundary the classification

scheme does not change as in the ODF vegetation database.

There are some limitations to the databases, however. The ODF

and USGS vegetation databases were both created to assist regional

analyses. It is important to note that these databases are only appropriate

for use at a regional level. The resolution and accuracy of the databases

are inadequate for use at the operational, tactical, or strategic levels of

forest planning. This study might also suggest that moderate agreement
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between source and reference data is the best one can achieve in such a

broad, homogenous forested area such as eastern Oregon.

Whereas the USGS database is good at delineating the classes

described above, the classification does not have enough classes

regarding the size, structure, and crown cover of the forest to be

informative to land managers. The ODF vegetation database does not

identify most of the class breaks in the crown closure, size, and structure

components very well. The relative lack of hardwood and mixed species

stands in eastern Oregon makes the identification of these cover types

difficult with these databases. Another factor limiting the use of the ODF

vegetation database is its mosaic-like pattern of classification. Since the

classification scheme changes across the image based on ownership

boundaries, the users of this database are required to alter their treatment

of the different areas to reflect the changing classification.

The results of this accuracy assessment seem to fall within the range

of values obtained on similar assessment in other regions (Vogelmann

2001). The overall accuracies shown in the results section above are

similar to those found for classified Landsat imagery in other areas, but less

than those found on datasets that incorporated ancillary data to help

improve the initial classification (Edwards et. al. 1998). An accuracy

assessment of the USGS vegetation database is scheduled to be

completed by the USGS in the next few years and would be an interesting



comparison to this project. This data, when it becomes available, will be

available from the USGS at the EROS data center on the web

(httD://edcwww. uscis .clov/proqrams/lccD/accu racy).

5.0 CONCLUSIONS

An accuracy assessment of two broad-scale vegetation databases

was performed to shed light on their usefulness to landscape assessment

and planning efforts in eastern Oregon. The accuracy assessment was

performed within the bounds of Zone I (any 7.5 minute quadrangle that

included Forest Service land). The statistical measures used to assess the

accuracy of the databases included the following: overall accuracy, user's

accuracy, producer's accuracy, the Kappa coefficient of agreement, and

conditional Kappa coefficients for each class of each attribute. The two

vegetation databases, after examining the association between the

classification of pixels and reference data, might be useful for delineating

non-forested, low-density, or softwood species areas in eastern Oregon.

The USGS database seems to be well suited for describing species

composition across eastern Oregon, but no additional descriptors of forest

cover are provided.

The ODF vegetation database included a number of other attributes

besides species composition, and may be useful in delineating small

98
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sawtimber areas. Beyond that, the ODF vegetation database does not

provide a very accurate representation of forest crown closure, forest size,

or forest structure, although moderate levels of accuracy may be the best

one can hope for in a broad, heterogenous landscape such as eastern

Oregon. Here, the number of independent training sites requires to

improve the accuracy of image classification may be cost-prohibitive.
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APPENDIX A. ODF vegetation database metadata

The ODF vegetation database was produced by Pacific Meridian

Resources Inc., around 1998 from Landsat imagery data circa 1987-1 994.

The development of the classification led to four components being

created: forest stand crown closure, forest size, forest species, and forest

canopy structure.

Projection parameters common to all components of the vegetation

database

Projection: Lambert Conformal Conic

Spheroid: GRS 1980

Datum: NAD83

Lattitude of 1st standard parallel: 43:00:00 N

Lattitude of 2nd standard parallel: 45:30:00 N

Longitude of central meridian: 120:30:00 W

Latitude of origin of projection: 41:45:00 N

False easting at central meridian: 400000.0 meters

False north ing at origin: 0.0 meters

Units: FEET (international)
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Pixel size: 82.0 feet (Approximately 25 meters)

Upper Left X: 812293.0

Lower Right X: 2347743.0

Upper Left Y: 1570197.0

Lower Right Y: 86489.0

Skip Factor X & Y: I

Type: Continuous

Format: Unsigned 8-bit

Width: 18726

Height: 18095
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Appendix Table A.1: Attributes and pixel counts: Complete ODF vegetation
database crown closure component covering eastern Oregon crown
closure classes.

