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Executive Summary
Snohomish County in Washington State is required by the Washington State Growth Management
Act to protect areas of critical area functions and values, including habitat. The county applies critical
area regulations and implements non-regulatory environmental programs to achieve this protection, which
is measured and supported by a county-adopted monitoring and adaptive management program. As a
central element of the program, the county intends to use remote monitoring techniques to detect changes
in impervious surfaces, wetlands, and riparian areas. The initial remote-sensing analysis reported here
developed techniques and a protocol for mapping these critical habitats and generated a baseline map of
the existing land cover.
This project was undertaken by a collaborative team from Snohomish County and Battelle Pacific
Northwest Division, which consisted of project leaders, remote-sensing analysts, biologists, a hydrologist,
and a statistical analyst. The interdisciplinary team’s objectives were to 1) develop a process for creating
an accurate map of vegetation and impervious surfaces and 2) create a baseline map of vegetation and
impervious surfaces.
To provide an accurate estimate of critical areas, a computer-aided classification of vegetation was
performed to characterize the amount, type, and location of vegetation in Snohomish County. This
classification relied on high-resolution satellite (QuickBird and AVNIR-2) and Light Detection and
Ranging digital elevation data with over 1000 field ground truth points to identify and map vegetation
types. The resulting map was assessed to have an accuracy of 80%. The next steps to further improve the
classification are outlined.
The project resulted in highly accurate maps of impervious surfaces and vegetation cover for the
mapped areas in the county. Through the baseline study, we have observed the effectiveness and
challenges of using remote-sensing data in delineating vegetation cover and impervious surfaces. Using
these techniques to classify and track changes in riparian forest vegetation, wetlands, and impervious
surface is possible, but great care must be taken during field data collection, image calibration, and rule
development.
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Abbreviations and Acronyms
AVNIR-2

Advanced Visible and Near Infrared Radiometer type 2 (Japanese land imaging satellite)

bw

bandwidth

CAR

Critical Area Regulations

D8

Deterministic 8

DEM

digital elevation model

DN

digital number

En

solar irradiance

GCP

ground control point

GIS

geographic information system

GMA

(Washington State) Growth Management Act

GPS

global positioning system

IR

infrared

LDA

linear discriminated analysis

LiDAR

light detection and ranging (system)

LSAT

band-integrated radiance

LSATn

spectral radiance

NAD83

North American Datum 1983

NDVI

normalized difference vegetation index

NRI

near infrared

RMS

root mean square

SAGA

System for Automated Geoscientific Analysis

SNN

standard nearest neighbor

SPOT-5

Satellite Pour l'Observation de la Terre (French land imaging satellite)

SWM

Surface Water Management (Division)

TDI

time-delayed integration

USGS

U.S. Geological Survey

v

Contents
Executive Summary ..............................................................................................................................
Acknowledgments.................................................................................................................................

i
iii

Abbreviations and Acronyms ...............................................................................................................

v

1.0 Introduction ..................................................................................................................................

1.1

1.1 Overview of Remote Sensing for Land Cover Classification ..............................................

1.1

1.2 Project Objective and Scope ................................................................................................

1.2

1.3 Report Contents and Organization .......................................................................................

1.3

2.0 Methods ........................................................................................................................................

2.1

2.1 Overall Process.....................................................................................................................

2.1

2.2 Image Data ...........................................................................................................................

2.2

2.2.1 QuickBird Satellite Data ...........................................................................................

2.2

2.2.2 AVNIR-2 – Advanced Visible and Near Infrared Radiometer Type 2 Satellite
Data ...........................................................................................................................
2.2.3 Image Registration ....................................................................................................

2.3
2.4

2.2.4 Conversion of QuickBird Raw Pixel Data to Reflectance ........................................
2.3 Field Data .............................................................................................................................

2.6
2.6

2.3.1 Ground Truth Sampling Field Techniques ................................................................

2.7

2.3.2 Quality Assurance and/or Quality Control Procedures .............................................

2.8

2.4 Segmentation ........................................................................................................................

2.9

2.4.1 Segmentation Parameters .......................................................................................... 2.10
2.5 Ancillary Data ...................................................................................................................... 2.11
2.5.1 LiDAR Vegetation Height Data ................................................................................ 2.11
2.5.2 Parcel GIS Data ......................................................................................................... 2.13
2.5.3 Elevation and Slope Data .......................................................................................... 2.13
2.5.4 Streets and Railroads Data ........................................................................................ 2.13
2.5.5 Water Course Data .................................................................................................... 2.13
2.5.6 100-Year Floodplain Data ......................................................................................... 2.14
2.5.7 Wetland Boundary Identification .............................................................................. 2.14
2.6 Rule Set Development .......................................................................................................... 2.16
2.6.1 Waterbody Pre-Mapping ........................................................................................... 2.17
2.6.2 Agricultural Area Pre-Mapping................................................................................. 2.17
2.6.3 Impervious Surface Pre-Mapping ............................................................................. 2.17
2.6.4 Urban and/or Residential Vegetation Pre-Mapping .................................................. 2.18
2.6.5 Cloud-Covered and Cloud-Shadow Areas ................................................................ 2.19
2.6.6 Classification of Unclassified Areas ......................................................................... 2.20
2.6.7 Final Map .................................................................................................................. 2.21

vii

3.0 Results ..........................................................................................................................................

3.1

3.1 Land Cover Summary ..........................................................................................................

3.1

3.2 Accuracy Assessment ...........................................................................................................

3.2

3.2.1 Wetland Map Accuracy Discussion ..........................................................................

3.2

3.2.2 Vegetation Map Accuracy Discussion ......................................................................
3.2.3 Data User and Producer Accuracy ............................................................................

3.3
3.4

4.0 Conclusions ..................................................................................................................................

4.1

4.1 Challenges and Limitations ..................................................................................................

4.1

4.2 Recommendations ................................................................................................................
4.2.1 Field Data Collection ................................................................................................

4.2
4.2

4.2.2 LiDAR Data ..............................................................................................................

4.3

4.2.3 Data Processing .........................................................................................................

4.3

4.2.4 Wetland Mapping ......................................................................................................
4.2.5 Accuracy Assessment ................................................................................................

4.4
4.4

4.3 Next Steps ............................................................................................................................

4.5

5.0 References ....................................................................................................................................

5.1

Appendix – Vegetation Legend Tables and eCognition Rule Parameters ............................................

A.1

viii

Figures
2.1 Overall Processing Flowchart for CAR Monitoring .....................................................................
2.2 QuickBird Acquisition Areas and Dates .......................................................................................

2.1
2.3

2.3 Distribution of Ground Control Points Used to Orthorectify Multispectral and Panchromatic
QuickBird Imagery .......................................................................................................................

2.5

2.4 Four Field Sites Selected for Land Cover Ground Truth Sampling..............................................

2.7

2.5 Coverage Map of Ground Truth Collection Points .......................................................................

2.8

2.6 A Newly Developed Scheme for Conversion from Field Point to Polygon .................................

2.9

2.7 Index of Mapping Area Tiles ........................................................................................................ 2.10
2.8 Vegetation Height Comparison Among LiDAR Point Cloud, LiDAR Grid, and Surveyed
Measurements ............................................................................................................................... 2.12
2.9 Class Hierarchy of Definiens Developer 7.0 ................................................................................ 2.21
3.1 Land Cover Map for Four Test Tiles ............................................................................................

3.1

Tables
2.1 QuickBird Sensor Specifications ..................................................................................................

2.2

2.2 QuickBird Imagery Acquired in 2007 for the CAR Monitoring Program ....................................

2.2

2.3 AVNIR-2 Sensor Specifications ...................................................................................................

2.3

2.4 QuickBird Image Delivery Parameters .........................................................................................
2.5 Revised Calibration Factor for 16-bit QuickBird Products ..........................................................

2.5
2.6

2.6 Definiens Developer 7.0 Segmentation Parameters ...................................................................... 2.11
2.7 Vegetation Height Analysis via Field Measurements ................................................................... 2.12
2.8 Input Layer Integration Scheme.................................................................................................... 2.14
2.9 Land Cover Class Aggregation Using Linear Discriminant Analysis .......................................... 2.20
3.1 Error Matrix of Wetland Accuracy Assessment ...........................................................................

3.3

3.2 Confusion Matrix for Vegetation Map .........................................................................................

3.4

ix

1.0 Introduction
In October 2007, the Snohomish County Council in Washington State adopted new Critical Area
Regulations (CAR) to meet the requirements of the Washington State Growth Management Act (GMA).
The county’s goal is to protect critical area functions and values through the net effect of the new CAR,
environmental programs (i.e., riparian restoration and public outreach), and a monitoring and adaptive
management plan.
With the adoption of the new CAR, the Surface Water Management Division (SWM) of the Public
Works Department was directed to develop a critical area monitoring and adaptive management plan
focused on Fish and Wildlife Habitat Conservation Areas and Wetlands. The intent of the plan is to track
changes that may be occurring in critical areas so the county can adjust regulations or other county
programs as needed to protect critical area functions and values. The SWM initiated a CAR monitoring
program to characterize the condition of critical areas in the county. In support of this program, remotesensing analysts from Battelle Pacific Northwest Division and Snohomish County developed techniques
and a protocol for mapping these critical habitats. The techniques allowed for the generation an initial
land cover map as a baseline for developing portions of the county to support its critical area monitoring
and adaptive management planning needs.

