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EXECUTIVE SUMMARY

Forest practices in Washington State seek to ensure both a healthy ecosystem and a viable forest
industry. Guidelines for doing so were established with the Forests & Fish Report in 1999,
enumerated in the state Forest Practices Habitat Conservation RI@R) in 2006, and specified

as Rules in the Washington Administrative Code (WAC). Timber lands in Washington include
extensive areas in mountainous terrain where landsliding is an integral part of the natural
disturbance regimel.andslide activity can have a positive influence (e.g., introduction of coarse
sediment and large woody debyibut also adversely impact ecosystem functions and increase
threat to public safety. It is well recognized that forest practicesetamate landslide rates, so a

key goal of the HCP is to minimize those negative effects.

Tomeet these goals, the WAtefines landformshat are likely more susceptible to landslides. In
these areas, timber harvest and associated activitiespap@ibited without review by Qualified
Experts and approval by Washington Department of Natural Resoumedslideprone areas

that are potentially sensitive to foregiractice activities, known as Rtligentified Landforms

(RILS), are identified by native descriptions of landformsCriteria for their identification

include specific slope and geonpdiic characteristics which were established through extensive
surveys and analyses by the Washington Watershed Analysis Program and the Landslide Hazard
Zonation Project (LHZ). Practitioners interpret RILs by conducting thorough office reviews using
a varety of maps and remotely sensed data prior to verifying the landforms in the field.

The Unstable Slopes Criteria (USC) Project is a suite girgjgets that were developed to
evaluate and suggest potential modification to current RIL definitions, incorporating new data
and analysis methods, in order to answer the following critical joegUPSAG 2017

What modifications to the unstable slopes criteria and delhzesgsessment methods would result
in more accurate and consistent identification of:

I. unstable slopes and landforms,
ii. unstable slopes and landforms sensitive to foqasicticesrelated changes in landslide
process, and
iii. locations susceptible to impacts from upslope landslides such that an adverse impact to
public resources or a threat to public safety is possible?

This document describes the Objdised Landform Mapping swyyoject, which has the

objectives of 1) identifying methods for consistent automated delineation of landforms using
O2YLJzi SNitol a SR ( SOKYy ALipaizSigital Elgvation iodeIEDEME andl £ dzi A 2 y
potentially other data sources, and 2) the automated landform model provides the baseline
geomorphic context from which to evaluate landslide susceptibility and runout, and incorporates
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Manually mapping RILs remotely aimdthe field is both a subjective and timatensive process
that is difficult to consistently implement over large areas or iteratively adjust based on modified
landform criteria. Therefore, this project explores automated mapping methods that replicate
key fedures that can be identified using lidaand can be repeatedly and consistently
implemented over large areas. Here we report on the first in the sequence oeprajécts:
ObjectBased Landform Mapping with Hiitesdution Topography. The goal of this spioject

is to develop automated methods to identibedrock hollows and inner gorgéise., WAC 222
216-050(1)(d)(i)(A)). This foundational algorithm will be expanded on in subsequeptsjduts.

This project did not attempt to identifgther RILs such a®nvergent headwalls, toes of deep
seatedlandslides steeper than 33 degrees (65%), groundwater recharge areas foseeol
landslides, outer edges of meander bends, or other areas of potential slope inStaiky 222
216-050(1)(d)(i)).

We developed two automated approaches, both of which Dggital Terrain ModeldXTM9 as

the primary input data: ObjedBased Image Analysis (OBIA) and a Virtual Watershed (VW) terrain
analysis. These methods were developed by two of the Project Team members based on input
provided by the entire Project Team. Both methods use similar taggc inputs from the DTM,
though they differ in approach. OBIA applies imagelysis techniques to detect spatial patterns

and classifies them into landform types bdsen defined rules. In contrast, the VW method
begins with landform definitions and identifies zones that meet those definitions by tracing
surface flow paths and spatial connectivity. Differences in outcomes between the methods can
reveal ambiguities orefinements needed in model inputs.

To evaluate the adequacy of these two methods, the Project Team conducted several exercises
overtwo phases. Phase 1 focused on spatial comparisons of compasad map products and
remotelydrawnmap productreated by theéProject Team of 45 experienced practitioners (EP).
Phase 2 was a qualitative evaluation of comptiased map products by the practitioners.
Choosing to use multiple experienced practitioners in Phase 1 required an additional analysis
step to quantify the consistecy of map products drawn by the practitioners prior to comparing
them to the computetbased maps products. An acceptable consistency target was not achieved;
therefore,the products were not used in further model validation efforts. However, key findings
from the exercise are reported.

Phase 1 revealediscrepancies in how the experienced practitioners delineate bedrock hollows
and inner gorges using remote data. Quantitative comparisons using confusion matrices and
summary metrics such as balanced accuracy, recall, and precision confirmed these digesepa
While mappers generally agreed on the locations whegdrock hollows and inner gorgetsd

not exist, their interpretations of where potential RILs were present and how to draw the discrete
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efforts to increase the overlap did not produce useful results.

These findings underscored the need for a more objective and reproducible approach to
evaluating model performance. We initiated Phase 2 to address this need by removing manual
reference maps and instead assessing model output directly through experig@naetitioner
review of computergenerated polygons. This shift allowed the Project Team to focus on the
relative strengths of each model, reduce bias introduced by individual mapping styles, and better
identify opportunities for improving automated delingan of RIL landforms.
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of target landforms and (2) accurately delineate their boundabiased on lidar interpretation
Results indicated that both models generally performed well in identifying landform presence.
Across all sites, expert mappers judged that 70% or more of the modeled landforms were
reasonable screen®r either bedrock hollows or inner gorges. However, delineation accuracy
showed reduced model performance and greatariability, with a marked difference between
models and landform type©ut of the bedrock hollow polygons designated reasonable screens,
thirty-nine percent of bedrock hollow polygons and 62% of inner gorge polygons were designated
to be correctly drawrbased on lidar interpretationinner gorge polygons consistently received
higher b O 2 NNXE O (i flatihgs haid bédfoek hollows, and VW model polygons tended to
perform slightly better than the OBIA polygons on average for bretisonable screerand
correctly drawncriteria.

The variability in correctly drawn ratings highlights areas for model refinement, especially for
bedrock hollow delineations. EP comments and-sftecific patterns suggest that some modeled
polygons failed to capture the necessary geomorphic boundariesufficient topographic
convergence expected by practitioners. These outcomes suggest targeted improvements to input
parameterization, particularly those controlling convergence and planform curvature thresholds
FNE YySSRSR (2 A YLINRo@&uraiely Selinéadeddcia Hollowsandiinkei A S &
gorges

Through the development and evaluation of the OBIA and VW models, we demonstraldel
foundational approaches farsing lidar todelineat inner gorges and bedrock hollows based on
terrain attributes and rulébased classification. The models successfully generated interpretable
and repeatable landform maps, satisfying the first project objective. Based on the results of Phase
2, the automatel methods developed in this report delineate landforms in a way that adequately
replicates manually mapped landforms for use as a screen but not for use as definitive landform
boundaries.Section5.4 describes the ways this project did and did not meet the objectives

the study designThese automated methods will serve as a basis for model developmém in

next subproject. The results suggest that, with clear definitions and calibrated rulesets, the
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automated methods offer scalable and consistent methoddiftar-basedlandform delineation
across diverse landscapes.

The Susceptibility & Runout syiboject, the next step, will focus on integratingw, lidar change
detection (LCD) derivetindslide inventory data to evaluate and refine the automated landform
models for bedrock hollows and inner gorges and for other landform types where landslides are
found. That sukproject will asses©BIA and VWhodel outputs based on how well they align
with observed landslide distributions. Specifically, landslide density and proportion will be
calculated for each landform type mtaced by the models. Ranking landforms in terms of these
metrics can identify which delineations are most strongly associated with landslide occurrence.

This approach will allow for:

Statistical comparison between model versions;

Evaluation of model sensitivity to rule parameters;

Refinement of landform rules based on landslide data; and

Identification of landforms with consistently high or low landslide susceptibility.

= =4 4 A

Ultimately, these steps aim to develop robust, dal@ven criteria forevaluatinglandforms used
in landslide hazard assessments and forest practice regulations.
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1.0INTRODUCTION

The Unstable Slopes Criteria (UB®ject will provide information with which to evaluate the
current Ruleldentified Landform (RIldefinitions @lescribedin Table ). The project involves a
sequence of sulprojects We address the firstUSCsub-project in this report ObjectBased
Mapping(OBM)with HighResolution Topography .

1.1 THEUNSTABLS. OPERITERIAROJECHISTORY

For the OBMsub-projectwe develogd and evaluate new methods for automatically mapping
potential unstable slopes defined by the Washington Forest Practice rules (described below).
Before detailing tis subproject and results, some context is necessary to understand the need
for thissub-project, its objectives, and the taskendertaken The USQResearch Alternativg®)SC
TWIG2017)and OBM study desig(Dieu et al, 2018)documentsprovide detailed background
information for the US®roject, summarized here.

The overarching goals for forest management are specified in the dtatest Practices Habitat
Conservation PlagHCPYWADNR 2006as first enumerated in thé-orests and Fish Report
(USFW3999)

91 Provide compliance with the Endangered Species Act for aquatic and riparian dependent
species;

1 Restore and maintain riparian habitat to support a harvestable supply of fish;

1 Meet the requirements of the Clean Water Act for water quaktyd

1 Keep the timber industry economically viable in the state of Washington.

Within the Forest & FishReport and adopted asAppendix Lin the HCP Schedule {1 sets
performance targets for a variety of measuresneet reource objecties described therein

The performance target fothe measure of mass wasting sediment delivered to streadso
increase over natural background rates from harvest on a landscape scale enskigites’
Acknowledging thaactual measurement of this target is intractable, fy@cticalinterpretation

on the ground is to avoithe occurrence ofandslides with obviouforest practicegriggerssuch

as removing rooting strength from naturally unstable landforms and draining ditch water onto
steep slopes.

Washingto2 & C2 NB a (i spebdlfy toe(fdllaviig régdierteats:

WAG222-16-050. Clasd. + { LISOA | £ C apNisaiiah totcohtiuCtiore@S Y & X
practices involving the following circumstances requires an environmental checklist

in compliance with the State Environmental Policy Act (SEPA), and SEPA guidelines,

as they have been determined to have potential for a sufigthimpact on the
environmenkK (d) Timber harvest, or construction of roads, landings, gravel pits, rock
guarries, or spoil disposal areas, on potential unstable slopes or landforms described



https://dnr.wa.chariotcreative.com/files/documents/ScopingStrategy-Document-1710261704.pdf
https://dnr.wa.chariotcreative.com/files/documents/Study-Design-1710261877.pdf
https://www.dnr.wa.gov/programs-and-services/forest-practices/forest-practices-habitat-conservation-plan
https://www.dnr.wa.gov/programs-and-services/forest-practices/forest-practices-habitat-conservation-plan
https://www.dnr.wa.gov/publications/fp_rules_forestsandfish.pdf
https://app.leg.wa.gov/wac/default.aspx?cite=222-16-050

in (d)(i) of this subsection thaike the potential to deliver sediment or debris to a
public resource or that haethe potential to threaten public safety

To meet these objectives, sites need to be identified where:

1. t F yRaf ARSA 0KS aLRAOSYGALrt FT2NJ I adzmai
2T GaaSRAYSYy(d 2NJ RS0 N avethepotentialidahreate®publi a 2 dzNJDO
safety" and

2. forest practices can increase the potential for those impacts or threats to public safety.

A~ 7

The area precluded from timber production should based on best available science

I O0O2NRIyOS 4AGK GKS adrdsSqQa 1/t 32Kt G2 a1SSI
State of Washingtohi Therefore, potentially unstable slope areas need to be accurately
identified and precisely delineated to avaidnecessarily protectingreasfrom harvestthat do

not pose risks of substantiaésourceimpacts or threats to public safetyAlthough landslides

mapped within RILs often deliver material to stneahannels (e.g., Dieu and Toth, 2009, al

do, and some landslidgorone areas may be high hazardbut not necessarilyhighrisk. To

determine areas with a high risk, we must consider the likelihood of slope fadlndethe

potential for delivery to streams or threats to public safety aagources.

The Forest Practice Rules in Washington, VisAG222-16-050, identify the following five
potentially unstable slopes and landforms with associated geomorphic criteatamay require
forest practices prescriptionig deemed highrisk upon further assessmens RILS:

Tablel: Ruleldentified Landform (RIL) features that meet the specified criteria for unstable slopes and
landforms via WAE22-16-050.

