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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 Plan (HCP) 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 regime. Landslide activity can have a positive influence (e.g., introduction of coarse 

sediment and large woody debris) but also adversely impact ecosystem functions and increase 

threat to public safety. It is well recognized that forest practices can elevate landslide rates, so a 

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

To meet these goals, the WAC defines landforms that are likely more susceptible to landslides. In 

these areas, timber harvest and associated activities are prohibited without review by Qualified 

Experts and approval by Washington Department of Natural Resources. Landslide-prone areas 

that are potentially sensitive to forest-practice activities, known as Rule-Identified Landforms 

(RILs), are identified by narrative descriptions of landforms. Criteria for their identification 

include specific slope and geomorphic 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 variety of maps and remotely sensed data prior to verifying the landforms in the field.  

The Unstable Slopes Criteria (USC) Project is a suite of sub-projects 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 question (UPSAG 2017):  

What modifications to the unstable slopes criteria and delivery-assessment methods would result 

in more accurate and consistent identification of:  

i. unstable slopes and landforms,  
ii. unstable slopes and landforms sensitive to forest-practices-related 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 Object-based Landform Mapping sub-project, which has the 

objectives of 1) identifying methods for consistent automated delineation of landforms using 

ŎƻƳǇǳǘŜǊπōŀǎŜŘ ǘŜŎƘƴƛǉǳŜǎ ŀƴŘ ƘƛƎƘπǊŜǎƻƭǳǘƛƻƴ Lidar Digital Elevation Models (DEMs), and 

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 

Řŀǘŀ ŦǊƻƳ ǇǊƻŎŜǎǎπōŀǎŜŘ ƳƻŘŜƭǎ ǘƻ ǘǊŀƛƴ ǘƘŜ ŀǳǘƻƳŀǘŜŘ Ŏƭŀǎǎification of landforms.  

https://dnr.wa.chariotcreative.com/files/documents/ScopingStrategy-Document-1710261704.pdf
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Manually mapping RILs remotely and in the field is both a subjective and time-intensive 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 features that can be identified using lidar and can be repeatedly and consistently 

implemented over large areas. Here we report on the first in the sequence of sub-projects: 

Object-Based Landform Mapping with High-Resolution Topography. The goal of this sub-project 

is to develop automated methods to identify bedrock hollows and inner gorges (i.e., WAC 222-

216-050(1)(d)(i)(A)). This foundational algorithm will be expanded on in subsequent sub-projects. 

This project did not attempt to identify other RILs such as convergent headwalls, toes of deep-

seated landslides steeper than 33 degrees (65%), groundwater recharge areas for deep-seated 

landslides, outer edges of meander bends, or other areas of potential slope instability (WAC 222-

216-050(1)(d)(i)). 

We developed two automated approaches, both of which use Digital Terrain Models (DTMs) as 

the primary input data: Object-Based 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 topographic inputs from the DTM, 

though they differ in approach. OBIA applies image-analysis techniques to detect spatial patterns 

and classifies them into landform types based on 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 or refinements needed in model inputs. 

To evaluate the adequacy of these two methods, the Project Team conducted several exercises 

over two phases. Phase 1 focused on spatial comparisons of computer-based map products and 

remotely drawn map products created by the Project Team of 4-5 experienced practitioners (EP). 

Phase 2 was a qualitative evaluation of computer-based map products by the practitioners. 

Choosing to use multiple experienced practitioners in Phase 1 required an additional analysis 

step to quantify the consistency of map products drawn by the practitioners prior to comparing 

them to the computer-based 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 revealed discrepancies 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 discrepancies. 

While mappers generally agreed on the locations where bedrock hollows and inner gorges did 

not exist, their interpretations of where potential RILs were present and how to draw the discrete 
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ōƻǳƴŘŀǊȅ ǿŜǊŜ ƛƴŎƻƴǎƛǎǘŜƴǘΦ {Ǉŀǘƛŀƭ ƻǾŜǊƭŀǇ ōŜǘǿŜŜƴ ƳŀǇǇŜǊΩǎ Řŀǘŀ ǿŀǎ unsatisfactory, and 

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 experienced practitioner 

review of computer-generated 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 delineation of RIL landforms.  

¢ƘŜ tƘŀǎŜ н ŜǾŀƭǳŀǘƛƻƴ ŦƻŎǳǎŜŘ ƻƴ ŜŀŎƘ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ όмύ ǊŜŀǎƻƴŀōƭȅ ǎŎǊŜŜƴ ŦƻǊ ǘƘŜ ǇǊŜǎŜƴŎŜ 

of target landforms and (2) accurately delineate their boundaries based 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 screens for either bedrock hollows or inner gorges. However, delineation accuracy 

showed reduced model performance and greater variability, with a marked difference between 

models and landform types. Out 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 drawn based on lidar interpretation. Inner gorge polygons consistently received 

higher ϦŎƻǊǊŜŎǘƭȅ ŘǊŀǿƴέ ratings than bedrock hollows, and VW model polygons tended to 

perform slightly better than the OBIA polygons on average for both reasonable screen and 

correctly drawn criteria.  

The variability in correctly drawn ratings highlights areas for model refinement, especially for 

bedrock hollow delineations. EP comments and site-specific patterns suggest that some modeled 

polygons failed to capture the necessary geomorphic boundaries or sufficient topographic 

convergence expected by practitioners. These outcomes suggest targeted improvements to input 

parameterization, particularly those controlling convergence and planform curvature thresholds, 

ŀǊŜ ƴŜŜŘŜŘ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭǎΩ ŀōƛƭƛǘƛŜǎ to accurately delineate bedrock hollows and inner 

gorges. 

Through the development and evaluation of the OBIA and VW models, we demonstrated viable 

foundational approaches for using lidar to delineate inner gorges and bedrock hollows based on 

terrain attributes and rule-based classification. The models successfully generated interpretable 

and repeatable landform maps, satisfying the first project objective. Based on the results of Phase 

2, the automated 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. Section 5.4 describes the ways this project did and did not meet the objectives of 

the study design. These automated methods will serve as a basis for model development in the 

next sub-project. The results suggest that, with clear definitions and calibrated rulesets, the 
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automated methods offer scalable and consistent methods for lidar-based landform delineation 

across diverse landscapes. 

The Susceptibility & Runout sub-project, the next step, will focus on integrating new, lidar change 

detection (LCD) derived, landslide 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 sub-project will assess OBIA and VW model outputs based on how well they align 

with observed landslide distributions. Specifically, landslide density and proportion will be 

calculated for each landform type produced 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. 

Ultimately, these steps aim to develop robust, data-driven criteria for evaluating landforms used 

in landslide hazard assessments and forest practice regulations. 
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1.0 INTRODUCTION 

The Unstable Slopes Criteria (USC) Project will provide information with which to evaluate the 

current Rule-Identified Landform (RIL) definitions (described in Table 1). The project involves a 

sequence of sub-projects. We address the first USC sub-project in this report, Object-Based 

Mapping (OBM) with High-Resolution Topography . 

1.1 THE UNSTABLE SLOPE CRITERIA PROJECT HISTORY 

For the OBM sub-project we developed and evaluated new methods for automatically mapping 

potential unstable slopes defined by the Washington Forest Practice rules (described below). 

Before detailing this sub-project and results, some context is necessary to understand the need 

for this sub-project, its objectives, and the tasks undertaken. The USC Research Alternatives (USC 

TWIG 2017) and OBM study design (Dieu et al., 2018) documents provide detailed background 

information for the USC Project, summarized here. 

The over-arching goals for forest management are specified in the state Forest Practices Habitat 

Conservation Plan (HCP) (WADNR 2006) as first enumerated in the Forests and Fish Report 

(USFWS 1999): 

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

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

¶ Meet the requirements of the Clean Water Act for water quality; and 

¶ Keep the timber industry economically viable in the state of Washington. 
 
Within the Forests & Fish Report and adopted as Appendix L in the HCP, Schedule L-1 sets 

performance targets for a variety of measures to meet resource objectives described therein. 

The performance target for the measure of mass wasting sediment delivered to streams is άno 

increase over natural background rates from harvest on a landscape scale on high-risk sites." 

Acknowledging that actual measurement of this target is intractable, the practical interpretation 

on the ground is to avoid the occurrence of landslides with obvious forest practices triggers such 

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

steep slopes. 

WashingtonΩǎ CƻǊŜǎǘ tǊŀŎǘƛŎŜ ǊǳƭŜǎ specify the following requirements:  

WAC-222-16-050. Class-L± {ǇŜŎƛŀƭ CƻǊŜǎǘ tǊŀŎǘƛŎŜΥ άΧapplication to conduct forest 

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 substantial impact on the 

environmentΧ (d) Timber harvest, or construction of roads, landings, gravel pits, rock 

quarries, 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
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in (d)(i) of this subsection that have the potential to deliver sediment or debris to a 

public resource or that have the potential to threaten public safety...έ 

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

1. ƭŀƴŘǎƭƛŘŜǎ ƘŀǾŜ ǘƘŜ άǇƻǘŜƴǘƛŀƭ ŦƻǊ ŀ ǎǳōǎǘŀƴǘƛŀƭ ƛƳǇŀŎǘ ƻƴ ǘƘŜ ŜƴǾƛǊƻƴƳŜƴǘέ Ǿƛŀ ŘŜƭƛǾŜǊȅ 
ƻŦ άǎŜŘƛƳŜƴǘ ƻǊ ŘŜōǊƛǎ ǘƻ ŀ ǇǳōƭƛŎ ǊŜǎƻǳǊŎŜ ƻǊ ǘƘŀǘ Ƙŀve the potential to threaten public 
safety;" and 

2. forest practices can increase the potential for those impacts or threats to public safety.  
 
The area precluded from timber production should be based on best available science, in 

ŀŎŎƻǊŘŀƴŎŜ ǿƛǘƘ ǘƘŜ ǎǘŀǘŜΩǎ I/t Ǝƻŀƭ ǘƻ άƪŜŜǇ ǘƘŜ ǘƛƳōŜǊ ƛƴŘǳǎǘǊȅ ŜŎƻƴƻƳƛŎŀƭƭȅ ǾƛŀōƭŜ ƛƴ ǘƘŜ 

State of Washington." Therefore, potentially unstable slope areas need to be accurately 

identified and precisely delineated to avoid unnecessarily protecting areas from harvest that do 

not pose risks of substantial resource impacts or threats to public safety. Although landslides 

mapped within RILs often deliver material to stream channels (e.g., Dieu and Toth, 2009), not all 

do, and some landslide-prone areas may be high hazard but not necessarily high-risk. To 

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

potential for delivery to streams or threats to public safety and resources.  

The Forest Practice Rules in Washington, via WAC-222-16-050, identify the following five 

potentially unstable slopes and landforms with associated geomorphic criteria that may require 

forest practices prescriptions if deemed high risk upon further assessment as RILs: 

Table 1: Rule-Identified Landform (RIL) features that meet the specified criteria for unstable slopes and 
landforms via WAC-222-16-050. 

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

(B) Toes of deep-seated landslides, with slopes steeper than thirty-three degrees (sixty-five 
percent) 

(C) Groundwater recharge areas for glacial deep-seated landslides 

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

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

RILs, as defined by Section 16 of the Forest Practices Board Manual (Board Manual henceforth), 

are those landforms that can be readily detected in the field by practitioners, have high relative 

hazard and risk when compared to other landform classes, and are inferred to be particularly 

sensitive to applied forest practices. 

The Board Manual, Section 16, Part 4.1 provides detailed descriptions of these features using 

quantitative slope and slope-break thresholds, qualitative convergence and curvature 

https://app.leg.wa.gov/wac/default.aspx?cite=222-16-050
https://www.dnr.wa.gov/publications/bc_fpb_manualsection16.pdf
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characteristics, and 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 techniques compared to other landforms that 

require geomorphic evaluation and field identification, such as deep-seated landslides or 

Category E landforms (a catch-all designation for features with clear field indication of instability 

that do not meet the other definitions ς see Board Manual). 