1.1

Overview of Remote Sensing for Land Cover Classification

Mapping land cover using remote sensing has been widely used in the fields of wetland ecology,
forestry, natural resources, geology, agriculture, and urban planning (Lillesand and Kiefer 2003).
Satellite remote sensing has become instrumental in understanding global and regional land cover
processes in the past 30 years (Schowengerdt 1997). More recently, the identification and characterization of forests, rangeland, urban, coastal, and wetland areas has been improved through the use of high
resolution satellite data, but challenges still exist (Ozesmi and Bauer 2002; Laliberte et al. 2004, 2007;
Johansen et al. 2007). In particular, wetland identification using remote sensing can be difficult, because
wetlands are defined by the presence of hydrophytic vegetation, hydric soils, and wetland hydrology
(Lillesand and Kiefer 2003). With the help of emerging satellite observation technology, advanced
processing techniques, and high-resolution elevation data, wetland identification can be improved (Chust
et al. 2008).
The technique chosen by the analyst to classify land cover can have a large effect on the results of a
study. Two basic classification approaches are supervised and unsupervised classification. These
approaches can be used in either a pixel-based or an object-based processing scheme. Unsupervised
classification uses pixel value statistics to quickly calculate metrics used to assign each pixel to an
unsupervised class (cluster). These clusters can then be related to particular cover types (classes),
although usually not in a one-to-one manner. Supervised classification attempts to assign pixels to
classes by relying on ground truth data, i.e. validated information on land cover at that particular location,
to determine the spectral characteristics of each field data class. Each pixel is then compared to the field
data (average) spectra and a cover class is assigned based on the spectral distance between the class
average and pixel response.
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Using high-resolution satellite imagery to differentiate spectral characteristics via these traditional
pixel-based classification approaches (supervised or unsupervised classification methods) has been
successful for mapping impervious surfaces (such as roads and buildings) (Davis and Wang 2008),
natural vegetation (Laba et al. 2008), and waterbodies (Marcus et al. 2003) at a very high resolution (2- to
4-m pixels). A limitation of applying pixel-based classification techniques to high-resolution satellite
imagery, however, is the confusion caused by fine-pixel materials such as shadows, intermittent variation
in vegetation cover, or complex urban landscape patterns encompassing high, within-class variability
(Thomas et al. 2003). Object-based classification methods use spatial, geometric, and contextual
information, as well as spectral characteristics, to aggregate multiple square pixels into objects. These
objects often have morphology, which is unique or indicative of certain cover types. The morphological
characteristics (shape, size, compactness, etc.) can be combined with other multiple-pixel attributes
(texture and adjacency) to more carefully characterize cover type. This makes the object-based
classification very suitable for high-resolution imagery (Lackner 2008).
Many recent studies of vegetation and impervious surface identification have used object-based
classification techniques. Cao et al. (2007) used SPOT-5 panchromatic and multispectral data to map
wetland vegetation in the Yellow River Delta into the Bohai Sea, China. They used eCognition software,
a commercially available object-oriented classification tool, and achieved 92.3% classification accuracy,
compared to 73.6% accuracy achieved using a supervised classification method. Laliberte et al. (2004)
mapped shrub encroachment in southern New Mexico from 1937 to 2003 using eCognition software.
Aerial photos from 1937 and 2003 QuickBird satellite images were used and approximately 87%
accuracy was achieved in shrub identification. Hurd et al. (2006) used eCognition to map water, marsh,
grass, forest, barren, and development areas in Long Island Sound. They used a combination of
pixel-based and object-based techniques to maximize the information in the available data, by first
classifying the study area into water, tidal marsh, upland, and other classes using a pixel-based
unsupervised classification method. Next, they incorporated the unsupervised results into eCognition
results. Johansen et al. (2007) classified riparian and forest ecosystem using QuickBird data in an
eCognition environment. They applied semi-variogram-derived texture measures to classify forest types
into herb, shrub/herb, pole/sapling, young forest, and old forest classes. They acquired an overall
classification accuracy of 79%. Finally, Lackner (2008) used eCognition with high-resolution satellite
images to create an urban land cover map. He developed a systematic methodology to classify urban
areas with and without ancillary data such as road and building boundary shapefiles. The overall
accuracy of the final map was reported to be 89% in Level 3 of U.S. Geological Survey (USGS)
classification scheme (Anderson et al. 1976).

1.2

Project Objective and Scope

Using remote-sensing techniques to classify and track changes in riparian forest vegetation, wetlands
and impervious surfaces is a central element of Snohomish County’s monitoring and adaptive
management plan. The classification techniques will allow the county to evaluate conditions over a large
area efficiently and rapidly, providing information on if and where critical area degradation is occurring
to inform adaptive management decision-making.
Tracking the net loss of functions and values must begin with a careful assessment of the existing
vegetation. Under this project, a task was undertaken to create a map of land cover for developing
portions of the county including the Puget lowlands, foothills, and river valleys of the Stillaguamish and
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Snohomish Rivers. The study area encompasses 2590 km2. The task used high-resolution satellite
remote-sensing data, high-resolution elevation information, and field data in an object-based mapping
approach. Object-based classification uses segmentation to divide remotely sensed images into discrete
regions (pixel objects) that are homogeneous with regard to spatial and/or spectral characteristics at a
particular scale (Ryherd and Woodcock 1996). Object-based classification of vegetation has become an
attractive analysis method because of the ability to derive spatial attributes from pixel clusters with high
similarity. These objects are homogeneous at a user-defined scale and can be assigned a vegetation
category based on spectral and spatial information derived from ground truth data. This analysis used
both pixel-based and object-based methods by first using ground truth data to compute pixel statistics for
each vegetation class, then using these pixel statistics to develop unique spectral rules identifying each
cover type. The pixel-based spectral rules were combined with object analysis to determine the cover
type by object.

1.3

Report Contents and Organization

The ensuing sections of this report describe the methods used to characterize and map land cover in
the targeted areas of Snohomish County (Section 2.0); the results of mapping, including a summary
assessment of the accuracy of the vegetation maps (Section 3.0); and conclusions, including associated
challenges, limitations, and recommendations (Section 4.0). The appendix contains supplemental
information.

1.3

2.0 Methods
This section describes the overall procedure that was adopted to create the 2007 land cover map. The
same procedure will be implemented to characterize land cover from a 2009 image and imagery obtained
in subsequent years to evaluate trends. The land cover field data collection process is described first,
followed by a description of image data, preprocessing techniques, image segmentation, ancillary data
used for the classification and post-classification, and detailed map-development procedures.

2.1

Overall Process

The overall processing scheme relied on the division of processing tasks to improve the efficiency of
mapping by initially identifying certain cover types and removing their consideration in the subsequent
steps. This ―
divide and conquer‖ approach can be seen in the processing flow diagram (Figure 2.1). The
initial step in the process uses high-resolution satellite data in the object-based routine to identify
potential areas of water. The pixel-based rules for identification of water are then applied to finalize the
Water Body map. Secondly, an impervious surface map is created using the county parcel data to
constrain and inform the object classification. Again, rules derived from the pixel-based analysis are used
to refine and finalize this into an Urban and Residential Vegetation map. This map is combined with the
Natural Vegetation map created via a similar process to create the Land Cover map. At this point, every
area of the county is mapped. The last two steps in the process are refinements of the continuous map.
By first adding vegetation height (derived using a Light Detection and Ranging [LiDAR] system) to each
classified object, we discriminate between early and mature forest types. The last step is to refine cover
types by their wetland category (e.g., Wetland Scrub/Shrub, Wetland Deciduous Forest).
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Figure 2.1. Overall Processing Flowchart for CAR Monitoring
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AVNIR-2

2.2

Image Data

The success of remote-sensing vegetation classification depends largely on the appropriateness and
quality of the images used to classify vegetation, including information about the leaf-state (live, dead, or
leaf-off). We were interested in mapping relatively small areas (e.g., driveways) as well as large areas of
natural vegetation. The QuickBird sensor, which has very high spatial resolution, can help with both of
these issues. Because we were unable to acquire QuickBird images from both summer and winter
seasons, we elected to use data from the AVNIR-2 multispectral satellite sensor for the winter scene.

2.2.1

QuickBird Satellite Data

The QuickBird satellite, launched in 2001, is one of the two highest-resolution commercial satellites.
The QuickBird sensor collects four-band multispectral images with high spatial resolution (specifications
in Table 2.1). The sensor was tasked to collect images for the western half of Snohomish County and
large river valleys extending into the Cascade Mountain Range during the summer of 2007 between
July 31 and September 5. Image collection parameters are listed in Table 2.2.
Table 2.1. QuickBird Sensor Specifications
Spectral Resolution (nm)
Spatial Resolution (m)

Blue

Green

Red

Near Infrared

Panchromatic

450-520

520-600

630-690

760-900

450-900

2.44

2.44

2.44

2.44

0.61

Digitization

11-bit

Swath Width

16.5 km at nadir

Table 2.2. QuickBird Imagery Acquired in 2007 for the CAR Monitoring Program
Date

Pacific Standard Time

Mean Solar Elevation Angle

July 31, 2007

12:22:48

58.6

August 5, 2007

12:33:47

57.6

August 15, 2007

12:38:53

55.6

August 23, 2007

12:28:38

52.3

August 28, 2007

12:33:47

51.1

September 5, 2007

12:23:49

47.7

The width of each QuickBird image is 16.5 km, and it took five passes of the satellite to obtain
imagery for the entire study area (Figure 2.2). The acquisition of a winter image was attempted in 2007
and 2008, but extensive cloud cover during the collection window and competing projects hindered the
delivery of a winter image.

2.2

Figure 2.2. QuickBird Acquisition Areas and Dates

2.2.2

AVNIR-2 – Advanced Visible and Near Infrared Radiometer Type 2
Satellite Data

The AVNIR-2 satellite sensor collects four-band multispectral images with moderate spatial
resolution (specifications provided in Table 2.3). The AVNIR-2 sensor collected cloud-free summer and
winter scenes for the area of interest on July 31, 2007 and January 28, 2007. The entire study area was
imaged in a single pass over the area on each occasion with the exceptions of the southeast corner of the
study area near the Gold Bar area (53,200 acres) and of the northeast corner of the Darrington area
(7100 acres).
Table 2.3. AVNIR-2 Sensor Specifications
Spectral Resolution (nm)
Spatial Resolution (m)

Blue

Green

Red

Near IR

450-500

520-600

610-690

760-890

10

Digitization

8-bit

Swath Width

70 km at nadir
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2.2.3

Image Registration

To match image pixel response with information from another source (e.g., ground truth data), the
spatial reference of both data sets must be the same. The process of correcting the image to world
coordinates is referred to as registration. The importance of careful and accurate registration cannot be
overstated, because the analyst must have confidence that the data line up correctly before any analysis
can take place.
Registration of QuickBird Images
The QuickBird images were geometrically corrected by Merrick & Company, Inc. to an absolute
cartographic accuracy of 1:4800 (2.5 root mean square [RMS] error). The image was registered to the
Snohomish County 2002 and 2003 digital orthophotos and parcel geographic information system (GIS)
data set. Merrick & Company, Inc. obtained the imagery directly from DigitalGlobe.
Both the panchromatic and multispectral images (a bundle of the panchromatic band and four
multispectral bands) in their original spatial resolution and dynamic range (11 bit, delivered as
16 bit-depth format) were orthorectified in a fully self-consistent way, such that all five bands remain
accurately registered to one another. In addition, the contractor team edge-matched and registered the
orthorectified satellite imagery to an existing QuickBird pan-sharpened image of southwest Snohomish
County, which had already undergone Second Generation Orthorectification. The team documented
residual errors from the orthorectification process and created a GIS shapefile showing the ground control
points used for orthorectification (Figure 2.3).
Registration of AVNIR-2 Images
The AVNIR-2 images were corrected using the Leica Photogrammetry Suite in ERDAS Imagine
geospatial data processing software. Thirteen ground control points (GCPs) were acquired from the 2007
1-ft aerial photography. The LiDAR digital elevation model (DEM) was used for an elevation model.
Registration accuracy for the control points was under 2 m, which is within 0.2 pixel for both the winter
and summer scenes.
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Figure 2.3. Distribution of Ground Control Points Used to Orthorectify Multispectral and Panchromatic
QuickBird Imagery
Merrick & Company, Inc. delivered an image meeting the parameters in Table 2.4 to Snohomish
County.
Table 2.4. QuickBird Image Delivery Parameters
File Format
Bit Depth
Spatial Resolution
Projection
Datum
License Type
Media

