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Abstract
Subglacial processes exert a major control on ice streaming. Constraining subglacial conditions
thus allows for more accurate predictions of ice mass loss. Due to the difficulty in observing
large‐scale conditions of the modern subglacial environment, we turn to geologic records of ice
streaming in deglaciated environments. Morphometric values of streamlined subglacial bedforms
provide valuable information about the relative speed, direction, and maturity of past ice streams
and the relationship between ice streaming and subglacial erosion and deposition. However, man‐
ually identifying streamlined subglacial bedforms across deglaciated landscapes, sometimes in
clusters of several thousand, is an arduous task with difficult‐to‐control sources of variability and
human‐biased errors. This paper presents a new tool that utilizes a machine learning approach to
automatically identify glacially derived streamlined features. Slope variations across a landscape,
identified by Topographic Position Index, undergo analysis from a series of supervised machine
learning models trained from over 600,000 data points identified across the deglaciated North‐
ern Hemisphere (McKenzie et al. 2022). A filtered dataset produced through the combination of
scientifically driven preprocessing and statistical downsampling improved the robusticity of our ap‐
proach. After cross‐validation, we found that Random Forest detected the most true positives, up
to 94.5% on a withheld test set, while an ensemble average of models provided the highest stability
when applied within the range of applicable datasets. We build these models into an open‐source
Python package, bedmap, and apply it to new data in the Green Bay Lobe region, finding the general
ice flow direction and average streamlined subglacial bedform elongation with minimal effort. This
type of open, reproducible machine learning analysis is at the leading edge of glacial geomorphol‐
ogy and will continue to improve with integration of newly acquired and previously collected data.
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1 INTRODUCTION

Redistribution and preservation of sediment in the subglacial environ‐
ment provides a glimpse into controls on ice streaming and stability (e.g.,
Spagnolo et al. 2014 2017, Prothro et al. 2018, Simkins et al. 2018,
Greenwood et al. 2021, McKenzie et al. 2022). Both erosional and de‐
positional streamlined subglacial bedforms, elongate in the direction of
ice flow, elucidate overlying ice controls of sediment distribution, ice
speed (Stokes and Clark 2002, Stokes et al. 2013 2016), basal shear
and slip speed (Zoet et al. 2021), and direction (Boulton 1976, Otte‐
sen and Dowdeswell 2006, Roberts and Long 2005, Stokes and Clark

2002, Graham et al. 2009). Existing questions remain regarding the dom‐
inant glaciological and environmental controls on streamlined subglacial
bedform evolution and presence (Zoet et al. 2021). In part, streamlined
subglacial bedforms occur across a wide range of topographic and litho‐
logic conditions (e.g., Greenwood and Clark 2010, Greenwood et al.
2021, McKenzie et al. 2022) and therefore have the ability to provide
further insight to regional subglacial controls on ice streaming behav‐
ior. Due to the difficulty in observing streamlined subglacial bedforms
in contemporary systems (e.g., Holschuh et al. 2020) and the similarities
between streamlined features in deglaciated and contemporary areas of
ice streaming (King et al. 2009), streamlined subglacial bedform across
deglaciated landscapes have been used to make inferences about ice‐
bed interactions in modern glacial landscapes (e.g., Eyles et al. 2018,
Greenwood et al. 2021, McKenzie et al. 2022). However, streamlined
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subglacial bedforms often develop in clusters of up to several thou‐
sand features within a localized regions (e.g., Clark et al. 2018, Ely et al.
2016, Hughes et al. 2010), making mapping large areas an arduous and
time‐consuming task.
Previous work on mapping streamlined subglacial bedforms across

deglaciated landscapes has been conducted manually (e.g., Principato
et al. 2016, Norris et al. 2017), using Fourier spectra data (Spagnolo et al.
2017, e.g.,), through object‐oriented automatic identification e.g., (Saha
et al. 2011, e.g.,), contour‐tree mapping (Wang et al. 2017), and by iden‐
tifying slope variations in the landscape at various scales (e.g., McKenzie
et al. 2022, Sookhan et al. 2021, Eyles et al. 2022). Each of these map‐
ping techniques has associated error, where the most inconsistent error
arguably stems from manual identification. Subjectivity in streamlined
subglacial bedform identification can contribute to uncertainty that
varies according the individual identifying the bedforms. Whereas auto‐
mated or semi‐automated techniques of streamlined subglacial bedform
mapping also have error associated with feature identification and filter‐
ing, reproducible methods contribute to consistent error. Despite large
advances in mapping deglaciated landscapes and using these data to in‐
terpret paleo‐ice flow behavior, the use of machine‐learning (ML) and
artificial intelligence (AI) in landscape mapping to identify streamlined
subglacial bedforms has been limited. Sookhan et al. (2021) developed
an unsupervised K‐means clustering approach to automatically identify
streamlined subglacial bedforms, however the tools used to produce
these results are not yet publicly available. The methods developed by
Sookhan et al. (2021) seem highly effective in mapping large areas of ice
streaming features in deglaciated landscapes and our work seeks to cre‐
ate a reproducible and accessible option to develop comparable results.
Beyond this use‐case of K‐means clustering, ML and AI approaches in
the field of glacial geomorphology may be currently limited due to a
lack of a common data repository for previously collected data and no
set data standards for the reporting of these data including data format,
metadata details, and sharing practices. It is important to note, however,
that although this lack of data standards and metadata makes re‐use of
previously collected data more difficult, a wide variety of practices are
common due to a range in the interests for mapping deglaciated land‐
scapes (Chandler et al. 2018). Typically, the purpose of data collection
drives the decision‐making processes behindmetadata and data sharing.
The history of streamlined subglacial bedform identification in the field
of glacial geomorphology has resulted in an incredible number of glacial
feature datasets that support the ability to interpret entire ice sheet
histories from bedform assemblages, build understanding of processes
that control bedform formation and evolution, contribute to identify‐
ing glaciation style, identify areas of interest for field campaigns, and
provide constraints to ice sheet modeling (Chandler et al. 2018).
In this study, we present an open‐source Python (Pérez et al. 2011)

tool for the automatic identification of subglacial streamlined bedforms
using a supervised machine learning (ML) approach trained on a dataset
of 11,628 identified bedforms fromMcKenzie et al. (2022). In classifica‐
tion tasks, supervised learning approaches explore the optimal, or ”best
fit,” solution to predicting the class of a set of observations constrained

by the inherent hypothesis of the ML algorithm at play, which shapes
the model’s decision boundaries and final predictions. However, the in‐
dividual hypotheses of single models may exhibit shortcomings in their
specific fits, potentially resulting in overfitting and limited generalizabil‐
ity beyond the training dataset. Ensemble learning overcomes these
limitations by consolidating the predictions of multiple models, thereby
mitigating the weaknesses inherent in individual model fits. In particu‐
lar, Random Forest (Breiman 2001), is a powerful ensemble algorithm
that is well‐suited for enhancing generalizability, and XGBoost (Chen
and Guestrin 2016) is another ensemble algorithm that is known for im‐
proving prediction accuracy on lesser understood data at scale. While
this study is a new application of these learning methods in the field of
glacial geomorphology, Random Forest and XGBoost algorithms have
been recently employed for other automated mapping applications in
geology (e.g., Zhao and Chen 2023, Li et al. 2022, Ali et al. 2024) where
they have both demonstrated high predictive performance.
Within thiswork, we share the end‐to‐end details of howwebuilt our