Bedrock hollows are described as unchanneled, concave areas where colluvium accumulates by 

creep processes and where shallow groundwater is focused during storm events (Dietrich et al. 

1986). They are also identified as zero-order basins which contribute to the channelized 

hydrologic network. They fail by landslide initiation on the order of once in thousands of years, 

such that some of colluvium evacuates and the feature may be channelized until refilled with 

colluvium. For the practical purposes of forest practices, all concave features which are of 70% 

gradient or greater and with a path into the channelized network are protected as the bedrock 

hollow landform; some of these are formed in unconsolidated materials such as glacial deposits, 

where bedrock hollows as technically defined (e.g., Dietrich et al. 1986) do not actually exist but 

where landslides in response to rooting strength loss are probable. 

In the Board Manual, inner gorges are described as channelized valleys where an erosional 

process creates steep side walls that are subject to shallow landsliding. The 70% gradient, as with 

bedrock hollows, is used by forest practices, but there is recognition that process trumps 

threshold such that inner gorges are recognized below the 70% threshold if shallow landslide 

scars are observed. Demarcation of inner gorges occurs along the upper edges of the side walls 

where a break-in-slope shows the upper extent of failure activity. In forest practices, inner gorges 

occur in any lithology and include small, side hill features caused by repeated debris flow passage 

(i.e., those below a bedrock hollow) or by fluvial erosion, and large, valley-bottom features 

caused by the downcutting and undercutting of rivers. 

Bedrock hollows and inner gorges are the most common RILs, with one potentially occurring 

more frequently than the other in specific watersheds. Their quantitative definitions often 

capture terrain of the other RILs (e.g., outside meander bends are really a type of inner gorge, 

and a convergent headwall includes a concentration of bedrock hollows), or they rely more 

strongly on subjective geomorphic interpretation (e.g., toes of deep-seated landslides eroded by 

streams may be susceptible to either shallow or deep-seated landslides and while the Board 

Manual cutoff is 65% gradient, they often exceed 70% and also meet the inner gorge landform 

definition). In summary, we have an established set of landform criteria and runout guidance for 

inner gorges and bedrock hollows because they are very prevalent on the landscape and 

mapping/modeling from their criteria covers other named RILs. As specified in the Study Design, 

Deep-seated landslides and Category E features are not covered here.  
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Since the RIL definitions were originally derived, new data sources and analysis tools have 
become available. The Unstable Slopes Criteria Project uses these new data sources and tools to 
address the critical question: 
 
What modifications to the unstable slopes criteria and delivery-assessment methods would result 
in more accurate and consistent identification of: 

i. unstable slopes and landforms, 

ii. unstable slopes and landforms sensitive to forest-practices-related 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? 

Ultimately, the objective of the USC Project is to evaluate RIL criteria and recommend 

modifications to improve RIL mapping accuracy and consistency. Specifically, the intent of this 

project is to recommend modifications to the criteria that increase the landslide άrateέ of the RIL. 

The concept of landslide άrateέ stems from the Watershed Analysis Program (Washington Forest 

Practices Board, 2011) and the Landslide Hazard Zonation (LHZ) Project (UPSAG, 2006), which 

provided the basis for identifying specific features as landforms prone to landsliding. Landslide 

rate is simply the landslide density per unit time. Landslide density is defined either as the 

number of landslides per unit area or the landslide surface area per unit area, with the two 

versions of landslide density being differentiated by their units. The LHZ Project used landslide 

rate1 to define susceptibility.  

In 2017, the Forest Practices .ƻŀǊŘΩǎ /ƻƻǇŜǊŀǘƛǾŜ aƻƴƛǘƻǊƛƴƎΣ 9ǾŀƭǳŀǘƛƻƴΣ ŀƴŘ wŜǎŜŀǊŎƘ 

/ƻƳƳƛǘǘŜŜ ό/a9wύ ŀǇǇǊƻǾŜŘ ŀ ά.Ŝǎǘ !ǾŀƛƭŀōƭŜ {ŎƛŜƴŎŜ ŀƴŘ wŜǎŜŀǊŎƘ !ƭǘŜǊƴŀǘƛǾŜǎέ ŘƻŎǳƳŜƴǘΦ Lƴ 

agreement with the authors, the Timber, Fish, and Wildlife Policy committee (TFW Policy) chose 

the research alternative that outlined a sequence of five research projects to address these 

questions. The five projects of the selected alternatives were: 

1. Compare/Contrast LHZ Mass Wasting Map Units with RILs;  

2. Object-Based Landform Mapping with High-Resolution Topography; 

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

4. Empirical Evaluation of Shallow Landslide Runout; and 

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 the Project Team to fold Project 1 into the other projects. While designing Projects 

 
1 άǊŀǘŜέ ƛǎ ǎƛƳǇƭȅ άŘŜƴǎƛǘȅέ ǇŜǊ ǳƴƛǘ ǘƛƳŜΣ ǿƘŜǊŜ άŘŜƴǎƛǘȅέ ƛǎ ŘŜŦƛƴŜŘ ŀǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ ƭŀƴŘǎƭƛŘŜǎ ƻǊ ǎǳǊŦŀŎŜ ŀǊŜŀ ƻŦ 
landslides per unit basin area. Landslide density calculated from a landslide inventory collected over time can provide 
an estimate of rate; inventories based on landslides from single storm events can only provide measures of density. 

https://www.dnr.wa.gov/Publications/fp_lhz_protocol_v2_1_final.pdf
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3 & 4, the sensibility of combining the two projects became apparent because characterizing 

landslide initiation sites and quantifying runout both require identification of landslides. Within 

the Unstable Slopes Criteria Project, we therefore now identify three sub-projects that 

incorporate the objectives of the original five projects: 

1. Object-Based Landform Mapping with High-Resolution Topography (this sub-project); 
2. Empirical Evaluation of Shallow Landslide Susceptibility, Frequency and Runout by 

Landform (originally Projects 3 and 4; άSusceptibility and Runoutέ henceforth); and 
3. Physical Models to Identify Landforms and Shallow Landslides Most Susceptible to 

Management (originally Project 5). 

This document reports the results of the first sub-project ς Object-Based Landform Mapping with 

High-Resolution Topography (OBM) ς which details automated methods for mapping the RILs 

specified in the study design as those ŘŜǎŎǊƛōŜŘ ƛƴ ²!/ нннπмсπлрлόмύόŘύόƛύό!ύύ (Category A, Table 

1) that will be used in later sub-projects. As part of the first sub-project, we also describe a set of 

manually-mapped landforms that we produced and used to evaluate if the OBM methods could 

be tuned or parameterized to match observed landform locations. As is described in this report, 

the OMB methods need to be tunable to complete later steps of the project. Why we decided to 

compare OBM model results to a new, manually mapped dataset versus simply using the LHZ 

Mass Wasting Map Units is described in the Discussion section. In the next sections, we provide 

background information necessary to understand the objectives and tasks of the first project. 

1.2 BACKGROUND: LANDFORM MAPPING AND OBIA  

Landform mapping includes 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 manual and computational 

techniques. Manual methods typically yield hand-drawn or digitized, qualitative interpretations 

of landforms based on topographic, thematic (e.g., geology, soils, land use), contextual, and aerial 

imagery information. Computational techniques involve mathematical derivations of land-

surface features based on their geomorphometric (i.e., quantitative geomorphological) 

characteristics. Computer models typically apply high-resolution DTM products to delineate and 

classify landforms based on geomorphometric variables like surface elevation, gradient, 

curvature, and roughness or texture (e.g., Clubb et al., 2014; Dikau, 1989; Dragut and Blaschke, 

2006; Passalacqua et al., 2010; Pelletier, 2013; Wood, 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 landforms to terrain or landscape levels, and 

for a variety of academic and applied purposes (e.g., natural hazards, communal water supply 
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issues, forest management). Recent examples include semi-automated computational 

delineations of:  

1. landform types ς drumlins (Wang et al., 2017; Saha and Van Landeghem, 2021), gullies 
όŘΩhƭŜƛǊŜ-Oltmanns et al., 2014), dunes (Putri and Wicaksono, 2021), landslides (Van den 
Eeckhaut et al., 2012; Li, et al., 2015), channel networks (Sofia et al., 2011), channel 
knickpoints (Gailleton, et al., 2019), floodplains and terraces (Clubb et al., 2017), zero-order 
basins (hollows, Grieve et al., 2018), and roads (Sherba et al., 2014); 

2. individual landforms ς e.g., glacial moraines (Robb et al., 2015), geologic lineaments 
(Yeomans et al., 2019), and Martian and lunar impact craters (Bue and Stepinski, 2007; 
Vamshi et al., 2016);  

3. multiple, spatially contiguous landforms ς e.g., ridges, valleys, and floodplains (Gercek and 
Ugur, 2010); and 

4. terrains- e.g., karst (Zylshal and Haryono, 2013), loess plateaus (Lin et al., 2022), and 
volcanic flows (Feizizadeh et al., 2021). 

In the Pacific Northwest, semi-automated methods (i.e., analysis of terrain elements such as 

slope and curvature at the spatial scale described by a DEM) with forest management 

applications have been developed to detect and classify areas susceptible to shallow landslide 

initiation and runout (e.g., Miller and Burnett, 2007, 2008), deep-seated landslide landforms 

(e.g., Booth et al., 2009; Justice, 2021), and spatially contiguous landforms at multiple geospatial 

scales (e.g., Shaw et al., 2017).  

Increasingly, researchers have turned to computer-automated 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 manually. In addition, 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 observer is field 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, and transparently across a geospatial area of interest. 

One method of automated landform detection and classification employs object-based image 

analysis (OBIA), or geographic object-based image analysis (GEOBIA) if earth-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) observed in X-rays and other medical imagery. 

GEh.L! ŜƳŜǊƎŜŘ ƛƴ ǘƘŜ ŜŀǊƭȅ нлллΩǎ ŀǎ ŀ ƳŜǘƘƻŘ ŦƻǊ ǇŀǊǘƛǘƛƻƴƛƴƎ ŀƴŘ ŎƭŀǎǎƛŦȅƛƴƎ ŜŀǊǘƘ-surface 

data (e.g., Darwish et al., 2003; Dragut and Blaschke, 2006; Blaschke, 2010; Dragut and Eisank, 

2012). OBIA is distinguished from raster-based methods for automating landform mapping by its 

ǳǎŜ ƻŦ Řŀǘŀ ǎŜƎƳŜƴǘŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜǎ ǘƘŀǘ ŀƎƎǊŜƎŀǘŜ ǇƛȄŜƭǎ ƛƴǘƻ ƻōƧŜŎǘǎ ƛƴ ŀƴ άƛƳŀƎŜέ όƛΦŜΦΣ 

geospatial data product). These techniques facilitate segmenting data into objects at native data 



7 

 

resolution (e.g., 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., object compactness and 

smoothness) and by spectral values (e.g., relative intensities of lidar DTM grey-scale images). 

Objects retain statistical, geometrical, and nearest-neighbor relational data that allow them to 

be directly delineated and classified according to the chosen landform classification system 

(Blaschke and Strobl, 2003; Gercek and Ugur, 2010).  

Dragut and Blaschke (2006) and Gercek and Ugur (2010) pioneered the use of eCognition (Trimble 

Geospatial) software in automating geospatial feature extraction, using computer algorithms to 

identify and isolate patterns in geographic data and then classifying specific patterns as 

landforms. More recently, researchers have used eCognition or comparable programming 

software to apply OBIA methods on an expanding array of land surface features. 