GeoTiff
16-bit
60 cm Panchromatic; 240 cm Multispectral
State Plane
NAD83
Civil Government Products
DVD
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2.2.4

Conversion of QuickBird Raw Pixel Data to Reflectance

Uncalibrated images have pixel values that relate to the reflected energy via a coefficient that is
unique to each sensor. Pixel values are affected by the surfaced being imaged as well as by the intensity
of solar illumination, which varies by the hour, day, or season. Because all of the QuickBird images were
not collected at precisely the same time, there is apparent contrast between the different image scenes.
Converting the raw pixel data to reflectance normalizes for these differences and removes much of the
contrast between scenes, which not only improves the visual quality of a mosaic created from the scenes,
but reduces artifacts in products derived from the mosaic. The conversion to reflectance does not attempt
to correct for differences caused by atmospheric effects. Conversion to spectral reflectance is a simple
three-step process: 1) multiply image pixels (digital number or DN) by the appropriate radiometric
calibration factor to calculate band-integrated radiance (LSAT); 2) divide the result by the appropriate
effective bandwidth (bw) to calculate spectral radiance (LSATn); and 3) multiply the spectral radiance by
π and divide by the solar irradiance (En) and cosine of the solar zenith angle to calculate spectral
reflectance (RSATn). The conversion was applied in ERDAS Imagine using the published pre-launch
coefficients to calculate reflectance from pixel values. Table 2.5 lists the calibration factors used for
images generated after June 6, 2003 (Krause 2003).
Table 2.5. Revised Calibration Factor (K factor) for 16-Bit QuickBird Products(a)
Spectral Band

TDI Level

K (revised) [W m-2sr-1count-1]

Pan

10

8.381880e-02

Pan

13

6.447600e-02

Pan

18

4.656600e-02

Pan

24

3.494440e-02

Pan

32

2.618840e-02

Blue

NA

1.604120e-02

Green

NA

1.438470e-02

Red

NA

1.267350e-02

NIR

NA

1.542420e-02

(a) TDI level represents time-delayed integration due to camera exposure levels and is from metadata.
NA = not applicable
NIR = near infrared
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Field Data

Field data were collected using opportunistic sampling methodology in four regions of the county that
represented the variation in vegetative cover throughout the county. This sampling strategy allowed the
field crews to maximize the time spent in the field by providing them the flexibility of sampling areas in
their proximity rather than navigating to specific locations (as required by guided random sampling). The
vegetation type was recorded by 188 categories consistent with USGS legend mapping standards
(Anderson et al. 1976) as shown in the appendix of this report. The intention of the field survey was to
collect vegetation data proportionally within the study area, with a target minimum sample size of 10 per
category. Twenty-five percent of field data was set aside for accuracy assessment.
2.6

2.3.1

Ground Truth Sampling Field Techniques

To perform the supervised classification we required ground truth data for all of the land cover types
in the county. The ground truth data are simply information about land cover collected by visiting
numerous locations and recording the cover types and GPS locations. The remote-sensing analysts, in
consultation with county biologists, selected four subset areas that measured 57,392 acres each. These
subset areas were 1) distributed among image paths, 2) spaced across the study area, 3) representative of
land cover diversity, and 4) accessible to survey crews (Figure 2.4). The intent of selecting several
representative areas was to reduce the size of the sampling region, while capturing all of the ecological
and image variability within the county.

Figure 2.4. Four Field Sites Selected for Land Cover Ground Truth Sampling
The four sampling areas selected are referred to as Catherine’s Creek, Spada Road, Grandview, and
Stanwood. To guide field data collection, subset images were segmented to homogeneous areas using
Definiens Developer 7.0 software (scale = 20, Shape = 0.3, Compactness = 0.6). Using the segmented
image as a base map in a handheld global positioning system (GPS) unit, the field crew attempted to
navigate to the center of a given polygon. At the center, the observer recorded observed vegetation types,
assigned the vegetation types to one of the legend classes (listed in Table A.1 of the appendix of this
report), provided a confidence measure (how well the cover type at that location fit into one of the legend
classes), and collected field photos. If the polygon area was clearly identifiable but inaccessible, the field
crew digitized a point over the base map and recorded a vegetation type.
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While most cover types were captured during the initial field data collection effort in each of the four
selected areas, some land-cover types, in particular wetland and riparian classes, were under-represented.
To address gaps in the data set, field crews focused on known locations of specific ecological
communities. This second phase of field data collection targeted riparian forest communities along the
Stillaguamish River and wetland communities in the Snohomish estuary and around Lake Cassidy, Lost
Lake, and Chain Lake. Additional efforts were made to collect ground truth data for impervious sites and
tree height measurements throughout the county. Figure 2.5 shows the total number of collection points
at which data were collected during the field data collection process.

5 miles

Figure 2.5. Coverage Map of Ground Truth Collection Points. Field data were derived from 1336
collection points. (Background is QuickBird true color image)

2.3.2

Quality Assurance and/or Quality Control Procedures

After the ground truth data points were downloaded from the field GPS units, they were converted to
a GIS shapefile format and overlaid on the QuickBird satellite image. The remote-sensing analyst
reviewed the location of each point in the field data and visually determined if it fell on the target
described in the field attributes. If the ground truth data point did not appear to match the image, field
photos were reviewed to determine if the proper vegetation code was recorded (see Section 4.3.1.1). If it
was determined that the vegetation code was recorded correctly and location misplacement was evident,
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the field point was moved to the correct location. If the field photo indicated that the incorrect code was
used, it was re-coded based on the photograph and field comments. If the location or field description
errors could not be reconciled, the field point was removed from the data set.
Creation of Field Polygons
After quality assurance and/or quality control procedures were completed, the ground truth field
points were converted to polygons using a region-growing technique in eCognition software. The first
step in this process was to buffer each point by 100 ft in ArcGIS. Next, image segmentation was applied
to the buffered area with image layer weights 1, 1, 1 for QuickBird Band-2, -3, -4, with a scale parameter
of 15, shape parameter of 0.3, and compactness of 0.6. This ensured the polygons were spectrally
homogeneous. The field point attributes were then transferred to the polygon. Figure 2.6 provides an
example of the segmentation process.

Figure 2.6. A Newly Developed Scheme for Conversion from Field Point to Polygon. Only the segment
containing the field point is used to convert field point to polygon.

2.4

Segmentation

Segmentation refers to the process of partitioning a digital image into multiple regions (sets of
pixels). The goal of segmentation is to simplify and/or change the square representation of pixels into
objects with shape and size attributes that can be used to assist with the classification. Definiens
Developer 7.0 software, a successor of eCognition, was used to create homogeneous segments for the
entire mapping area based on the QuickBird high-resolution data. Because of memory limitations, the
entire area was subset into 16 tiles for processing (Figure 2.7). Once completed, the images were merged.
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Figure 2.7. Index of Mapping Area Tiles

2.4.1

Segmentation Parameters

Definiens Developer 7.0 allows segmentation to be predicated on color, smoothness, compactness,
and scale. Finding proper segmentation parameters to generate the segmentation level is a critical step in
the classification process, but it is fairly time-consuming because the segmentation polygons need to fit
the classes to be extracted (Lackner 2008). Proper segmentation parameters are found largely by trial and
error with some guidelines from values reported in the scientific literature. Urban land types and natural
vegetation map units differ widely in size, shape, texture, and contextual characteristics. As a result,
urban and non-urban areas were separately segmented in this study. For urban areas, a multilevel
segmentation approach was designed, and types of land cover were classified based on color, shape, and
contextual characteristics. The segmentation parameters are summarized in Table 2.6.
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Table 2.6. Definiens Developer 7.0 Segmentation Parameters
Scale
Parameter

Shape

Compactness

Smoothness

Layer and
Weights

Parcels?

1000

0.7

0.9

0.1

5,3,0

No

Major Stream, Cloud/Shadow

500

0.7

0.9

0.1

0,0,1

No

Major Stream, Cloud/Shadow,
Bright Rect Rooftop

1000

0.2

0.9

0.1

1,1,1

No

Field/Pasture, River Rock,
Water

500

0.2

0.9

0.1

1,1,1

No

Field/Pasture, River Rock,
Water

300

0.2

0.9

0.1

1,1,1

No

Field/Pasture, River Rock,
Water

100

0.1

0.5

0.5

1,1,1

No

Water, River Rock, Bright &
Dark Rect Rooftops, Parking
lots
Built/Vegetation

100

0.5

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

75

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

50

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

35

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

30

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

30

0.1

0.5

0.5

1,1,1

No

Vegetation

25

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

20

0.2

0.9

0.1

1,1,1

Yes

Bright and Dark Rect Rooftop,
Parking Lot

2.5

Usage

Ancillary Data

Ancillary data were used to help classify vegetation and to provide more detail for the vegetation
classification by further defining an area. For example, if an object was classified as ―Con
ifer Forest,‖ the
height stratification layer was used to determine the average height of the ―Coni
fer Forest‖ object. This
object was then reclassified as ―
Mature Conifer Forest‖ based on the average height. The use of ancillary
data related to vegetation height data derived using the LiDAR system, parcel GIS, elevation and slope,
streets and railroads, water courses, the 100-year floodplain, and the identification of wetlands boundaries
is described briefly in the following sections.

2.5.1

LiDAR Vegetation Height Data

LiDAR data were used to generate a high-resolution elevation map and to determine vegetation
height. LiDAR data were collected for portions of the county over 10 different dates for 8 subareas of the
county by 4 different contractors, which created some data processing challenges.
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A seamless representation of high-resolution elevation and vegetation height was generated through
the use of multiple steps. Where overlap occurred, data were merged using simple averaging of values.
The vegetation height data were validated via reprocessing LiDAR point cloud data and field
measurements. Figure 2.8 shows tree height comparison among LiDAR point cloud-derived,
LiDAR-DEM-derived, and surveyed tree heights. Reprocessing LiDAR point cloud data verified that
vegetation height data have been adequately processed by suppliers and field vegetation height data
showed high correlation with the values derived using the LiDAR system, although they suggest there
was significant growth between the times of LiDAR data acquisition and field survey. LiDAR point
cloud density for the test site was 2.54 points/m2. Table 2.7 summarizes the vegetation height difference
between LiDAR acquisition time and summer 2008. Averaged growth rates appear to be overestimated
because of the sharp tree crown of evergreen trees and averaged effect in LiDAR DEM.
LiDAR-Derived
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Point
Cloud

Grid

Surveyed
Height
(2008) (ft)

#1

92.55

83.55

97.63

#2

64.96

52.08

69.69

#3

96.73

85.42

97.30

First return LiDAR

100 ft

Last return LiDAR

Figure 2.8. Vegetation Height Comparison Among LiDAR Point Cloud, LiDAR Grid, and Surveyed
Measurements. LiDAR data were acquired in 2005 and tree heights were measured in fall
2008.