ML approach, deliberate designing it for generalized application. This
approach ensures future applicability to unmapped regions of interest,
even when they are beyond the initial training set. Section 2.1 details
how we collected the training dataset used to train our ML models. In
Section 2.2.1 we outline how we prepare the data for training using
both statistical and scientifically driven methods for filtering spurious
observations and downsampling confounding positive relief features.
We find that combining scientifically informed filtering with a statisti‐
cal downsampling approach improves automationmore effectively than
using each method independently. Sections 2.2.2 and 2.2.3 describe
our ML model selection process, in which we find that our automated
framework can recover the detection of up to „ 94% of all glacial bed‐
forms from Topographic Position Index (TPI) data products, or the slope
variation detection developed for glacial landscapes by McKenzie et al.
(2022). In 2.3 we develop our framework into an open source Python
tool, compatible with ArcGIS TPI outputs, which we make publicly avail‐
able and use to automate detection of glacially derived bedforms in a
new location, a subset of the Green Bay Lobe area of ice streaming
in Section 2.3.3. This approach is limited by the topographic and litho‐
logic bed conditions of the streamlined subglacial bedforms included in
the training dataset, and we therefore outline recommendations for its
use in new regions of interest within Section 3.1. We show how this
tool provides a further statistical confirmation for hypotheses on the
relationship between ice streaming behavior and topology in Section
3.3, and how it can be employed to aid in speedily deriving ice flow
speed and direction more efficiently from satellite DEMs in Section
3.4. Finally, in Section 3.5, we highlight upcoming directions for further
tool development and call for data availability and open‐access develop‐
ment of tools in glacial geomorphology applications to ensure continued
progress in the age of open science.
This work has been designed to be reproducible and transferable to

use‐cases across other deglaciated landscapes that host bedforms as ev‐
idence of past ice streaming behavior. With this established workflow,
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it is possible that our tool may provide a blueprint for applying simi‐
lar methods to other geomorphic settings with repeating positive relief
imprints on Earth’s surface, such as sand dunes or mima mounds. We
anticipate that these tools will have implications for the accuracy and
efficiency of mapping streamlined subglacial bedforms across widely af‐
fected landscapes including many parts of Canada, Scandinavia, Chilean
Patagonia, and potentially from the seafloor near margins of modern
Antarctic and Greenland outlet glaciers. We share the scripts for our
Python tool publicly on GitHub, release the data generated in valida‐
tion on Zenodo, and store a stable version of the model code in the
CryoCloud (Snow et al. 2023).

2 METHODS AND RESULTS

We combine the methods and results sections in this work due to the
inherently connected nature in our decision making process throughout
the ML tool development. At each point, in order to determine robust
andwell‐generalized next steps for our development pipeline, we utilize
the results from previous steps. This workflow is highlighted in Figure 1.

2.1 Data Collection

In 2022, McKenzie and others (McKenzie et al. 2022) identified 11,628
streamlined subglacial bedforms across nine sites in the deglaciated
northern hemisphere (Figure 2). The geologic conditions of the nine
sites were generally classified by bed conditions: soft, sedimentary or
hard, crystalline/volcanic bedrock. The topographic conditions of each
site were determined to be either “constrained” or “unconstrained”
based on a 10 to 100 kilometer‐wide analysis of surrounding landscape
features (McKenzie et al. 2022). The sites are named and thus classified
as A) the Puget Lowland of Washington, USA with mixed bed condi‐
tions and topographic constraints, B) Northwestern Pennsylvania, USA,
C) Chautauqua, New York USA, D) M’Clintock Channel, Canada, and
E) Prince of Wales Island, Canada all with sedimentary bed conditions
and no topographic constraints, F) Nunavut, Canadawith crystalline bed
conditions and no topographic constraints, G) Bárðardalur, Iceland with
volcanic bed conditions and topographic constraints, H) Northern Nor‐
way with crystalline bed conditions and topographic constraints, and I)
Northern Sweden with crystalline bed conditions and no topographic
constraints (Table 1). The primary bed conditions of the Puget Lowland
are sedimentary deposits with some hard bedrock protrusions that af‐
fect ice flow behavior (McKenzie et al. 2023). For the purpose of our
binary analysis in this work, the Puget Lowland site was reclassified as
a sedimentary bed rather than a ”mixed bed” due the primary presence
of sedimentary deposits within the valley. The streamlined subglacial
bedforms across these siteswere developed during the Last GlacialMax‐
imum (LGM) and are thought to have experienced minimal erosional
reworking since their formation.

The dataset of streamlined subglacial bedforms from (McKenzie et al.
2022) was developed using digital elevation models ranging in resolu‐
tion from 2 m vertical and 1.83 m x 1.83 m horizontal resolution to
10 m vertical and 30 m x 30 m horizontal resolution. The TPI tool
employed by McKenzie et al. (2022) identified varying neighborhood‐
sized slope variations across a given elevation profile. These variations
are then standardized and filtered to produce polygons from the pos‐
itive landscape features. Post‐TPI analysis, the 17,258 positive relief
polygons that fit the morphometric standards for streamlined subglacial
bedforms were manually filtered down to the final 11,628 true stream‐
lined subglacial bedforms. From the analysis of TPI performance, with
the exception of glacial features with millimeter to centimeter surface
relief, almost all scales of known streaming bedforms (Ely et al. 2016)
are identifiable by TPI (McKenzie et al. 2022). Highly elongate bedforms
with low relief are the most difficult for TPI to identify. These type
of bedforms may be found in regions with high preservation of non‐
glacial or minimally glacial landforms. This was the case in the crystalline
bedrock sites of Sweden and northern Norway as older formations in
the bedrock dominate the landscape (e.g., Ebert et al. 2012, Hall et al.
2013) and the LGM glacial features have much lower relief by compar‐
ison. Due to these challenges, streamlined subglacial bedforms across
sedimentary sites, which have higher slope variations, are more likely to
be identified by the TPI tool.
Prior to filtering and manual analysis of the TPI‐identified features,

there were over 600,000 polygons identified across all nine sites from
McKenzie et al. (2022). This large, raw dataset was utilized in this
new work to train the ML tool to identify which of the TPI polygons
were glacially‐derived streamlined bedforms. The training dataset of just
over 600,000 rows includes information on bedform area, elongation,
bedform long axis orientation, bedform length, bedform width, topo‐
graphic conditions, geologic conditions, andwhether or not the polygon
was ultimately identified as a bedform. The training dataset is publicly
available for others to use through GitHub and Zenodo datasets.

2.2 A Case of Class Underrepresentation

In exploring the training‐dataset TPI outputs, we find that our class of in‐
terest, the 17,258 streamlined subglacial bedforms, is a small fraction of
the overall detected positive relief features. This inherent imbalance in
class representation within the available training set leads to challenges
in the application of ML models, since ML reward functions can pri‐
oritize overall statistical accuracy which includes correctly finding that
something is not a glacially derived bedform. In our case, where the class
of interest is ă 2.9% of the overall data, the assignation of ”not a bed‐
form” would be measured as accurate ą 97.1% of the time if an ML
model hypothesized that the dataset did not contain any bedforms at all.
Therefore without proper tuning, an off‐the‐shelf ML workflow would
easily learn that it is typically correct to find that an input landform is
not a glacial bedform, hindering accurate predictions of the bedforms
we set out to classify. Class imbalance is a well studied field within the
domain of classification statistics (See Rezvani and Wang 2023, for

https://github.com/elliesch/rf_bedform_mapping/tree/main
https://zenodo.org/doi/10.5281/zenodo.11660146
https://hub.cryointhecloud.com/
https://github.com/elliesch/rf_bedform_mapping/tree/main
https://zenodo.org/doi/10.5281/zenodo.11660146
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Data download and mapping

Data filtering

Random Forest Analysis XGBoost Analysis
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Topographic Position 
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F I GUR E 1 A visualization of our package framework. The training data pipeline on the left showcases our model development process, and
the new data testing pipeline on the right illustrates the pathway for applying our framework to data in new regions.