This report evaluates two OBIA-based landform mapping approaches: the Virtual Watershed 

(VW) automated model for landform detection developed by Terrainworks, 2015 (described in 

section 3.3) and an automated model for landform detection and delineation by Shaw et al., 

(2017) (Weyerhaeuser model) using OBIA methods powered by eCognition software (described 

in section 3.2). The USC scoping document (USC TWIG 2017) and the OBM study design (Dieu et 

al., 2018) specified OBIA implemented using eCognition as the method to use for automated 

landform mapping. An OBIA-based method was chosen both because it is an established method 

for landform mapping, as indicated by the citations above, and because former and current 

Project Team members had extensive experience using OBIA for landform mapping (Shaw et al., 

2017). Over the course of this study, the VW approach was added to provide an open-source 

alternative to compare with OBIA as implemented in eCognition. The VW approach was chosen 

because it also has an established track record (e.g., Barquin et al., 2015) and one of the Project 

Team members has been involved in the conceptual development and software implementation 

of the methods (Benda et al., 2016).  

The eCognition software operates with a user-friendly interface (e.g., for the less experienced 

computer programmer) that facilitates data segmentation and classification using a large 

assortment of documented tools for geospatial, spectral, and temporal (e.g., change-detection) 

analyses. The Ŝ/ƻƎƴƛǘƛƻƴ ǳǎŜǊǎ ŘŜǾŜƭƻǇ άǊǳƭŜǎŜǘǎέ όƛΦŜΦΣ ŎƻƳǇǳǘŜǊ ǎŎǊƛǇǘǎύ ǘƘŀǘ ǘŀƪŜ ŀŘǾŀƴǘŀƎŜ ƻŦ 

software capabilities in analyzing data at multiple scales and hierarchical levels, processing 

multiple data types simultaneously and efficiently handling massive volumes of high-resolution 

data via a batch server application. The WY model evaluated in this report uses OBIA methods to 

segment, extract, and classify multiple lidar DTM derivative products (e.g., surface elevation, 

curvature, gradient) according to established geomorphometric criteria, as part of a 

comprehensive mapping package of contiguously mapped landforms (e.g., RIL and non-RIL 

landforms), this process is described in detail in Appendix A. 

https://geospatial.trimble.com/en/products/software/trimble-ecognition
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The goal of OBIA is to train the computer to emulate landform mapping conducted using 

conventional interpretive remote-sensing techniques but with the much greater standardization, 

repeatability, and geographic transportability that comes with an established computer script or 

ruleset. The eCognition-powered 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 identification of the source 

areas and transport pathways for movement of water, sediment, and organic materials through 

a watershed. The landscape can then be delineated into zones of differing process types (e.g., 

source, transport corridor, sink) and these zones can be further sub-divided by supply and 

transport rate. Process (e.g., shallow landslide source areas), supply rate (e.g., relative landslide 

density), and transport (e.g., debris-flow corridors) are inferred from terrain characteristics, 

including topography, substrate, landcover, and climate. Landforms can then be delineated 

based on inferred or postulated topographic and substrate controls on the processes and rates 

of interest, such as, channel networks (Mazzeo et al., 2024; Rodríguez-Castillo et al., 2018), 

riparian zones (Acker et al., 2023), flood plains (Benda et al., 2011), shallow landslide source areas 

(Miller and Burnett, 2007), and debris-flow corridors (Miller and Burnett, 2008). Landform 

mapping critically depends on scale for extracting and delineating landform features based on 

terrain elements used in geomorphometric analyses (e.g., topographic curvature and gradient; 

Dragut and Eisank, 2012). Length scales or grid window sizes for surface calculations typically are 

determined heuristically (e.g., Roering et al., 2010). Evans (2003) demonstrated convincingly that 

the size and spacing of individual landform types can be clustered 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 types and sizes. Consequently, length scales should be chosen to represent 

the landform size being extracted.  

1.3 OBJECTIVES AND DELIVERABLES  

Section 1.2 of the 2018 Study Design for this sub-project, (OBM) with High-Resolution 

Topography , stated two objectives: 

¶ Identify methods for consistent automated delineation of landforms using Geographic 
Object-Based Image Analysis (GEOBIA or OBIA) techniques and high-resolution Lidar 
DTMs, and potentially other data sources. 

¶ The automated landform models will provide the baseline geomorphic context from 
which to evaluate landslide susceptibility and runout, and it will incorporate data from 
process-based models to train the automated classification of landforms.  

As described in this report, we sought to meet these objectives through development of two 

OBIA-based automated modeling methods that rely on geomorphic characterization of terrain 
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features. One method uses image analysis with classic feature extraction techniques and a 

second method uses the virtual watershed approach.  

The study design specified the following list of deliverables expected from this sub-project, which 

are all included in this report: 

1. ±ŜŎǘƻǊπōŀǎŜŘ ƳǳƭǘƛπǎŎŀƭŜ landform maps 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;  

4. Tools for producing all topographic indices;  
5. Ŝ/ƻƎƴƛǘƛƻƴ ǊǳƭŜπǎŜǘǎ ŀƴŘ ŎƻŘŜǎΤ ŀƴŘ  
6. A report describing our experience using Lidar ŀƴŘ ƻōƧŜŎǘπōŀǎŜŘ ƳƻŘŜƭǎ ǘƻ ƛŘŜƴǘƛŦȅ 

specific categories of unstable landforms as found at the project scale, the transferability 
of such models, lessons learned, and recommendations for future research. 
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2.0 DATA 

2.1 STUDY SITES 

This study focused on sites in four areas (Figure 1): the North Fork Calawah Watershed 

Administrative Unit (WAU) (Sites 1A and 1B), the Willapa Hills study area (Site 2) in the Stillman 

Creek WAU, the Howard Creek study area (Site 3) in the Howard Creek WAU and the Wishkah 

study area (Site 4) ς which spans portions of the Lower Wishkah, Wynoochee River South, and 

Chehalis Sloughs WAUs. The Project Team selected a smaller section from each WAU to focus on. 

We chose two sites for separate exercises in the North Fork Calawah WAU.  

 

Figure 1: Study area locations in western Washington. Figures 2-5 in this section show individual sites 
at larger scales. 

The Project Team chose the North Fork Calawah WAU (Sites 1A and 1B) as a pilot area because 

cooperators from the Rayonier Corporation, including a qualified expert with decades of 

experience in RIL identification, had previously field-mapped RILs in the area to avoid timber 

https://geo.wa.gov/datasets/wadnr::watershed-administrative-units-forest-practices-regulation/about
https://geo.wa.gov/datasets/wadnr::watershed-administrative-units-forest-practices-regulation/about
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harvest on unstable slopes per WAC 222-16-050. The Project Team then chose three other study 

areas that: 

1. Provided a range of topographic, geologic, and climactic characteristics; 
2. One or more Project Team members had field experience; 
3. Current lidar was available for (see Table 2 for Lidar specifications); and 
4. Could serve as landslide inventory data collection sites for sub-project 2. 

 
Table 2: Lidar information for each site. 

 

Site 1A & 1Bς 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 kilometers (Figure 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 low-order channels route into the larger tributaries (Dieu 

and Shelmerdine, 1997). The bedrock in the study area dips northeast and is composed of 

Oligocene-Eocene marine sedimentary rocks (OEm) and quaternary alluvium (Qa) along 

Fahnestock Creek. The marine sedimentary rocks are composed 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 anticline extends through the middle of the project area and a syncline extends along the west 

side, both northwest-southeast trending (Schuster, 2005). The study area is bisected by 

Fahnestock Creek, which flows east-to-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 40-60 percent. The highest elevations are 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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Figure 2: Location map of Calawah study area, with the North Fork Calawah and South Fork Calawah 
WAUs indicated in blue and green, Site 1A indicated in red and Site 1B in purple (top). Middle figure 
shows slopeshade and stream network over the study area. Bottom figure shows geology and 
structures mapped in the area. 
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Site 2 ς Willapa Hills 

The Willapa Hills study 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, 2024). The 

Project Team chose this area due to the inventory of field-based landslide locations available 

(Stewart et al., 2013).  

The eastern Willapa Hills are comprised of numerous, broad, convex surfaces of moderate 

gradient. Channel denisty (i.e., stream length per unit area) is lower than at Site 1, primarily 

because deep soils in excess of 2m and regolith profiles of 5-10m 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 channels where the water table intersects 

the surface. Collectively, these broad terrain characteristics of numerous, broad convex surfaces, 

low channel density and deep soils/regolith suggest that the eastern 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 formation tuff. The Crescent Formation 

flow basalt breccia consisting of fine-grained basalt-lapilli 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 to well-bedded, 

palagonitic basaltic lapilli tuff and tuff breccia, basaltic sandstone, siltstone, and conglomerate 

(Henrikson, 1956). Both the Crescent and Cowlitz formations have been mapped in the western 

portion of the site where the units are highly fractured due to faulting on plateaus and benches 

in the western portion of the site (Laprade, 1994). Two normal faults are mapped in the site area, 

oriented northeast and northwest, dipping down to the north at 15-30 degrees (Laprade, 1994). 

Stillman Creek runs north-south through the east side of the study area and joins Little 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 headscarps; few areas are greater than 70 percent. 
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Figure 3: Location map of Willapa Hills study area, with the South Fork Chehalis and Stillman Creek 
WAUs indicated in purple and green and Site 2 indicated in blue (top). Middle figure shows slopeshade 
and stream network over the study area. Bottom figure shows geology and structures mapped in the 
area. 
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 Site 3 - Howard Creek 

The Howard Creek study 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 metavolcanic rock (Jmv) and phyllite of Mt 

Josephine (Jph). This bedrock is exposed at higher elevations where hillslopes of moderate to 

steep gradients exist. At lower elevations, the bedrock is overlain by landslide deposits (Qls) and 

Pleistocene continental glacial drift (Qgd) 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 slopes created by both glacial (i.e., relict features) and modern erosional 

processes. 

The phyllite is composed of foliated graphite, muscovite or sericite-quartz phyllite with abundant 

quartz veins or lenses. In some areas, it is interlayered with cataclastic sandstone, greenschist, 

and blueschist. The metavolcanic rocks are composed of Jurassic metabasaltic 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, silt, sand, 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 

northwest-southeast trend, and the other is an east-west 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 the ridges to the 

north and south of the study area and decreases toward the river running through the center. 

 



17 

 

 

Figure 4: Location map of Howard Creek study area, with the Alder and Howard Creek WAUs indicated 
in purple and green and Site 3 indicated in blue (top). Middle figure shows slopeshade and stream 
network over the study area. Bottom figure shows geology and structures mapped in the area. 
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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 iron-cemented alluvial material originally identified as 

Quaternary old alluvium (Qoa) (Tabor and Cady, 1978) which forms an erosion-resistant cap; it 

has been more recently identified as alpine outwash of older pre-Wisconsinan (Pleistocene) 

origin (Qapwo1) composed of deeply weathered sand and pebble gravel (Logan, 2003). 

Quaternary alluvium (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, 2003) are exposed, and high ridges with over-steepened 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 found on hillslopes along the 

tributaries feeding the creeks and are gentler along Bear and Van Winkle creeks. 