Crown
closure value

0
3
4
5

22
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
121
122
123

Pixel count

110462
45039491
29370885
14698911

29500
2926268

88924
640

415680
253059
28598

5068336
320843

4090136
141631

10772172
94929

515946
6668543
2927059

139244
41342653

115101077
27419
55122

Crown closure class

Unknown
Low density
41-70% CC

71-100% CC
Cloud
Water
Snow

Urban-high density res
Urban-commercial/trans

Urban-low density res
Quarries/mine/gravel pit

Bare rock/sand
Transitional barren

AG-fallow
AG-orchard/vineyard

Pasture/hay
Other grasses

AG-row crop
AG-small grain

Wetland-herbaceous
Wetland-woody

Natural grass
Shrub-deciduous
Shrub-evergreen

Shrub-mix
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Appendix Table A.2: Attributes and pixel counts: Complete ODF vegetation
database forest species component covering eastern Oregon species
classes.

Forest
species value

0
3
4
5
7

22
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
121
122
123

Pixel count

110461
43786679

191168
91950

45039491
29500

2926268
88924

640
415680
253059

28598
5068336

320843
4090136

141631
10772172

94929
515946

6668543
2927059

139244
41342653

115101077
27419
55122

Forest species class

Unknown
Softwood
Hardwood

Mix
Low-density

Cloud
Water
Snow

Urban-high density res
Urban-commercial/trans

Urban-low density res
Quarries/mine/gravel pit

Bare rock/sand
Transitional barren

AG-fallow
AG-orchard/vineyard

Pasture/hay
Other grasses

AG-row crop
AG-small grain

Wetland-herbaeous
Wetland-woody

Natural grass
Shrub-deciduous
Shrub-evergreen

Shrub-mix
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Appendix Table A.3: Attributes and pixel counts: Complete ODF vegetation
database forest size component covering eastern Oregon size classes.

Forest size Pixel count Forest size class
value

0 110461 Unknown
3 9475082 Seedling/sapling/poletimber
4 31056799 Small
5 3351443 Medium
6 186473 Large
7 45039491 Low-density

22 29500 Cloud
101 2926268 Water
102 88924 Snow
103 640 Urban-high density res
104 415680 Urban-commercial/trans
105 253059 Urban-low density res
106 28598 Quarries/mine/gravel pit
107 5068336 Bare rock/sand
108 320843 Transitional barren
109 4090136 AG-fallow
110 141631 AG-orchard/vineyard
111 10772172 Pasture/hay
112 94929 Other grasses
113 515946 AG-row crop
114 6668543 AG-small grain
115 2927059 Wetland-herbaceous
116 139244 Wetland-woody
117 41342653 Natural grass
121 115101077 Shrub-deciduous
122 27419 Shrub-evergreen
123 55122 Shrub-mix



Appendix Table A.4: Attributes and pixel counts: Complete ODF vegetation
database forest structure component covering eastern Oregon - structure
classes.

Crown
closure value

0
3
4
5

22
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
121
122
123

Pixel count

110462
26047805
18021992
45039491

29500
2926268

88924
640

415680
253059

28598
5068336
320843

4090136
141631

10772172
94929

515946
6668543
2927059

139244
41342653

115101077
27419
55122

Forest structure class

Unknown
Single-story

Multi-story
Low-density

Cloud
Water
Snow

Urban-High Density Res
Urban-Commercial/Trans

Urban-Low Density Res
Quarries/Mine/Gravel pit

Bare Rock/Sand
Transitional barren

AG-fallow
AG-orchard/vineyard

Pasture/hay
Other grasses

AG-row crop
AG-small grain

Wetland-herbaceous
Wetland-woody

Natural grass
Shrub-deciduous
Shrub-evergreen

Shrub-mix
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Appendix Table A.5 Decision rules for the classification for the complete
ODF vegetation database components covering eastern Oregon according
to the existing metadata. (Source: Pacific Meridian Resources Inc.,
Request for Proposal, 1997.)