a comprehensive review). Potential strategies include addressing un‐
derrepresentation at multiple stages of the ML pipeline, including the
use of filtering, or undersampling, techniques as a data preprocessing
stage before inputting data into a model (More and Rana 2017) and
implementing algorithmic model approaches that iteratively minimize

incorrect predictions, particularly on samples that the models find chal‐
lenging to classify, like underrepresented classes. (Chen and Guestrin
2016).
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F I GUR E 2 Sites included for streamlined subglacial bedform analysis including (A) Puget Lowland,Washington, United States; (B) Northwestern
Pennsylvania, United States; (C) Chautauqua, New York, United States; (D) M’Clintock Channel, Canada; (E) Prince of Wales Island, Canada; (F)
Nunavut, Canada; (G) Bárðardalur, Iceland; (H) Northern Norway; (I) Northern Sweden. Identified streamlined subglacial bedforms from both TPI
and manual assessment are indicated by gray polygons. This figure has been adapted from the peer‐reviewed work from McKenzie et al. (2022).
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2.2.1 Filtering the Non‐Glacial Features
to Balance Classes

We execute a scientifically driven filtering approach, as an algorithmic
extension ofmanual data filtering inMcKenzie et al. (2022), whichwe re‐
fer to asMcKenzie et al. (2022) filtering. Individual filtering choices were
made for each of the nine siteswhere bedformswere identified (Table 1).
From the positive relief features identified across these landscapes by
TPI, streamlined subglacial bedforms present as features elongate in the
direction of ice flow, usually occurring in clusters with similar orienta‐
tion. The smallest and largest seemingly glacially derived features were
identified at each site, and filtering for feature length, width, area, and
sometimes elongation ratio using ArcGIS Minimum Bounding Geome‐
try, we narrowed the dataset to likely morphologies of glacially derived
features. Orientation of ice streaming varies between site, but based on
the primary cardinal direction of elongate feature clustering and likely
direction of ice streaming, the TPI dataset was further narrowed to the
features with a range of orientation that would indicate an origin from
ice streaming. The filtering decisions that were made for each site have
been incorporated in our Python workflow, and are made available on
GitHub.
Testing for performance on a standard Random Forest model

(Breiman 2001), we find that the McKenzie et al. (2022) filtering ap‐
proach increases the representation of the glacial bedforms to 19.5% of
the data, and improves the detection precision of bedforms by ą 29%.
Even though this filtered dataset is still within the regime of class imbal‐
ance, previous studies have found that increasing the representation of
fractional classes so that they make up a larger percentage of the over‐
all set already improves model performance (Abrahams et al. 2024). To
compare McKenzie et al. (2022) filtering to statistical approaches like
random undersampling and Near Miss, we use the same representa‐
tion ratio, so that in each method, we filter down the majority class so
that it makes up a similar fraction the training data that McKenzie et al.
(2022) filtering achieves. We find that all undersampling methods im‐
prove detection of glacial bedformswhen compared to a RandomForest
model trained on the unfiltered dataset. McKenzie et al. (2022) filtering
outperforms the recall (i.e. finding correct bedform detections) of ran‐
dom undersampling, illustrating that the implicit inclusion of scientific
knowledge that isn’t caputured in our model specification is helpful in
improving the detection of the patterns that describe glacial bedforms.
NearMiss provides better stand‐alone performance for the detection of
glacial bedforms of the three individual filteringmethods, but still fails to
detect„ 1/4 of glacial bedforms. Furthermore, one of the disadvantages
of Near Miss is that it relies on prior knowledge of class assignment.
While this makesNearMiss a useful approach to employ at training time,
it cannot be used to preprocess a test set in a new region or on pre‐
viously unclassified data, which is inherently missing knowledge of the
class assignment.
To improve overall detection, so that our model is robust even when

we cannot run Near Miss on new observations, we combine McKen‐
zie et al. (2022) filtering with Near Miss to create our training set,

downsampling the non‐bedform features in the McKenzie et al. (2022)
filtered dataset until the glacial bedforms are represented equally as
often as other positive relief features. This combined approach,which in‐
corporates both scientifically informed filtering (McKenzie et al. (2022)
filtering) and increased statistical separation between both classes
(Near Miss), easily outperforms all previous downsampling techniques,
achieving near complete precision at high prediction probabilities. The
combined approach finds 94.6% of the true glacial bedforms while
correctly assigning a bedform 93.1% of the time.
Figure 3 visualizes the difference in detection performance between

these four filtering approaches in a confusion matrix (Ting 2011). The
diagonal of a confusion matrix indicates how often model predictions
are correct (known as true positive detections and true negative detec‐
tions), and the off‐diagonal components indicate where the model is
”confused,” i.e. it misses detecting a bedform (lower left, known as a false
negative detection) or incorrectly detects a bedform when a feature is
some other landform (upper right, known as a false positive detection).
We share the performance metrics for each of the filtering approaches
in the upper portion of Table 2. These metrics measure how well our
model fits predict the true assignation of glacial (or non‐glacial) origin to
landscape features. In other words, these metrics quantify if the model
predicts correctly when a feature is glacial bedform and if it predicts cor‐
rectly when a feature is not a glacial bedform. Due to the inherent class
imbalance in the data, we place particular emphasis on improvements
in the F1 score, which measures the strength of how often the model fit
accurately predicts a glacial bedform compared to how often the model
misses a glacial bedform or mistakes another landform feature for a
bedform (see supplementary material A.1 for further explanation).

2.2.2 Machine Learning Model Selection

Random Forest’s strength lies in its ability to find generalizable patterns
in complex data, which mitigates overfitting. This is useful when train‐
ing on data that has been preprocessed in any way with Near Miss.
XGBoost’s strength lies in its ability to enhance predictive accuracy on
lesser understood data, which, in contrast, mitigates underfitting. This
is useful for capturing instances of a class that are missed in Random
Forest classification. Given the strengths of both models, we test the ap‐
plication of both on our dataset and share the performance comparison
between these approaches in the lower portion of Table 2.
We find that both the XGBoost and Random Forest approaches

achieve similar statistical accuracy and, more importantly, the same
F1 score, indicating that the balance between missed streamlined sub‐
glacial bedforms and other landforms mistakenly identified as stream‐
lined subglacial bedforms is equal using either tool. However, Random
Forest outperforms XGBoost in recall, which indicates the model’s abil‐
ity to avoid missing a streamlined subglacial bedform. In other words,
fewer streamlined subglacial bedforms are absent from the Random
Forest predictions. XGBoost outperforms Random Forest in precision,
which indicates the model’s ability to avoid mistaking other positive

https://github.com/elliesch/rf_bedform_mapping/tree/main
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F I GUR E 3 Confusion matrices for each of the candidate filtering methods (Section 2.2.1). A combined approach that incorporates both a
scientifically driven filtering approach (McKenzie et al. 2022) with the class balancing approach of Near Miss (Mani and Zhang 2003) recovers 94%
of true glacial bedforms, while only mistaking 3% of the bedform predictions.

relief features for bedforms. In other words, less of the XGBoost stream‐
lined subglacial bedform predictions are incorrect. These results are
not surprising as they play to the strengths of each of these model ap‐
proaches. However, in our case, where this mapping tool is being built
to automate the classification of not‐yet‐known streamlined subglacial
bedforms in future studies, both false positives (mistaken bedforms) and
false negatives (missing bedforms) are costly. For this reason, we test
a third model approach that is well established in statistics, known as
ensemble averaging (James et al. 2023). In this approach, we take the
average of the probabilistic predictions from Random Forest and from
XGBoost, essentially combining the best of bothmodels, andwe refer to
this approach as Ensemble Average. In the final row of Table 2 we show

that this approach improves upon the shared F1 score of the Random
Forest and XGBoost models, indicating better balance between missed
and mistaken bedforms.
While ArcGIS has native Random Forest and XGBoost implementa‐

tions, we chose to implement these algorithms directly in Python (Pérez
et al. 2011) on the CryoCloud (Snow et al. 2023) platform using the
scikit-learn (Pedregosa et al. 2011) and xgboost (Chen and Guestrin
2016) libraries. We make this choice because the scikit-learn and
xgboost libraries allowed for built‐in optimization to find the best‐fit
hyparaparameters (the tuneable choices in a model specification like
number of trees or the learning rate), which we detail below in Section
2.2.3.