The Tertiary marine sediments are composed of silty, friable, feldspathic Astoria formation 

sandstone (Mm1) and lithofeldspathic and feldspatholithic Montesano formation sandstone 

(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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Figure 5: Location map of Wishkah area, with the Chehalis Sloughs, Lower Wishkah and Wynoochee 
River South WAUs indicated in blue, purple and green and Site 3 indicated in yellow (top). Bottom 
figure shows bare earth slopeshade layer over the study area. 
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2.2 ECO-REGIONS 

Sites 1A, 1BΣ н ŀƴŘ п ŀƭƭ ǊŜǎƛŘŜ ǿƛǘƘƛƴ ǘƘŜ άbƻǊǘƘǿŜǎǘ /ƻŀǎǘέ [ŜǾŜƭ LLL 9Ŏƻ wŜƎƛƻƴΣ ǿƘƛŎƘ ŀǊŜ ŀǊŜŀǎ 

home to Douglas fir-dominant coniferous forests with lesser Sitka spruce, red alder and big leaf 

maple, with salal and salmonberry in the understory (U.S. EPA, 2012). Sites 1A & 1B lie within the 

further-subdivided Level IV Eco-wŜƎƛƻƴ ά[ƻǿ hƭȅƳǇƛŎǎ," ŘŜǎŎǊƛōŜŘ ŀǎ ŀ άƭǳǎƘΣ ŜǇƛǇƘȅǘŜ-rich 

ǊŀƛƴŦƻǊŜǎǘέ ǿƛǘƘ ǿŜǎǘŜǊƴ ƘŜƳƭƻŎƪΣ ǿŜǎǘŜǊƴ ǊŜŘŎŜŘŀǊΣ ŀƴŘ 5ƻǳƎƭŀǎ fir. Site 4 is in the Level IV Eco-

wŜƎƛƻƴ άhǳǘǿŀǎƘ," which is described 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 3 lies in the Level IV Eco-wŜƎƛƻƴ άbƻǊǘƘ /ŀǎŎŀŘŜǎ IƛƎƘƭŀƴŘ CƻǊŜǎǘǎέ ǿƛǘƘƛƴ ǘƘŜ [ŜǾŜƭ LLL άbƻǊǘƘ 

/ŀǎŎŀŘŜǎέ ǊŜƎƛƻƴΣ ŘŜǎŎǊƛōŜŘ ŀǎ ǎǘŜŜǇΣ ƎƭŀŎƛŀǘŜŘ ǊƛŘƎŜǎ ǿƛǘƘ ŎƻƭŘŜǊ ŎƭƛƳŀǘŜ ŎƻƴŘƛǘƛƻƴǎΣ ƘƻƳŜ ǘƻ 

Pacific silver fir/mountain hemlock forests (Pater et al., 1998). Lower elevations in Site 3 are in 

western hemlock forest zone, transitioning to silver fir and mountain hemlock in the higher 

elevations (Franklin & Dyrness, 1973). 

2.3 TOPOGRAPHY 

How do topographic characteristics differ between the four study sites? The shaded relief images 

in Section 2.1 provide a visual comparison. We can also compare quantitative measures of 

topographic attributes measured from the DTM, four of which are shown by the bar charts in 

Figure 6. These reveal a rather striking difference between Site 1A and the other three sites: Site 

1A has the largest channel density (channel length per unit basin area)2, the steepest mean slope, 

and by far, the highest density of zero-order basins,3 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 gradient are shown in Figure 7. More than half of the area of Site 1A is steeper 

than 70%, whereas at the other three sites, less than 20% of the area is steeper than 70%. These 

modeled differences in topography translate to differences in the number and size of inner gorge 

(IG) and bedrock hollow (BH) landforms between the sites. Steeper slopes together with greater 

channel length and number of zero-order basins per unit basin area suggest greater potential for 

existence of inner gorge and bedrock hollow RILs. Detailed descriptions of the topographic 

indices are included in Appendix E. 

 
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 minimum flow length (30m). The thresholds varied with gradient to reflect 
differing channel-forming processes in steeper and flatter terrain (see Miller et al., 2015). 
3 ! άȊŜǊƻ-ƻǊŘŜǊέ ōŀǎƛƴ ƛǎ ǘƘŜ area that drains to the upslope extent of a channel. Bedrock hollows form within zero-
order basins. See Appendix B. 
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Figure 6: Topographic characteristics of the four study sites (Site 1a = North Fork Calawah, Site 2 = 
Fahnestock Creek, Site 3 = Howard Creek, Site 4 = Wishkah). 

 

Figure 7: Frequency distributions of surface gradient for the four study sites (Site 1a = North Fork 
Calawah, Site 2 = Fahnestock Creek, Site 3 = Howard Creek, Site 4 = Wishkah). Circles indicate the mean. 
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3.0 MAPPING METHODS 

We used manual and automated mapping methods to produce landform maps based on RIL 

definitions and Board Manual guidance for inner gorge and bedrock hollow landforms. Four to 

five Project Team members, all experienced practitioners (EP), independently conducted the 

manual mapping. Two of the Project Team members developed automated mapping methods 

based on input provided by the entire Project Team. The EPs have a broad range of experience 

and backgrounds in modeling, field mapping, and remote mapping, which created sample 

diversity in these exercises. The manually generated landform maps were used in Phase 1 of this 

study to compare with the computer-generated OBIA and VW landform maps.  

The computer-generated landform maps were produced using two approaches: an OBIA 

approach described in Section 3.1.2 and Appendix A and a VW approach described in Section 

3.1.3 and Appendix B. Although these methods use some of the same input data for mapping 

landforms, they approach that task in different ways. OBIA uses image-analysis techniques to 

detect spatial patterns in topographic attributes derived from the DTM. Rules are specified to 

delineate specific types of patterns into distinct zones. These rules reflect expectations of how 

differences in topography differentiate landform types. The polygons encompassing these zones 

are called objects and these objects are then classified into landform types. The virtual watershed 

approach works with the same underlying DTM data and with the same topographic attributes 

derived from the DTM to identify patterns, but it starts with the landform definitions and then 

traces out the zones that meet those definitions. Key components of those definitions are 

specifications of how landforms are related spatially in terms of the movement of water and 

sediment through the landscape. For that, a virtual watershed first determines patterns of 

connectivity of all DTM grid points via surface flow paths and Euclidean distance. These two 

modeling approaches can produce different outcomes. Those differences can help us identify 

ambiguities or alternatives to use in our landform definitions. The computer-generated 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 MANUAL MAPPING METHODS 
 
Four mappers manually delineated potential bedrock hollow and inner gorge RILs based on WA 

Forest Practice definitions (WAC 222-16-050) in Sites 1A, 2, 3, and 4. An additional mapper, with 

extensive field experience in the area, participated in an additional mapping exercise at Site 1B. 

The manually mapped landforms were used to compare with computer-generated landforms in 

Phase 1 of this project.  

The manual mappers based their interpretation solely on topographic and geomorphic 

characteristics observable in the DTM. We did not use field evidence and other remote sensing 
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products. We visualized the terrain using 3-foot (1-meter) resolution lidar derivatives, including 

a multi-directional hillshade overlayed with 5-foot contours and colored slope classes (% 

gradient) using the following slope increments: 60% to 70%, 70% to 80%, 80% to 90% and >90%. 

The manual mappers agreed that at least half of the landform polygon needed to contain slope 

pixels with values greater than 70% to be considered a hollow or inner gorge, in addition to the 

Board Manual RIL definition. The team used a common, pre-defined channel head dataset (see 

Appendix B) and completed all mapping at a scale of 1:500 for the secondary mapping effort in 

Site 1B. 

3.2 OBIA VIA IMAGE SEGMENTATION AND CLASSIFICATION (WEYERHAEUSER MODEL) METHODS 
 
As a proof of concept for applying OBIA methods to delineate landforms, we opted to use an 

available model developed by Weyerhaeuser technical staff (herein referred to as OBIA; Shaw et 

al., 2017). This model employs an object-based approach to classify landforms using a variety of 

image analysis tools that allow us to mimic the interpretation process an expert uses to visually 

identify and delineate landforms with digital imagery. Visual recognition of a landform is 

subjective and at times difficult to communicate, and it is even more difficult to translate into 

rulesets or computer scripts (Van Den Eeckhaut, 2012). We know, however, that experts can 

conceptualize RILs using only derivatives of high-resolution, bare-earth lidar data (e.g., hillshades, 

hillslope curvature, and gradient). We also know that landforms contain several physical features 

with significantly different morphometric characteristics. Therefore, our model is designed to 

delineate and classify landforms based on mathematical derivations of key morphometric 

parameters (e.g., surface elevation, gradient, curvature; see Table A1, Appendix A) that can be 

derived from DTMs using image analysis tools. The OBIA model has been applied regionally (in 

Washington and Oregon) across landscapes with diverse terrain characteristics because it uses 

only one ruleset with one set of parameters. The OBIA approach enables extraction of features 

without using any additional data (e.g., landslide inventories or values extracted from manual 

mapping products) to calibrate the model. Consequently, the OBIA 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 model takes advantage of the hierarchical, statistically based analytical capabilities of 

eCognition software tools to extract and classify features. Basic model steps include: 

1. creating data layers used in the analysis, including lidar derivative grids (e.g., gradient and 
curvature components based on definitions found in Florinsky, 2016);  

2. segmenting an image (e.g., of a curvature grid) into multi-scale objects by grouping or 
aggregating pixels according to specified threshold values (e.g., convergent vs divergent 
slope forms), as shown in left panel of Figure 8; 

3. classifying those objects using statistical data values, geometry, or their relationship (e.g., 
adjacency) to other objects, as shown in right panel of Figure 8; and, 
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4. assigning landform names to extracted objects based on RIL definitions and criteria; our 
classification scheme also includes non-RIL features (e.g., ridges) that were extracted first 
in order to isolate the RIL landforms considered for this sub-project (bedrock hollows and 
inner gorges). 
 

 

Figure 8: Fundamental image analysis processes; segmentation and classification at Site 1B. Hillshade 
shown as background. 

We approached the RIL feature extraction process by building decision trees similar to what 

experts may use. For example, experts can determine when a channel-adjacent hillslope is being 

actively incised by using topographic criteria that include the presence of steep, very tightly 

confined hillslopes immediately adjacent to a channel, and evidence of a distinct gradient break 

that defines the upslope extent of the steep hillslope. However, the upslope gradient break is not 

always crisp or continuous, and channel-adjacent steep slopes are not always topographically 

uniform. An expert is forced to 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 drawing a continuous line along the hillslope, even though the pattern of 

slope steepness and the slope break can vary significantly (Van Den Eeckhaut et al., 2012). 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 channel. Image processing techniques in 

this workflow such as pixel segmentation, object classification, class relationship to neighbors, 

and use of multi-scale data to help identify discrete boundaries allow us to replicate the iterative 

process experts use when delineating landforms. 

The main objective of the OBIA process is to design a classification scheme that identifies and 

integrates the geomorphic signatures of the landforms. Classification is accomplished by utilizing 

multiple image analysis tools including neighborhood relationships of pixels and objects. For 

example, classification of objects as ΨLƴƴŜǊ DƻǊƎŜΩ is based on their steepness and immediate 

proximity to a stream. We also integrate processes where we classify seed clusters, or groups of 

pixels with homogeneous properties, that are significantly different from their neighbors (e.g., 

long, flat, and narrow objects like roads)Σ ŀƴŘ ǘƘŜƴ ƎǊƻǿ ǘƘŜƳ ƻǳǘ ƛƴǘƻ ŀǊŜŀǎ ǘƘŀǘ ŀǊŜƴΩǘ 

statistically different or are best described using data at a different scale (e.g., landings ς an 

expansion of a forest road to create additional level areas necessary for decking logs and loading 

trucks). We analyze data on hierarchical levels to 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 relationships, to determine if an object is compact, as is the case with 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 in the classification of our target features, 

bedrock hollows and inner gorges. This approach is like how an expert would interpret, for 

instance, where the stream channel initiates, in order to define the lowermost extent of a 

bedrock hollow. Non-RIL features extracted in this model include large terraces, valley bottoms, 

landslide benches, streams, ridges, and roads. Once extracted, these features are not considered 

as candidates for future classifications.  