Table 2.7. Vegetation Height Analysis via Field Measurements. Average growth rate is overestimated
because of the sharp crown of evergreen trees and the averaging effect in DEM.
DEM Name
(Acquisition Year)

East
(2006)

West
(2005)

N Fork
Stillaguamish
(2003, 2004)

Northwest
(2003)

Southwest
(2003)

Average Growth Estimation (ft)

10.8

7.0

8.0

12.2

20.7

Slope

1.0005

1.1133

1.0429

1.0139

0.9795

0.9113

0.9858

0.8795

0.9603

0.9187

R^2
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2.5.2

Parcel GIS Data

The parcel GIS data were used to assist in the identification of residential vegetation and impervious
surfaces. The county parcel data outline all parcels. The polygon data contain attribute information about
the area, owner, use code, etc. Parcel boundaries are used by the classification routine to indicate
potential land use.

2.5.3

Elevation and Slope Data

Elevation and slope data were used to help guide impervious surface classification near estuaries and
floodplains. Areas of bare earth, particularly in the Snohomish estuary, were often confused with
impervious surfaces based on their spectral signature alone. To help guide impervious surface
classification near water surfaces in estuaries, elevation data were delineated into three classes based on
the existence of log raft in the estuary, boats on the water surface, and buildings near water. If the
elevation model is accurate, mean sea surface elevation should be zero and buildings or docks right by the
open water should be greater than zero. However, because of the LiDAR DEM’s unstable behavior near
open water, some buildings appeared to be under water. To help guide the classification of impervious
surfaces near water surfaces in estuaries, coastline data were used. Coastline data allowed for the
exclusion of impervious surfaces near the coast, but vegetation canopy exposed during low tide was
included.

2.5.4

Streets and Railroads Data

Road network data are regularly updated by Snohomish County’s Department of Information
Services. To facilitate the classification of roads and railroad impervious surfaces, the county road layer,
(updated September 18, 2008) was used along with the imagery data. The county road layer shapefile
was converted into raster data and a road width of 65 ft, the average width of a two lane road, was
applied. During the road classification process, an area was classified as a road if the imagery analysis
indicated spectral and geometrical signatures characteristic of a road, and the county road layer indicated
the presence of a road. The railroad shapefile was exported to raster data with a 40-ft pixel size and
included in the impervious surface classification.

2.5.5

Water Course Data

The CAR monitoring team used the 6-ft LiDAR DEM and ArcHydro tool, a suite of hydrological
tools used within the ArcGIS environment, to improve the county hydrography layer using a semiautomatic, but labor-intensive, process. Stream hydrography was greatly improved in 22 sub-basins
within the study area. An accurate hydrography layer was important, because it was used to improve the
classification of narrow water courses and accurately identify the location of riparian buffers. The water
course shapefile was exported to raster data with an average width of 30 ft, the typical width for a small
local channel estimated from aerial imagery. The water course data were very useful in correctly
classifying small streams that can be confused with vegetation shadows in the imagery.
The water course layer also includes the boundaries of lakes. Lake boundaries have been improved in
recent years using remote sensing and field data. Lake-boundary polygons were used to correctly classify
shorelines by avoiding confusion in the satellite imagery resulting from docks and other over-water
structures.
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In the object-oriented classification routine, processing time is heavily affected by the number of
input layers. Our experiments showed that initial segmentation for an image chip (6300 pixels by
6300 pixels) with 12 layers takes about 30 minutes for scale parameter 30. However, when 16 layers
were used, it took more than 6 hours. Therefore, an effort to reduce the number of input layers was made.
Elevation classification data, street data, railroad data, water course data, and lake data were all
aggregated into one layer. Table 2.8 summarizes the input layer integration scheme.
Table 2.8. Input Layer Integration Scheme

2.5.6

Data Source

Recoded Value

Feature

Water course

1

Streamlines

Coastline

10

Coastline boundary

Lake

30

Lake boundary

Streets

500

Road network data

Railroads

1000

Railroads network

100-Year Floodplain Data

During the initial impervious surface classification, many mud flats were mistakenly identified as
impervious surface due to their spectral similarity to concrete and asphalt. To mitigate this problem the
coastline data were used. Coastline data identify the 100-year high water location. We used the
assumption that no impervious surfaces (buildings, parking lots, etc.) would be present below the
floodplain high water mark.

2.5.7

Wetland Boundary Identification

Delineation of the study area into wetland and upland areas was the first step in the wetland
classification process. The wetland boundary was derived from two primary data sources: LiDAR
elevation data and the AVNIR-2 winter image.
Because of the size of the LiDAR data set and computational processing requirements, a basic
Deterministic-8 (D8) (O’Callaghan and Mark 1984) watershed basin delineation was run on four subsets
of the original LiDAR data set provided by Snohomish County. This watershed delineation exercise was
completed using the System for Automated Geoscientific Analysis (SAGA) GIS D8 Flow Analysis
package. The four subset areas produced a total of 185 basins. The raster-based sub-basin delineations
were converted into a vector GIS format (Arc/INFO coverage) and a scripting routine was developed to
extract each of the 185 sub-basins to its own directory in which the additional terrain processing would
take place. Because many of the terrain analysis data being produced were hydrologically sensitive, it
was imperative the terrain model be broken down by drainage areas rather than arbitrary tiles of data. An
artifact and conceivable problem using this approach with high-resolution data is the presence of built-up
roadways. These roadways act as drainage barriers because the LiDAR terrain model does not recognize
the presence and/or absence of culverts. A manual post-processing step was implemented to join basins
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that are likely linked by a culvert; however, the ideal approach would be to gather culvert location data
and implement an automated approach of carving a flow path through the terrain model road surface
allowing for the simulated flow of water through the system.
DEM Pre-Processing
The individual sub-basins were buffered by 10 meters, three times the cell resolution of the source
LiDAR data; this ensures full consideration of cells on the perimeter of the drainage basin. The
individual buffered sub-basins were used to clip the LiDAR data into Arc/INFO GRID files, which were
then prepared for import into the SAGA GIS by converting the data to the standard ASCIIGRID file
format. Additionally, statistical descriptor files were written for each sub-basin terrain model to describe
minimum, maximum, mean, standard deviation, as well as the XMin, YMin, XMax, and YMax horizontal
extents.
DEM Smoothing for the Reduction of LiDAR Noise
The individual sub-basin terrain models were imported into SAGA and the Contour Lines from Grid
module was executed using a 6-ft contour interval and the ZMin and ZMax parameter definitions. The
resulting contour lines were split into 8-ft segments using the Lines to Points module, then entered into an
ASCII-based XYZ file using the Export Shapes to XYZ modules. The resulting ASCII file was then used
to develop a new terrain surface using an advanced finite difference terrain processing algorithm by
Hutchinson (1996, 2000). This algorithm is packaged into the software product, ANUDEM, owned and
distributed by the Australian National University Centre for Resource and Environmental Studies,
Canberra, Australia, and is implemented at Battelle Pacific Northwest Division under the RedHat
Enterprise 4 Linux operating system. Implementing ANUDEM under Linux allowed us to take advantage
of the ability to easily distribute computing processes among multiple machines. For the 185 basins
completed, the processing was distributed to 15 machines and run times were on the order of 4 days.
Automated scripting routines produced ANUDEM control files based on terrain model statistics.
The Snohomish County LiDAR data provided the basis for terrain analysis, which resolves six data
sets used in a rule-based classifier for the determination of wetland areas. The six data sets are described
in the following paragraphs.
Noise-Filtered DEM
The source LiDAR data contains a significant amount of high-frequency noise due to imperfect
ground identification in the vendor processing algorithm. Additionally, while the LiDAR is highly
detailed, the complexity of the source data needed to be reduced to allow for reasonable use of the terrain
analysis as described herein. A simple procedure was used to smooth the source terrain data, resulting in
a reduction of the data noise, and thus providing for a new base terrain data set for all further terrain
analysis.
Slope
The 2-degree polynomial approach described by Zevenbergen and Thorne (1987) was used for the
determination of slope. This approach uses a bi-dimensional function to determine terrain slope.
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Length-Slope Factor
The modified length-slope factor (Moore and Burch 1986; Moore et al. 1991) is typically used for soil
erosion models and uses slope and drainage area as its primary parameters.
Elevation Above Channel
The elevation above channel metric uses terrain-based hydrologic routing to establish channel
networks to derive a cell-basis for concentrated surface flow. Using these base cells, all surrounding
terrain is measured for its elevation difference to its overland flow direction connected cells.
Multi-Resolution Valley Bottom Index
The multi-resolution valley bottom index (Gallant and Dowling 2003) establishes a multi-resolution,
multi-scale topographic index for classifying valley bottoms. This is a particularly influential metric for
the determination of wetland areas, because the algorithm can reveal clustered valley bottom cells within
just a few meters.
Topographic Wetness Index
The modified topographic wetness index (Boehner et al. 2002) estimates a spatially distributed
steady-state condition of soil saturation and, ultimately, runoff generation. The algorithm uses the
contributing area of a given cell, the soil transmissivity, and slope gradient for its parameters. The
modified index differs from the standard index in that a modified catchment area calculation is used to
handle low gradient zones in a more effective manner.
These derivatives were classified with the AVNIR-2 spectral data using Definiens Developer 7. The
resulting wetland delineation layer was combined with the vegetation classification using an ERDAS
Imagine model. This model used simple Boolean logic to redefine the mapped vegetation classes such
that if either the mapped wetland vegetation or the wetland boundary existed, then vegetation was coded
as wetland. The ―Ei
ther‖ operation was necessary because vegetation classification had detailed land
cover information from 2.44-m QuickBird imagery and DEM, and wetland boundary mapping depicts
relatively large wetland features that comes from 10-m AVNIR-2 image and topographic parameters.