(A) | Inner gorges, convergent headwalls, or bedrock hollows with slopes steeper than
five degrees (seventy percent)

(B) | Toes of deegseated landslides, with slopes steeper than thitttyee degrees (sixtjive
percent)
(C) | Groundwater recharge areas for glacial desgated landslides

(D) | Outer edges of meander bends along valley walls or high terraces of an unco
meandering stream

(E) | Any areas containing features indicating the presence of potential slope instability
cumulatively indicate the presence of unstable slopes.

RILsas definedby Section 16f the Forest Practices Board Man(Bbard Manual henceforth)
arethose landforms that can be readily detected in the field by practitionesse high relative
hazard and risk when compared to other landform clasaesl are inferred to be particularly
sensitive to applied forest practices.

TheBoard ManualSection 16, Pard.1 provides detailed descriptions of these featungsing
guantitative slope and slopbreak thresholds, qualitative convergence and curvature
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characteristicsand a geomorphic description based on topographic and field evidence of fluvial
or landslide erosional processes. Of the listed landforms, bedrock hollows and inner gorges
directly lend themselves to automated modeling techniquasnpared toother landforms that
require geomorphic evaluation and field identificatjiosuch as deepeated landslides or
Category E landform@ catchall designation for features with clear field indication of instability
that do not meet the other definitiong, seeBoard Manual)

Bedrock hollows are described aschanneledconcaveareas wherecolluvium accumulates by
creep processes and where shallow groundwater is focused during storm diBetsch et al.
1986) They are also identified asem-order basinswhich contribute to the channelized
hydrologic network. Thefail by landslide initiation on the order of once in thousands of years,
such that some of colluviuravacuates and the feature may be channelized until refilled with
colluvium. For thepracticalpurposes of forespractices, all concave featuresigh are of 70%
gradient or greater anavith a path into the channelized networatre protected as the bedrock
hollow landform; some of these are formed in unconsolidated materials such as glepcaits,
where bedrock hollows as technically defingdg.,Dietrich et al. 1986§lo not actually exisbut
where landslides in response to rooting strength loss are probable.

In the Board Manualinner gorges are describeals channefied valleys where an erosional
process creates steep side walls that are subject to shallow landslidieg/0%gradient as with
bedrock hollows, is used by forest practices, but there is recognition that procesgdr
threshold such that inner gorges are recognized below the ##0%sholdif shallow landslide
scars arebserved.Demarcation of inner gorges occurs along the upper edges of the side walls
where a breakin-slope shows the upper extent of failure activity forest practices, inner gorges
occur in any lithology and inclugenall, side hill features caused by repeated debris flow passage
(i.e., those below a bedrock hollow) or by fluvial erosion, and largbewbottom features
caused by the downcutting and undercutting of rivers.

Bedrock hollove and inner gorge are the most commorRlls, with one potentially occurring
more frequently than the other in specific watershed$ieif quantitative definitions often
capture terrain of the otheRILge.g., outside meander bends are really a type of inner gorge,
and a convergent headwall includes a concentration of bedrock hollawshey rely more
strongly onsubjectivegeomorphic interpretatior{e.g.,toes of deepseated landslides eroded by
streams may be susceptible to either shallowdeepseated landslides andhile the Board
Manual cutoff is 65%radient they often exceed 70% analsomeet theinner gorge landform
definition). In summary, w have an established setlaihdformcriteriaand runout guidancéor
inner gorges and bedrock hollenwbecausethey are very prevalent on the landscapad
mapping/modeling from their criteria covers other named RAssspeified in the Study Design,
Deep-seated landslides and Category E features arecawéred here



Since the RIL definitions were originally derived, new data sources and analysis tools have
become available. ThdnstableSlope<CriteriaProject uses thesenew data sources and taoio
address thecritical question:

What modifications to the unstable slopes criteria and delhasgessment methods would result
in more accurate and consistent identification of:
i.  unstable slopes and landforms,
ii. unstable slopes and landforms sensitive to foqasicticesrelated changes in landslide
process, and
iii. locations susceptible to impacts from upslope landslides such thedarse impact to
public resources or a threat to public safety is possible?

Ultimately, the objective of the USCProject is to evaluateRIL criteria and recommend
modificationsto improve RILmappingaccuray and consisteay. Specifically, th intent of this
project is to recommend modifications to the criteria that increasel#malslidedrate¢ of the RIL.

The concept of landslid&ate¢ stems from the Watershed Analysis Progréfifashington Forest
Practices Board, 2011) and thandslide Hazard Zonation (LHZ) Pro{e€®SAG, 2006yvhich
provided the basis for identifying specific features as landforms prone to landslidingslide
rate is simply the landslide density per unit timeandslide density is defined either as the
number of landslides per unit area or thendslidesurface area per unit area, with the two
versions oflandslidedensitybeing differentiated by their unét The LHZ Project used landslide
rate! to define susceptibility.

In 2017, the Forest Practise 2 NRQ&A [/ 22LISNI A PSS a2y Ald2NAy3x
/I 2YYAGGSS o6/ a9w0 FLINRGSR | a.Sad ! @rAtrofS {
agreement with the authors, the Timber, Fish, and Wildlife Policy committee (TFW Policy) chose

the researb alternativethat outlined a sequence of fiveesearchprojects to address these
guestions. The fiverojects of theselectedalternativeswere:

1. Compare/Contrast LHZ Mass Wasting Map Units witl RIL

2. ObjectBased Landform Mapping with Higtesolution Topography

3. Empirical Evaluation of Shallow Landslide Susceptibility and Frequency by Landform
4. Empirical Evaluation of Shallow Landslide Runanii

5. Models to Identify Landscapes/Landslides Most Susceptible to Management

Since that time, there has been some evolution of the sequence. Comments received during the
Independent Scientific Peer Review (ISPR) of the study design for this project (originally Project
2) encouraged th€roject Teanto fold Project 1 into the other project8Vhile designing Projects

14NF 0S¢ A& aAYLXe aRSyaArdGeé LISNI dzyAld GAYSI 6KSNB aGRSya;
landslides per unit basin area. Landslide density calculated from a landslide inventory collected over time can provide
an estimate of rateinventories based on landslides from single storm events can only provide measures of density.
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3 & 4, the sensibility of combining the two projects became appab&miause characterizing
landslide initiation sites and quantifying runout both require identification of landslidéthin
the Unstable Slopes Criteria Projecte wherefore now identify three sub-projects that
incorporate the objectives of the original five projects:

1. ObjectBased Landform Mapping with Higtesolution Topography (thsib-project),
2. Empirical Evaluation of Shallow Landsli8esceptibility Frequencyand Runout by
Landform (originally Projects 3 andd®usceptibility andRunou€ henceforth); and
3. Physical Models to ldentify Landforms and Shallow Landslides Most Susceptible to
Management (originally Project 5).
This document reportthe results othe firstsub-project¢ ObjectBased Landform Mapping with
HighResolution Topography (OBM)which details automated methods for mappitige RILs
specified in the study desigis thosecRS & ONRA O SR Ay 21 [/ (CategonywAFatl@ p 10 MU «
1) that will be used in latesub-projects As part of thefirst subproject, we alsodescribe a set of
manuallymapped landforms that weroduced andused to evaluat if the GBM methodscould
be tuned orparameterizedo match observed landform locatianAs is described in this report,
the OMB methods need to be tunaliie complete latersteps of the projectWhywe decidedto
compae OBMmodel resultsto a new, manually mapped dataseersus simply using the LHZ
Mass Wasting Map Units is described in iscussiorsection In the next sectionswe provide
backgroundnformation necessary to understanthe objectives and tasksf the first project

1.2 BACKGROUNILANDFORMM APPINGANDOBIA

Landform mappingincludes detecting, delineating, classifying, and recording land surface
features in visual and/or tabular data layers that can be used in a variety of scientific and technical
applications. Landform mapping traditionally has employed a suite of mamadomputational
techniques Manual methods typically yield haritawn or digitized, qualitative interpretations

of landforms based on topographic, thematic (e.g., geology, soils, land use), contextual, and aerial
imagery information. Computational techniques involweathematical derivations of land
surface features based on their geomorphometric (i.e., quantitative geomorphological)
characteristics. Computer models typically apply higéolution DTM products to delineate and
classify landforms based on geomorphometric variables like surface eleyagi@adient,
curvature, and roughness or texture (e.Glubb et al., 2014)ikau, 1989; Dragut and Blaschke,
2006; Passalacqua et al., 2010; Pelletier, 200&0d, 2009; Jenness, 2013).

Numerous researchers have developed computer algorithms during the last forty years to
delineate and classify land surface features using some combination of digital terrain and spectral
data at a range of geospatial scales, from individual landformsrtaiteor landscape levels, and

for a variety of academic and applied purposes (e.g., natural hazards, communal water supply



issues, forest management). Recent examples include -aatomated computational
delineations of:

1. landformtypes ¢ drumlins (Wang et al., 2017; Saha and Van Landeghem, 2021), gullies
6 R Q h-OltEanNsSet al., 2014), dunes (Puind Wicaksong 2021), landslides (Van den
Eeckhaut et al., 2012; Li, et al., 2015), channel networks (Sofia et al., 20hh)el
knickpoints (Gailleton, et al., 201%9podplains and terraces (Clubb et al., 20¥%8&xo-order
basins (hollows, Grieve et al., 2018)d roads (Sherba et al., 2014)

2. individual landformsg e.g., glacial moraines (Robb et al., 2015), geologic lineaments
(Yeomans et al., 2019), and Martian and lunar impact craters (Bue and Step0(ki,
Vamshi et al., 2016)

3. multiple, spatially contiguous landforngse.g., ridges, valleys, and floodplains (Geraet
Ugur, 2010) and

4. terrains e.g., karst (Zylshadnd Haryong 2013), loess plateaus (Lin et,&022), and
volcanic flows (Feizizadeh et al., 2021).

In the Pacific Northwest, serautomated methodg(i.e., analysis of terraielements such as
slope and curvature at the spatial scale described bya DEM)with forest management
applications have been developed to detect and clasmifassusceptible to shallow landslide
initiation and runout (e.g., Miller and Burnett, 2007, 2008), deepted landslide landforms
(e.g., Booth et al., 2009; Justice, 2021), and spatially contiguous landforms at multiple geospatial
scales (e.g., Shaw et &017).

Increasingly, researchers have turned to comptaatomated methods for landform detection

and classification because they can be applied efficiently across broad landscapes that might
otherwise be too challenging logistically and technically to map manudaladdition, computer

scripts can provide more consistent and reproducible results than individual manual mappers if
applied systematically across the landscape. Observer bias is inherent, to some degree, in any
mapping method, whether the observerfisld mapping landforms (e.g., Rollerson, 1997), hand
digitizing landform polygons on GIS data layers, or deciding how best to parameterize a
computational model. Once a computer algorithm is generated, however, it can be applied
objectively, routinely, ad transparently across a geospatial area of interest.

One method of automated landform detection and classification employs obgstd image

analysis (OBIA), or geographic objbased image analysis (GEOBIaith-surface imagery and

data are applied. OBIA originated decades ago as a technique for automating the partitioning and
classifying of homogeneous regions (i.e., objects) observedags<and other medical imagery.

Gl . L! SYSNHSR Ay (KS SIFENXe@& HnnnQa | &asurfaceYS G K2F
data (e.g., Darwish et al., 2003; Dua@nd Blaschke, 2006; Blaschke, 2010; Dragut and Eisank

2012). OBIA is distinguished from rasbersed methods for automating landform mapping by its

dzaS 2F RFGlF aS3aySyidalraAazy GSOKyAldzSa GKFG |33
geospatial data product). These techniques facilitate segmentingidéd objects at native data
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resolution (e.qg., pixel scale) or as grouped pixels. Objects are created by identifying homogeneous
regions within the image based on selected geomorphometric, spectral, and/or contextual
attributes. Homogeneity can be defined by spatial metrics (e.g.eabbgompactness and
smoothness) and by spectral values (e.g., relative intensities of lidar DTMscakyimages).
Objects retain statistical, geometrical, and nearasighbor relational data that allow them to

be directly delineated and classified aadimg to the chosen landform classification system
(Blaschke and Strobl, 2003; Gereskl Ugur 2010).