The ruleset developed for this sub-project contains an extensive collection of segmentation and 

classification algorithms to allow for analyses at multiple spatial scales. The numerous 

mathematical and statistical methods employed by eCognition are described in peer-reviewed 

literature and additional documentation maintained by Trimble (Atwood et al., 2016; Saha & 

Landeghem, 2021; Witharana, 2014; Zangana et al., 2025). User input required to run the model 

is limited to parameter threshold values (e.g., 70% gradient thresholds for bedrock hollows) and 

length scales, or grid window sizes, over which a particular parameter is analyzed. These values, 

along with further description of the method, are provided in Appendix A. 
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3.3 VIRTUAL WATERSHED METHODS 

In addition to the OBIA model, we also implemented a geomorphically oriented approach based 

ƻƴ ǘƘŜ ŎƻƴŎŜǇǘ ƻŦ ŀ άvirtual watershedέ ό.ŀǊǉǳƛƴ Ŝǘ ŀƭΦΣ нлмрΤ .ŜƴŘŀ Ŝǘ ŀƭΦΣ нлмсύ ƛƳǇƭŜƳŜƴǘŜŘ in 

ArcGIS using NetMap tools (Benda et al., 2007)4. A virtual watershed enables geospatial 

simulation of watershed processes and human interactions (Figure 9) by enumerating watershed 

landforms linked explicitly to a DTM-traced channel network (Miller et al., 2015). A virtual 

watershed is characterized by five analytical capabilities:  

1. Landform characterization: Every cell in a DTM is characterized by its geomorphometry 
(e.g., gradient, curvatures) and its topography (e.g., topographic position (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 an open-source Fortran library 
(https://danmillerm2.github.io/NetStream_Doc/). Programs from this library are used in R scripts developed as part 
of a research compendium for the USC Project (https://github.com/DanMillerM2/UnstableSlopes). 

https://terrain-works.maps.arcgis.com/apps/Cascade/index.html?appid=585db8525f424d57a98f0fcac73b1d0b
https://terrainworks.com/technical-help
https://github.com/DanMillerM2/UnstableSlopes
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Figure 9: Steps in construction of a dataset for a virtual watershed. These data structures utilize multiple 
connectivity pathways (discussed in Appendix B), including: (i) river connected, (ii) Euclidean distance, 
(iii) slope distance, (iv) gravity-driven flow paths, and (v) modified slope distance. From Figure 3 in 
Barquín et al., 2015. 

We used the NetStream suite of tools (https://danmillerm2.github.io/NetStream_Doc/) for 

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

gorge landforms using the RIL definitions in WAC 220-16-050 and the descriptions in the Board 

Manual Section 16). There are two approaches for delineating these landforms. One is to specify 

the landform definitions a priori based on the Board-Manual descriptions. The other is to 

calibrate the definitions so that the delineated landform polygons best match those drawn by 

experienced field practitioners. We used both.  

Delineation of landform boundaries relies heavily on variations in the ground-surface gradient. 

Field measures of gradient are typically made with a clinometer sighting to a target, looking 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 point was measured looking upslope 15 meters and 

https://danmillerm2.github.io/NetStream_Doc/
http://chrome-extension/efaidnbmnnnibpcajpcglclefindmkaj/https:/www.dnr.wa.gov/publications/bc_fpb_bmsection16_2022.pdf
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again downslope 15 meters (slope distance), as described in Appendix E. Each DEM grid point 

thus had both an upslope-looking gradient value and a downslope-looking gradient value. 

Differences in these values were used to identify slope breaks.  

The scheme for delineating hollow and inner gorge landforms described above and in Appendix 

B relies 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 areas flowing directly into unchannelized flow paths όǘƘŜ άŘǊŀƛƴŀƎŜ ǿƛƴƎǎέ 

that delineate the hillslope contributing area to a point in the traced channel network, Appendix 

B Figure B2), the traced network needs to extend beyond likely channel-head locations and into 

unchannelized swales. These unchannelized swales are referred to as zero-order basins5.  

With high-resolution lidar DTMs, channels can often be detected directly. To ensure that only a 

single flow path is traced upslope of the likely channel head, we used topographic indicators to 

ŘƛŦŦŜǊŜƴǘƛŀǘŜ ŜǊƻǎƛƻƴŀƭ άǇǊƻŎŜǎǎ ŘƻƳŀƛƴǎέ όŜΦƎΦΣ Dietrich et al., 2003; McCleary et al., 2011; 

Montgomery, 1999). These transitions are identified using inflections in slope-area plots thought 

to indicate the transition of planar and divergent hillslopes to convergent swales to debris-flow 

corridors to fluvial channels (e.g., Ijjasz-Vasquez et al., 1995; Stock and Dietrich, 2006) and can 

be used therefore to identify slope-area thresholds for tracing the upslope extent of a DTM-

derived channel network.  

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

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

value. An inflection in the plot (Figure 3 in Clarke et al., 2008), where the rate of change of channel 

density starts to increase with decreasing threshold value, indicates the threshold below which 

άŎƘŀƴƴŜƭǎέ ŀǊŜ ǘǊŀŎŜŘ ƛƴ ǇǊƻŦǳǎƛƻƴ ƻƴǘƻ ǇƭŀƴŀǊ ƘƛƭƭǎƭƻǇŜǎΣ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ άŦŜŀǘƘŜǊƛƴƎέ ƻŦ ǘƘŜ ǘǊŀŎŜŘ 

network (Montgomery and Foufoula-Georgiou, 1993). Within the resolution of the DTM, this 

inflection indicates the contributing area at which planar and convex hillslopes transition into 

concave (topographically convergent) landforms (Montgomery and Foufoula-Georgiou, 1993). 

Thus, the threshold identified with the inflection in the area versus channel-density plot provides 

a lower limit for tracing channels that extend through zero-order basins. 

Using thresholds near or below that inflection point ŎŀƴΣ ƘƻǿŜǾŜǊΣ ǊŜǎǳƭǘ ƛƴ άŦŜŀǘƘŜǊƛƴƎέ ƻŦ ǘƘŜ 

traced channel network where multiple channels are traced through a single hollow. To preclude 

feathering, we first identify all potential channel-initiation points for a specified threshold value, 

 
5 Channels may extend upslope into a zero-order basin after a debris flow scours soil down to bedrock. This 
channelized condition persists until accumulated soil and woody debris refill the channel. We assume that most of 
the time, zero-order 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 estimated as the lower cross-slope width limit 

for a hollow landform, which may vary with terrain (Table 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. This transition 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 channel-head 

locations using remotely sensed data (e.g., Anderson, 2019; Avcioglu et al., 2017; Clubb et al., 

2014; Garrett and Wohl, 2017; Lashermes et al., 2007; Li et al., 2020; Metes et al., 2022; 

Passalacqua et al., 2010; Pelletier, 2013; tƱŀŎȊƪƻǿǎƪŀ Ŝǘ ŀƭΦΣ нлнмΤ {ƘŀǾŜǊǎ ŀƴŘ {ǘŀƴƛǎƭŀǿǎƪƛΣ нлмуΤ 

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 storm, fire, and debris-flow activity (BM16, Dunne, 1991; Hattanji et al., 2021; Hyde et al., 

2014; Wohl, 2013). Were channel-head locations static over time, we may find that they are 

associated with specific topographic thresholds. Given their transient nature, channel-head 

locations are appropriately characterized using distributions of topographic attributes (Zhou et 

al., 2019).  

We lack field surveys of channel-head locations with which to define such distributions, but we 

can specify that modeled channel heads need to occur at or downslope of the manually mapped 

bedrock hollows. Thus, the distribution of slope-area values along the traced flow paths where 

they intersect the downstream end of the manually drawn hollow polygons provides a basis for 

choosing a slope-area threshold value for channel heads.  

With this scheme, RIL polygons are delineated using concepts familiar to field practitioners and 

consistent with Board-Manual descriptions. Hollows lie within steep swales draining to 1st-order 

channels and inner gorges on steep channel- or floodplain-adjacent slopes and extend upslope 

to a slope break. We can define the channel-head and slope thresholds a priori, however, in this 

study, we adjusted their values to best match manually drawn landform polygons delineated 

based on the criteria derived from RIL definitions. We adjusted the length scale over which 

gradient and curvatures are measured. Calibration of these thresholds, based on the frequency 

distribution of topographic attributes, is discussed in Section 4.2.2. For both automated methods, 

the ability to calibrate model outputs to better match observations will be used in the subsequent 

sub-projects. Here we adjusted model parameters to better match the range of topographic 

attributes that characterized landform polygons drawn by experienced mapping practitioners. 
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With the next sub-project, Susceptibility and Runout, we can adjust model parameters to better 

match the range of topographic attributes that characterize landslide locations. 
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4.0 EVALUATION OF MODELED MAP PRODUCTS 

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

without field verification. The Project Team initially 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 their accuracy. The Project Team evaluated the landform maps produced by 

automated mapping methods in two phases. In Phase 1, we compared the automated maps to 

landform maps manually produced by EP and to the maps of one EP selected by the Project Team 

through a consensus exerciseΦ ²Ŝ ŀƭǎƻ ŜǾŀƭǳŀǘŜŘ ǘƘŜ ǾŀǊƛŀōƛƭƛǘȅ ŀƳƻƴƎ ǘƘŜ 9tΩǎ ƳŀǇǎΦ We 

characterized the variability between mappers in a way that allowed comparison with the 

automated mapping products. We developed a sequence of consensus exercises for this sub-

ǇǊƻƧŜŎǘ ǘƻ ŎƻƳǇŀǊŜ ǘƘŜ 9tΩǎ ƭŀƴŘŦƻǊƳ ƳŀǇǎ ǘƻ ŜŀŎƘ ƻǘƘŜǊ ŀƴŘ ǘƻ ǘƘŜ ŎƻƳǇǳǘŜǊ.  

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 PHASE 1 ς MODEL EVALUATION VIA MANUAL DELINEATION COMPARISON 

4.1.1 PHASE 1 METHODS 

Phase 1 of this project aimed to assess the consistency between manually mapped landform 

maps and landform maps produced by automated methods. The Project 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 multi-tiered approach that included pairwise 

comparisons of mapped polygons, voting-based consensus exercises, and spatial agreement 

analyses using confusion matrices. We implemented these methods to quantify the extent of 

agreement among mappers, identify sources of divergence in landform interpretation, and assess 

the alignment between EP delineations and computer-generated landform predictions. By 

examining overlap in mapped areas, topographic attribute distributions, and EP voting patterns, 

the team sought to isolate procedural differences, evaluate the effectiveness of defined mapping 

criteria, and improve consistency in future mapping exercises. 

4.1.1.1 Comparison of EP mapped landforms 

All four mappers produced bedrock hollow and inner gorge landform maps for each of the four 

study sites. We compared these maps using pair-wise overlays of the mapped landform polygons 

and image analysis techniques to 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 1A, the Project Team used other methods in addition to the pairwise overlays to evaluate 

agreement among mappersΦ LƴǎǘŜŀŘ ƻŦ ƭƻƻƪƛƴƎ ŀǘ ǘƘŜ ŀǊŜŀ ƻŦ ƻǾŜǊƭŀǇ ōŜǘǿŜŜƴ ƳŀǇǇŜǊΩǎ 

landform polygons, we looked at how often manual mappers did or did not delineate a bedrock 

hollow polygon in the same area. Because we wanted sites that could be delineated as bedrock 

hollows by the mappers, we randomly selected 23 potential bedrock hollow polygons generated 

by the virtual watershed model and 24 potential bedrock hollow polygons generated by the OBIA 

model. We counted the number of times a mapper drew a polygon at a site that another mapper 

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

ŘƛŘ ƴƻǘΦ ²Ŝ ŎƻƳǇŀǊŜŘ ŜŀŎƘ ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴǎ ŀƎŀƛƴǎǘ ŜŀŎƘ ƻǘƘŜǊΩǎ ƛƴŘƛǾƛŘǳŀƭƭȅ ŀƴŘ ŎƻǳƴǘŜŘ ǘƘŜ 

number of times they agreed.  