2.6

Rule Set Development

Relatively homogeneous land cover types, such as waterbody, agricultural area, and impervious
surfaces, are easier targets to map than natural vegetation. For this reason, rule sets were developed using
a multilevel classification scheme in such a way that relatively large homogeneous areas are extracted
before classifying natural vegetation (often characterized as being inhomogeneous in shape and random in
spectral and spatial patterns). In lower levels, large objects, such as waterbodies and agricultural areas,
were classified, and in higher levels, small objects, such as small ponds and impervious surfaces, were
classified. Once an object is classified, the object remains untouched in the ensuing segmentation and
classification steps as long as the classification type is not further refined. As a result, classification was
done in the following order: 1) waterbody pre-mapping, 2) agricultural area pre-mapping, 3) impervious
area pre-mapping, and 4) vegetation pre-mapping.
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In the pre-mapping stage, a nine-layer datacube was first examined in detail using Definiens
Developer 7.0. Input layers were used to calculate various spectral, geometrical, and contextual
measures, such as object mean, standard deviation, band ratios, area, roundness, compactness, shape
index, length-to-width ratio, rectangular fit, and existence of water. Using field samples the
range-of-membership value was determined for each cover type. Some cover types show strong
geometric characteristics and others rely heavily on spectral characteristics. For example, agricultural
areas are characterized by rectangular or polygonal fields, and water is represented by an elongated object
with low reflectance in the infrared band. Rule sets for pre-mapping of waterbodies, agricultural areas,
and impervious areas were developed using the layer combinations shown in Table 2 in the appendix of
this report. Once a rule set was defined for a cover type, the rule could be efficiently applied in any
segmentation level.

2.6.1

Waterbody Pre-Mapping

Rivers differ in size from narrow (upstream sections) to very wide segments, such as estuaries. Lakes
consist of different surface sizes from small, shallow lakes to large, deep lakes. Scale parameters of 1000,
500, 300, and 100 were used for waterbody mapping. With larger-scale parameters, such as 1000 and
500, open water and large lakes were mapped. Smaller-scale parameters were used to delineate
streamlines. Water-course data helped to identify small streams that were confused by vegetation-derived
shadow. For waterbody mapping, shape parameters, such as length and/or width and roundness, were
derived from mean slope and vegetation height and QuickBird bands 2, 3, and 4 data.

2.6.2

Agricultural Area Pre-Mapping

Agricultural areas include large homogeneous patches of crop fields that are typically rectangular or
circular in shape. Some are heavily vegetated, while others are bare earth. According to the color
variation in QuickBird imagery, agricultural areas were classified into three categories: Field/Pasture
(Bare), Field/Pasture1, and Field/Pasture2. Field/Pasture (Bare) is characterized by a geometrically
rectangular shape with bare earth. Field/Pasture1 is characterized by a large rectangular area with low
vegetation content. Field/Pasture2 is characterized by a large rectangular area with high vegetation
density. Farm area was mapped using a high-scale parameters (100, 5000, and 300) before the
impervious surface map was generated. Field/Pasture (Bare) was often confused with impervious
surfaces, and the farm pre-mapping greatly improved mapping of both the field/pasture and impervious
surface classes.

2.6.3

Impervious Surface Pre-Mapping

This step involves separation of urban areas from non-urban areas using QuickBird and AVNIR-2
imagery. Urban areas consist of any land that is related to human activity and they include lawn,
construction sites, or bare earth. Non-urban or vegetation areas are characterized by high normalized
difference vegetation index (NDVI) values and random shape. High NDVI was excluded from the urban
category, and any rectangular or circular-shaped areas were included. Urban areas were initially
classified into three categories: _Road, _Built1, and _Built2. The _Road area category was characterized
by polygons with dark tonal appearance and elongated feature. The _Built1 category was characterized
by bright rectangular areas. The _Built2 category included all other urban features such as parking lots,
medium and dark rooftops, and sidewalks. Next, these three urban categories were merged into urban
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class. Once possible urban area was identified, impervious surfaces were mapped using a multilevel
classification approach. Levels used to map impervious surfaces were scale parameters of 500, 300, 100,
75, 50, 35, 30, 25, and 20. As scale parameter decreased, smaller ground objects were detectable. For
example, scale parameter 300 was suitable to map large parking lots, commercial rooftops, and major
highways. Small-scale parameters such as scale 20, 25, and 30 were best for identifying single-family
residential rooftops, narrow sidewalks, and small local roads.

2.6.4

Urban and/or Residential Vegetation Pre-Mapping

Once the waterbody and impervious surface mapping was complete, the remaining areas were
selected for natural vegetation classification. Natural vegetation is characterized by differing
morphology, stature, color, phenology, and landscape position. Remote-sensing data from multiple
sensors, for both summer and winter periods, provides critical information on phenology, color, and
growth vigor. These observables can be used for discriminating between different vegetation types.
Remotely sensed (pixel) data were summarized by field data polygons, and these field polygon data were
input to statistical analysis software to compute the classification rules using linear discriminant analysis
for discriminating between different vegetation types.
Linear Discriminant Analysis
Linear discriminant analysis (LDA) is a statistical technique used to find the linear combination of
features that best separate two or more classes by evaluating linear combinations of variables which best
explain the data. Linear discriminant analysis is a commonly used technique for classification of satellite
data (Switzer 1980) and was attractive in this study because it allows an effective method to merge pixelbased statistics with object-based analysis in Definiens Developer 7.0. Pixel statistics were extracted and
summarized for each of the field polygons, and the mean and standard deviation of the pixels were stored
in the attribute table. These data were then exported from the attribute table and imported into
STATISTICA 8. STATISTICA 8 is a statistical software product, operated within the Windows XP
operating system, containing a comprehensive list of statistical methods. LDA was run on the data to
determine thresholds between classes based on their representative pixel values. The main objective of
LDA was to determine the significantly different upper and lower bounds for each defined vegetation
classes with respect to 10 variables. Data already classified into groups via other analytical methods were
entered into a General Discriminate Analysis Model implemented in STATISTICA 8. Theoretically, the
General Discriminate Analysis Model may be used as a predictive or as a descriptive tool, but within the
requirements of this task, it was used strictly as a descriptive tool for already determined vegetation
groups.
To run the model, the vegetation classes determined the dependent variable and the 10 classifying
variables: QuickBird band 2, QuickBird band 3, QuickBird band 4, QuickBird NDVI, Summer AVNIR-2
Band 3, Summer AVNIR-2 Band 4, Winter AVNIR-2 Band 3, Winter AVNIR-2 Band 4, AVNIR-2
NDVI Difference, and LiDAR vegetation height. All vegetation groups that contained fewer than five
samples were eliminated from analysis. The model was run under default settings: prior probabilities
estimated, build all effects, without cross validation of data; sweep delta of 7, and inverse delta of 12.
The results of the model used in the generation of vegetation classification rules were 1) class means for
predictors, 2) class standard deviations for predictors, 3) multivariate tests of significance,
4) classification matrix, and 5) statistics for each vegetation class. Class means and standard deviations
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for predictors (1, 2) provided the upper and lower bounds desired for each vegetation class with respect to
a predictor (i.e., QuickBird band 2, QuickBird band 3). The multivariate test of significance (3)
calculated F-statistic values, which revealed the order of significance of effects for the dependent variable
set. The classification matrix (4) provided a summary of the percent correctness for the classification of
each vegetation group based on the Mahalanobis distance calculation. Finally, case-specific statistics
provided Mahalanobis distance measurements with respect to all defined groups as well as an indication
of the most likely alternative group associations for each data entry. As a result of this analysis, if the
vegetation group means were not significantly different, the groups were re-organized and re-evaluated
with the General Discriminate Analysis Model running with the parameters listed above.

2.6.5

Cloud-Covered and Cloud-Shadow Areas

Clouds are characterized by high reflectance in the visual and infrared spectrum. They are random
and circular in shape rather than linear or rectangular. When the cloud layer is thin, significant spectral
mixing can occur between the cloud and the ground cover. Heavy clouds were present in QuickBird
images taken on August 5, 2007 and September 5, 2007. Two band ratios (QuickBird band 2 to
QuickBird band 4 and QuickBird band 3 to AVNIR-2 band 3), length and/or width object geometry, and
scale parameters of 1000 and 500 were useful in delineating clouds. Cloud shadow was detected using
three ratio images (QuickBird band 2 to QuickBird band 4, QuickBird Band 3 to AVNIR-2 band 3,
QuickBird band 4 to AVNIR-2 band 4) and shape parameters, such as compactness, length and/or width,
roundness, and shape index. Cloud and cloud shadow layers were merged into one cloud class. Because
the clouds were only visible in the QuickBird images, AVNIR-2 classification results were used to fill
gaps in the classification created by clouds and cloud shadows.
Rule Refinement
The LDA rules were prototyped in ERDAS Imagine Knowledge Engineer. The output of the
classifier was compared to existing field information to determine effectiveness of rule sets before
applying the rules in eCognition. This allowed rules to be prototyped very quickly on a pixel-based
classifier. This step is necessary because the rule thresholds were derived based on field observations,
and not all natural variation may be present in the field data. For example, the mean LiDAR vegetation
height for the Douglas fir field class was 53 ft with a standard deviation of 28 ft. We applied a onestandard deviation threshold rule for class inclusion (a maximum height rule of 81 ft). Upon assessment
of the initial result, it was apparent that the maximum height threshold was much too low and resulted in
an under-mapping of Douglas fir, because many trees exceed the maximum threshold. Subsequently, the
maximum height threshold was removed so trees of any height could be considered by the Douglas fir
classifier. It is important that this type of iterative rule editing be done by an analyst with some
knowledge of the different vegetation so that some ―
ecological sense‖ can be applied to the rules.
Field Data Aggregation
Certain field classes were deemed to be ecologically similar enough to be considered a single class.
These aggregations had the effect of reducing the number of overall classes in the manner shown in
Table 2.9.
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Table 2.9.

Land Cover Class Aggregation Using Linear Discriminant Analysis. As a result of land
cover aggregation effort, land cover classes were aggregated into 30 cover types.
Land Cover Class Aggregation via Linear Discriminant Analysis
Shrub
-

Herb and Grasses
- Grass, Grass2
- Herbaceous Plants

Himalayan Blackberry
Mixed Shrub
Salmonberry
Scotch Broom

Wetland
- Aquatic Plants (Nuphar)
- Cattail
- Invasive Reed
- Mixed Emergent
- Spirea

Human Altered Vegetation
- Lawn, Lawn2
- Non Native Evergreen
- Pasture, Pasture2
- Tree Planting

Deciduous
- Alder
- Bigleaf Maple
- Cottonwood
- Mixed Deciduous
- Willow sp.

Impervious
- Road—blacktop
- Road—gravel
- Rooftop/Industrial
- Rooftop/Residential

Evergreen
- Douglas Fir
- Mixed Evergreen
- Mixed Evergreen & Deciduous
- Sitka Spruce
- Western Hemlock
- Western Red Cedar

Rule Application
The pixel-based rules were applied in Definiens Developer 7.0 using scale parameter 30, shape
factor 0.1, and compactness 0.5. Rule sets derived from the LDA method were manually input to
Definiens Developer’s class hierarchy as shown in Figure 2.9. To reduce the unclassified area, all rule
sets except QuickBird band 4 were defined as either a step function or a box-car function, and their ranges
were set wider according to the remote-sensing analyst’s confidence in the classification. The rule for
QuickBird Band 4 layer was developed using a Gaussian function shape, which assigns the highest
membership value to sample mean area and membership values that quickly decrease away from the
sample mean.