https://hub.cryointhecloud.com/
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TAB L E 2 Glacial bedform prediction performance between different data filtering methods (upper table) and between different machine learn‐
ing models on the highest performing filtering method (lower table). We find that a filtering approach that combines scientifically driven filtering
(McKenzie et al. 2022) to remove site‐specific spurious detections and statistical filtering to create more separation in the features that describe
classes creates the most significant improvement averaged across performance metrics. When comparing candidate machine learning models on
this filtering approach, we find that all display strong performance detecting more than 91% of glacial bedforms, and that an ensemble average
between Random Forest and XGBoost predictions provides the best balance between false positive (mistaken glacial bedforms) and false negative
(missed glacial bedforms) predictions as indicated by F1 score.

Performance Comparison Between Candidate Filtering Methods (Section 2.2.1)

Method Accuracy Precision
Recall (Correct

Bedform Detections) F1 Score

Random Forest
McKenzie et al. (2022) Filtering 87.0% 73.9% 51.0% 60.3%

Random Forest
Random Undersampling 88.9% 79.0% 43.1% 55.8%

Random Forest
Near Miss Filtering 95.2% 97.5% 72.1% 83.0%

Random Forest
Combined Filtering 95.7% 96.8% 94.6% 95.6%

Performance Comparison Between Candidate Machine Learning Models (Section 2.2.2)

Random Forest
Combined Filtering 94.5% 94.2% 94.5% 94.3%

XGBoost
Combined Filtering 94.5% 94.7% 94.0% 94.3%

Ensemble Average
Combined Filtering 94.5% 94.3% 94.4% 94.4%

2.2.3 Cross‐validation of the Model Hy‐
perparameters onMcKenzie et al. (2022) Filter‐
ing

In statistical modeling, cross‐validation is used to search across a grid
of potential model hyperparameters (i.e. initial model choices like num‐
ber of trees in a Random Forest or the learning rate in XGBoost; Geisser
2019). Such cross‐validation moves the model closest to the optimal es‐
timation of true positives. In a typical cross‐validation approach, a k‐fold
is employed to withhold 1/k of the data for validation, while a series of
models constructed from a grid of hyperparameters is trained on the re‐
maining data. This process rotates through the grid k times until all of
the data has been employed for training and testing in turns. The best‐
fit hyperparameters are selected as those that lead to the detection of
themost true positives while optimizing on a chosen performance score
averaged across the prediction outcomes from all k folds (James et al.
2023). The k‐fold approach makes the assumption that the full dataset,
regardless of a train‐test split, describes any new dataset that we would
choose to map with this model. In this study, we prepared training data
using a combination of filtration methods: McKenzie et al. (2022) filter‐
ing which, being informed by the scientific metadata that describes a
particular site, is conceptually replicable in any new site where TPI pos‐
itive relief features are developed, and Near Miss, which instead is only
replicable with advanced and manually derived knowledge of stream‐
lined subglacial bedform true positives. We made the choice to balance

the data at training time using a filtering approach that included Near
Miss in order to guide the model towards the best fit, however we want
to ensure that the final fit hyperparameters are optimized to achieve
high performance on a realistic test set, one that is filtered using the
methods from McKenzie et al. (2022) alone and is therefore replicable
on new, previously unclassified data.
Using the dataset produced by both McKenzie et al. (2022) filtering

and Near Miss filtering and the dataset developed solely by McKenzie
et al. (2022) filtering, we tested each fit across a grid of candidate hyper‐
parameters. In order to test across this grid, we employ scikit-learn’s
customizable k‐fold cross‐validation approach to identify the optimal
model fit. We define a 3‐fold such that any set of observations that is
available in both datasets is subdivided so it is not duplicated between
training and testing time within any individual fold. The full explanation
of this process is in Section A.2. We find that thresholding the Random
Forest model to 45% probability, the XGBoost model to 40% probabil‐
ity, and the Ensemble Average to 45% probability all recover „ 75% of
the glacial bedforms but each approach has advantages and disadvan‐
tages in how many mistaken bedforms were detected and how many
true bedforms were missed. In Figure 4a, we show the true positive rate
vs. the false positive rate (TPR/FPR) across probability thresholds, also
known as the ROC curve. The greater the area under the ROC curve
(or area under curve, AUC), the more successful a model is at finding
glacially derived bedformswithoutmistaking other landforms. Figure 4b,
illustrates F1 score as a function of probability threshold. The maximum
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of these curves indicate the best threshold to find the most bedforms
while making the least overpredictions. The Ensemble Average, Random
Forest, and XGBoost models from the cross‐validation on withheld test
data from McKenzie et al. (2022) are all shown in grey. We can see that
in cross‐validation, Random Forest shows the best performance both in
TPR/FPR and in F1 score, but that Ensemble Average is nearly as stable
and reaches similar performance. XGBoost underperforms in this case,
but in Section 2.3.3, we highlight a case on a new regionwhere XGBoost
outperforms Random Forest.
To enable reproducibility of our results and future usage of our

learnedmodels to predict bedforms in other datasets, we share the best
fitmodels for each of these approaches on CryoCloud (Snow et al. 2023)
and on GitHub.

2.3 An Open‐source Python Framework
to Complement an ArcGIS Workflow

Automated pipelines, such as the one presented in this study, mitigate
human error by explicitly defining the constraints and parameters used
to identify glacially derived bedforms. This automation reduces subjec‐
tive errors associated with manual identification. Our objective was to
develop tools that enable future research to use the same automated
process, thus standardizing bedform classification in glacial geomorphol‐
ogy. This approach ensures complete reproducibility of our results in
line with the Findability, Accessibility, Interoperability, and Reuse (FAIR)
data standards (Wilkinson et al. 2016) and allows for in‐distribution
comparison with future bedform detections. We have integrated these
automated pipelines into an accessible, open‐source Python too, that
is compatible with ArcGIS TPI outputs, as detailed in the following
sections.

2.3.1 An open access Python package for
bedform prediction

We built a Python package, bedmap, that is compatible with Python
ě 3.9, is publicly available on the Python Package Index, and is ver‐
sioned in Zenodo. This script takes in positive relief detections from
TPI outputs that are saved as a Comma Separated Values (csv) from
ArcGIS shapefiles. TPI output csv files require columns named Topo,
describing site‐defined topographic conditions as either ”O” for open
or ”V” for closed, Bed, describing the site‐defined bed characteris‐
tics as either ”S” for sedimentary or ”C” for crystalline/volcanic, Area,
comprised of individual feature areas calculated in ArcGIS, Elong, com‐
prised of individual feature elongation calculated from feature length
and width values in ArcGIS, and original feature identification number
(ORIGFID) column so individual features can be linked back to ArcGIS
visualization after model analysis. The package can be used to imple‐
ment the full testing branch of the workflow shown in Figure 1. The
McKenzieFiltering function can be implemented to prefilter the full

set of the TPI‐generated training data as a preprocessing step follow‐
ing the protocol outlined in Section 2.2.1, and the ClassifyBedforms
function allows users to choose between applying the Random Forest,
XGBoost, or Ensemble Average model fits, described in Sections 2.2.2
and 2.2.3, to automatically detect bedforms in new areas of interest.
Within Python, users can choose a probability threshold based off

their particular application, following the recommendations in Section
3.1. Users also have the option to output the probability that a detection
is a bedform as predicted by their model of choice or as a final thresh‐
olded binary prediction. We include the source files for the bedmap
package, documentation for implementing this tool on new data, and
full descriptions of package usage on GitHub. Example implementation
Jupyter notebooks (Granger and Pérez 2021) are also made available
there and on CryoCloud (Snow et al. 2023).