As another way to identify the sources of variability amongst the EP-mappers' polygon sets, we 

conducted a spread-sheet comparison of manually mapped polygons within the same 47 

randomly selected bedrock hollow ŀǊŜŀǎ ƛƴ {ƛǘŜ м!Φ Lƴ ǘƘŜ ŜȄŜǊŎƛǎŜΣ ŜŀŎƘ ƳŀǇǇŜǊ ǾƻǘŜŘ άȅŜǎέ ƻǊ 

άƴƻέ ŦƻǊ ŜŀŎƘ ƻŦ ǘƘŜ Ƴŀƴǳŀƭƭȅ ŘǊŀǿƴ bedrock hollow RIL ǇƻƭȅƎƻƴǎΦ ! άȅŜǎέ ǾƻǘŜ ƛƴŘƛŎŀǘŜŘ ǘƘŀǘ 

the mapper felt the polygon could accurately delineate and represent the bedrock hollow in that 

area. We used the results of this exercise to evaluate agreement among mappers in terms of 

άȅŜǎέ ƻǊ άƴƻέ ǾƻǘŜǎ ŀǘ ŜŀŎƘ ƻŦ ǘƘŜ ŀǊŜŀǎΦ CƻǊ ŜȄŀƳǇƭŜΣ if two mappers agreed that the site 

represented a bedrock hollow RIL, that would count as an agreement between those two at that 

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

In an effort align the 9tΩǎ mapping criteria, the Project Team filled out a spreadsheet shown in 

Appendix D. This exercise ensured the mappers were all using the same parameters (scale, 

planform curvature, inner gorge slope breaks etc.) specified within the rule definitions. The 

mappers also ǎŜƭŜŎǘŜŘ ǿƘƛŎƘ ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴ ŦǊƻƳ ǘƘŜ ǎŜǘ ǘƘŀǘ ǘƘŜȅ ŦŜƭǘ most accurately 

delineated and represented the bedrock hollow RIL for each site. The Project Team conducted 

ǘƘƛǎ ŜȄŜǊŎƛǎŜ ǘƻ ŀƎǊŜŜ ƻƴ ǿƘƛŎƘ 9tΩǎ ƭŀƴŘŦƻǊƳ ƳŀǇ Ƴƻǎǘ ŎƭƻǎŜƭȅ ƳŀǘŎƘŜŘ ǘƘŜƛǊ ŜȄǇŜŎǘŀǘƛƻƴǎ ŦƻǊ 

an adequate RIL delineation. Team discussions enabled them to identify in what way the selected 

9tΩǎ ǘƻƻƭǎ ŀƴŘ ƳŜǘƘƻŘǎ ǾŀǊƛŜŘ ŦǊƻƳ ǘƘŜ ǊŜǎǘ ƻŦ ǘƘŜ ǘŜŀƳΦ ¦ǎƛƴƎ ƛƴŦƻǊƳŀǘƛƻƴ from these exercises, 

the team then re-calibrated their mapping methods and repeated the mapping exercise in a new 

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

We extended the visual inspection and voting exercise, using the same selected locations at Site 

1A, to computer-generated bedrock hollow landform polygons. This provided a measure of 

agreement by the mapping team with the computer-model results and showed that the 

computer models were drawing potential bedrock hollows and inner gorges where none had 

been identified by any of the mappers. Each member of the mapping team then visually 

examined a set of such computer-ƎŜƴŜǊŀǘŜŘ άƻǳǘƭƛŜǊέ polygons, with no matching mapper 

polygons, and voted on whether they thought they represented an actual potential bedrock 
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hollow or inner gorge or 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 computer-model results. 

4.1.1.2 Confusion matrices 

Confusion matrices are 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 EP-ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴǎ ǘƻ ŀƴƻǘƘŜǊ 9t-ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴǎ ƻǊ ǘƻ ǘƘŜ ǇƻƭȅƎƻƴǎ 

generated by the computer models. To generate a confusion matrix, we overlay the two sets of 

polygons and measure four types of overlap,6 described in Table 3 below. We refer to one mapper 

ŀǎ ǘƘŜ άǊŜŦŜǊŜƴŎŜέ ŀƴŘ ǘƘŜ ƻǘƘŜǊ ƳŀǇǇŜǊΣ ƻǊ ǘƘŜ ŎƻƳǇǳǘŜǊ-model outputs, as the comparison.  

Table 3. Confusion matrix term definitions as used in this project. 

Type of overlap Confusion-matrix 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 does. False Negative (FN) 

Note the following relationships: 

 TP + FN = Total area of reference RIL polygons 

 FP + TN = Total area of reference non-RIL zone 

 TP + FP = Total area of comparison RIL polygons 

 FN + TN = Total area of comparison non-RIL zone 

 TP + FP + TN + FN = Total study area 

A confusion matrix was constructed using the four values in Table 4. Summing across rows gives 

the area mapped in each class (RIL or Non-RIL) in the reference map; summing down columns 

gives the area mapped in each class in the comparison map. The tables 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 the study-area 
polygon using the DTM as a template. 2. Rasterize both the reference and comparison RIL polygons, again using the 
DTM as a template. 3. Overlay the three rasters and go through pixel by pixel. Where there is a study-area pixel but 
no reference or comparison pixel, the pixel is a True Negative. Where there is a study-area pixel, a reference pixel, 
but no comparison pixel, the pixel is classified as a False Negative. Where there is a study-area pixel, a comparison 
pixel, but no reference pixel, the pixel is classified as a False Positive. Where there is a study-area pixel and both a 
reference and comparison pixel, the pixel is classified as a True Positive. 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. 

https://en.wikipedia.org/wiki/Confusion_matrix
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Table 4. 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 single-valued 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 the reference and comparison sets of 

polygons: accuracy, balanced accuracy, recall, and precision.  

Accuracy tells us what proportion of the total study area the reference and comparison mappers 

agreed on. It is defined as:  

ὃὧὧόὶὥὧώ
Ὕὖ Ὕὔ

Ὕὖ Ὕὔ Ὂὖ Ὂὔ

ὓὥὸὧὬὩὨ ὙὍὒὓὥὸὧὬὩὨ ὔέὲὙὍὒ

Ὕέὸὥὰ ὥὶὩὥ ὙὍὒὔέὲὙὍὒ
 

ǿƘŜǊŜ άaŀǘŎƘŜŘ wL[έ ƛƴŘƛŎŀǘŜǎ ǘƘŜ ŀǊŜŀ ƻŦ ƻǾŜǊƭŀǇ ōŜǘǿŜŜƴ ǘƘŜ ǊŜŦŜǊŜƴŎŜ ŀƴŘ ŎƻƳǇŀǊƛǎƻƴ wL[ǎ 

ŀƴŘ άaŀǘŎƘŜŘ NonRILέ ƛƴŘƛŎŀǘŜǎ ǘƘŜ ŀǊŜŀ ƻŦ ƻǾŜǊƭŀǇ ōŜǘǿŜŜƴ ǘƘŜ ǊŜŦŜǊŜƴŎŜ ŀƴŘ ŎƻƳǇŀǊƛǎƻƴ 

NonRILs. For our study sites, all mappers interpret most of the area mapped as NonRIL, in some 

cases, by more than 90%. This large difference in the area mapped as RIL and NonRIL renders this 

measure of accuracy less informative. Even if the comparison map included no RILs, it would still 

match the majority of the area mapped as a NonRIL in the reference map and the accuracy would 

be high.  

! ǎƛƳǇƭŜ ŀƭǘŜǊƴŀǘƛǾŜ ƳŜŀǎǳǊŜ ƻŦ ŀŎŎǳǊŀŎȅΣ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ άōŀƭŀƴŎŜŘ ŀŎŎǳǊŀŎȅέ (Tharwat, 2020), 

provides a better measure of the agreement between the two classes. Balanced accuracy 

separates the RIL and NonRIL areas 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 reference NonRIL area matched by the 

comparison map (TN/(TN+FP)), adds them together, and divides by two: 

 

For the large differences in RIL and NonRIL area 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 balanced 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: 

 

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: 

ὖὶὩὧὭίὭέὲװ װ
Ὕὖ

Ὕὖװ Ὂὖװ

ὕὺὩὶὰὥὴװέὪװὙὩὪὩὶὩὲὧὩ ὥὲὨ ὅέάὴὥὶὭίέὲװὙὍὒί

ὝέὸὥὰװὅέάὴὥὶὭίέὲװὙὍὒװὥὶὩὥ
 

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 1.0 indicate a perfect match and values of zero indicate no 

overlap of the RIL area between the reference and comparison maps.  

4.1.1.3 Elevation derivatives 

We sought to identify sources for the poor spatial alignment by examining how the frequency 

distributions of topographic attributes, within the mapped RIL polygons, varied among mappers 

and field sites. These topographic attributes were calculated as derivatives of the elevation values 

in the DTMs, specifically gradient, curvature, and contributing area. We compared the maps, in 

terms of the topographic attribute ranges used by mappers, using frequency distributions. 

Similarities and differences in these frequency distributions show how consistent mappers (and 

computers) are among themselves and across study sites in applying the topography-based 

criteria for delineating RILs. Detailed descriptions of the elevation derivatives can be found in 

Appendix E. 

4.1.1.4 Voting: Consensus exercise among manually mapped polygons 

We then focused specifically on Site 1A to identify differences in the mapping protocols used by 

individual mappers that could be sources of inconsistency. The mapping team visually inspected 

and voted on sets of randomly chosen bedrock hollow RIL 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 produced bedrock hollow and 

inner gorge RIL maps for an additional study area, Site 1B. 
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Lƴ ǘƘŜ ǾƻǘƛƴƎ ŜȄŜǊŎƛǎŜΣ ƳŀǇǇŜǊǎ ǾƻǘŜŘ ƻƴ ǘƘŜ ŀŎŎǳǊŀŎȅ ƻŦ ŜŀŎƘ ƻǘƘŜǊΩǎ όŀƴŘ ǘƘŜƛǊ ƻǿƴύ bedrock 

hollow polygons for a randomly selected set of 47 potential bedrock hollow sites. These sites 

were identified by randomly selecting modeled potential bedrock hollow polygons, from each 

computer model, at Site 1A (Figure 10). In these polygons, there could be one bedrock hollow, 

many bedrock hollows, or none. At each of the selected sites, each mapper examined the 

manually drawn polygons drawn by all mappers for that site as well as the computer-generated 

ǇƻƭȅƎƻƴǎΦ ¢ƘŜȅ ǾƻǘŜŘ άȅŜǎέ ƻǊ άƴƻέ ƻƴ ƛŦ ǘƘŜȅ ǘƘƻǳƎƘǘ ǘƘŜ ŎƻƳǇǳǘŜǊ-generated mapped polygon 

represented an actual bedrock holloǿ ŀǘ ǘƘŜ ǎƛǘŜ ŀƴŘΣ ƛŦ ƛǘ ŘƛŘΣ ǘƘŜƴ ǾƻǘŜŘ ƻƴ ǿƘƛŎƘ ƳŀǇǇŜǊΩǎ 

ǇƻƭȅƎƻƴ όŜƛǘƘŜǊ ŀ ŘƛŦŦŜǊŜƴǘ ƳŀǇǇŜǊΩǎ ƻǊ ǘƘŜƛǊ ƻǿƴύ ǇǊƻǾƛŘŜŘ ǘƘŜ ōŜǎǘ ƛƴŘƛŎŀǘƛƻƴ ƻŦ ƭƛƪŜƭȅ wL[ ǎƘŀǇŜ 

and extent.  