Dragut and Blaschke (2006) and Gerame# Ugui(2010) pioneered the use efCognition(Trimble

Geospatial) software in automating geospatial feature extragtimngcomputeralgorithms to

identify and isolate patterns in geographic dataand then classifyng specific patterns as

landforms. More recently, researchers have used eCognitiancomparable programming
software to apply OBIA methods on an expanding array of land sudatges

This report evaluates tw@®BIAbasedlandform mapping approaches: théirtual Watershed
(VW) automated model for landform detectiateveloped byTerrainworks 2015 (described in
section3.3) and anautomated model for landform detection and delineatitwy Shaw et al.
(2017)(Weyerhausermodel) using OBIA methods powered by e@iign software(described

in section3.2). TheUSGscoping documenfUSC TWIG 2017) and tGBM study design (Dieu et
al., 2018) specified OBIAmplemented using eCognitioas the method to use foautomated
landform mapping. An OBldased method was chosdroth because it is an established method
for landform mapping, as indicated by the citations above, bBadauseformer and current
Project Team members had extensive experience using OBIA for landform ma&haw etl.,
2017) Over the course of this study, the VW approach was added to providgpamsource
alternative to compare with OBIl&s implemented in eCognitioThe VW approach was chosen
becauset also has an established track record (e.g., Barquin et al., 201%rendf theProject
Team members has been involved in the conceptual development and software implementation
of the methods(Benda et al., 2016)

The eCognitionsoftware operates with aiserfriendly interface (e.g., for théess experienced
computer programmer) that facilitates data segmentation and classification using a large
assortment of documented tools for geospatial, spectral, and temporal (e.g., cliaigetion)
analysesTheS/ 2 Ay AUA2Yy dzASNB RSOSf 2L) aNHzZA SaSiae O6A DS
software capabilities in analyzing data at multiple scales and hierarchical levels, processing
multiple data types simultaneousbnd efficiently handling massive volumeshojh-resolution

data via a batch server applicatiorheWY modekvaluated in this repontisesOBIA methods to
segment, extract, and classify multigdidar DTMderivative products (e.g., surface elevation,
curvature, gradient) according to established geomorphometric criteea part of a
comprehensivemapping package of contiguously mapped landforms (e.g., RIL andRlbon
landforms) this process is described in detail in Appendix A


https://geospatial.trimble.com/en/products/software/trimble-ecognition

The goal of OBIA is to train the computer to emulate landform mapping conducted using
conventional interpretive remotesensing techniques but with the much greater standardization,
repeatability, and geographic transportability that comes with an estadtistomputer script or
ruleset. TheeCognitioapowered OBIA also allows independent users to generate identical maps
when using the same software package, input data, and transparent rulesets.

The Virtual Watershed takes an alternative approach, starting with identificatidgheasource

areas andransport pathways for movemerndf water, sediment, and organic materidlsrough

a watershed.The landscape can then be delineated into zones of differing process types (e.g.,
source, tramsport corridor, sink) andhese zonescan befurther sub-divided bysupply and
transport rate.Process (e.g., shallow landslide source areag)ply rate (e.g., relative landslide
density), and transport (e.g., debiffilow corridors) are inferred from terrain characteristics,
including toparaphy, substrate, landcover, and climate. Landforms can then be delineated
based oninferred or postulated topographic and substrate controls on the proceasdsrates

of interest, such aschannel networkgMazzeo et al., 2024Rodriguezastillo et al., 2018)
riparian zones (Ackat al., 2023)flood plaingBenda et al., 20113hallow landslide source areas
(Miller and Burnett, 2007), and deb#ilow corridors (Miller and Burnett, 2008 andform
mapping critically depends on scale for extracting and delineating landform features based on
terrain elementsused in geomorphometric analyses (e.g., topographic curvature and gradient;
Dragut and Eisank, 20)L Length scales or grid window sizes for surface calculations typically are
determined heuristicallye.g., Roering et al., 20L@Evans (2003) demonstrated convincingly that
the size and spacing ofdividuallandformtypes can beclustered around characteristic scales
relative to process thresholds and/or space available for landform evolution. He also stated that
specific landforms have characteristic dimensions and occur at different scales depending on a
hierarchy of landform tges and sizes. Consequently, length scales should be chosen to represent
the landform size being extracted.

1.30BJECTIVES ANDELIVERABLES

Section 1.2o0f the 2018 Study Design for this syiroject, (OBM) with HighResolution
Topography, stated two objectives:

1 Identify methods for consistent automated delineation of landforms using Geographic
ObjectBased Image Analysis (GEOBIAOBIA techniques and highesolution Lidar
DTMs, and potentially other data sources.

1 The automated landform modelwill provide the baseline geomorphic context from
which to evaluatdandslidesusceptibilityand runout, and iwill incorporate data from
processbased models to train the automated classification of landforms.

As described in this report, we sought to meet these objectives through developmewntoof
OBIlAbasedautomated modeling methods thatly on geomorphic characterization of terrain



features. One method uses image analysisvith classic feature extraction techniquesd a
secondmethodusesthe virtual watershed approach.

The study design specified the following list of deliverables expected from thisrejért, which
are all included in this report:

1. + SO0 2 N¥def & Shmaforin fm8ps as baseline GIS files for the pilot and three
additional study areas;

2. The frequency distribution and the statistics of topographic attributes describing each
landform;

3. Comparison of frequency distributions and statistics of topographic attributes between

manual and automated landform maps;

Tools for producing all topographic indices;

S/ 23yAGAz2y NUzZ SmaSida FyR O2RSAT | yR
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specific categories of unstable landforms as found at the project scale, the transferability

of such models, lessons learned, and recommendations for future research

o gk



2.0DaTA

2.1STUDYSTES
This study focused on sites four areas (Figurel): the North Fork CalawakVatershed

Administrative UnifWAU) (Sites 1A and 1B), ti\éllapa Hillsstudy area (Site 2) in the Stillman
Creek WAU, the ¢lvard Creelstudy area (Site 3) in the Howard Creek WAU and the Wishkah
study area (Site 4 which spans portions of the Lower Wishkah, Wynoochee River South, and

Chehalis Sloughs WAUSs. Hreject Teanselected a smaller section from each WAU to focus on.

We chosewo sites for separate exercises in the North Fork Calawah WAU.
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Figurel: Study area locationgn western WashingtonFigures 25 in this section show individual sites

at larger scales.
TheProject Team chosehie North Fork Calawah WASites 1A and 1Bis a pilot area because

cooperators from the Rayonier Corporation, including a qualified expert débades of
experience in RIL identificatiohad previouslyfield-mapped RILs in the area to avoid timber
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harvest on unstable slopes per WAC 222050. TheProject Teanthen chosehree other study
areas that:

1. Provided a range of topographic, geologic, and climactic characteristics
2. One or moreProject Teanmembers had field experience

3. CQurrent lidarwasavailabe for (see Table 2 for Lidar specificationashd

4. Could serve as landslide inventory data collection sites foipsaject 2

Table?2: Lidar information for each site.

Site Dataset Name XYZ Resolution Flight Dates / Info Citation

Washington Geological Survey, 2013,
Olympics North OPSW 2018 [lidar data]:
Collected under contract by U.S.
Geological Survey (USGS), at
https://lidarportal.dnr.wa.gov
Washington Geological Survey, 2013,

Multiple dates: 10/5/17 to 12/5/18

. H 2.
1A/18 |Olympics North OPSW 2018 |z 8 points/m?; 3 ftrasters {Olympic Peninsula Area 3)

> 8 points/m? (0.35 m spacing): 3 March 17, 2016 — June 6, 2017 Southwest Washington OPSW 2019
2 |southwestwa OPSW 2019 |~ rapllsters - PACINES: 2 | (south ADI from Western WA 3DEP |[lidar data]: Collected under contract by
project) U.5. Geological Survey (USGS), at

https://lidarportal.dnr.wa.gov
Washington Geological Survey, 2017,
March 17, 2016 — Sept 30, 2016 Narth Puget 2017 [lidar data]: Collected
3 North Puget 2017 > 8 points/m?; 3 ftrasters {North AOI from Western WA 3DEP |under contract by U.5. Geological Survey
project) {USGS), at
https://lidarportal.dnr.wa.gov
Washington Geological Survey, 2013,
Olympics South OPSW 2019 [lidar data]:
Collected under contract by U.S.
Geological Survey (USGS), at
https://lidarportal.dnr.wa.gov

Multiple dates: 2/19/18 —4/25/19

. . 2,
4 Olympics South OPSW 2019 |z 8 points/m®; 3 ftrasters {Olympic Peninsula Area 2)

Site 1A & 1B North Fork Calawah and Fahnestock Creek

The Project Team selected two study sites from the North Fork Calawah WAU. The pilot area, Site
1A, has an area of 4.2 square kilometéFsgure 2) Site 1B has an area of 1.34 square kilometers.
These sites have a mean annual precipitation of 309 centimeters per year since 2013 (PRISM
Climate Group, 2024).

The core of the Olympic Mountains is uplifting at approximately 1mm/yr (Pazzaglia and Brandon,
2001), creating a landscape of high erosion with steep slopes and thin soils. Correspondingly,
channel density is high, and most of the lowder channels rout@nto the larger tributaries (Dieu

and Shelmerdine, 1997). The bedrock in the study area dips northeast and is composed of
OligoceneEocene marine sedimentary rocK©Em) and quaternary alluvium(Qa) along
Fahnestock Creek. The marine sedimentary rocks ammposed of lithofeldspathic and
felspatholithic micaceous sandstone which is massive and well indurated; lesser siltstone, slate
and semischist slate/phyllite occur in thin lenses (Dragovitch et al., 2002).

An anticlineextends throughhe middle of the project area and a synclgdends alonghe west
side, both northwestsoutheast trending (Schuster, 2005). The study area is bisected by
Fahnestock Creek, whiflows eastto-west and into the North Fork Calawah River. The hillslopes
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along gorges feeding into Fahnestock Creek are predominantly steep, with slopes greater than
70 percent in most areas. The hillslopes in the northeast portion of the study area (north of the
creek) are gentler, between 480 percent. The highest elevatioase found on the ridges on the

east half of the site, and elevations decrease to the west toward the North Fork Calawah River.
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| Csite 1A
) Jsite 1B
Watershed Analysis Units (WAU)

Y

N

Quaternary e Syncline
A_] alluvium (Qa)

—— Anticline |
Oligocene-Eocene
marine sedimentary
rocks (OEm)

Figure2: Location map of Calawah study area, with the North Fork Calawah and South Fork Calawah
WAUSs indicated in bluand green,Site 1A indicated in re@nd Site 1B in purple (topMiddle figure
shows slopeshade and stream networlover the study area.Bottom figure shows geology and
structures mapped in the area.
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Site 2¢ Willapa Hills

TheWillapa Hillsstudy area (Site 2, Figure 3) has an area of 13.5 square kilometers and a mean
annual precipitation of 192 centimeters per year since 2013 (PRISM Climate Group,T2@24).
Project Team chosethis areadue to the inventory of fielebased landslide locations available
(Stewart et al., 2013).

The eastern Willapa Hillare comprised ofnumerous, broadconvex surface®f moderate
gradient Channeldenisty (i.e., stream length per unit area3 lower than at Site 1, primarily
because deep soils in exces2ai and regolith profiles of-20m are common (e.g., Stewart et
al., 2013). The surface materials facilitate the infiltration of precipitation, much of which is
retained as shallow groundwater until reaching larger chanwlere the water table intersects

the surfaceCollectively, these broad terrain characteristics of numerdwsadconvex surfaces,
low channel densitgnd deep soils/regolith suggest that thestéarn Willapa Hills are tectonically
stable and not experiencing uplift like Site 1.

The site is composed of lower to middle Eocene Crescent Formation basalt breccia, middle to
early Eocene intrusive gabbro and middle Eocene Cowlitz formatiomhd€Crescent Formation

flow basalt breccia consisg of fine-grained basaHapilli tuff, basaltic sandstone and
conglomerate, interbedded with submarine basalt flows, locally pillow lava (Walsh et al), 1987
The Pe Ell volcanics member of the Cowlitz formation consists of massive tbeoedd,
palagonitic basaltic lapilli tuff and tuff brae¢ basaltic sandstone, siltstone, and conglomerate
(Henrikson, 1956 Both the Crescent and Cowlitz formations have been mapped in the western
portion of the site wherehe units are highly fractured due to faulting on plateaus and benches

in the western portion of the site (Laprade, 199%vo normal faults are mapped in the site area,
oriented northeast and northwest, dipping down to the north at3% degrees (Laprade, 1994).
Stillman Creek runs nortbouth through the east side of the study area andgd_ittle Mill Creek

in the northeast corner. Elevation is highest in the west and decreases to the east and is lowest
along Stillman Creek and Little Mill Creek. Slopes are steepest along tributary slopes feeding into
the streams and landslide headscarfmw areas are greater than 70 percent.
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Site 3- Howard Creek

The Hbward Creelstudy area (Site 3, Figure 4) has an area of 9.9 square kilometers and a mean
annual precipitation of 269 centimeters per year since 2013 (PRISM Climate Group, 2024).