2.6.6

Classification of Unclassified Areas

Vegetation communities vary as a function of soil types, slope, elevation changes, rainfall, and
locality. While extensive field data were gathered to support the classification, samples collected for rule
development do not fully represent all vegetation types present in the entire county. Therefore,
unclassified areas remained after applying the rule-based classification to image objects. To address this
challenge, a complementary method to rule-based classification using Definiens Developer 7 software
was applied. The approach, known as the standard nearest neighborhood (SNN) method, which uses the
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spectral distance measure from the training samples to assign each unclassified to a class, was applied to
the unclassified areas with samples used for rule set development and some additional samples collected
for LiDAR vegetation height validation.

Figure 2.9. Class Hierarchy of Definiens Developer 7.0

2.6.7

Final Map

The final map was assembled by merging the rule-based classification map, SNN-based classification
map from QuickBird image, and SNN-based classification map from AVNIR-2 only. First, rule-based
classification results were assigned to the final map. Second, unclassified areas were replaced by
SNN-based classification results. Finally, cloud and cloud-shadow areas were replaced by AVNIR-2
classification using the SNN method. Because merging three different maps involves the merging of
complicated lookup tables, the remote-sensing analyst developed a Matlab script to recode attributes and
a C++ program to facilitate the merging of three layers into one final map.
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3.0 Results
A land cover map was developed for four test tiles (R1C1, R1C3, R2C2, and R3C2; see Figure 2.4).
Once classification methods are finalized, a land cover map will be generated for the entire study area.
Figure 3.1 shows the resulting land cover map.

Figure 3.1. Land Cover Map for Four Test Tiles

3.1

Land Cover Summary

The accuracy of the map was assessed using two different data sets. The first data set consisted of
70 field locations identified as wetland or non-wetland by county biologists. These were used to
determine the success of the wetland identification. The second data set consisted of 317 field locations
visited during the original ground truth data collection effort and withheld from the classification. These
points were each assigned to one of the classes listed below:
Cropland
Deciduous Forest
Evergreen Forest
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Grasses
Impervious
Mixed Evergreen & Deciduous
Scrub/Shrub
Tree Planting
Water
Wetland/Emergent Vegetation
This data set was used to determine the accuracy of the natural vegetation map.

3.2

Accuracy Assessment

The accuracy of the resulting vegetation maps was assessed in ArcGIS to determine whether the
ground truth points agreed with the map classification. This comparison was given a 1-pixel agreement
buffer, because the field GPS data were of higher precision than the absolute map pixel location (due to
pixel size and errors in registration). Thus, if the field point fell within 1-pixel distance of a correct
vegetation class, it was counted as a match. If the field point did not fall within 1-pixel distance of the
correct class, it was counted as a miss. The overall accuracy of the wetland map was 82.9%. The overall
accuracy of the vegetation map was 80.1%. The overall accuracy associated with the data users and
producers are discussed below. Data user and producer accuracy measures are computed for each class
and relate to errors of omission (not classifying areas that should be classified) and commission
(incorrectly classifying an area). The associated error (confusion) matrices are included as well. A
confusion matrix shows the detail on the mismatch between the field (reference) data and map class in a
series of rows (reference) and columns (map class).

3.2.1

Wetland Map Accuracy Discussion

The final wetland area map was created by combining the wetland classes from the natural vegetation
map with the results of the wetland boundary identification (topographic) modeling. The wetland map
accuracy was determined by comparing the field location with the map wetland category (wetland,
non-wetland). Of the 70 ground truth points used, 10 were from non-wetland areas and 60 were from
wetland areas. The error matrix below (Table 3.1) shows the level of agreement between ground truth
points and the map. Overall, we see that 58 out of 70 points were classified correctly. By further
assessing the number matches between the map and wetland field points, we see that 48 out of 60 agreed.
Of the non-wetland points, 10 out of 10 agreed. From this assessment, we can ascertain that wetland is
slightly undermapped, thus the map is slightly biased towards errors of omission (more wetlands exist
than we identified). This undermapping can be viewed as the map incorrectly portraying more nonwetland as wetland than vice versa. A further assessment also indicated that 80% of the correct wetland
identification came from the natural vegetation map, and the remaining 20% was from the topographic
modeling.

3.2

Table 3.1. Error Matrix of Wetland Accuracy Assessment(a)
Class Name

Wetland

Non-Wetland

Column Total

Wetland

48

0

48

Non-Wetland

12

10

24

Row Total

60

10

70

Producer’s Accuracy

User’s Accuracy

Wetland = 80%
Non-Wetland = 100%

Wetland = 100%
Non-Wetland = 42%
Overall Accuracy = 83%

(a) Cells are shaded to highlight the total number of correct matches.

3.2.2

Vegetation Map Accuracy Discussion

The overall accuracy of the vegetation map is 80.1%. Initially, the number of samples prepared for
accuracy assessment was insufficient because of certain classes being statistically under-represented. A
stratified random sampling method was used to collect additional samples points for under-represented
classes: Deciduous Forest, Grasses, Impervious, and Water. Much of the class confusion occurs between
classes that are similar or growing in close proximity to one another (e.g., Deciduous Forest being
mapped as Scrub/Shrub or Water classified as Wetland/Emergent Vegetation [Table 3.2]). These types of
errors are due to the spectral similarity between similar-looking classes and possible poor image
registration. Another possible source of confusion is the heterogeneity in the field samples. Although
every effort was made to collect field information over a homogeneous stand of vegetation, it is likely that
some of the field polygons, as well as assessment points, were not in a completely homogeneous area.
This can have two effects on the map. First, the actual class statistics can be ―
muddied‖ by inclusion of
spectral information from a mixed site. This error has a forward propagation in that the class decision
rules may be slightly off, leading to map error. Second, heterogeneous field samples can be very difficult
to classify ecologically (i.e., if multiple biologists assessed the site, they may come up with different
classifications), leading to reference point error.
The largest source of confusion in the map is due to Scrub/Shrub being mapped as Grasses (17 out of
64 misses or 26% of the error in the map). Part of this may be due to the fact that the Grasses class is
quite diverse, containing pastures, lawns, and native grasses and forbs. This heterogeneity in the field
data makes it difficult to characterize a ―nor
mal‖ response for grasses. A larger influence is likely
because we relied heavily on the LiDAR vegetation height to discriminate between the two classes when
spectral similarity was great. The LiDAR data were several years out of date when we performed the
mapping and many of our Scrub/Shrub field points likely had low vegetation height in these data (and the
vertical resolution of the vegetation height data may not be sufficient for very low-growing vegetation).
Because vegetation height was a major deterministic factor in discriminating between Grasses and
Scrub/Shrub (when the two classes are spectrally similar), the underestimated Scrub/Shrub height would
result in those areas being mapped as Grasses. This would explain why we mapped many Scrub/Shrub
areas as Grasses but not vice versa.
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Table 3.2. Confusion Matrix for Vegetation Map(a)
Class Name

D

E

D

31

2

E

6

46

G

2

I
S

9

1

G

I

S

W

1

WE

Row Total

1

35

3

55

46

6

1

54

1

17

1

2

2

74
57

14

25

W

1

WE

1

1

2

3

14

21

53

61

34

55

17

317

Column Total

48

49

49

Producer’s Accuracy

50

User’s Accuracy

Deciduous Forest = 64.6%
Evergreen Forest = 93.9%
Grasses = 86.8%
Impervious = 88.5%
Scrub/Shrub = 41.2%
Water = 89.1%
Wetland/Emergent Vegetation = 82.4%

Deciduous Forest = 88.6%
Evergreen Forest = 83.6%
Grasses = 62.2%
Impervious = 94.7%
Scrub/Shrub = 56.0%
Water = 98.0%
Wetland/Emergent Vegetation = 66.7%

Overall Accuracy = 80.1%
Overall Kappa Statistics (



) = 0.76

(a) Cells are shaded to highlight the total number of correct matches.
D = Deciduous Forest, E = Evergreen Forest, G = Grasses, I = Impervious Surfaces, S = Scrub/Shrub, W = Water,
WE = Wetland/Emergent Vegetation.

3.2.3

Data User and Producer Accuracy

Each map class has an associated user and producer accuracy that relates to the errors of omission and
commission, respectively. Comparing the user and producer accuracy for a particular class provides indepth information about the map error or bias. If we take Deciduous Forest as an example, we see that
the producer’s accuracy for the Deciduous Forest class is 64.6% (this represents the number correctly
classified, 31, divided by total number of reference points 48). The user’s accuracy for the Deciduous
Forest class is 88.6% (the number correctly classified, 31, divided by the total number of points identified
in the map as Deciduous Forest, 35). The fact that the producer’s accuracy is rather low and the user’s
accuracy is high indicates that when an area is identified as Deciduous Forest on the map, confidence is
high (88%) that the area is correctly identified. The producer’s accuracy of Deciduous training samples
was 64.6%, which is relatively low mainly because of spectral confusion with Scrub/Shrub Forest (19%)
and Evergreen Forest (13%). The other measure used in the accuracy assessment were the kappa

statistics ( ), which are measured by the difference between the actual agreement between reference data
and classification data and the chance agreement between the reference data and a random classifier
(Lillesand and Kiefer 2000). Kappa statistics range from 0 (given classification is no better than a

random class assignment) to 1 (perfect classification). A value of 0.76 was obtained for the
classification, which indicates that the observed classification is 76% better than random assignment.
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4.0 Conclusions
Many studies have noted the benefits of using object-based vegetation classification over pixel-based
techniques (Laliberte et al. 2007; Johansen et al. 2007; Bock et al. 2005; Jobin et al. 2008; Pascual et al.
2008; van der Sande et al. 2003; Walter 2004; Zhu and Scarpace 2006). We have successfully
implemented a methodology for the CAR monitoring program using Definiens object-based mapping
technology. Developed overall procedures are general, systematic, and repeatable. This project proved to
have some additional challenges in terms of the sheer size of the data sets. While the object-based
techniques provide some additional control over a classification, the challenge with large data sets is
related to memory and processing limitations for defining the objects at fine scales. We addressed the
challenges in two ways: 1) by using pixel-based techniques to derive and quickly prototype the rule sets
and 2) by splitting the larger image into a series of tiles. Intensive land cover sampling efforts made in
summer 2008 guided accurate rule-based classification resulting in highly accurate impervious and
vegetation maps for four selected areas. This classification scheme can now be applied to the entire
county.