*The format of the ODF vegetation database structure component decision
rules, was obtained through personal communication with Mike Golden,
formerly of Pacific Meridian Resources Inc. and presently with the USDA
Forest Service Pacific Northwest Research Station in Portland, Oregon.

Tree size

USFS/Boise
Cascade (Zones
I and 2)
<8.9"
9-21"

21-32"

Crown
Pacific
(Zone 4)
<12"
12 21 9"

22 0+"

ODF NE
Oregon
(Zone 3)

Existing
metadata

<10"
10 15"
15 20"
20 30"

<10"
10-20"

20 30"
32-48" 30+" 30-50"
48+ 50+

Crown
closure

1-10% 11-20% 1-10%

11-25% 21-50% 21-50%
26-40%
41-55% 51-80% 36-60%
56-70% 61-80%
>70% >80% >80%

Species >75% softwood >70%
softwood

>80%
softwood

softwood

>75% hardwood >70%
hardwood

>80%
hardwood

hardwood

mixed <70% <80% mixed

Structure* <90% of trees
are multi-story

Single-story

>90% of trees are
single-story

Multi-story
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APPENDIX B. United State Geological Survey. Oregon National Land
Cover Dataset (NLCD) Metadata (USGS vegetation database).

The US Geological Survey is in the process of completing a

nationwide Landsat TM image classified into land use/land cover map.

The images are being completed on a region by region basis. The entire

coterminous United States have been completed, but todate only the

Eastern seaboard states have had the accuracy assessment phase

completed. Here in the Pacific Northwest, Federal Region X, comprised of

the states Oregon, Washington and Idaho are being completed together

and the accuracy assessment should be completed in 2001. Since the

data is being processed and assessed on a regional scale, users should be

aware of the inherent limitations in classification accuracy on a scale more

localized than regions (Vogelmann 2001, USGS 1999).

The Oregon NLCD dataset was received in the following format:

Projection: Albers Conical Equal Area

Datum: NAD 83

Spheroid: GRS 1980

1st Standard Parallel: 29.5

2d Standard Parallel: 45.5

Longitude of Central Meridian: -96.0



Latitude of Projection Origin: 23.0

False Easting: 0

False Northing: 0

Units: METERS

Pixel size: 30.0 meters

Semi-major axis: 6378137

Denominator of Flattening Ratio: 298.257

Type: Continuous

Format: Unsigned 8-bit

Once the data was imported into ERDAS Imagine it was reprojected,

resampled to 25-rn resolution and snapped to the origin of the ODF

vegetation database to conform to the coordinate system/projection used

by the ODF vegetation database. That coordinate system/projection is

defined as:

Projection: Lambert Conformal Conic

Spheroid: GRS 1980

Datum: NAD83

Lattitude of 1st standard parallel: 43:00:00 N

Lattitude of 2nd standard parallel: 45:30:00 N

Longitude of central meridian: 120:30:00 W
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Latitude of origin of projection: 41:45:00 N

False easting at central meridian: 4000000.0 rieters

False northing at origin: 0.0 meters

Units: FEET

Pixel size: 98.424 feet (Approximately 30 meters)

Type: Continuous

Format: Unsigned 8-bit

Data Processing Methods

The general NLCD process is to first mosaic the sub-regional

Landsat TM scenes into region wide coverages. Unsupervised

classification resulting in 100 spectral classes is then performed on a

region-by-region basis. The unsupervised classes are labeled using aerial

photographs as reference data. Confusion between classes is reduced

using ancillary data sources. Other data sources are then used to improve

and augment the basic classification procedure.