2.3.2 Utilizing ArcGIS for bedform predic‐
tion

McKenzie et al. (2022) published a TPI tool built with ArcPython and
ArcGIS Model Builder. We expand this ArcGIS tool by integrating nec‐
essary bedmapmodel components into the output of the ArcGIS Model
Builder pipeline.We chose not to implement the bedmap package within
an ArcGIS framework directly due to internal dependencies on open
source Python packages like joblib and scikit-learn, and the inabil‐
ity to import our bedmapmodule.While these can be installed to ArcGIS
by updating the Python path at the base of a user directory, this path
differs from computer to computer and modifying system‐wide paths
can have unintended consequences and complications. Updating the
path properly requires advanced computing knowledge, and wewanted
to make our tool as widely accessible as possible to users at all levels
of computational ability. Therefore, after the automated TPI pipeline
(McKenzie et al. 2022) is implemented on an input DEM, TPI output
should be filtered using McKenzie et al. (2022) filtering concepts as out‐
lined in Section 2.2.1. This filtered datset should be exported as a .csv
file with the necessary columns for input in the Python module.
After bedform prediction is completed using our Python framework

(see Section 2.3), the output .csv file with column of predicted bedforms
may be re‐uploaded into ArcGIS using the ”Add Data” feature. Users
can then ”Join” the model output .csv file with the original TPI feature
shapefile through the shared ”ORIGFID” column. This join will allow for
users to visualize the specific positive relief features that were predicted
to be glacially derived bedforms using the Random Forest, XGBoost, or
Ensemble Model tools.

2.3.3 Model validation through a subset
of Green Bay Lobe bedforms

While our statistical tests ensure the Random Forest and Ensemble
Average tools are robust and able to identify streamlined subglacial

https://hub.cryointhecloud.com/
https://github.com/elliesch/rf_bedform_mapping/tree/main
https://pypi.org/project/bedmap/
https://zenodo.org/doi/10.5281/zenodo.11660146
https://github.com/elliesch/rf_bedform_mapping/tree/main
https://hub.cryointhecloud.com/
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bedforms across previously studied deglaciated landscapes with vari‐
able bed and topographic conditions, we showcase the ability for our
tool to identify streamlined subglacial bedforms in a new site that is
not represented in the distribution of our training set. We identified
a subset of streamlined subglacial bedforms from the Green Bay Lobe
between 88.6023015°and 89.0969540°West and 43.5172629°and
43.2489431°North using our automated ArcGIS Model Builder for cal‐
culating TPI and using those outputs with our Python pipeline. Final
visualization was developed by re‐uploading the Python output predic‐
tions into ArcGIS and ”Joining” the predicted bedform output to the
original TPI feature shapefile through the ”ORIGFID” column 5.
The region of interest for tool validation is comprised of dolomite,

limestone, and shale of Ordivician age with up to 30 meters of uncon‐
solidated deposits from glaciation (Mudrey et al. 1982). The LGM flow
regime of the Green Bay Lobe appears to be generally unimpeded by
underlying topography in this region, therefore the Green Bay Lobe site
was classified as a sedimentary bed system in a topographically uncon‐
strained area. One meter DEMs of the area of interest were available
from the USGS 3DEP Elevation program:. TPI analysis of the landscape
produced 157,011 positive relief features across the landscape (Figure
5). Following McKenzie et al. (2022) filtering protocols, we downsam‐
pled the original dataset to only include features with an orientation
between 2 and 180 degrees, indicating the primary direction of ice
streaming. We filtered the raw dataset to include features with a length
between 140 and 4000 meters, width between 20 and 500 meters, and
areas between 8000 and 850,000 square meters. All of these classifi‐
cations represent the most realistic morphometrics of glacially derived
features in this region based on our initial visual assessment. After fil‐
tering, the dataset input for the model was then comprised of 3,186
positive relief features (Figure 5). Finally we applied the Ensemble Av‐
erage, Random Forest, and XGBoost models to the remaining filtered
features to automate the detection of streamlined subglacial bedforms.
Figure 5 visualizes the application of each step of this workflow on the
map of Green Bay Lobe.
In order to determinemodel accuracy in this new region, wemanually

analyzed the TPI dataset to determine which identified positive relief
features were streamlined subglacial bedforms. The final dataset used
for model assessment is comprised of 945 manually identified stream‐
lined subglacial bedforms. We compared our manually determined
dataset (with its own associated subjective errors) to the estimated
outcomes predicted by our Random Forest, XGBoost, and Ensemble Av‐
erage models. Random Forest identified 1,285 streamlined subglacial
bedforms with 77% accuracy as compared to the manually identified
features. XGBoost identified 1,251 streamlined subglacial bedforms
with 79% accuracy. Ensemble Average identified 1,155 streamlined sub‐
glacial bedforms with 78% accuracy. Figure 4 shows the ROC curve and
the F1 score as a function of probability for each of these models. We
can see that XGBoost (shown in the blue dash‐dotted line) provides the
best performance, as illustrated by the highest AUC and F1 score, but

:More information about this program can be found at the USGS website, linked
here

in both metrics, Ensemble Average (purple solid line) provides a close
second. This is in contrast to the model performance at cross‐validation
time, which was evaluated on a withheld test set of the regions identi‐
fied in (McKenzie et al. 2022). In that case, Random Forest (grey dashed
line) provided the best performance, and XGBoost provided the poor‐
est performance (grey dash‐dotted line). However, similar to the training
dataset, Ensemble Average provided a stable and close second to the
highest performing model. For this reason, we recommend Ensemble
Average at a threshold of 45% probability as the model of choice for
new regions.

3 DISCUSSION

We discuss the interdisciplinary approach to landscape analysis pre‐
sented in this work, and explore the intersection of the fields of glacial
geomorphology and spatial statistics while defining best practices for
the application of our approach to new regions. To showcase the work‐
flow, we present the application of this tool to the Green Bay Lobe site.
Results from this work provide implications for determining controls of
subglacial conditions on ice streaming behavior. We end by comment‐
ing on the future development of these tools, which will only improve
with the addition of new data, and the importance of open science in
glacial geomorphology and spatial statistics integration.

3.1 Usage Recommendations for the
bedmap Package

Identifying streamlined subglacial bedforms accurately is essential for
glacial geomorphic studies and the inferences scientists are able tomake
about subglacial controls on ice behavior from these features in the
geologic record. To automate the detection of these bedforms from
TPI‐identified positive relief features, we investigated classified bed‐
forms from nine sites with varying topographic and lithologic conditions,
enhancing the applicability of the tool (McKenzie et al. 2022). We de‐
veloped the Python package bedmap, which offers flexible and robust
bedform detection approaches from positive relief features identified
across the surface. Our developed framework includes data prepara‐
tion guidelines, model selection advice, and probabilistic prediction
thresholding to ensure reliable bedform identification across diverse
landscapes. By following these usage recommendations, researchers
can effectively use TPI and bedmap even in challenging terrains.
We outline some features of our Python framework, bedmap, and

identify recommended usage pathways here.