Bedrock in the study area is composed of Mesozoic metavolcaniqdotkand phyllite of Mt
JosephingJph) This bedrock is exposed at higher elevations where hillslopes of moderate to
steep gradients exist. At lower elevations, the bedrock is overlalarmslide depositéQls)and
Pleistocene continental glacial drifpgd)along the South Fork Nooksack River and the tributaries
that feed into it (Dragovich et al., 2002). These slopes are of low and moderate gradients with
narrow bands of steeper slopereated by both glacial (i.e., relict features) and modern erosional
processes.

The phyllite is composed of foliated graphite, muscovite or serguigtz phyllite with abundant
guartz veins or lenses. In some areas, it is interlayered with cataclastic sandstone, greenschist,
and blueschist. The metavolcanic rocks are composed a§Siermetabasaltic and basaltic meta
andesite flows, flow breccias, greenstone, dacite to andesite flows, tuffs, and breccia with argillite
interbeds. The Pleistocene continental glacial drift is composed of glacial till and outwash
sediments (clay, silsand, gravel, cobbles and boulders) (Dragovich et al., 2002).

Two faults have been mapped in the southwest portion of the study area. One fault has a
northwestsoutheasttrend, and the other is an easvest trending thrust fault with the upper

block on the south side (Schuster, 2005). The study area drains towards the Skagit river. Some
slopes along tributaries are steeper than 70 percent. The elevation is highest on thetadges

north and south of the study area and decreases toward the river running through the center.
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Site 4- Wishkah

The Wishkah study area (Site 4, Figure 5) has an area of 5.16 square kilometers and a mean annual
precipitation of 220 centimeters per year since 2013.

The bedrock in the study area is composed of Tertiary marine sedimentary rocks. At the highest
elevations, these are overlain by an iroemented alluvial material originally identified as
Quaternary old alluvium@oa)(Tabor and Cady, 1978) which forms an erosisistant cap; it

has been more recently identified adpine outwash of older pr&Visconsinan (Pleistocene)
origin (Qapwa) composed of deeply weathered sand and pebble grafigigan, 2003).
Quaternary alluviurm{Qa)occurs along the along the lower tributaries such as Van Winkle and
Bear creeks (Walsh et al.,, 1987). The study area encompasses the lower valley floors,
intermediate hillslopes of moderate gradient and deep soil formation where the Tertiary marine
sediments (Logan, 2003re exposed, and high ridges with oxvsteepened edges that are relict,
deep-seated landslide scarps (Othus and Parks, 2009) created when catastrophic failure extends
up into thealpine outwasht Slopes greater than 70 percent can be foamdchillslopes along the
tributaries feeding the creeks and are gentler along Bear and Van Winkle creeks.

The Tertiary marine sediments are composedsiity, friable feldspathic Astoria formation
sandstone (Mmk) and lithofeldspathic andfeldspatholithic Montesano formationsandstone
(Mm2s) & siltstone(Mm2t)(Rau, 1967)in the southeast area of the site, the bedrock is overlain

by Pleistocene alpine glacial drift composed of sandy gravel deposits with interbedded silt lenses
(Logan, 2003).
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2.2ECCGREGIONS
SitesA1B> H YR n Iff NBaARS gAUGKAY (GKS dab2NIKgS:
home to Douglasir-dominant coniferous forests with lesser Sitgauce, red alder and big leaf
maple, with salal and salmonberry in the understory (U.S. EPR).2Biles A & 1Blie within the
further-subdivided Level IV EgoS I A2y a[ 2°RSEO™NXBISAA | & -fich af dzi K.
NFAYTFT2NBalde oAGK 6SaidSNYy KSif.iSke@ishthél®éeli\Ad NBR
wS3A2Yy ¢ whizh Bdescibed as glacial outwash materials in areas with high timber
industry activity, that lie outside influence of marine processes and has lower stream flows (Pater
et al., 1998).

Site 3liesinthe Level VEecS AA 2y db2NI K / FA0FRS&a | A3KflyR C2
/ a0l RS&¢ NBIA2yS>S RSEAONAROGSR a adsSSLyx 3t OAld
Pacific silver firrmountain hemlock forestBater et al., 1998).ower elevations in Site &ein

western hemlock forest zone, transitioning to silver fir and mountain hemlock in the higher
elevations Franklin & Dyrness, 1973).

2.3TOPOGRAPHY

How do topographic characteristics differ between the four study sites? The shaded relief images
in Section2.1 provide a visual comparison. We can also compare quantitative measures of
topographic attributes measured from theT®l, four of which are shown by the bar charts in
Figure6. These reveal a rather striking difference betweste 1A and the other three sites: Site

1A has the largest channel dengithannel length per unit basin aréabhe steepest mean slope,

and by far, the highest density of zeooder basing with the corresponding smallest mean zero
order basin size. By these measures, the other three sites appear relatively similar, with Site 3
having a significantly higher channel density than the other two. Differences in the frequency
distributions of grdient are shown in Figuré. More than half of thearea ofSite 1A is steeper

than 70%, whereas at the other three sites, less than 20% of the area is steeper than 70%. These
modeleddifferences in topography translate to differences in the number and sizmef gorge

(IG andbedrock hollow BH landformsbetween the sites. Steeper slopes together with greater
channel length and number of zemyder basins per unit basin area suggest greater potential for
existence ofinner gorgeand bedrock hollowRILs Detailed descriptions of the topographic
indices are included in Appendix

2 Channel density was estimated using channel networks traced from the DTMs. Traced channel extent was
dependent on exceeding thresholds for flow accumulation times gradient squared, tangential curvature, and
deviation from mean elevation over a minimumvildength (30m). The thresholds varied with gradient to reflect
differing channeforming processes in steeper and flatter terrain (see Miller et al., 2015).

31 g I29NBRES NE o dredthay dradnd to thekuBslope extent of a channBedrock hollows form within zero

order basins. See Appendix
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Figure 6: Topographic characteristics of the four study sitéSite 1a= North Fork Calawah, Site 2
Fahnestock Creek, SiB= Howard Creek, Site 4 = Wishkah)
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Figure 7: Frequency distributions of surface gradient for the four study si{&te 1la = North Fork
Calawah, Site 2 = Fahnestock Creek, Site 3 = Howard Creek, Site 4 = Wighiae} indicate the mean.
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3.0MAPPINGVIETHODS

We used manuahnd automated mappingnethods to produce landform maps based on RIL
definitions and Board Manual guidance faner gorgeand bedrock hollowmandforms.Fourto
five Project Teammembers all experienced practitioner¢EP) independentlyconductedthe
manual mappingTwo of the Project Teammembersdevelopedautomated mapping methods
based on input provided by the entiferoject TeamTheEPshave a broad range @xperience
and backgroundsn modeling, field mapping and remote mapping,which created sample
diversity in these exerciseShemanually generatethndform maps were used in Phase 1 of this
study to compare with the computegenerated OBIA and VW landform psa

The computergenerated landform maps were produced usihgo approaches:an OBIA
approach described ifection 3.1.2and Appendix Aand aVW approachdescribed inSection
3.1.3 and Appendix BAlthough these methods useome ofthe same input data for mapping
landforms, they approach that task in different ways. OBIA uses waaghysis techniquesot
detect spatial patterns in topographic attributeslerived from the DTMRulesare specifiedo
delineate specific types of pattesnnto distinct zonesThese rules refleaxpectations of how
differences in topography differentiate landform typ&$e polygons encompassing these zones
are called objects and these objects are then classified into landform.typesvirtual watershed
approachworks with the same underlying DTM datand with the same topographic attributes
derived from the DTMo identify patterns, but it starts with the landform definitions and then
traces outthe zones that meet those definition&ey componers of those definitionsare
specifications of how landforms arelated spatially in terms fothe movement ofwater and
sedimentthrough the landscapeFor that, a virtual watershed first determiagatterns of
connectivityof all DTM grid pointwia surface flow paths and Euclidean distaritkese two
modelingapproachescan produce different outcomesThose differencesan help us identify
ambiguitiesor alternatives to usén our landform definitionsThe computergenerated OBIA and
VW landform maps were compared with manual mapping in Phase 1 and were evaluated with a
voting exercise in Phase 2 of this project.

3.1 MANUALMAPPINGMETHODS

Four mappers manually delineatgatential bedrock hollowandinner gorgeRILs based oWA

Forest Practicéefinitions(WAC 22216-050) in Sites 1A, 2, and4. An additional mapper, with
extensive field experience in the area, participated in an additional mapping exercise at Site 1B.
Themanually mappedandforms were used to compare with compuigenerated landforms in
Phase 1 of this project.

The manual mappers based their interpretation solely on topographic and geomorphic
characteristics observable in the DTWe did not useiéld evidence and other remote sensing
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products.We visualizedhe terrainusing3-foot (1-meter) resolution lidar derivativesncluding

a multidirectional hillshade overlayed with-fdot contours and coloredslope classes(%
gradient)usingthe followingslopeincrements 6(0%to 70% 70%to 80% 80%to 90%and >904

The manual mapperagreed thatat least half of the landfornpolygonneededto containslope
pixelswith values greater tha@0%to be considered a hollow or inner gorgm addition to the

Board ManuaRIL @finition. The team used a common, poefined channel head dataset (see
Appendix B) and completed all mapping at a scale of 1:500 for the secondary mapping effort in
Site 1B.

3.20BIAVIAIMAGESEGMENTATIONNDQLASSIFICATIGMVE YERHAEUSERDE) METHODS

As a proof of concept faapplyingOBIAmethodsto delineae landforms we opted tousean
available model developed by Weyerhaeussghnical staf{herein referred to as OBI&Shaw et

al., 2017). This modekmploys an objectbased approach to classify landforms using a variety of
image analysis tools that allow us to mimic the interpretation process an expert usesutily
identify and delineate landformsvith digital magery Visual recognition of a landform is
subjective and at times difficult to communicat@nd it is even more difficult to translate into
rulesetsor computer script{Van Den Eeckhaut, 2012). We kndvowever,that experts can
conceptualize RILs using only derivativesigiirresolution,bare-earth lidar data(e.g.,hillshades,
hillslope curvatureand gradient) We also know that landforms contain sevegyhlsicafeatures

with significantly different morphometric characteristics. Therefore, our maslelesigned to
delineate andclassifylandforms based ommathematical derivations okey morphometric
parameters (e.g.surface elevationgradient, curvature see TableAl, AppendixA) that can be
derivedfrom DTMs using image analysis toolShe OBIAmodel has been applied regionally (in
Washington and Oregon) across landscapes with diverse terrain characteristics because it uses
only one rulesewith one set of parametersThe OBIA approach enables extraction of features
without using any additional datée.g., landslide inventorseor valles extracted from manual
mapping products) to calibrate the modeConsequently, theOBIA model generates an
independently derived suite of landforms that subsequently can be compared geospatially with
landslide distributions, mapped landforms, and other types of thematic data.

The OBIA modetakes advantage of thhierarchical, statistically basexhalytical capabilitiesf
eCognition software tool® extractand classifyeatures Basic modestepsinclude

1. creating data layers used in the analysis, including lidar derivative (g:gls gradient and
curvaturecomponents based on definitiodsund in Florinsky, 208);

2. segmenting an imagée.g., of a curvature grid) intmulti-scaleobjectsby groupingor
aggregatingixels according tgpecifed threshold valuege.g., convergent vs divergent
slope forns), asshownin left panel of Figurg;

3. cdlassifyinghoseobjects using statistical data values, geometrythair relationship(e.g.,
adjacency}o other objects asshownin right panel of Figur8; and,
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4. assigning landform namese extracted objectdased on RIL definitions and criteraaur
classification schemalsoincludes norRIL featurege.g., ridges)hat were extracted first
in order toisolate theRILUandformsconsidered for thisub-project(bedrock hollows and
inner gorges).