 

Figure 10: Location of randomly selected bedrock hollow areas mapped by OBIA (red) and VW (blue). 
See Figure 2.1A in Appendix A for site location (Site 1A or North Fork Calawah). 

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 lidar-derived geomorphometric 

parameters (e.g., slope shape and steepness, flow accumulation). Landform classes were 

modified from this rule-set 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 and the VW threshold 

parameters to produce better visual alignment of the modeled polygons with what the mapping 

team viewed as appropriate-looking RIL polygons. We used a heuristic approach to modify the 

OBIA rule set with a focus on the geometric shape of extracted 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 gradient, up-to-down-slope-looking 

gradient ratio, tangential curvature, and the proportion of a polygon with gradient less than 70% 

based on visual inspection of the frequency distributions of the topographic attributes associated 

with the mapped RIL polygons at Site 1B, shown in Appendix G. We then 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 after seeing 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 calibrate 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. 

4.1.2 PHASE 1 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 confusion-matrix derivatives of accuracy, balanced accuracy, recall and precision, we 

identified how closely the mapped polygons aligned spatially. We used maps showing the overlap 

of the bedrock hollow and inner gorge polygons 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 for each pair of mappers (Appendix C). We found more variability in the manual maps 

than we had expected, which motivated us to look for sources of variability.  

4.1.2.1 Manual Map Consistency at Site 1A or North Fork Calawah 

Shaded-relief images, showing the potential bedrock hollow polygons drawn by each mapper of 

the four who completed the exercise (a fifth mapper completed part of the area and participated 

in the voting exercise described below), are shown for bedrock hollows in Figure 11. Comparing 

the sets, the difference in size, shape and number of polygons is displayed between mappers. 

Figure 12 overlays all four sets of polygons to show the number of mapper-polygon overlaps in 

an area. This shows the difference in delineation 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 ς suggesting that they may agree that a bedrock hollow exists in that 

ŀǊŜŀΣ ōǳǘ ŘƻƴΩǘ ŀƎǊŜŜ ƻƴ ǘƘŜ ŘŜƭƛƴŜŀǘƛƻƴ ōƻǳƴŘŀǊȅΦ Figure 13 quantifies these observations and 

shows differences in the number, sizes, and cumulative area of bedrock hollow RIL polygons 

drawn by each of the four mappers at Site 1A. Everyone agreed that a large portion of the area 

is NOT the bedrock hollow RIL. However, there was some disagreement as to where bedrock 

hollows do exist (Figures 11 through 15).  



39 

 

 

Figure 11: Each mappersΩ bedrock hollow RIL polygons overlain on a shaded relief image at site 1A or 
North Fork Calawah. 
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Figure 12: Number of overlaps among manual mappers at Site 1A or North Fork Calawah. 

 

Figure 13: Left figure shows a bedrock hollow area with the polygons delineated by each of the models; 
the right figure shows the polygons delineated by the four mappers and the number of overlaps (right) 
location is indicated by the red square on Figure 12. 
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Figure 14: The number, cumulative area, and size distributions of bedrock hollow RIL polygons drawn 
by four experienced practitioners for Site 1A or North Fork Calawah. 
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Figure 15: The agreement across the four mappers, based on the number of overlaps across all four 
ƳŀǇǇŜǊǎΩ bedrock hollow RIL polygons in Site 1A or North Fork Calawah. More than half (57.8%) of the 
ǘƻǘŀƭ ŀǊŜŀ ŜƴŎƻƳǇŀǎǎŜŘ ōȅ ŜǾŜǊȅƻƴŜΩǎ ǇƻƭȅƎƻƴǎ ƛƴŎƭǳŘŜŘ ƻƴƭȅ ƻƴŜ ƳŀǇǇŜǊΤ ǘƘŜǊŜ ǿŀǎ ǘƻǘŀƭ agreement 
on less than 5% (4.5%) of the total area. 

Error! Reference source not found.0Figure 16 shows shaded relief images with inner gorge 

polygons mapped by each mapper. Figure 17 overlays the four sets of polygons to show the 

number of overlaps in an area. Figure 18 shows bar charts for the length of channel with adjacent 

mapped inner 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 

length is a better measure of how much inner gorge is mapped, rather than number of polygons. 

Figure 19 shows the proportion of total cumulative area mapped as inner gorge RIL, combined 

over all four mappers, in terms of the number of ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴǎ ǘƘŀǘ ƻǾŜǊƭŀǇǇŜŘΦ As with 

bedrock hollows, everyone agreed that a large portion of the basin is NOT the inner gorge 

landform. Generally, inner gorges are drawn adjacent to the streams. But there was unanimous 

agreement on less than 3% of the cumulative mapped area. 
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Figure 16: Inner gorge RIL polygons drawn by each of the four practitioners for the Site 1A or North Fork 
Calawah. 
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Figure 17: Inner gorge RIL polygons for all four mappers overlain at Site 1A or North Fork Calawah. 
Colors indicate number of mappersΩ polygons that overlap in any location. 

 

 

Figure 18: Cumulative channel length with mapped inner gorge and cumulative mapped inner gorge 
area for each mapper in Site 1A or North Fork Calawah. Channel 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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Figure 19Υ /ƻƴǎƛǎǘŜƴŎȅ ŀŎǊƻǎǎ ŀƭƭ ƳŀǇǇŜǊǎΣ ōŀǎŜŘ ƻƴ ǘƘŜ ƴǳƳōŜǊ ƻŦ ƻǾŜǊƭŀǇǎ ŀŎǊƻǎǎ ŀƭƭ ƳŀǇǇŜǊΩǎ inner 
gorge RIL polygons in Site 1A or North Fork Calawah. 

4.1.2.2 Voting: Agreement among Mappers 

The number of manually mapped polygon overlaps varied site by site. Five of the modeled 

bedrock hollow polygon sites had no coincident polygons drawn by any of the mappers. Some of 

the selected sites contained multiple bedrock hollow landforms delineated by the mappers. In 

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

one site match. The number of site matches for ŜŀŎƘ ƳŀǇǇŜǊΣ ŀƭƻƴƎ ǿƛǘƘ ǘƘŜ ƴǳƳōŜǊ ƻŦ άōŜǎǘ 

ǇƻƭȅƎƻƴέ ǾƻǘŜǎ ǘƘŜƛǊ ǇƻƭȅƎƻƴǎ ǊŜŎŜƛǾŜŘΣ ŀǊŜ ƭƛǎǘŜŘ ƛƴ ¢ŀōƭŜ 5.  

Table 5. The first column gives the total number of sites in which a mapper drew a bedrock hollow 
ǇƻƭȅƎƻƴΦ ¢ƘŜ ǎŜŎƻƴŘ ŎƻƭǳƳƴ ƎƛǾŜǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ ǘƛƳŜǎ ŀ ƳŀǇǇŜǊ ǊŜŎŜƛǾŜŘ ǘƘŜ ƳŀƧƻǊƛǘȅ άōŜǎǘ ǇƻƭȅƎƻƴέ 
votes for an area by all mappers. The third column gives the proportion of a mappers bedrock hollow 
ǇƻƭȅƎƻƴǎ ǾƻǘŜŘ άōŜǎǘΦέ 

 

Number of  
matching polygons  
(out of the 47 sites) 

Number of matching 
polygons voted 
"Best Polygon" 

Proportion of matching 
polygons voted  

љ7est ÂŸũǃŊŸŰњ 
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 1 had the most matching polygons (ŀ άƳŀǘŎƘέ meaning they drew an RIL polygon at the 

selected bedrock hollow site), suggesting they had the most complete map in terms of not 

missing potential RILs, and the largest proportion of their polygons selected as the best. We also 

wanted to assess how much the mappers agreed on whose map was the best. Out of all the 
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sampled sites, 42 had matching mapper polygons. Of these, only 4 received a unanimous vote 

for the best polygon: three associated with Mapper 1 and one associated with Mapper 2. For the 

remaining 38 sites, more than one mapperΩǎ ǇƻƭȅƎƻƴ ǊŜŎŜƛǾŜŘ ǘƘŜ άōŜǎǘ ǇƻƭȅƎƻƴέ vote, and the 

choice of whose polygon was best depended on who was voting. This is illustrated in Figure 20, 

which shows how the proportion of each ƳŀǇǇŜǊΩǎ matching polygons (which varied among 

mappers, see Table 5) ǊŜŎŜƛǾƛƴƎ άōŜǎǘ ǇƻƭȅƎƻƴέ ǾƻǘŜǎ varied depending on who was voting. 

 

Figure 20: Pair-wise voting results for which mapper had the most accurate bedrock hollow RIL 
polygons. The x axis shows the mapper voting and the y axis shows what proportion of each mappersΩ 
matching polygons they gave ŀ άōŜǎǘέ ǾƻǘŜΦ 9ȄΦ но҈ ƻŦ ǘƘŜ 35 matching bedrock hollow polygons 
ŘǊŀǿƴ ōȅ aŀǇǇŜǊ н ǿŜǊŜ ǾƻǘŜŘ άōŜǎǘέ ōȅ aŀǇǇŜǊ мΦ 

/ƻƳǇŀǊƛƴƎ ǘƘŜ ƳŀǇǇŜǊǎΩ ǇƻƭȅƎƻƴ ǎŜǘǎ ŀƎŀƛƴǎǘ ŜŀŎƘ ƻǘƘŜǊ ŦǳǊǘƘŜǊ ŜƭǳŎƛŘŀǘŜŘ ŘƛŦŦŜǊŜƴŎŜǎ ōŜǘǿŜŜƴ 

mappers and helped in identifying how those differences arose. Mappers identified differences 

in the mapping scales used and channel-head placements as primary sources of variability. The 

results of the voting exercise determined that Mapper 1 had the most accurate set of landform 

polygons, based on the Project TeamΩǎ ƻǇƛƴƛƻƴΦ Team discussion determined map scale to be the 

primary difference in method between the landform maps produced by Mapper 1 and the rest 

of the Project Team. Mapper 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 channel-head dataset and a scale of 1:500 for mapping at an 

additional site, Site 1B.  

4.1.2.3 C0omparison of Site 1B or Fahnestock Creek after mapper alignment 

We repeated the manual mapping exercise, after identifying inconsistencies in mapping protocol, 

to see if mapping at the same scale using the same GIS data files and the same estimates of 

channel-head location resulted in greater consistency between mappers. To avoid bias, the 
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Project Team selected a new study site (Site 1B) to repeat the exercise in. Site 1B is the small 

basin just north of Fahnestock Creek Basin (Site 1A) shown in Figure 2 in Section 2.1. Site 1B has 

a similar geology and topography as Site 1A. Each mapper used the same DTM derivatives (a 

multi-directional hillshade of a 1-meter lidar DTM, 5-foot contour interval layer, slope class with 

colors based on percent ranges 60 to 70, 70 to 80, 80 to 90, and >90) as the previous exercises, 

but now utilized a common, pre-defined channel-head dataset, produced by the virtual 

watershed model, and a scale of 1:500 in addition to the DTM derivatives. 

The fifth mapper who completed part of the exercise for Site 1A mapped bedrock hollows at this 

site; they had extensive experience mapping landforms for this area, including on-the-ground 

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 experience at 

this site. Their bedrock hollow wL[ ǇƻƭȅƎƻƴǎ ǘŜƴŘŜŘ ǘƻ ōŜ ƭŀǊƎŜǊ ǘƘŀƴ ŜǾŜǊȅƻƴŜ ŜƭǎŜΩǎΣ ǊŜŦƭŜŎǘƛƴƎ 

what was deleted from a harvest proposal (highlighting the differences between remote mapping 

and actual field verification).  

Figure 21 shows ŜŀŎƘ ƳŀǇǇŜǊΩǎ bedrock hollow and inner gorge RIL polygons overlain on a 

shaded relief image, like those shown in Figure 10. Figure 22 shows the number of polygon 

overlaps, like those shown in Figure 11.  