1. Preparing the Data As bedmap was validated on data that used
McKenzie et al. (2022) filtering, we recommend that any new
data undergo similar conceptual filtering. If new sites overlap in
region with those used in McKenzie et al. (2022), use the appro‐
priate filtering schema for that particular region by running the
McKenzieFiltering routine in bedmap.When employing bedmap on

https://www.usgs.gov/3d-elevation-program
https://www.usgs.gov/3d-elevation-program
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F I GUR E 4 Identification rates and F1 scores versus probability scores for all three models, tested on a section of the Green Bay Lobe ice
stream (shown in blue, purple, and magenta) and on the withheld cross‐validation test set (shown in grey). In the ROC curve on the left, higher
AUC indicates higher performance. XGBoost (blue dash‐dotted line) provides the best performance on the new data in the Green Bay Lobe but
the poorest performance on data from the withheld test set during cross‐validation (grey dash‐dotted line). In contrast, Random Forest (magenta
dashed line) displays the poorest performance in the Green Bay Lobe, but the highest performance at cross‐validation time (grey dashed line).
However, in both cases, Ensemble Average provides a close second to the highest performing model making it an ideal model choice for new
regions where glacially‐derived bedform locations are unknown.

a new region, Section 2.2.1 outlines the choices made in McKenzie
et al. (2022) filtering; we recommend employing a similar filtering
scheme for new regions to keep data within the validated limits of
the model. Data should be exported from ArcGIS as a .csv file and
include necessary columns of information as outlined in 2.3.

2. Model SelectionWe offer three potential model choices in bedmap:
Random Forest, XGBoost, and the ensemble average of the two. In
new regions, where bedforms are not yet identified, we recommend
employing Ensemble Average. Ensemble Average provides stable
performance when it is unknown whether a region might lead to
more false positives or negatives.While Figures 4 and 5, show cases
of Random Forest and XGBoost providing the best performances
respectively, in each case Ensemble Average was near to top per‐
formance, and the top performer was only identifiable because true
bedforms were known.

3. Thresholding Probabilistic Predictions All bedmap predictions can
be output either as a percentage probability of the positive relief
feature being glacially derived, or if the user chooses, as a binary
prediction. The binary predictions are determined by thresholding
the probability at a chosen percentage. By cross‐validating the data
(Section 2.2.3) we find that the optimal prediction threshold for Ran‐
dom Forest is 0.45, for XGBoost is 0.4, and for Ensemble Average
is 0.45. These optimized thresholds are the default usage case for
each model in bedmap, but the prediction thresholds may be also be
manually overwritten.

4. Comparison Between Models Each model approach included in
bedmap has comparative strengths andweaknesses.Where possible,
we recommend running inferences from all threemodel fits and com‐
paring the results to reduce the need for manual post‐processing.
This allows users to benefit from the strengths within each model
approach.

3.2 Model limitations

Previous work has shown that the TPI tool used to compile our training
set performs most poorly in regions with highly elongate bedforms with
low surface relief (McKenzie et al. 2022). The narrow slope differentia‐
tions make the positive relief features more difficult for TPI to identify.
Landscapes where evidence of ice streaming is minimally preserved
or where there are prominent non‐glacial landforms usually requires a
higher amount of manual mapping due to a lack of TPI accuracy. Stream‐
lined subglacial bedforms that were missed by TPI identification were
more frequently located on crystalline bed surfaces in Norway, Swe‐
den, and Iceland, possibly due to landscape legacy preservation with
higher relief (e.g., Ebert et al. 2012, Hall et al. 2013). The initial data
collection from TPI therefore performs at a higher level on sedimentary
bedrock, where glacial erosion has a higher impact on bedform slope,
than across crystalline bedrock where glacial erosion is less effective at
deforming the surface. False positive TPI bedforms have no correlation
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F I GUR E 5 Spatial representation of model performance. Panels include ambient occlusion techniques performed on a set of 1 meter DEMs
from USGS 3DEM. Positive relief features identified by TPI identification are represented by gray polygons. The original TPI dataset underwent
scientifically‐based filtering using reasoning from McKenzie et al. (2022). The filtered dataset underwent Random Forest, XGBoost, and Ensemble
Average model analysis. Significant spatial overlap in the model identification is indicated by gray polygons in the lower left map panel. Manual
identification from TPI identified features was used to ground‐truth the model performance and used to develop curves in Figure 4.

to site topography or lithology (McKenzie et al. 2022). Additional infor‐
mation about limitations of TPI identification can be found within the
discussion of McKenzie et al. (2022).
In this work, we identify the topographic and lithologic conditions

of each site into either a topographically ”open” or ”closed” system and
either a ”sedimentary” or ”crystalline/volcanic” bedrock. Nuances be‐
tween individual erosional or depositional features, variation in types of
sedimentary or crystalline bedrock, or topographic complexity across a
single site was therefore not captured in the training dataset. However,
this binary classification of topography and lithology act as a strength
in this work. The only necessary input from users to quantitatively
analyze deglaciated regions are general bedrock lithology classifica‐
tions, regional topographic constraints, and elevation data. Nuances
in bedform type, implicit to bedform morphometrics, may be lost in
this approach but generalizing our classification system allows for a
globalization of bedform identification. Secondary analyses after au‐
tomated bedform identification can reincorporate data specificity and
consider the complexity between bedform characteristics, formation,
and location.

The training dataset includes four sites with open topography and
sedimentary bedrock, two sites with topographic constraints and crys‐
talline bedrock, two sites with open topography and crystalline bedrock,
and one site with topographic constraints and sedimentary bedrock 1.
The choice of sites for the training dataset limits the model’s ability
to extrapolate results to new regions with topographic constraints or
bedrock type that are out‐of‐distribution (OOD). Any applications of
the tools in this paper to OOD data are statistically unreliable but will
still provide a starting point to analyzing presence of streamlined sub‐
glacial bedforms across a deglaciated landscape. Section 2.3.3 provides
an example of successful application to an OOD region. Future incor‐
poration of streamlined subglacial bedform data across a variety of bed
conditions into the training dataset will improve the model’s ability to
predict the origin of other positive relief features in new locations.
In order to maintain as much generalizability as possible to new re‐

gions that share similar topographic constraints (open or closed) and
similar bedrock features (sedimentary or crystalline/volcanic), we imple‐
mented a filtering schema that incorporates scientific decision making
in the preprocessing of our training set. A filtering process focused on
likelihood of streamlined subglacial bedformmorphometrics is generally
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reproducible in new sites, even where the glacial bedforms are not yet
known, as it filters candidate landforms on observable characteristics
such as length, width, and orientation. In contrast, a purely statistical
downsampling approach, such as Near Miss, when implemented with‐
out a scientifically driven modulation, is unable to be reproduced unless
”true” bedforms from manual identification are already known and over‐
fits to the training data. This leads to a less flexiblemodel fit downstream
that would strongly underpredict bedforms in a new area, highlighting
the importance of incorporating scientifically driven decision making
into the ML pipeline.

3.3 Validating Trends with Feature Impor‐
tance

The four input features used by the ML models to determine which
positive relief features are streamlined subglacial bedforms include fea‐
ture area, elongation, site topography (open or constrained), and site
lithology (crystalline/volcanic or sedimentary). The relative strength of
a particular feature in determining the accuracy of the final predictions
can be measured in both Random Forest and XGBoost. This measure
is called “feature importance,” and we show the relative contributions
of the input features in Figure 6a. The area and elongation of a posi‐
tive relief feature are the most influential in determining whether or not
a feature is a streamlined subglacial bedform. Bedform area and elon‐
gation are values unique to each feature and are inherently related to
formation process based on continuum properties of streamlined sub‐
glacial bedforms (e.g., Ottesen and Dowdeswell 2006, Stokes and Clark
2002).
The topography and bed lithology values assigned to each bedform

are integrated across sites within the training dataset. This generaliza‐
tion therefore contributes to topography and bed lithology as being
the two least important factors contributing to the model’s determina‐
tion of whether or not a feature is a streamlined subglacial bedform.
However, is is important to note that site topography is listed as a
higher order control on bedform determination than bed lithology. Ice
streaming behavior, therefore, is less affected by bed lithology than
topography. Whereas this has been well‐established in literature com‐
paring ice streaming behavior across various sites (e.g., Greenwood and
Clark 2010, Greenwood et al. 2021, McKenzie et al. 2022), statistically
confirming this importance (Figure 6a) in two distinctMLmodels further
supports this hypothesis in landscape analysis.
In observing the point data from the training dataset, Figure 6b