The separation of confused classes is completed to the best

possible level using ancillary data sources. Some sources of ancillary data

used are, 3-arc second Digital Terrian Elevation Data (DTED), National

Wetland Inventory data if available, USGS Land Use/Land Cover (LUDA)

data, National Gap analysis Program (GAP), Non-base TM scenes,
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Normalized Vegetation Index maps derived from TM data, comparison of

leaf-on and leaf-off TM scenes. Some classes such as natural grass and

shrubland were easily confused and therefore may have less accuracy in

areas where these classes occur in close proximity together. Wetland

classes were also very difficult to distinguish from each other based on

Landsat spectral information. The use of NWI information is desired in

distinguishing these classes for use in the NLCD database. In areas where

NWI information does not exist, other ancillary data sources such as GAP,

LUDA, or proximity to streams and rivers were used.

Data Quality Information

The accuracy assessment for Federal Region X is underway and is

slated for completion in January 2001. However, as of September 2001 ,it

has not been completed, this is safe to say that that date is flexible. The

accuracy assessment is designed to implement a two-stage geographically

stratified cluster sampling scheme using National Aerial Photography

Program (NAPP) photos as Primary Sampling Units (PSU's). The sampling

grid was stratified geopgraphically into 15' x 15' grid cells. Each grid cells is

comprised of 32 NAPP photos. One PSU is randomly selected from each

geographic 15' x 15' cell (strata). Secondary Sampling Units (SSU's) are

then selected from the PSU's pixels and manually interpreted to provide the
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actual comparison reference data. Error matrices are then generated from

the comparison of SSU's to the NLCD data. Measures of accuracy such as

overall accuracy, user's and producer's accuracy and omission and

comission error probabilities are computed from the information in the error

matrix.

NLCD Land Cover Class Definitions

Water - All areas of open water or permanent ice/snow cover.

Open Water - all areas of open water, generally with less than

25% cover of vegetation/land cover.

Perennial Ice/Snow - all areas characterized by year-long

surface cover of ice and/or snow.

Developed Areas characterized by a high percentacie (30 percent or

qreater) of constructed materials (e.g. asphalt, concrete, buildinqs, etc).

21. Low Intensity Residential - Includes areas with a mixture of

constructed materials and vegetation. Constructed materials account

for 30-80 percent of the cover. Vegetation may account for 20 to 70

percent of the cover. These areas most commonly include single-
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family housing units. Population densities will be lower than in high

intensity residential areas.

High Intensity Residential - Includes highly developed areas

where people reside in high numbers. Examples include apartment

complexes and row houses. Vegetation accounts for less than 20

percent of the cover. Constructed materials account for 80 tol 00

percent of the cover.

Commercial/Industrial/Transportation - Includes infrastructure

(e.g. roads, railroads, etc.) and all highly developed areas not

classified as High Intensity Residential.

Barren - Areas characterized by bare rock, ciravel, sand, silt, clay, or other

earthen material, with little or no "qreen" vecjetation present reciardless of

its inherent ability to support life. Veqetation, if present, is more widely

s.aced and scrubb than that in the ".reen" vesetated cate.ories lichen

cover may be extensive.

Bare Rock/Sand/Clay - Perennially barren areas of bedrock,

desert pavement, scarps, talus, slides, volcanic material, glacial

debris, beaches, and other accumulations of earthen material.

Quarries/Strip Mines/Gravel Pits - Areas of extractive mining

activities with significant surface expression.



118

33. Transitional - Areas of sparse vegetative cover (less than 25

percent of cover) that are dynamically changing from one land cover

to another, often because of land use activities. Examples include

forest clearcuts, a transition phase between forest and agricultural

land, the temporary clearing of vegetation, and changes due to

natural causes (e.g. fire, flood, etc.).

Forested Upland - Areas characterized by tree cover (natural or semi-

natural woody veqetation, cienerally cireater than 6 meters tall): tree crown

accounts for 25-100 percent of the cover.

Deciduous Forest - Areas dominated by trees where 75 percent

or more of the tree species shed foliage simultaneously in response

to seasonal change.