Segmentation Classification

N1
Green - Inner Gorge
Blue Outline - Object Boundaries Red - Bedrock Hollows
Blue - Stream
Brown - Road

1: 4800

Figure8: Fundamental image analysis processes; segmentation and classification at Site 1B. Hillshade
shown as background.

We approackd the RIL feature extraction process by building decision trees similar to what
experts may use. For example, experts can determine when a chadjaalent hillslope is being
actively incised by usingppographiccriteria that include the presence afteep, very tightly
confinedhillslopes immediately adjacent to a channel, and evidence of a distinct gradient break
that defines the upslope extent of the steep hillslopwever, the upslope gradient break is not
always crisp or continuous, and chanaeljacent steep slopes are not alwatggpographically
uniform. An expertis forcedto decide how and when to connect segments of steep slopes as one
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spatially continuous feature. Visual interpretation allows experts to demarcate these inner
gorges by conceptually drawingantinuousline along the hillslope, even though the pattern of
slope steepness and the slope break can vary significantly (Van Den Eeskbgu2012). The
human brain is further able to distinguish features that are not inner gorges such as bands of
bedrock outcrops that run perpendicular to the stream chanirekge processing techniquées

this workflow suchas pixel segmentabn, object classificationgclassrelationship to neighbas;

and use of multscale datao help identify discrete boundarieslow us to replicate the iterative
process experts use when delineating landforms.

The main objective of th©BIA process is to design a classification scheme that identifies and
integrates the geomorphic signatures of the landfori@tasdication is accomplished hytilizing
multiple image analysis tools including neighborhood relationships of pixels and oljjects.
example,classificationof objecs asWL y Yy S Nis liasedNdhtBe®d steepness and immediate
proximity toa stream. We also integrate processes where we classify seed clustgroups of
pixels with homogeneous propertieghat are significantly different frontheir neighbors(e.g.,

long, flat, and narrow objectéike road9x 'y R (KSy 3INRg¢ GKSY 2dzi
statisticallydifferent or are best described using data at a different s¢alg.,landingsg an
expansion of a forest roaw create additionalevelareas necessaryor deckinglogs and loading
trucks). We analyze data on hierarchical lé&s/& evaluate membership to features extracted at
different scales for example we can model whether streams are contained within tightly
convergent hillslopes. We also consider geometric shapes of extracted features, most notably
length and width relationshipgo determine if an object is compact, esthe casewith bedrock
hollows, or if it is long and narrow like a tightly confined and steep headwater channel. We build
the model using a sequential classification routine that begins by extracting features on the
landscape that could either interfere with or aid ihet classification of our target features,
bedrock hollows and inner gorges. Thigproachis like how an expert would interpret, for
instance, where the stream channel initiafjaa order to define the lowermost extent of a
bedrock hollowNon-RILfeaturesextracted in this model include large terraces, valley bottoms,
landslide benchestreans, ridges and roads. Once extractethese features are not considered

as candidates for future classifications.

The ruleset developed for th&ib-project containsan extensive collection cfegmentation and
classification algorithms to allow for analyses at multiple spatial scdlés. numerous
mathematical and statistical methods employed by eGigm are described in peereviewed
literature and additional documentation maintained by Trimlgftwood et al., 2016Saha &
Landeghem, 202MVitharana, 2014Zangana et al., 2023Jser input required taun the model

is limited to parameter threshold values (e.g., 7§fadient thresholds for bedrodkollows) and
length scales, or grid window sizes, over whigiagticularparameter is analyzed. These values
along with further description of the methodye provided in Appendi&.
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3.3VIRTUAIWATERSHEMI ETHODS

In addition tothe OBIAmModel, we also implementedch geomorphically oriented approach based

2y GKS O2wi@dSvalérshedt d . aNJjdzAy SaG £ ®X wHnawmpilm . SyRI
ArcGISusing NetMap tools (Benda et al.,, 200%)A virtual watershedenables geospatial
simulation of watershed processes and human interactions (Figlrgé&)umeraing watershed

landforms linked explicitly to a DFMaced channel network (Miller et al., 2015 virtual

watershed is characterized by five analytical capabilities:

1. Landform characterizatiarEvery cell in a DTM is characterized by its geomorphometry
(e.g., gradient, curvatures) and its topography (aappgraphicposition (Weiss, 2001)
landform type, and location relative to other landform types).

2. Discretization Channels, floodplains, and hillslopes are discretized into facets of size
appropriate for the analyses performed.

3. Attribution: All facets and channel segments are assigned the suite of attributes required
for the analyses performed.

4. Connectivity Flow paths are determined from every DTM cell to the basin outlet or a
nondraining closed depression.

5. Routing Ability to transfer information up and downstream over all channel and hillslope
flow paths.

4 The data structure and analysis tools for a virtual watershed are implemented in arsopece Fortrardibrary
(https://danmillerm2.github.io/NetStream_Doc/). Programs from this library are used in R scripts developed as part
of a research compendium for the UBGject (ttps://github.com/DanMillerM2/UnstableSlop@gs
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Figure9: Steps in construction of a dataset for a virtual watershed. These data structures utilize multiple
connectivity pathwaygdiscussed in Appendix Bjcluding: (i) river connected, (ii) Euclidean distance,
(iii) slope distance, (iv) gravitgriven flow paths, and (v) modified slope distancérom Figure 3 in
Barquin et al., 2015

We useal the NetStreamsuite of tools [ttps://danmillerm?2.github.io/NetStream_Dog/ for

creating and using a virtual watershed, with which we can delineate bedrock hollowaed

gorgelandforms using the RIL definitions in WAC-28®50 and the descriptions in the Board

ManualSection 1% There are two approaches for delineating these landforms. One is to specify

the landform definitionsa priori based on the Boarf{lanual descriptions. The other is to

calibrate the definitions so that the delineated landform polygons best match those drawn by
experienced field practitioners. We usbéoth.

Delineation of landform boundaries relies heavily on variations in the greumhce gradient.

Field measures of gradient are typically made with a clinometer sighting to a tergiahg either
upslope or downslope. In vegetated terrain, it can be difficult to see a target much more than
about 15 meters away. For the virtual watershed analysis, we measured gradient on the DEM in
a similar fashion. Gradient at each DEM grid poias\wneasured looking upslope 15 meters and
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again downslope 15 meters (slope distance), as described in Appendix E. Each DEM grid point
thus had both an upslopwoking gradient value and a downslefmoking gradient value.
Differences in these values were used to identify slope breaks.

The scheme for delineating hollow amher gorgelandforms described above and in Appendix
Brelies on a channel network traced from a DTM. Methods used are described in Miller et al.
(2015). A key factor determining characteristics of the resulting network are the criteria used to

set the upslope extent of the traced channels. For this case, because delineated hollows are
limited to within those areaflowing directly into unchannelized flow pathsii KS & RNJI Ay | 3§
that delineate the hillslope contsuting area to a point in the traced channel network, Appendix

B Figure B2)he traced network needs to extend beyond likely chardmed locations and into
unchannelized swale3hese unchannelized swales are referred ta@®-order basing

With highresolution lidar DTMs, channels can often be detected dire€tlyensure that only a

single flow path is traced upslope of the likely channel headusedtopographic indicators to
RAFTFSNBYUGAIFIGS SNEPRa&A 2 Dietfich ét aINPOOSHEaCIeanRet ¥, 20915 ¢ 0 S «
Montgomery, 1999). These transitions are identified using inflections in slogee plots thought

to indicate the transition of planar and divergent hillslopes to convergent swales to eftdwis

corridors to fluvial channsl(e.g., ljas¥asquezt al, 1995; Stock and Dietrich, 2006) and can

be used therefore to identify sloparea thresholds for tracing the upslope extent of a BDTM

derived channel network.

Clarke et al. (2008) describe an approach for calibrating a contribatieq threshold, with

optional slope dependence, using adiog plot of channel density as a function of the threshold

value. An inflection in the plot (Figure 3 in Clarke et al.8200here the rate of change of channel

density starts to increase with decreasing threshold value, indicates the threshold below which
GOKIFyyStaé IINBE GNIOSR Ay LINRFdzaA2Yy 2y G2 LIyl
network (Montgomeryand FoufoulaGeorgiou, 1993). Within the resolution of the DTM, this

inflection indicates the contributingrea at which planar and convex hillslopes transition into

concave (topographically convergent) landforms (Montgomery and Foufdat@giou, 1993).

Thus, the threshold identified with the inflection in the area versus chadasesity plot provides

a lowerlimit for tracing channels that extend through zesader basins.

Using thresholds near or below thaflection pointOl y> K2 gS@SNE NBadzZ & Ay
traced channel networkvhere multiple channels are traced through a single holldw preclude
feathering, we first identify all potential channglitiation points for a specified threshold value,

5 Channels may extend upslope into a zerder basin after a debris flow scours soil down to bedrock. This
channelized condition persists until accumulated soil and woody debris refill the channel. We @eatmest of

the time, zereorder basins are unchannelized because the recurrence interval for debris flows is greater than the
time for the scoured channel to refill.
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sort these from highest to lowest elevation (or optionally, from highest to lowest contributing
area), and then, working from the highest to lowest points, remove all neighboring points within
a specified radius. We set that radius to what we estirdas the lower crosslope width limit

for a hollow landform, which may vary with terrgifiable B1, Appendix B1

With this scheme, hollows are limited to those areas draining to unchannelized flow paths and
inner gorges to those areas draining to channelized flow paths, so we still need to identify the
transition from an unchannelized to channelized flow path. Tiasdition occurs at the channel

head, a key geomorphic feature for deciphering landscape development (Dietrich and Dunne,
1993; Wohl, 2018). Much effort has been expended in finding ways to identify chheadl
locations using remotely sensed data (eAnderson, 2019; Avcioglu et al., 2017; Clubb et al.,
2014; Garrett and Wohl, 2017T;ashermes et al., 200Z;j et al.,, 2020; Metes et al., 2022;
Passalacqua et al., 2010; Pelletier, 2018 OT { 2¢al1t SiG Ff ®X WanumT { KI
Shavers and Stanislawski, 2020; Wu et al., 2021; Zhang et al., 2021). Such efforts are challenged
by the transient nature of channel heads, which can migrate up and down slope depending on
recent gorm, fire, and debridlow activity BM16,Dunne, 1991; Hattanji ela2021; Hyde et al.,

2014; Wohl, 2013)Were channehead locations static over time, we may find ththey are
associated with specific topographic thresholdaiven their transient naturechannethead
locations are appropriately characterized using distributions of topographic attributes (Zhou et
al., 2019).

We lack field surveys of chanrAstad locations with which to define such distributions, but we
can specify that modeled channel heads need to occur at or downslagpe afianuallymapped
bedrockhollows. Thus, the distribution of slog@ea values along the traced flow paths where
they intersect the downstream end of the manually drawn hollow polygons provides a basis for
choosing a sloparea threshold value for channel heads.

With this scheme, RIL polygons are delineated using concepts familiar to field practitioners and
consistent with BoardManual descriptions. Hollows lie within steep swales draining tefcker
channels and inner gorges on steep chanpelfloodplainadjacent slopes and extend upslope
to a slope break. We can define the charhebd and slope thresholdspriori, however, in this
study, we adjustd their values to best match manually dravemdform polygonsdelineated
based onthe criteria derived from RIL definition§Ve adjustéd the length scale over which
gradient and curvatures are measurdcilibration of these thresholdbased on the frequency
distribution of topographic attributess discussed in Sectidrn2 2. For both automated methods,
the ability to calibrate model outpute better matchobservationswill be used in thsubsequent
sub-projects. Here we adjusted model parameters to better match the range of topographic
attributes that characterizedandform polygonsirawn by experienced mapping practitioners.
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With the next subproject, Susceptibility and Runguwe can adjust model parameters to better
match the range of topographic attributélsat characterize landslide locations.
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4.0BV/ALUATIONDFMODELEMAPPRODUCTS

For this project, the modeled landform maps aim to reasonably represent EP would prbaditice

without field verification The Project Team initialy intended to produce manual maps of
landforms, based on RIL criteria, that could act as a reference map for the modeled landform
maps to assess theaccuracy The Project Teanevaluated the landform mapproduced by

automated mapping methods two phases. In Phase e compare the automated mapso

landform maps manually produced BEyandto the mapsof one EP selected by tlioject Team

through a consensus exercibe 2 S | f a2 S@FfdZd §SR GKS @ENRALI OACf
characterized the variability betwe@emappers in a way that allowed comparison with the
automated mapping products. We developed a sequence of consensus exercises for this sub
LINRP2SOG G2 O2YLINB (GKS 9t Qa fFyRF2N)Y YI LA (2

In Phase 2, the Project Team evaluated the landform maps produced by automated methods in
a consensus exercise, referred to in this report as the Voting Exercise. The methods and results
for each of these phases are described below.