highlights that while streaming occurs across a continuum of length to
width values for individual bedforms, streamlined subglacial bedforms
observed at sites with unconstrained topography typically have smaller
width and length values than bedforms observed at site within con‐
strained topographic systems. A similar relationship does not stand for
streamlined subglacial bedforms between sites of similar bed lithology,
further supporting the inference from the importance contribution val‐
ues that topography is more influential to determining ice streaming

than bed lithology. Furthermore, we note that all topographic and litho‐
logic bedform subtypes create similar bimodal distributions except for
bedforms identified on the sedimentary bedrock and closed topography
of the Puget Lowland, as is shown in the marginal distributions of Figure
6b. The bimodal distribution of datapoints at all sites other than the
sedimentary bed and closed topography likely points to a continuum of
bedform development in glacial streaming: where pressure differences
at the ice bed (Jauhiainen 1975), variations in individual bedform com‐
position and resistance to erosion (Menzies 1979), and maturity of the
streamlined subglacial feature (Benediktsson et al. 2016) all contribute
to a continuumof bedformmorphologies (Ely et al. 2016) with a bimodal
distribution (Figure 6b). This co‐development of the range of bedform
morphologies is also apparent in the spatial distribution of elongation
seen in McKenzie et al. (2022). Conversely, the sedimentary region
with closed topography of the Puget Lowland appears to primarily dis‐
play higher values of bedform width and length, indicating a distinct
similarity in bedform composition (Menzies 1979) and more sustained
streaming Benediktsson et al. (2016), with relatively little representation
of shorter, narrower bedforms.

3.4 Reanalysis of a subset of Green Bay
Lobe bedforms

In applying bedmap to the Green Bay Lobe, all three models automati‐
cally identified 1,073 streamlined subglacial bedforms. In this overlap‐
ping dataset, we identify the average elongation of the features as 7.83
and the average orientation of streamlined subglacial bedform long axis
as 41.44 cardinal degrees. These results provide additional evidence
that builds upon previouswork in this region that have identified stream‐
ing conditions (Colgan and Mickelson 1997), basal drag flux (Zoet et al.
2021), and bed roughness (Eyles et al. 2022) of the larger Green Bay
Lobe. With minimal manual effort, we have robustly derived general
ice flow direction and streamlined subglacial bedform elongation of this
subregion of Green Bay Lobe flow with a larger number of streamlined
subglacial bedforms and the associated quantitative data.
As theWisconsin Green Bay Lobe site was the first OOD application

of bedmap, we contrast the detections with manual identification. Of all
identified bedforms, 24% of the Random Forest bedforms, 22% of the
XGBoost bedforms, and 20% of the Ensemble Average bedforms were
false positives (i.e., positive relief features identified as streamlined sub‐
glacial bedforms that are not). These false positive features are primarily
landforms representing the edge of roads and some river banks. The
Random Forest model identified false positives on fragmented stream‐
lined subglacial bedforms or on positive relief features that expanded
beyond the area of a true streamlined subglacial bedform (Figure A1).
XGBoost identified false positives among positive relief features with
smaller areas and smaller widths than any of the other model‐identified
false positives. The incorrectly identified features include fragmented
streamlined subglacial bedforms and road‐edges. It should be noted that
upon closer assessment, the Random Forest and XGBoost models iden‐
tified streamlined subglacial bedforms that had originally been missed
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in manual assessment, highlighting the utility of these tools in provid‐
ing a useful guideline for mapping of streamlined subglacial bedforms
(see Figure A1). Streamlined subglacial bedforms that were manually
identified from the TPI dataset and missed by all models have smaller
areas than the majority of the bedforms identified by the ML approach.
The model may have missed some of the smaller streamlined subglacial
bedforms due to the statistical likelihood that themajority of smaller fea‐
tures are not bedforms. bedmap’s ability to identify smaller streamlined
subglacial bedforms can be improved in future versions by incorporat‐
ing more training data that includes these smaller features, thereby
enhancing its capacity to detect a broader spectrum of new data.
While Random Forest outperformed the XGBoost and Ensemble

Average models in the cross‐validation runs, in this OOD region, XG‐
Boost outperformed the Random Forest and Ensemble Average models
(Figure 4). Although XGBoost and Random Forest both deliver top per‐
formance at times, the Ensemble Average model consistently delivers
a performance that closely approximates the top‐performing model in
both cases. With this in mind, especially when applying the models to
siteswithoutmanual comparisons, the Ensemble Averagemodel runwill
be the safest run to receive accurate results.

3.5 Future directions for tool advance‐
ments

Data standards and metadata used to share glacial geomorphology
data are highly variable due to a range in the interests for mapping

deglaciated landscapes (Chandler et al. 2018). Typically, the purpose
of data collection influences how decisions are made about meta‐
data and data sharing. The history of streamlined subglacial bedform
identification in the field of glacial geomorphology has resulted in an in‐
credible number of glacial feature datasets that support the ability to
interpret entire ice sheet histories from bedform assemblages, build un‐
derstanding of processes that control bedform formation and evolution,
contribute to identifying glaciation style, identify areas of interest for
field campaigns, and provide constraints to ice sheet modeling (Chan‐
dler et al. 2018). Streamlined subglacial bedforms have been mapped
using a wide range of techniques (e.g., Principato et al. 2016, Norris
et al. 2017, Spagnolo et al. 2017, Wang et al. 2017, Saha et al. 2011,
Sookhan et al. 2021, Eyles et al. 2022, McKenzie et al. 2022). While
all of these methods contribute necessary knowledge to the field, each
dataset is subject to varied levels of manual input and scalability has
proven difficult in an era where there is unprecedented data availabil‐
ity. Furthermore, variations in manual classification choices from expert
to expert can lead to subjective and difficult to reproduce classification
schema with associated unquantified error.
Several efforts in the last few years have focused on using previous

work to develop a single map of glacial features across Britain (BRITICE:
Clark et al. 2018), the Arctic (GlaciDat: Streuff et al. 2022), and Green‐
land[](Leger et al. 2024) Even so, it is not yet always customary to make
developed mapping tools and geomorphic datasets from deglaciated
landscapes fully open and publicly available. There is an importance for
geoscientific data, including geomorphic analyses, to meet FAIR data
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standards (Wilkinson et al. 2016) as recommended by NASA’s Trans‐
form to Open Science Initiative (Gentemann 2023) and emphasized at
NCAR’s recent ”Community Expectations for a Geoscience Data Com‐
mons” workshop, which had wide international representation. Many
previously developed datasets meet some or all of these standards (e.g.,
Clark et al. 2018, Streuff et al. 2022, Norris et al. 2017, Greenwood
et al. 2021, McKenzie et al. 2022 2023). In order for geomorphological
concepts and data related to subglacial processes to be incorporated
into models of modern glacial systems and transferable for ML ef‐
forts in the glacial geomorphology sphere, it is imperative that FAIR
data sharing are made commonplace. Further, the glacial geochronol‐
ogy community has taken steps toward making previously published
data open and widely accessible through the establishment of the Infor‐
mal Cosmogenic‐nuclide Exposure‐age Database (ICE‐D) (Balco 2020).
When tools for open and FAIR geomorphic datasets are pairedwith data
from ICE‐D, we will have a powerful tool for establishing ice histories
across large spatial scales (e.g., Leger et al. 2024, Stoker et al. 2024).
Automating mapping efforts with the use of ML is a natural next

step to further progress and efficiency within the field of glacial geomor‐
phology. The use of a quantifiable and reproducible classification model
enables the comparison of large datasets across vast spatial scales while
maintaining a statistically robust comparison. ML approaches in glacial
geomorphology can enable us to further elucidate controlling factors of
subglacial conditions on basal regimes and ice streaming, both by provid‐
ing further confirmations of existing hypotheses, such as we showcased
in Section 3.3, and by reducing the amount of time and effort necessary
to calculate secondary data products as we highlighted in Section 3.4.
By usingmuch of themapping that has beenmanually verified andmade
publicly available (e.g., Clark et al. 2018, Norris et al. 2017, Greenwood
et al. 2021, Streuff et al. 2022, McKenzie et al. 2022 2023), ML tools
will be greatly improved and increase accessibility of mapping efforts to
the broader scientific community.