4.1

Challenges and Limitations

Challenges still remain in county-wide mapping using high-resolution satellite imagery and
object-based classification method. Through the baseline study, we have observed the usefulness of using
remote-sensing data in delineating vegetation cover and impervious surfaces. However, current spatial
data have some intrinsic limitations. Some limitations are due to environmental factors such as weather
and locality, and others are due to the nature of remote sensing observation. Following are some of the
observed challenges:
The classification process involved huge data sets that pushed (and sometimes exceeded) the memory
and processing capabilities of existing computer hardware. This slowed down the classification
process, and in some cases, eliminated options to complete the analysis.
A winter scene from the QuickBird satellite was not obtained, despite two seasons attempting to do
so. Five satellite passes are required to obtain imagery for the entire study area. Cloud cover,
competing projects, and satellite memory problems made the acquisition of a winter image very
challenging. Instead, we relied on the AVNIR-2 satellite, a lower-resolution satellite that can capture
an image of the entire study area in one pass, for the winter image.
Cloud cover, haze, and shadows in the summer QuickBird image also posed challenges for
classification. Various techniques were applied to improve the classification of portions of the image
impacted by these factors.
Wetland classification through remote-sensing techniques is challenging because of the heterogeneity
of these features. A LiDAR-DEM flow accumulation model was applied to improve the wetland
classification. RADAR satellite data may also be helpful in improving the classification.
Small streams are easily confused with shadows. Hydro-realignment data derived from LiDAR DEM
will greatly improve the classification accuracy on water category.
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Current LiDAR-DEM and vegetation height data are outdated. In the final vegetation map, plant
height data were used directly to classify vegetation types. Having LiDAR data acquired during the
CAR monitoring cycle would improve classification accuracy.
Accurate QuickBird geometric correction for future QuickBird data is essential for change detection.
With the currently developed vegetation and impervious mapping results, we have a great benefit in
identifying any surface changes. Development of a change detection algorithm is required in the next
mapping cycle. Therefore, it is critical to have QuickBird data that are geometrically corrected within
0.5-pixel accuracy for both panchromatic and multispectral imagery.
Many inaccuracies were located in the county waterbody GIS layer. This project has spent significant
resources improving the waterbody GIS layer through a labor-intensive process, but more work
remains.

4.2

Recommendations

Recommendations derived from this land-classification analysis relate to field data collection
practices, the use of data derived using the LiDAR system, data processing, wetland mapping, and
assessment of the accuracy of land-cover maps.

4.2.1

Field Data Collection

Field data collection involves intensive labor. We learned even small mistakes in field or office can
nullify our work. Two of these mistakes relate to field photo treatment and sampling site selection.
Field Photos
The field photo number needs to be recorded very explicitly and care should be taken during camera
download, so the filename and time stamp do not change. In some cases, field photos were recorded as 1,
2, 3, etc. instead of p000_001, p000_002, p000_003, etc. When using multiple field cameras, this lack of
precision in the use of clearly defined file-naming conventions can make it impossible to match the GPS
and site description with the correct photo. Also, the download protocol used can affect how the filename
is recorded on the computer. If the Windows Cameras and Scanner Wizard is used, the original camera
filename will be replaced with a user-defined filename prefix and a unique number that has no
relationship to the number recorded in the field. This software also records the file time stamp as the time
of download and not the time of photo acquisition, further obscuring the origin of the photo and causing it
to be useless for observation of a field site.
Sampling Site Selection
The mapping algorithm developed in this project primarily takes rule-based classification results and
it relies on the sample’s spectral distribution. Classification results show that field samples do not fully
represent biological diversity within the county. Further field-sampling effort for unclassified area by
rule-based classification will improve the overall classification accuracy.
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4.2.2

LiDAR Data

The land cover protocol for CAR monitoring defines land cover types by vegetation height.
Therefore, LiDAR-derived vegetation height data is a very important input data set. As emphasized
earlier, LiDAR data have been collected in different years for different projects. Knowing that we used
aged LiDAR data, the CAR monitoring team relied on LiDAR-derived vegetation height data in
classifying vegetation types. Even though it is desirable to acquire LiDAR data at the same time as
QuickBird data are collected, it might not be possible because of financial constraints. To improve
vegetation mapping, it is highly recommended to create vegetation growth models for scrub/shrub,
evergreen forests, and deciduous forests. With carefully designed field survey and use of LiDAR point
cloud data for tree height measurements, vegetation height data can be improved.

4.2.3

Data Processing

Challenges related to data processing are probably the most significant factor affecting the accuracy
of land cover mapping, which includes 1) registration offset among remote-sensing imagery,
2) terrain-related radiometric correction, and 3) shadow effect due to sun angle. These effects directly
control segmentation, causing variations in the segment layer statistics as well as the size and shape of
segments.
Registration Offset
Co-registration among different images is important for developing land cover maps. Current LiDAR
data are co-registered to 2007 1-ft aerial photography. QuickBird imagery is co-registered to 2003 1-ft
aerial photography with 2.5-m RMS error. Even though the object-oriented mapping approach minimized
potential spatial registration error, registration accuracy for QuickBird images can be improved to better
identify small ground objects. We found that QuickBird imagery and LiDAR DEM has spatial shift
around 2 pixels. This created problems in using LiDAR-derived vegetation height data for accurate
mapping of impervious surfaces, riparian vegetations, and small streams.
Data Scaling
Many of the raster data products (slope, NDVI, etc.) are the result of a function that results in a noninteger number. These images are generally stored as float data to allow for many decimal places in the
pixel value. Considerable file space can be saved by not storing image data as float. To reduce file sizes,
a scaling factor can be applied and the resultant raster images stored as integer (8-bit or 16-bit). For
example, we scaled all of the derived NDVI layers by 10,000 so that an NDVI value of 0.468 would be
represented as 4680. The output image was stored as 16-bit integers with no loss of precision, but a file
size 50% of the original float data file size.
Terrain-Related Radiometric Correction
Radiometric distortion due to terrain slope cause lower spectral reflectance in the area where the slope
is opposite to solar illumination direction. Even though improving radiometric distortion due to terrain is
possible using tools such as ATCOR3 (Richter 2008), it is difficult to correct signal reflectance that has a
low signal-to-noise ratio.

4.3

Shadow Effects
Sun illumination creates shadows in trees and buildings. Shadow plays a significant role in
segmentation and classification. When shadow is limited to a small area, it affects statistics of segments
lowering reflectance. On the other hand, when shadow is dominant in an area, individual shadow
segments can be produced, which will be confused with dark objects such as Road—blacktop or
Watercategories. Current hydro-realignment effort to improve streamline data will be greatly helpful to
eliminate the confusion between Water and shadow and road network data can improve the confusion
between Road—blacktop and shadow. Both hydro-realignment and road network improvements are
ongoing projects. In addition, shadow modeling to assign correct cover type may be necessary.
Impervious Surface Mapping
Impervious surface identification can be much improved by using the county’s ―
Streets‖ database.
We used the ―
Streets‖ data last updated on September 19, 2008. Also, a test classification showed that
use of high-resolution QuickBird panchromatic images (2 ft) can greatly improve impervious surface
mapping. Building edges were much improved and small roads were effectively mapped. However,
panchromatic imagery makes an image layer 16 times larger than multispectral imagery, which is
challenging in achieving timely mapping and computer processing capability.
Waterbody Mapping
Small streams are easily confused with shadows. Hydro-realignment data derived from LiDAR DEM
will greatly improve the classification accuracy on the water category. Current streamline data were last
updated on September 30, 2008.

4.2.4

Wetland Mapping

Wetland mapping is very challenging because of the heavy canopy cover during the summer when
QuickBird images are collected. The QuickBird image is also limited to four spectral bands. Use of
additional remote-sensing data, such as RADAR data, which provide complementary information on soil
moisture content, is highly recommended. RADAR uses active electromagnetic waves and can acquire
data by day or night. RADAR also penetrates clouds, so it is a promising tool in climate conditions, such
as those experienced in the Pacific Northwest. Over the course of the project, the remote-sensing
specialist received a National Aeronautics and Space Administration (NASA)-supported data grant
(RADARsat-1, ERS-2, and PALSAR RADAR data), but because of time limitations and the difficulty in
spatial registration of the RADAR data, the CAR monitoring team has not been able to incorporate
RADAR data. The Canadian Space Agency launched a C-band RADAR satellite, called RADARsat-2,
early in 2008 that has a pixel size of 2 m. It supports four polarization modes – HH, HV, VH, VV. With
RADARsat-2, spatial registration is now highly accurate. In the future, incorporating RADAR data into
the classification should greatly benefit wetland mapping (Ozesmi and Bauer 2002).

4.2.5

Accuracy Assessment

Current assessment of the accuracy of mapping is based on field samples collected during field survey
campaigns. The number of available sample points is limited and sample points of cover types are not
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equally distributed. Because the field samples under this task were collected in relatively homogeneous
areas, the accuracy of the final map might be overestimated. Further validation effort on accuracy
assessment should include the use of randomly generated points with the equal number of sample points
by cover types.

4.3

Next Steps

Despite challenges, the CAR monitoring program is off to a successful start. Building on a solid
foundation, the following additional actions will be taken in 2009 to fill remaining gaps and improve
upon current results:
Apply the LiDAR-DEM hydrologic model to the entire study area. This model approach, to aid in the
detection of wetlands, was applied in four subareas with promising results. It will be applied to the
entire study area in the first quarter of 2009.
Analyze RADAR data to improve wetland classification. RADAR data were obtained for the project
through a NASA grant. The scientific literature and preliminary analysis show promise for improving
wetland classification. RADAR data can detect soil moisture, an indicator of the presence of wetland
conditions.
Evaluate the QuickBird satellite’s panchromatic band to improve impervious surface estimates.
QuickBird’s panchromatic band is at a higher resolution of 0.61 m. Use of the panchromatic band
over the entire study area will further increase the accuracy of impervious surface estimates. To
complete this step, it will be necessary to address data processing hardware challenges created by the
huge data set.
Gather additional field data to refine the classification of land cover. The field protocol was
established for ground truthing the QuickBird satellite imagery. Additional data points are needed to
characterize unclassified areas and assist with classification of AVNIR-2 and RADAR satellite data.
Continue to improve the county stream hydrography layer and create a buffer layer. The county
hydrography layer will be updated to better align with the LiDAR DEM. Once complete, a buffer
layer will be created based on buffer widths for various stream types identified in the CAR.
Finalize the baseline data set once the above-listed additional techniques are fully explored.
Obtain a second QuickBird summer image. QuickBird imagery will be acquired in August 2009 for
the entire study area. Post-processing and classification will begin in the fall and be completed in
2010 to evaluate trends.
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Vegetation Legend Tables and eCognition Rule Parameters

Appendix
Table A.1. U.S. Geological Survey Legend Mapping Standards
Level 1
1 Water