4.1 PHASEL ¢ MODELE/ALUATION VIMANUALDELINEATIOKGOMPARISON

4.1.1PHASEL METHODS

Phase 1 of this project aimed to ass#ise consistency between manually mapped landform
maps and landform maps produced &ytomatedmethods.TheProject Team also evaluated the
variability among EP delineations of bedrock hollows and inner gorges by comparing
independently mapped landform polygons across four study areas. To evaluate mapping
consistency, the Project Team employed a rudtied approach that included pairwise
comparisons of mappe polygons, votingpased consensus exercises, and spatiaéemgent
analyses using confusion matricéfe implemented thesanethods to quantify the extent of
agreement among mappers, identify sources of divergence in landform interpretation, and assess
the alignment between EP delineations and comptgenerated landform predictions. By
examining overlap in mapped areas, topaghic attribute distributions, and EP voting patterns,
the team sought to isolate procedural differences, evaluate the effectiveness of defined mapping
criteria, and improve consistency in twe mapping exercises.

4.1.1.1Comparison of EP mapped landforms

All four mappers producededrock hollowandinner gorgelandformmaps for each of the four
study sitesWe comparedthese mapsising pairwise overlays of the mapped landform polygons
and image analysis techniqgués measure the degree of agreement between each pair of
mappers.These results motivated a closer look at the mapping techniques used by each EP.
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At Site 1Athe Project Teamused othemmethods in addition to the pairwise overlays evaluate

agreement among mappets Ly adiSIR 2F f221Ay3 |4 GKS I NS}
landform polygons, wéookedat how often manualmappers did or did not delineatebedrock

hollow polygonin the same areaBecause we wanted sites that could be delineated as bedrock

hollows by the mappers, we randomly selec&®Ipotential bedrock hollowpolygons generated

by the virtual watershed model and pbtential bedrodk hollowpolygons generated by the OBIA
model.We caunted the number of times a mappérew apolygon at a site that another mapper

drew one, and how often a mappelid not draw a polygon at a site that another mapper also

RAR y2i® 2SS 02YLI NBR SISOKOKY I2LOLBSSNNOES  LA2yT RRAIZRAYRAdZ |£
number of times they agreed

As another way to identify the sources of variability amongst thenappess’ polygon sets, we

conducted a spreagheet comparison of manually mapped polygons wittiie same 47

randomly selectededrock hollowt NBI & Ay {AGS m! @ Ly GKS SESNDA
Gy2¢ F2N St OK 2 bediodk SollowRIM d2lf fefI2 yRNI dy aeéSaé¢ @20
the mapper felt the polygorouldaccurately delineate and represent the bedrock hollow in that

area.We used the results of th exercise to evahte agreement among mappers in terms of
GeSaeg 2N ayz2¢é¢ @g20Sa G BtwoOKapeFagraed Sat thésiel &8 @ C2
represented dedrock hollowRlL, that would count as an agreement between those two at that

site. We did these comparisons individually against all other mappers.

In an effortalignthe 9 t @a&apping criteria, the Project Team filled out a spreadsheet shown in
Appendix D. This exercise ensured the mappers were all using the amameters(scale,

planform curvature, inner gorge slope breaks etpgcified within the rule definitionsThe

mappes alsod St SOGSR ¢6KAOK YI LIISNDa L2 mosthgyfatef N2 Y
delineated and represented thieedrock hollowRILfor each site The Project Team conducted

GKA&E SESNOAAS G2 [F3INBS 2y 6KAOK 9t Qa I yRTF2NY
an adequate RIL delineatiofieam discussions enabled them to identify in what way the selected

9t Qa (22fa FYR YSUK2R&a& @I NASR TFhiNd tHesdiekefcisd¢S a 1 2 -
the team then recalibrated their mapping methods direpeated thanappingexercise in a new

area (Site 1B) in an effort to increase consistency among their landform maps.

We extended he visual inspection and voting exergiasing the same selected locations at Site
1A to computergeneratedbedrock hollowlandform polygons This provided a measure of
agreement by the mapping team with the comput@odel resultsand showed that the
computer models were drawingotential bedrock hollows and inner gorgeghere none had
been identified by any of the mapperg&ach member of the mapping tearthen visually
examineda set of such computeid Sy S NB dz8 Rpblddid, with no mathing mapper
polygons, andvoted on whether they thoughthey represented an actual potentidledrock
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hollow or inner gorger not. The initial voting exercise was done in Site 1A, and using this site
again allowed us to compare the agreement among manual mappers to the agreement between
the manual mappers and the computerodel results.

4.1.1.2Confusionmatrices

Confusion matricesre tables used to visually represent the performance of a classification
algorithm or model. Here we use confusion matrices not as a measure of model performance,
but as a means of comparing one set of landform polygons to another; specifically, we can
compare one EFY | LILISNX & LJ2f & A 2WIaALILISAND B Y ARK SN2 98 2 NJ
generated by the computer model$o generate a confusion matrix, we overlay the two sets of
polygons and measurffeur types ofoverlap®described in Tabldbelow. We refer to one mapper

Fa GKS GaNBFSNBYy OS¢ | yR (46&del puipkts ABth¥ compadsbiE 2 NJ

Table3. Confusion matrix term definitions as used in this project.

Type of overlap Confusionmatrix term
The reference and comparison polygons overlap True Positive (TP)
The comparison has a polygon, but the reference does not. False Positive (FP)
Neither the reference nor the comparison has a polygon True Negative (TN)
The comparison does not have a polygon, but the reference.doe False Negative (FN)

Note the following relationships:

TP + FN = Total area of refereritiépolygons

FP + TN = Total area of reference i zone

TP + FP = Total area of comparison RIL polygons
FN + TN = Total area of comparison+#dh zone
TP + FP + TN + FN = Total study area

A confusion matrixvasconstructed using the four valués Table4. Summing across rows gives
the area mapped in each class (RIL or-Rdl) in the reference map; summing down columns
gives the area mapped in each class in the comparison Thagables were produced using only
one landform type, either bedrock hollows or inner gorges.

6 For the examples here, we measured the area of these four types of overlap as follows: 1. Rasterize theestudy
polygon using the DTM as a template. 2. Rasterize both the reference and comparison RIL polygons, again using the
DTM as a template. 3. Ovay the three rasters and go through pixel by pixel. Where there is a-stedypixel but

no reference or comparison pixel, the pixel is a True Negative. Where there is sastadyixel, a reference pixel,

but no comparison pixel, the pixel is classiféss a False Negative. Where there is a stuga pixel, a comparison

pixel, but no reference pixel, the pixel is classified as a False Positive. Where there isaedupixel and both a
reference and comparison pixel, the pixel is classified as@Hagitive. Each pixel has a horizontal surface area of

~1 square meter. The number of pixels in each of the four classes determines the area in each class.
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Table4. Confusion matrix terminology definitions as used in this study.

Comparison Mapper (EP or Computer Model)

RIL Non-RIL
Reference Mapper RIL True Positive (TP) False Negative (FN)
Non-RIL False Positive (FP) True Negative (TN)

A variety of singlevalued metrics have been defined for summarizing information in a confusion
matrix, each focusing on different aspects of the relationships between the four types of overlap.
We use four metrics to summarize relationships between ttfenence and comparison sets of
polygons: accuracy, balanced accuracy, recall, and precision.

Accuracy tells us what proportion of the tottlidyarea the reference and comparison mappers
agreed on. It is defined as:
W YO Y0 0 DY 000 O SDB & & YOI
CWWOT WHFNE 00 00 "YE 0@iaQWODb0 € & Y 0D
GKSNBE dal GOKSR wL[£¢ AYRAOIFIGSA GKS IINBF 2F 20S
YR dGalNonRIESRYRAOF1Sa GKS FNBI 2F 20SNXFL) o0Sa
NonRIk. For our study sites, all mappers interprabst ofthe area mapped allonRlIl.in some
cases, by more than 90%. This large difference in the area mapped as Rin&ittenders this
measure of accuracy less informative. Even if the comparisonimeapmled no RIL.$t would still
match the majority of the area mapped adlanRlIln the reference map and the accuracy would
be high.

I AAYLIX S FEOSNYIFGAGBS YSIEadaNBE 27T (Tiaddvdzg\NeDEne > NBF
provides a better measure of the agreement between the two classes. Balanced accuracy
separates the RIL amMdbnRIlareas and treats agreement between the reference and comparison

maps for each equally. It takes the proportion of the reference RIL area matched by the
comparison map (TP/(TP+FN)) and the proportion of the referdlweRllarea matched by the
comparison map (TNIN+HB), adds them together, and dividdy two:

TP TN Matched RIL 4 Matched NonRIL
TP + FN T TN T+ FP _Reference RIL " Reference NonRIL

2 2

Balanced Accuracy =

For the large differences in RIL addnRIlarea found at our study sites, if the comparison map

had zero RIL area, the balanced accuracy could still approach 50%. This provides a more
informative measure than the nearly 100% value that accuracy indicates. We report values of
both accuracy and bateed accuracy in our comparisons among mappers and between mapper
and computer.
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Recall tells us the proportion of the reference RIL area matched by the comparison map. It is
defined as:

TP _ Overlap of Reference and Comparison RILs
TP + FN Total Reference RIL area

Recall =

In the context of the reference map, higher False Negative values will produce smaller recall
values. Measures of recall prioritize the false negatives, which show up in the denominator.

Precision tells us the proportion of the comparison RIL area that matches the reference RILs. It is
defined as:
- . Y0 00 Q1IN QQI ©& NG/ OIINOEI(E
01 Qb0 ﬂ%eﬁ—\e{— o Byip D01 BE BRa Qo
|~ 1100 Y¢ abceada n @i INGOEE €Q w
In the context of the reference map, higher False Positive values will produce smaller precision
values. Measures of precision prioritize the false positives.

For all these measures, values of lifidicate a perfect match and valsef zero indicate no
overlap of the RIL area between the reference and comparison maps.

4.1.1.3Elevation derivatives

We sought to identify source®r the poor spatial alignmenby examininghow the frequency
distributions of topographic attributesvithin the mapped RIL polygongaried among mappers
and field sitesThese topographic attributes were calculatediasivatives othe elevationvalues

in the DTMsspecificallygradiert, curvature and contributing areaWe compared the maps, in
terms of the topographic attribute ranges used by mappers, usiaquency distributions.
Similarities and differences in these frequency distributishew how consistent mappers (and
computers) areamong themskes and across study sit@s applyingthe topographybased
criteria for delineatingRILs Detailed descriptions of the elevation derivatives can be found in
AppendixE

4.1.1.4Voting: Consensus exercise among manually mapped polygons

We then focused specifically on Site 1A to identify differences in the mapping protocols used by
individual mappershat could be sources of inconsistendyhe mapping team visually inspected
and voted on sets of randomly choséedrock hollowRIL polygons to identify the polygon
features and mapping protocols that produced the set of polygons agreed by the team to be the
best. With a more standardized set of protocols, the team then produmttock hollowand

inner gorgeRIL maps for an additional studsea, Site 1B.
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hollow polygons for a randomly selected set of 47 potentiatirock hollowsites. These sites

were identified by randomly selecting modeled potential bedrock hollow polygons, from each
computer model, at Site 1A (Figut6). In these polygons, there could be one bedrock hollow,

many bedrock hollows, onone. At each of the selected sites, each mapper examined the
manually drawn polygons drawn by all mappers for that site as well as the comgpenerated
L2fed2yad ¢KSe @2GSR adaeé&Saé¢ 2-dehetate@rapped/polygdn G KS @
represented a actual bedrock holls | § GKS &aAdGS FyRT AF Al RARZ
L2t ed2y 6SAGKSNI I RAFFSNBY (G YIFLILISNDE 2N G§KSANJ
and extent.

[J VW RIL Polygons
OBIA RIL
Polygons

0 500 1,000
e Meters

Figure10: Location of randomly selected bedrock hollow areas mapped by OBIA (red) and VW (blue).
See Figure 2.1A in Appendix A for site location (SiteoNorth ForkCalawal).