Evergreen Forest - Areas dominated by trees where 75 percent

or more of the tree species 'maintain their leaves all year. Crown is

never without green foliage. -

Mixed Forest - Areas dominated by trees where neither

deciduous nor evergreen species represent more than 75 percent of

the cover present.



individuals or clumps not touchinq to interlockinq. Both everqreen and

Shrubland - Areas characterized by natural or semi-natural woody

ve.etation with aerial stems enerall less than 6 meters tall with
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deciduous species of true shrubs. younq trees, and trees or shrubs that are

small or stunted because of environmental conditions are included.

51. Shrubland - Areas dominated by shrubs; shrub crown accounts

for 25-100 percent of the cover. Shrub cover is generally greater

than 25 percent when tree cover is less than 25 percent. Shrub

cover may be less than 25 percent in cases when the cover of other

life forms (e.g. herbaceous or tree) is less than 25 percent and

shrubs cover exceeds the cover of the other life forms.

Non-Natural Woody - Areas dominated by non-natural woody vecietation:

non-natural woody veqetative canopy accounts for 25-100 percent of the

cover. The non-natural woody classification is subiect to the availability of

sufficient ancillary data to differentiate non-natural woody veqetation from

natural woody vecietation.

61. Orchard sNineyards/Other - Orchards, vineyards, and other

areas planted or maintained for the production of fruits, nuts, berries,

or ornamentals.



Herbaceous Upland - Upland areas characterized by natural or semi-

natural herbaceous veqetation; herbaceous veqetation accounts for 75-100

percent of the cover.

71. Grasslands/Herbaceous - Areas dominated by upland grasses

and forbs. In rare cases, herbaceous cover is less than 25 percent,

but exceeds the combined cover of the woody species present.

These areas are not subject to intensive management, but they are

often utilized for grazing.

Planted/Cultivated - Areas characterized by herbaceous vecietation that has

been planted or is intensively manacied for the production of food, feed, or

fiber; or is maintained in developed settincis for specific purposes.

Herbaceous veqetation accounts for 75-100 percent of the cover.

Pasture/Hay - Areas of grasses, legumes, or grass-legume

mixtures planted for livestock grazing or the production of seed or

hay crops.

Row Crops - Areas used for the production of crops, such as

corn, soybeans, vegetables, tobacco, and cotton.

Small Grains - Areas used for the production of graminoid crops

such as wheat, barley, oats, and rice.
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Fallow - Areas used for the production of crops that do not

exhibit visable vegetation as a result of being tilled in a management

practice that incorporates prescribed alternation between cropping

and tillage.

Urban/Recreational Grasses - Vegetation (primarily grasses)

planted in developed settings for recreation, erosion control, or

aesthetic purposes. Examples include parks, lawns, golf courses,

airport grasses, and industrial site grasses.

Wetlands - Areas where the soil or substrate is periodically saturated with

or covered with water as defined by Cowardin et al.

Woody Wetlands - Areas where forest or shru bland vegetation

accounts for 25-100 percent of the cover and the soil or substrate is

periodically saturated with or covered with water.

Emergent Herbaceous Wetlands - Areas where perennial

herbaceous vegetation accounts for 75-100 percent of the cover and

the soil or substrate is periodically saturated with or covered with

water.



Cover
type value

0
11

12
21
22
23
31
32
33
41
42
43
51
61
71
81
82
83
84
85
91
92

Pixel count

1690941
993904

63972
79752

9
135713

1343912
5366

2316414
730412

85169899
1305997

29177351
57055

7529012
3098430

39843
643234
108330

8709
126118

1516246

Cover type class

Unknown
Open Water

Perennial Ice/Snow
Low Intensity Residential
High Intensity Residential

Commercial/Industrial/Trans
Bare Rock/Sand/Clay

Quarries/Strip Mines/Gravel Pits
Transitional

Hardwood
Softwood

Mixed
Shru bland

OrchardsNineyards/Other
Grasslands/HerbaceoliS

Pasture/Hay
Row Crops

Small Grains
Fallow

Urban/Recreational Grasses
Woody Wetlands

Emerqent Herbaceous Wetlands
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Appendix Table B.1 Attributes and pixel counts: USGS vegetation database
forest cover type component - cover type classes.