2 Wetland

Level 2

Level 3

Level 4

Key #

1 Streams & Canals

11000

2 Lakes

12000

3 Reservoirs

13000

4 Bays & Estuaries

14000

1 Forested

1 Mature Evergreen Forest >50ft

2 Medium Evergreen Forest >25ft

3 Deciduous Forest >25ft

4 Immature Deciduous Forest <25ft

A.1

01 Douglas Fir

21201

02 Western Red Cedar

21102

03 Western Hemlock

21103

04 Sitka Spruce

21104

05 Mixed Evergreen Douglas Fir dom

21105

06 Mixed Evergreen WRC dom

21106

07 Mixed Evergreen Hemlock dom

21107

08 Mixed Evergreen Spruce dom

21108

09 Mixed Evergreen

21009

10 Non Native Evergreen

21110

01 Douglas Fir

21201

02 Western Red Cedar

21202

03 Western Hemlock

21203

04 Sitka Spruce

21204

05 Mixed Evergreen Douglas Fir dom

21205

06 Mixed Evergreen WRC dom

21206

07 Mixed Evergreen Hemlock dom

21207

08 Mixed Evergreen Spruce dom

21208

09 Mixed Evergreen

21209

10 Non Native Evergreen

21210

01 Cottonwood

21301

02 Alder

21302

03 Bigleaf Maple

21303

04 Mixed Deciduous Cottonwood dom

21304

05 Mixed Deciduous Alder dom

21305

06 Mixed Deciduous Cottonwood dom

21306

07 Mixed Deciduous

21307

08 Pacific madrone

21308

09 Non Native Decidous/Landscape

21309

01 Cottonwood

21401

Table A.1. (contd)
Level 1

Level 2

2 Nonforested

Level 3

Level 4

1 Immature Trees and Shrubs <10ft

2 Scrub/Shrub <25ft

3 Emergent Grasses/Forbs

4 Mixed Vegetated

02 Alder

21402

03 Bigleaf Maple

21403

04 Mixed Deciduous Cottonwood dom

21404

05 Mixed Deciduous Alder dom

21405

06 Mixed Deciduous Cottonwood dom

21406

07 Mixed Deciduous

21407

08 Pacific madrone

21408

09 Non Native Decidous/Landscape

21409

01 Mixed

22101

02 Cottonwood dom

22102

03 Alder dom

22103

04 Maple dom

22104

05 Small Tree Evergreen (Natural)

22105

06 Small Tree Evergreen
(Regeneration/plantation)

22106

01 Salmonberry

22201

02 Willow sp.

22202

03 Red-osier dogwood

22203

04 Rose sp.

22204

05 Pacific ninebark

22205

06 Spirea

22206

07 Mixed shrub

22207

01 Sedges

22301

02 Rushes

22302

03 Grasses

22303

04 Herbaceous Plants

22304

05 Mixed Emergent

22305

06 Cattail

22306

01 Emergent

22401

02 Trees, shrubs, low vegetation

22402

03 Native and invasive species (e.g.,
phragmites)

22403

04 Unknown

22404

05 Aquatic plants (nuphar)

22405

5 Unknown
3 Forest

1 Evergreen

Key #

22500

1 Mature Evergreen Forest (>50ft)

A.2

01 Douglas Fir

31101

02 Western Red Cedar

31102

03 Western Hemlock

31103

Table A.1. (contd)
Level 1

Level 2

Level 3

Level 4

2 Medium Evergreen Forest (>25ft)

2 Deciduous

1 Deciduous Forest (>25ft)

2 Immature Deciduous Forest
(<25ft)

A.3

Key #

04 Sitka Spruce

31104

05 Mixed Evergreen Douglas Fir dom

31105

06 Mixed Evergreen WRC dom

31106

07 Mixed Evergreen Hemlock dom

31107

08 Mixed Evergreen Spruce dom

31108

09 Mixed Evergreen

31109

10 Non Native Evergreen

31110

11 Mixed Evergreen with Deciduous

31111

01 Douglas Fir

31201

02 Western Red Cedar

31202

03 Western Hemlock

31203

04 Sitka Spruce

31204

05 Mixed Evergreen Douglas Fir dom

31205

06 Mixed Evergreen WRC dom

31206

07 Mixed Evergreen Hemlock dom

31207

08 Mixed Evergreen Spruce dom

31208

09 Mixed Evergreen

31209

10 Non Native Evergreen

31210

11 Mixed Evergreen with Deciduous

31211

01 Cottonwood

32101

02 Alder

32102

03 Bigleaf Maple

32103

04 Mixed Deciduous Cottonwood dom

32104

05 Mixed Deciduous Alder dom

32105

06 Mixed Deciduous Cottonwood dom

32106

07 Mixed Deciduous

32107

08 Pacific madrone

32108

09 Non Native Decidous/Landscape

32109

10 Mixed Conifer with Deciduous

32110

11 Mixed Deciduous with Evergreen

32111

01 Cottonwood

32201

02 Alder

32202

03 Bigleaf Maple

32203

04 Mixed Deciduous Cottonwood dom

32204

05 Mixed Deciduous Alder dom

32205

06 Mixed Deciduous Cottonwood dom

32206

07 Mixed Deciduous

32207

Table A.1. (contd)
Level 1

4 Shrub &
Herbaceous

Level 2

1 Herbaceous

2 Shrub/Brush

Level 3

Level 4

1 Grasses/Forbs

1 Immature Trees and Shrubs <10ft

2 Scrub/Shrub <25ft

3 Mixed

5 Invasive

1 Monotype

1 Mixed Vegetated

Key #

08 Pacific madrone

32208

09 Non Native Decidous/Landscape

32209

10 Mixed Conifer with Deciduous

32210

11 Mixed Deciduous with Evergreen

32211

01 Sedges

41101

02 Rushes

41102

03 Grasses

41103

04 Herbaceous Plants

41104

05 Unknown/Others

41105

01 Mixed

42101

02 Cottonwood dom

42102

03 Alder dom

42103

04 Maple dom

42104

05 Small Tree Evergreen (Natural)

42105

06 Small Tree Evergreen
(Regeneration/plantation)

42106

01 Salmonberry

42201

02 Willow sp.

42202

03 Red-osier dogwood

42203

04 Rose sp.

42204

05 Pacific ninebark

42205

06 Mixed shrub

42206

01 Mixed Low Vegetation

43101

02 Trees, shrubs, low vegetation

43102

03 Native and invasive species

43103

04 Unknown

43104

001 Himalayan Blackberry

51001

002 Scotch Broom

51002

003 Japanese Knotweed

51003

004 Reed Canary Grass

51004

005 Purple Loosestrife

51005

006 English Ivy

51006

007 Canada Thistle

51007

008 Bamboo

51008

009 Invasive Grass

51009

010 Invasive Forb

51010

A.4

Table A.1. (contd)
Level 1

Level 2
2 Mixed with
Native Veg
Subdominant

3 Mixed with
Native Veg
Dominant

6 Agriculture

1 Crop & Pasture

2 Fruits and Nuts

3 Confined Feeding
Operators

4 Other
Agricultural Land

7 Urban &
Built-up

1 Asphalt &
Concrete

Level 3

Level 4

Key #

001 Himalayan Blackberry

52001

002 Scotch Broom

52002

003 Japanese Knotweed

52003

004 Reed Canary Grass

52004

005 Purple Loosestrife

52005

006 English Ivy

52006

001 Himalayan Blackberry

53001

002 Scotch Broom

53002

003 Japanese Knotweed

53003

004 Reed Canary Grass

53004

005 Purple Loosestrife

53005

006 English Ivy

53006

007 Yellow Iris

53007

001 Cropland

61001

002 Rotation Cropland

61002

003 Pasture

61003

001 Orchards

62001

002 Groves

62002

003 Vineyards

62003

004 Nurseries

62004

005 Horticultural Areas

62005

001 Dairy

63001

002 Ranches

63002

003 Poultry

63003

001 Fiber Crop

64001

002 Field Crops

64002

003 Fishery Services

64003

001 Road--blacktop

71001

002 Road--Gravel

71002

003 Parking Lot Empty (gravel)

71003

004 Parking Lot Empty (blacktop)

71004

005 Parking Lot CAR

71005

006 Driveway

71006

A.5

Table A.1. (contd)
Level 1

Level 2
2 Building

3 Urban/Suburban
Developed

4 Developed

Level 3

Level 4

Key #

001 Rooftop/Industrial

72001

002 Rooftop/Residential

72002

003 Water Storage Tank

72003

004 Greenhouse

72004

001 Landscaped Rock

73001

002 Gravel fill

73002

003 Compacted Soil

73003

004 Deck

73004

005 Dock

73005

006 Wood/mulch

73006

001 Logs

74001

002 Detention Pond Access Paths

74002

003 Tracks in Sports Fields

74003

004 Railroad Tracks and Mounds

74004

005 Lawn

74005

006 Sports Fields

74006

007 Farm Paddocks

74007

008 Landscaped/Ornamentals

74008

A.6

Table A.2. Membership Measures to be Used in Rule Development
Water
Class

Water

Rock

Field/Pasture
Float

Area
Roundness

X

X

X

Urban

Bare

50/50

Veg

X

X

X

X

X

X

Bright

Medium

Dark

Parking

Road

X

X

X

X

X

Cloud

Shadow

Vegetation

X

Compactness

X

Shape Index

X

X

X

X

X

X

X

X

X

Length/Width

X

X

X

X

X

X

X

X

X

X

X

X

X

Rectangular Fit

X

Existence of Water

X

X

X
X

A.7

Mean Streets

X

X

QB Band 2

X

X

X

X

X

X

X

X

X

X

X

QB Band 3

X

X

X

X

X

X

X

X

X

X

X

QB Band 4

X

X

X

X

X

X

X

X

X

X

X

X

X

X

QB NDVI

X

X
X
X

X
X

AV-2 NDVI Difference

X

AV-2 Band 3 (Leaf-On)

X

AV-2 Band 4 (Leaf-On)

X

X
X

X

AV-2 Band 3 (Leaf-Off)

X

AV-2 Band 4 (Leaf-Off)

X

Mean VegHeight

X

X

X

X

X

X

X

Mean Slope

X

X

X

X

X

X

X

X

Mean Elev3Class

X

X

Mean Floodplain_NoImp

X

X

X

Table A.2. (contd)
Water
Class

Field/Pasture

Urban

Water

Rock

Float

Bare

50/50

Veg

Bright

Medium

Dark

Parking

Road

Cloud

STD QB Band 2

X

X

X

X

X

X

X

X

X

X

X

X

STD QB Band 3

X

X

X

X

X

X

X

X

X

X

X

X

STD QB Band 4

X

X

X

X

X

X

X

X

Ratio(QB3/AV3)

X

X

Ratio(QB2/QB4)

X

X

Ratio(QB4/AV4)

X

X

X

STD QB NDVI

X

STD VegHeight
STD Slope

X
X

Shadow

X

X
X

X

X

Vegetation
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