Comparison with Site 1B and Calibration of Automated Methods

For the voting exercise described above, the OBIA model was based on the rule set described in
Shaw et al. (2017), where landforms are delineated by {itlaived geomorphometric
parameters (e.g., slope shape and steepness, flow accumulation). Landfossesclavere
modified from this ruleset to align with the Board Manual definitions. The VW model used
parameter values based on the RIL descriptions in the Board Manual. Following the visual
inspection of the modeled polygons, we modified the OBIA ruleset e VW threshold
parameters to produce better visual alignment of the modeled polygons with what the mapping
team viewed as appropriatoking RIL polygons. We used a heuristic approach to modify the
OBIA rule set with a focus on the geometric shapextfacted polygon and spatial relationship

to the stream. We implemented changes to consider the issue of multiple bedrock hollow
polygons being mapped as a single feature and to refine edge extraction methods used for inner
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gorges. We modified the VW parameter threshold values for gradierto«omwn-slopelooking
gradient ratio, tangential curvature, and the proportion of a polygon with gradient less than 70%
based on visual inspection of the frequency distributions ofttip@graphic attributes associated

with the mapped RIL polygons at Site 1B, shown in Appendi¥e&hen used these updated
models to produce modeled bedrock hollow and inner gorge RIL polygons for Sites 1A, 2, 3, and
4.

As described in Section 3, a virtual watershed data structure provides a means of delineating
landforms based on geomorphic relationships. We initially defined those relationships based on
interpretation of the RIL landforms in the Board Manual, but afseeing the frequency
distributions of gradient, curvature, and other topographic attributes encompassed by the RIL
polygons delineated by our team of mappers for Site 1B (Appendix G), we decided to set
parameter values based on those distributions to calib the model and then extrapolate that
calibrated model to the other four sites.

The cumulative frequency distributions and description of variability between mapped and
modeled polygons for these topographic attributes can be found in Appendix G.

4.1.2PHASEL RESULTS

In Phase 1, we implemented several methods to compare manual map products and evaluate

consistency. These evaluations are summarized here and described in detail in Appendix C.
Figures C1 through C8 in Appendix C show all mapped RIL polygons of both models and all
mappers.

Using confusiomatrix derivatives of accuracy, balanced accuracy, recall and precision, we
identified how closely the mapped polygons aligned spatid#fly.used maps showing the overlap

of the bedrock hollowandinner gorgepolygons drawn by all four mappers, at each of the four
study sites, to construct a confusion matrix for each of the 12 possible pairs of mappers. From
these confusion matrices, we calculated values for accuracy, balanced accuracy, recall, and
precision br each pair of mapper@Appendk C) We found more variability in the manual maps
than we had expected, which motivated us to look for sources of variability.

4.1.2.1Manual Map Consistencgt Site 1Aor North ForkCalawah

Shadedrelief imagesshowing thepotential bedrock hollowpolygons drawn by each mappef

the four who completed the exercise (a fifth mapper completed part of the area and participated
in the voting exercise described belgwaye shown fobedrock hollovg inFigurell. Comparing

the sets, the difference in size, shape and number of polygons is displayed between mappers.
Figurel2 overlays all fousets of polygonso show the number of mappepolygon overlapsn

an area This shows the difference in dediation area between mappers. While the area of
overlap among mappers is small, there are many areas in which a portion of their polygons
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overlap with each other suggesting that they may agree that a bedrock hollow exists in that
FNBFX o6dzi R2y QG I 3NXB S Figuels3 quarifieRtieselohsériationsagd 6 2 dzy
shows differences in the number, sizes, and cumulative ardaedfock hollowRIL polygons

drawn by each of the four mappes&d Site 1A Everyone agregthat a large portion of the area

is NOT theébedrock hollowRIL.However, therewas some disagreement as to where bedrock

hollows do exist (Figuegll through 15).
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Figurell: Each mappe@edrock hollow RIL polygons overlain on a shaded relief imagsite 1A or
North ForkCalawah
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Figurel3: Left figure shows a bedrock hollow area with the polygons delineated by each of the models;
the right figure shows the polygons delineated by tifieur mappers and the number of overlapgght)
location is indicated by the red square on Figure 12.
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Figure14: The number, cumulative area, and size distributionsbefdrock hollowRIL polygons drawn
by four experienced practitioners for Site Ik North ForkCalawah
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Proportion of cumulative polygon area

(Total area = 0.837 km?)
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Figure 15: :rhe agreement acrosthe four mappers, based on the number of overlaps acrossfailr

Y I ITJLJBeNmQE rlollowRAIL pglygons in Site lgkaorth ForkACa’LIaAwahMore trlan half (57.8%) of the
G201 € FNBI SyO2YLI 484SR 60& SOSNE2ySQa Lafkand?y i
on less than 5% (4.5%) of the total area.

Error! Reference source not foun@kigure 16 showsshaded relief images witinner gorge
polygons mapped by each mapper. Figdioverlays the four sets of polygons to show the
number of overlapg an areaFigurel8 showsbar charts for the length of channel with adjacent
mappedinner gorge RILs and the total polygon area for each mapper. For bedrock hollows, each
polygon represented one hollow. Inner gorges are mapped adjacent to channels, so channel
lengthisa better measure of how much inner gorgemapped, rather than number of polygons.
Figurel9 shows theproportion of total cumulatve area mapped as inner gorge RIL, combined
over all four mappersin terms of the number o I LILJIS N & LJ2 f & 3 2 vsiwitli K I {
bedrock hollows, everyone agrddhat a large portion of the basin is NOT the inner gorge
landform.Generally, inner gorges are drawn adjacent to the streams. ligretwasunanimous
agreement on less than 3% of the cumulative mapped area.
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Figurel6: Inner gorgeRIL polygons drawn by each of the four practitioners for the Siteot North Fork
Calawah
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Figure 17: Inner gorgeRIL polygons for all four mappers overlaat Site 1A or North Fork Calawah
Colors indicate number of mappefsolygons that overlap in any location.
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Figure18: Cumulative channel length with mapped inner gorge and cumulative mapp&ter gorge
area for each mapper in Site 18t North Fork CalawahChannel length was measured for each side of
a channel, so where inner gorges were mapped on both sides, that channel length counted twice.
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Proportion of Cumulative Polygon Area

(Total area = 0.849 km2)
60% 63.2%
50%
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20% 24.4%
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0% | i i 1 - L
1 2 3 4
Number of Overlaps

FigureldY / 2y aAraiaSyoe | ONr&aa |ff YILLSNEX ol anfeR 2y (K
gorgeRIL polygons in Site 1# North Fork Calawah

4.1.2.2 Voting: Agreement amongVappers

The number of manually mapped polygon overlapsried site by site Five of the modeled

bedrock hollow polygositeshad no coincident polygons drawn by any of the mapp8mne of

the selected sites contained multipeedrock hollowmandformsdelineated by the mappersn

cases where a mapper delineated multiple polygons within a single site area, we counted it as

one site matchThe number okite matches foS | OK Y I LILJSNE | f2y3 gA0GK
Li2fed2yé¢ @20Sa GKSANI LR{®23I2ya NBOSAGSRI | NB f
Table 5. The first column gives the total humber of sites in which a mapper drew a bedrock hollow
L2fead2yd ¢KS aSO2yR O2ftdzvy 3IAPSa GKS ydzyoSNI 2F GA
votes for an area by all mappers. The third column gives the pmipa of a mappers bedrock hollow
L2fe3zya @L2G§SR aoSai

Number of Number ofmatching [Proportiorof matching
matchingpolygons |polygons voted polygons voted
(out ofthe 47 sites) ['Best Polygon" pEstAYU! NYUw
Mapper 1 35 23 66%
Mapper 2 27 7 26%
Mapper 3 26 6 23%
Mapper 4 18 5 28%
Mapper 5 16* 5 31%

Mapper 5 provided mapped RIL polygons for only one third of the study site.

Mapper lhad the most matching polygoné & Y Imgabikgéthey drew an RIL polygon at the
selectedbedrock hollowsite), suggesting theyhad the most complete map in terms of not
missing potential RIl.and the largest proportion of their polygons selected as the MWstalso
wanted to assess how much the mappers agreed on whose map was theChasodf all the
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sampledsites, 42 hadmatching mapper polygon®f theseonly 4 received a unanimous vote

for the best polygon: three associated with Mapper 1 ane associated with Mapper 2. For the
remaining38 sites more than one mappé2 & LINISEOBAYIS R K Svotg, an8 taell  LI2 £ &
choice of whose polygon was bestpended on who was votinghis is illustratedn Figure20,

which shows how the proportion of eachY | LILI$nBt&Ebig polygons (which varied among
mappers, see Table )5 OS A FA y I & 0 Svarieddeparididgbaviioéwas@atingS &

Pair -wise Voting Results

100%
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70%
60%
50%
40%
30%
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Mapper 1 Mapper 2 Mapper 3 Mapper 4 Mapper 5

m %M1 m%M2 m%M3 m%M4 m%MS

Figure 20: Pairwise voting results for which mapper had the most accurabedrock hollow RIL

polygons. The x axis shows the mapper voting and the y axis shows what proportion of each m&ppers
matching polygonsthey gavel 646 Sa (¢ @2 536 madhidygbedrogk hoBot poly/goss

RN} 6y 0é al LIIJISNI H gSNBE GY20SR ao0Saué¢ o6e al LIISNI mo
[ 2YLI NAYy3 GKS YIFLIWISNRQ LRfe3dz2zy asSdaa 3IFAayad S
mappers and helped in identifying how those differences arb&appers identified dferences

in the mapping scales used and chanhead placements as primary sources of variabilitye

results of thevoting exercise determirethat Mapper 1 hadhe most accurate set of landform
polygonspased o theProject Tearft a 2 LUkayhAi&cyssion determingdap scale to béhe

primary differencen methodbetween the &ndform maps produced by Mapper 1 and the rest

of the Project TeamMapper 1 used a scale of 1:500 while the rest of the team used scales closer

to 1:700-1:1000.To determine if map consistency could be improved with additional data and
criteria, we decided to use a single charhehd dataset and a scale of 1:500 for mapping at an
additional site, Site 1B.

4.1.2.3@omparison of Site 1Br Fahnestock Cree&fter mapper alignment

Werepeatedthe manual mapping exercisafter identifying inconsistencies in mapping protocol,
to see ifmapping at the same scale using the same GIS data files and the same estimates of
channethead locationresulted in greater consistency between mappef® avoid bias, the
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Project Team selected a new study site (Site 1B) to repeat the exercistiter1Bis the small
basin just north of Fahestock Creek Basin (Site 1A) shown in FiduireSection 2.1Site 1Bhas

a similar geology and topograplas Site 1A. Each mapper used the same DTM derivatives (a
multi-directional hillshade of a-fineter lidar DTM, oot contour interval layer, slope class with
colors based opercentranges 60 to 70, 70 to 80, 80 to 90, and >90) as the previous exercises,
but now utilized a common, prdefined channehead dataset, producedy the virtual
watershedmodel, and a scale of 1:500 in addition to the DTM derivatives.

Thefifth mapperwho completed part of the exercise for Site 1A mappedrock hollows at this

site; they had extensive experience mapping landforms for this area, includiAgpesground

delineation of RIL boundaries and many observations of landslides in this terrain. Their
interpretation of the information available from the DTM was influenced by their egpee at

this site. Theibedrock hollomvL [ LJ2f @32y a GSYRSR G2 o6S I NHSNJ
what wasdeletedfrom a harvest proposghighlighting the differences between remote mapping

and actual field verification)

Figure21 showsS | OK Y Ibedtd&Nblidwand inner gorgeRIL polygons overlain on a
shaded relief imageljke those shown in Figurd&0. Figure22 shows the number of polygon
overlaps,like those shown in Figurél.

Figure23 showsbalanced accuracygcall and precision for a oné-one comparison of each
Y I LILIBedck hollowRILdor both Site 1A an&ite 1BAs described in Section 4.1.1.2, higher
values indicate a greater degree of overldde expected generally higher values and more
consistently equal values among mappers for SiteTHR. results of weragingthese measures
over all values forcombinations ofMappers 1 through 4(i.e., the mean of all pawwvise
comparisonspat each siteare shown in Tablé.