Figure 23 shows balanced accuracy, recall, and precision for a one-to-one comparison of each 

ƳŀǇǇŜǊΩǎ bedrock hollow RILs for both Site 1A and Site 1B. As described in Section 4.1.1.2, higher 

values indicate a greater degree of overlap. We expected generally higher values and more 

consistently equal values among mappers for Site 1B. The results of averaging these measures 

over all values for combinations of Mappers 1 through 4 (i.e., the mean of all pair-wise 

comparisons) at each site are shown in Table 6. 

Table 6. Averaged balanced accuracy and recall and precision for mapped bedrock hollows at Site 1A or 
North Fork Calawah and Site 1B or Fahnestock Creek. 

Bedrock Hollows Site 1A Mean Values 
(± 1 standard 
deviation) 

Site 1B Mean Values 
(± 1 standard 
deviation) 

Difference 
(± 95% confidence 
using t-distribution) 

Balanced Accuracy 0.666 (± 0.062) 0.663 (± 0.083) 0.003 (± 0.114) 

Recall and Precision 0.389 (± 0.135) 0.373 (± 0.097) 0.016 (± 0.183) 

Even with great effort to improve consistency among mappers, these measures of spatial 

agreement did not appear to have improved; in fact, they are slightly smaller at Site 1B. However, 

our sample was small and variable, so these data do not preclude the possibility of either a plus 

or minus difference between the sites. A larger set of mappers could tighten the confidence 

intervals. Likewise, a different set of four mappers may have yielded different averages. 
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Figure 21: Each mappersΩ bedrock hollow and inner gorge RIL polygons for Site 1B or Fahnestock Creek. 
Mapper 5 did not map inner gorges. 
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Figure 22: Overlap count of manually mapped polygons in Site 1B or Fahnestock Creek. Each color 
represents the number of polygons that overlap in that area. 
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Figure 23: Balanced accuracy, recall, and precision for manually mapped bedrock hollows at Site 1A or 
North Fork Calawah and 1B or 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. 

Table 7. Averaged balanced accuracy and recall and precision for mapped inner gorges at Sites 1A or 
North Fork Calawah and 1B or Fahnestock Creek. 

Inner Gorges Site 1A Mean Values 
(± 1 standard 
deviation) 

Site 1B Mean Values 
(± 1 standard 
deviation) 

Difference 
(± 95% confidence 
using t-distribution) 

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 between the bedrock 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.  

 

Figure 24: Balanced accuracy, recall, and precision for manually mapped inner gorges at Sites 1A or 
North Fork Calawah and 1B or Fahnestock Creek. 

Sites 1A and 1B are adjacent to each other and have essentially the same terrain features. The 

little improvement in consistency after revising our mapping protocol would 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 practitioners is 

required. We are limited to remote methods for this sub-project, but it is possible that field 

verification would improve consistency. It is also possible that another iteration of map might 

have led to improved results. 

4.1.2.4 Uncertainties 

In Section 4.1.1, we evaluated mapper agreement by area, looking at the amount of overlap the 

ƳŀǇǇŜǊΩǎ ƭŀƴŘŦƻǊƳ ǇƻƭȅƎƻƴǎ ƘŀŘ ǿƛǘƘ ŜŀŎƘ ƻǘƘŜǊΦ We also evaluated agreement among mappers 

by seeing how often mappers both did or did not delineate a bedrock hollow polygon in that site. 

Figure 25 ǎƘƻǿǎ ǘƘŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ ŜŀŎƘ ƳŀǇǇŜǊΩǎ ǇƻƭȅƎƻƴ ǎŜǘ ǘƘŀǘ ƳŀǘŎƘŜŘ ŜŀŎƘ ƻǘƘŜǊ ƳŀǇǇŜǊΩǎ 

polygons. For example, of the 47 bedrock hollow sites, Mapper 1 and Mapper 2 both mapped 

bedrock hollow landforms at 47% of those sites.  

 

Figure 25Υ tǊƻǇƻǊǘƛƻƴ ƻŦ ŀƎǊŜŜƳŜƴǘ ōŜǘǿŜŜƴ ƳŀǇǇŜǊǎΩ ƛƴƛǘƛŀƭ ōŜŘǊƻŎƪ Ƙƻƭƭƻǿ ŘŜƭƛƴŜŀǘƛƻƴǎ ŀǘ {ƛǘŜ м!Φ 
The height of the bars shows the percentage of bedrock hollow polygons 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, some rule definitions and Board Manual criteria for defining RILs 

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 

άaŀǇǇŜǊ !έ ŀƴŘ άaŀǇǇŜǊ .έ ǘƻ ǊŜǇǊŜǎŜƴǘ ŀƴȅ ǘǿƻ 9t Ƴŀppers on the Project Team. In some 

cases, Mapper A delineated a bedrock hollow polygon at a site that Mapper B did not ς however, 

after Mapper A explained their interpretation of the RIL criteria, Mapper B agreed with the 

delineation and determined they should have drawn a polygon at that site (NonRIL-to-RIL in Table 

8). This case also occurred vice versa, 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-NonRIL in Table 8). We wanted 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 NonRIL-to-RIL and RIL-to-NonRIL cases. These values are shown in Table 8, as well as the 

άǇǊƻǇƻǊǘƛƻƴ ƻŦ wL[ ǳƴŎŜǊǘŀƛƴǘȅΣέ ŎŀƭŎǳƭŀǘŜŘ ōȅ ŘƛǾƛŘƛƴƎ ǘƘŜ ǘƻǘŀƭ ƴǳƳōŜǊ ƻŦ ŀǊŜŀǎ όптύ ƛƴ ǿƘƛŎƘ ŀ 

mapper did or did not delineate a bedrock hollow by the number of those sites in which they 

changed their mind. 

We acknowledge that mapping ALL the RILs for a large area requires substantial effort, 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. 

Table 8: Values demonstrating the number and proportion of sites (n=47) in which mappers switched 
from RIL to non-RIL and vise-versa. Described in detail in text. 

Mapper M1 M2 M3 M4 M5 

RIL-to-NonRIL 2 2 0 2 2 

NonRIL-to-RIL 4 11 16 16 18 

# of sites in which a mapper initially drew a polygon 35 26 26 18 16 

# of sites in which the mapper did not initially draw a 
polygon 

12 21 21 29 31 

Proportion of sites initially mapped as RIL switched to 
NonRIL (#switched/#mapped) 

6% 8% 0% 11% 13% 

Proportion of sites initially mapped as NonRIL 
switched to RIL (#switched/#mapped) 

33% 52% 81% 55% 58% 

 

Table 9 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 RIL. When looking at the proportion of 

matches with another mapper, Mapper 1 appears to have the lowest, only 89% ς but they also 

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

of total sites in which mappers drew a ǇƻƭȅƎƻƴ ǘƘŀǘ ƳŀǘŎƘŜŘ ŀƴƻǘƘŜǊ ƳŀǇǇŜǊΩǎΣ aŀǇǇŜǊ м Ƙŀǎ 

the highest at 66% (and was voted best mapper, so this is unsurprising). 
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Table 9: Bedrock hollow polygon matches at Site 1A or North Fork Calawah. 

 

From these series of exercises, we noted several observations: 

1. !ƭǘƘƻǳƎƘ ƻƴŜ ƳŀǇǇŜǊ ǊŜŎŜƛǾŜŘ ǘƘŜ ƳŀƧƻǊƛǘȅ ƻŦ άōŜǎǘέ ǾƻǘŜǎΣ ŜŀŎƘ ƳŀǇǇŜǊ ǿŀǎ ǾƻǘŜŘ ǘƘŜ 
άōŜǎǘέ ŦƻǊ ǎƻƳŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ ǘƘŜ ǇƻƭȅƎƻƴǎ ό¢ŀōƭŜ 5).  

2. aŀǇǇŜǊǎ ƎŜƴŜǊŀƭƭȅ ŎƘƻǎŜ ǘƘŜƛǊ ƻǿƴ ǇƻƭȅƎƻƴ ŀǎ άōŜǎǘΣέ ōǳǘ ƴƻǘ ŀƭǿŀȅǎ (Figure 20).  
3. Only 4 out of the 42 sites with matching mapper polygons got unanimous votes as to 

which mapperΩǎ polygons best represented a typical EP delineation. There was 
disagreement for the remaining 38.  

4. In this project, variability in individual interpretation of RIL criteria leads to cases of 
uncertainty in initial delineation of landform polygons (RIL-to-NonRIL and NonRIL-to-RIL 
cases). 

From these we draw three conclusions: 

1. The mappers in this project had inconsistent opinions regarding what a bedrock hollow 

RIL looks like using only remote data, as indicated by the variable bar heights in Figure 25. 

2. Uncertain initial delineation of boundaries led to mappers potentially including some 

polygons that are not RILs and missing some polygons that are. 

3. To reduce mapping inconsistencies, the mapping criteria would need to be defined with 

greater clarity and minimized ambiguity to limit subjective interpretation. We did not 

evaluate other landform classes, or any landform classes with more explicit GIS-only-

based geomorphic criteria, nor did we include field observations of bedrock hollows and 

inner gorges using field indicators as described in the Board Manual. Future projects will 

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

4.1.2.5 Agreement between Mappers and Models 

Agreement between manually mapped and computer mapped landforms is evaluated by 

comparing distributions of specific topographic characteristics within the landforms and via a 

voting exercise like that described in Section 4.1.2. Topographic metrics used to compare 

manually mapped and computer mapped landforms include the area of the landform, gradient, 

gradient ratio (upslope-looking gradient / downslope-looking gradient), tangential curvature and 

the logarithm (base 10) of the contributing area (m2). Distributions of both manually mapped and 

# Sites with BH 

polygon drawn

# Sites with BH Polygon 

Matches by other mappers

Proportion of polygons 

matched (#sites with BH 

poly/#sites with BH 

matches)

Proportion of Sites with 

BH poly matches (#sites 

with BH matches/#total 

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%
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computer mapped metrics are illustrated via box and whisker plots in Figures 26 through Figure 

30 and as cumulative distribution function (CDF) plots in Appendices F and G.  

 

Figure 26: Box and whisker plots of bedrock hollow RIL 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 
ǘƘŜ ōƻȄ ƛƴŘƛŎŀǘŜǎ ǘƘŜ ƳŜŘƛŀƴΤ ǘƘŜ · ƛƴŘƛŎŀǘŜǎ ǘƘŜ ƳŜŀƴΦ ¢ƘŜ ǎƛȊŜ ƻŦ ǘƘŜ ōƻȄ ƛƴŘƛŎŀǘŜǎ ǘƘŜ άƛƴǘŜǊ-quartile 
range." The whiskers extend either to the maximum or minimum value or to 1.5 times the inter-quartile 
range above and below the 75th and 25th percentiles, whichever is greater (or less). Polygons with 
values greater than or less than that range are indicated by circles. Number in parentheses indicate 
the total number polygons mapped (Site 1a = North Fork Calawah, Site 2 = Fahnestock Creek, Site 3 = 
Howard Creek, Site 4 = Wishkah). 
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Figure 27: Box-and-whisker plots of mean gradient for bedrock hollow RIL polygons for each of the 
mappers and the two computer models for each of the four study sites (Site 1a = North Fork Calawah, 
Site 2 = Fahnestock Creek, Site 3 = Howard Creek, Site 4 = Wishkah). 

 

Figure 28: Box and whisker plots of the mean gradient ratio (upslope-looking / downslope-looking) for 
bedrock hollow RIL polygons (Site 1A = North Fork Calawah, Site 2 = Fahnestock Creek, Site 3 = Howard 
Creek, Site 4 = Wishkah). 


















































































































































































