Table6. Averaged balanced accuraandrecall and precision for mapped bedrock hollows at SitedrA
North Fork Calawatand Site 1Br Fahnestock Creek

Bedrock Hollows Site 1A Mean Values Site 1B Mean Valueg Difference
(= 1 standard (x 1 standard (= 95% confidence
deviation) deviation) using tdistribution)
Balanced Accuracy | 0.666(+0.062 0.663(x0.083) 0.003 (x 0.19
Recall and Precision| 0.389(x0.135 0.373(x0.097) 0.016 (x (183

Even withgreat effort to improve consistency among mappers, these measures of spatial
agreementid not appear to havémproved; in fact, they are slightly smaller at Site HBwever,

our samplewassmall and variable, so these data do not preclude the possibiligjther a plus

or minusdifference between the sitesA larger set of mappers could tighten the confidence
intervals. Likewise, a different set of four mappers may have yielded diffararages.
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Mapper 1

Mapper 2

O Bedrock Hollow

O Inner Gorge

Figure21: Eachmapper<bedrock hollowandinner gorgeRIL polygons for Site 18 Fahnestock Creek
Mapper 5 did not map inner gorges.
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Bedrock Hollows Inner Gorges
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Figure 22: Overlap count of manually mapped polygons in Site @BFahnestock CreekEach color
represents the number of polygons that overlap in that area.
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Site 1A, Balanced Accuracy,

Mapper Mapper Mapper Mapper
1 2 3 4

Site 1A, Recall, Bedrock
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0.8 0.8
0.6 0.6
0.4 0.4
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0.4 0.4
0.2 0.2
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1.0 Hollow L.
0.8 0.8
0.6 0.6
0.4 0.4
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Reference Mapper Reference Mapper

Site 1B, Balanced Accuracy,
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Site 1B, Recall, Bedrock Hollow
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Site 1B, Precision, Bedrock Hollow

Comparison Mappers mMapper1 mMapper2 mMapper3 mMapper4 M Mapper5

Figure23: Balanced accuracy, recall, and precision for manually mapped bedrock hollows at Site 1A
North Fork Calawaland 1Bor Fahnestock Creek

Bar charts of balanced accuracy, recall, and precision for mapped inner gorge RILs at Sites 1A and
1B are shown in Figure 24. The averages over all combinations of mappers are shown in Table 7.

Table7. Averaged balanced accuracy and recall and precision for mapped inner gorges at Sitais 1A
North Fork Calawatand 1Bor Famestock Creek

Inner Gorges

Site 1A Mean Values
(= 1 standard
deviation)

Site 1B Mean Values
(x 1 standard
deviation)

Difference
(= 95% confidence
using tdistribution)

Balanced Accuracy

0.665 (+ 0.074)

0.745 ( 0.065)

-0.081 (+ 0.108)

Recall and Precision

0.386 (+ 0.192)

0.549 (+ 0.164)

-0.163 (+ 0.278)
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There was an apparent improvement at Site 1B, although again, because of the small and variable
sample, we cannot preclude the possibility (with 95% confidence) of an opposite trend.
Interestingly, at Site 1A, the average values were almost the same bettieebedrock hollow

maps and the inner gorge maps. At Site 1B, the values for bedrock hollows remained about the
same, but the values for inner gorges increased, indicating a greater degree of spatial alignment
among mappers.

10 Site 1A, Balanced Accuracy, IG 10 Site 1B, Balanced Accuracy, IG
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
Mapper 1 Mapper 2 Mapper 3 Mapper 4 Mapper 1 Mapper 2 Mapper 3 Mapper 4
10 Site 1A, Recall, Inner Gorge 10 Site 1B, Recall, Inner Gorge
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
Mapper 1 Mapper 2 Mapper 3 Mapper 4 Mapper 1 Mapper 2 Mapper 3 Mapper 4
Site 1A, Precision, Inner Gorge 1.0 Site 1B, Precision, Inner Gorge
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0.0 0.0
Mapper 1 Mapper 2 Mapper 3 Mapper 4 Mapper 1 Mapper 2 Mapper 3 Mapper 4
Reference Mapper Reference Mapper
Comparison Mappers ® Mapper1 m Mapper2 m Mapper3 m Mapper4

Figure 24: Balanced accuracy, recall, and precision for manually mapped inner gorges at Sites 1A
North Fork Calawaland 1Bor Fahnestock Creek

Sites 1A and 1B are adjacent to each other and have essentially the same terrain fehteres.
little improvementin consistency after revising our mapping protosauld appear to support

the idea that, even for the same terrain using the same data and mapping protocols, each mapper
interprets the information available slightly differently based on their experience and
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understanding of the processes involved with landsliding. We cannot enforce consistency for
those factors, although a certain level of training and supervised experience of practitisners
required We are limited to remote methods for this syiwoject, but it is possible that field
verification would improve consistencit.is alsopossiblethat another iteration of map might
haveledto improved results.

4.1.2.4Uncertainties

In Sectiond.1.1, we evaluated mapper agreement by area, looking at the amount of overlap the
YIELILISNRAa fFyRT2NY LR {WaperauatkdaigieemeniamonGmapders 2 (i K S 1
by seang how often mappers both did or did not delineate a bedrock hollow polygon in that site.
Figure25a K2ga GKS LINRPLERNIOAZ2Y 2F Sl OK YI LILIISNDRa L2t
polygons. For example, of the 47 bedrock hollow sites, Mapper 1 and Mapper 2 both mapped
bedrock hollowlandforms at 47% of those sites.

Initial Delineation Agreement

100%
90%
80%
70%
60%
50%
40%
30%
20%
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0%

Proportion of BH polygon matches

Mapper 1 Mapper 2 Mapper 3 Mapper 4 Mapper 5

EM1 EM2 EM3 EM4 EM5

Figure25Y t NP L2 NI A2y 2F | ANBSYSyid 0SG6SSy YILILISNARQ Ay
The height of the bars shows the percentagel#drock hollowpolygons drawn by each of the other
mappers that matched the polygons drawn by the mapper on the x axis.
As discussed in Section 3.2.1, somle definitions and Board Manual criterdar definingRILs
lack quantifiable criteria and leave room for individual interpretations among mappers, which led
to uncertainties in their initial delineations. To describe some of these uncertainties, we will use
Gal LILISNI ! ¢ YR dal LILISNI . pgpersiod theRjedNIeanthysdme | y & ¢
casesMapper A delineated hedrock hollowpolygon at a sitéhat Mapper B did not, however,
after Mapper A explained their iatpretation of the RIL criteria, Mapper B agreed with the
delineation and determined they should have drawn a polygon at thatNieRILto-RIL in Table
8). This case also occurrecceviversa, where Mapper B explained their interpretation of the
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criteria and Mapper A, then, determined that they should not have drawn a polygon there (RIL
to-NonRILn Table8). Wewanted to look at proportion of uncertainty that the manual mappers

had in their initial delineation of bedrock hollow landforms. We did this by looking at the number
of both NonRIEo0-RIL andRIL:-to-NonRIlcases. These values are shown in T8pkes well as the
GLINRLR2NIAZ2Y 2F wL[ dzy OSNIIFAydezé OFft OdzZ I GSR
mapper did or did not delineata bedrock hollow by the number of those sites in which they
changed their mind.

(@]]

We acknowledge that mapping ALL the RILs for a largeragegres substantiagffort, and we
suspect that there may be subjective interpretation of the criteria for mapping RILs in the details
of the percentage of area exceeding 70% and in the degree of curvature which is not part of
narrative description.

Table8: Values demonstrating the number and proportion of sites (n=47) in which mappers switched
from RIL to norRIL and viserersa. Described in detail in text.

Mapper M1 M2 M3 M4 M5
RILto-NonRIL 2 2 0 2 2
NonRIEO-RIL 4 11 16 16 18

# of sites in which a mapper initiallyesv a polygon | 35 26 26 18 16
# of sites in which the mappelid notinitially draw a| 12 21 21 29 31
polygon
Proportion of sites initially mapped as RIL switche( 6% 8% 0% | 11% | 13%
NonRIL(#switched/#mapped)
Proportion of sites initially mapped a®onRIL 33% | 52% | 81% | 55% | 58%
switched to RIL (#switched/#mapped)

Table9 shows both the number of sites identified by each mapper as an RIL and the number of
their sites that other mappers also identified as an Rilhen looking at the proportion of

matches with another mapper, Mapper 1 appears to have the lowest, onlyc@33b6they also

had the highest number of sites in which they drew a polygon. When looking at the proportion

of total sites in which mappersdrewla2 f @ 32y GKF G YIFG§OKSR | y2{KSNJ
the highest at 66%and was voted best mapper, so this issurprising)
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Table9: Bedrock hollow polygon matches at Site bANorth Fork Calawah

Proportion of polygons| Proportion of Sites witl

# Sites with BH| # Sites with BH Polygor] matched (#sites with B| BH poly matches (#sit

polygon drawn | Matches by other mappell poly/#sites with BH | with BH matches/#totaEI
matches) sites)
M1 35 31 89% 66%
M2 26 24 92% 51%
M3 26 26 100% 55%
M4 18 18 100% 38%
M5 16 15 94% 32%

From these series of exercisege notedseveral observations:

1. ' f K2dZAK 2yS YI LILISNI NEOSAPGSR GKS Yl 22NAGe
Go0Saité FT2N) a2YS LINRPLRWNIAZY 2F (GKS LRfeéeazya
al LIWJSNE 3ISYySNItfe OK2aS UGUKSANFigaré30) LI2f ed2y
Only 4 out of the 42 sites with matching mapper polygons got unanimous votes as to
which mappeQ golygons best represented a typical EP delineatiomhere was
disagreement for the remaining 38.

In this project, variability in individual interpretation of RIL criteria leads to cases of
uncertainty in initial delineation of landform polygons #@itNonRIL and NonRta-RIL

cases).

N

From these we draw three conclusions:

1. The mappersn this projecthad inconsistent opinions regarding what a bedrock hollow
RIL looks like using only remote data, as indicated by the variable bar heights in Figure 25.
Uncertain initial delineation of boundaries led to mappers potentially including some
polygons that are not RILs and missing some polygons that are.

To reduce mapping inconsistencies, the mapping criteria would need to be defined with
greater clarity and minimized ambiguity to limit subjective interpretation. W not
evaluate other landform classesr any landform classesith more explicitGlSonly-
basedgeomorphiccriteria, nor did we include field observations loédrock hollows and

inner gorges using field indicators as described in the Board Marutalre projects will

help inform if and what changes need to be made to the rule criteria.

4.1.2.5Agreementbetween Mappers andModels

Agreement between manually mapped and computer mapped landforms is evaluated by
comparingdistributions of specifictopographic characteristicwithin the landformsand via a
voting exercise like that described in Section 4.1.2. Topographetrics used to compare
manually mapped and computer mapped landformsludethe area of the landformgradient,
gradient ratio (upslopdooking gradient / downslop&oking gradient)tangential curvatureand

the logarithm (base 10) of the contributing area?jnDistributions of both manually mapped and
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computer mapped metrics are illustrated via box and whisker plots in S@@réhrough Figure

30and ascumulative distribution function@DF plots inAppendcesF and G
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Figure26: Box and whisker plots dfedrock hollowRIL polygon size in square meters. The boxes include
50% of all polygon values, extending from the 25th to the 75th percentiles. The horizontal line inside
0KS YSRAIYT

iKS 62E AYRAOIGSA

iKS

Ay RAudrild S &

range." The whiskers extend either to the maximum or minimum value or to 1.5 times the igtexrtile

range above and below the 75and 25" percentiles, whichever is greater (or less). Polygons with
values greater than or less than that range aredicated by circles. Number in parentheses indicate
the total number polygons mappe@Site 1a = North Fork Calawah, Site 2 = Fahnestock Creek, Site 3 =

Howard Creek, Site 4 = Wishkah)
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Bedrock Hollow Polygon Mean Gradients, Site 1A Bedrock Hollow Polygon Mean Gradients, Site 2
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Figure 27. Boxand-whisker plots of mean gradient fobedrock hollowRIL polygons for each of the
mappers and the two computer models for each of the four study s{ee 1a = North Fork Calawah,
Site 2 = Fahnestock Creek, Site 3 = Howard Creek, Site 4 = Wishkah)

Figure28: Box and whisker plots of the mean gradient ratio (upslefmking / downslopelooking) for
bedrock hollowRIL polygongSite 1A = North Fork Calawah, Site 2 = Fahnestock Creek, Site 3 = Howard
Creek, Site 4 = Wishkah)

56



























































































































































































































































































