4 CONCLUSIONS

In previous studies, manual and variations of semi‐automatic identi‐
fication of glacially derived bedforms across deglaciated landscapes
proved to be time‐consuming and prone to human error. To address
this, we introduce a supervised machine learning approach that auto‐
mates the identification of streamlined subglacial bedforms. Utilizing
Random Forest, XGBoost, and an Ensemble Average models, trained
on a comprehensive dataset spanning nine sites across the deglaciated
Northern Hemisphere with robust verification, we created an open
source Python package that can be used on ArcGIS outputs to robustly
automate detection of bedforms from TPI products in minutes. Our ap‐
proach demonstrates high accuracy and stability, achieving true positive
detection rates of up to 94.5%.
The generalizability of bedmap enables seamless application to

datasets in new regions, which we illustrate by applying our workflow
to a new DEM in the Green Bay Lobe region. Using the combination

of TPI and bedmap, we identify the average elongation of features as
7.83 and the average orientation of the subglacial bedform long axis
as 41.44 cardinal degrees in this region. In a workflow that relies on
manual identification, the derivation of general ice flow and direction
from a DEM across large areas could take over tens of hours, but with
bedmap it is achieved in a matter of minutes. Futhermore, our efficient
method contributes to minimizing human‐induced errors in the final
streamlined subglacial bedform dataset, advancing the field of glacial
geomorphology through open science practices and machine learning
innovation.
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APPENDIX

A FINDING THE BEST MODEL FIT

A.1 Explanation of Performance Metrics
Performance metrics serve as critical evaluation measures for assessing
the efficacy of a model fit. These metrics provide quantifiable measures
of howwell a model aligns with the observed data, offering insights into
the robusticity of a model’s predictive capabilities and generalization
potential to new data. These metrics look at the relationships between
true positives (in our case, when themodel correctly detects a bedform),
true negatives (when the model correctly detects that a landform is not
a bedform), false positives (when the model mistakes another landform
for a bedform), and false negatives (when the model misses detecting a
bedform).
Accuracy (Equation A1) is one of the a commonly used metric in the

evaluation Earth Science classification tasks, and quantifies the propor‐
tion of correctly classified detections to the total number of predictions.
In the case of balanced classification, accuracy is a concise measure of
overall predictive correctness, however when applied to cases of class
imbalance like the one in this paper, accuracy is dominated by the larger
class (in our case true negatives), and does not fully capture where such
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a model might fail in detecting true positives. We include the accuracy
score in this paper to maintain continuity with standard practices in the
field of spatial statistics.

Accuracy =
True Positives + True Negatives
Total Number of Predictions

(A1)

Precision (Equation A2) quantifies how often a classification model
correctly predicts the positive class. In otherwords, precision focuses on
the accuracy of the model’s positive predictions, rather than its ability
to detect all potential instances. High precision indicates a low rate of
false positives.

Precision =
True Positives

True Positives + False Positives
(A2)

In contrast, recall (Equation A3) measures the models ability to cor‐
rectly identify all instances of positive predictions. Specifically, recall
calculates the proportion of true positives to all the instances that truly
belong to the positive class. High recall indicates a low rate of false
negatives.

Recall =
True Positives

True Positives + False Negatives
(A3)

Since recall and precision are both important measures in the case
of class imbalance, where it is easier for a model to miss and mistake
positive instances, the F1 score (Equation A4) combines precision and
recall into a single measure, considering both false positives and false
negatives. The F1 score prevents an overly optimistic assessment that
can occurwhen only focusing on recall or precision, and provides a score
that is balanced towards a low rate of false positives and false negatives.
In theMcKenzie et al. (2022) filtered data, bedforms make up just under
20% of all observations. For this reason, we primarily focus on F1 score
throughout this work.

F1 Score = 2 ˆ
Precisionˆ Recall
Precision+ Recall

= 2 ˆ
True Positives

True Positives+ False Positives+ False Negatives
(A4)

We calculate all performance scores using the scikit-learn library
in Python. We share the implementation of these calculations in the
supplementary Jupyter Book. See Flach and Kull (2015) for an overview
of the limitations of these metrics.

A.2 Cross Validation Grid Search for Random Forest
and XGBoost
In order to develop robust and accurate predictive models for identi‐
fying glacially derived streamlined features, we conducted extensive
cross‐validation grid searches to optimize the hyperparameters of both
Random Forest and XGBoost models. Hyperparameters are essential
settings that govern the behavior of machine learning algorithms and di‐
rectly impact model performance. By systematically exploring different
combinations of hyperparameters, we aimed to identify the configura‐
tions that maximize the models’ predictive capabilities while minimizing
overfitting.

For the Random Forest model, the grid search spanned several key
hyperparameters, including Maximum Features, Minimum Samples per
Leaf, Minimum Samples per Split, and Number of Estimators. Maxi‐
mum Features determines the maximum number of features considered
for splitting at each tree node, while Minimum Samples per Leaf and
Minimum Samples per Split control the minimum number of samples re‐
quired to be present in a leaf node and the minimum number of samples
required to split an internal node, respectively. Additionally, Number
of Estimators specifies the number of trees in the forest. By exploring
various combinations of these hyperparameters, we sought to iden‐
tify the configuration that yields the optimal balance between model
complexity and predictive performance.
Similarly, for the XGBoost model, the grid search encompassed a

broader range of hyperparameters, including Maximum Depth, Min‐
imum Child Weight, Gamma, Subsample, Column Subsampling Rate,
Learning Rate, and Number of Estimators. MaximumDepth controls the
maximum depth of each tree in the ensemble, while Minimum Child
Weight specifies the minimum sum of instance weights required to cre‐
ate a new child node. Gamma determines the minimum loss reduction
required to make a further partition on a leaf node, providing a reg‐
ularization mechanism to prevent overfitting. Subsample and Column
Subsampling Rate regulate the subsampling of training instances and
columns when constructing each tree, contributing to improved gen‐
eralization. Learning Rate shrinks the contribution of each tree during
training, preventing overfitting, while Number of Estimators sets the
number of boosting rounds.
Table A1 presents the cross‐validation grid searches for both Random

Forest and XGBoost models, showcasing the combinations of hyper‐
parameters tested. By systematically evaluating these hyperparameter
configurations, we identified the optimal settings for our predictive Ran‐
dom Forest and XGBoost models, ultimately enhancing their accuracy
and robustness in identifying new glacially derived streamlined features
across diverse landscapes and regions.

A.3 Spatial validation of model performance
Weshow the contrast between the estimatedmodel outcomes of shape‐
file output in the Wisconsin Green Bay Lobe. Figure A1 shows the
overlap between all three models, and examples of how each model cre‐
ates a small percentage of mistaken features. We also show how the
models can detect streamlined subglacial bedforms thatwere previously
missed in manual identification.
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TAB L E A1 Cross validation grid for optimal hyperparameter search. Both searches were conducted using scikit-learn’s custom cross‐
validation function so that the models were trained on data filtered both with McKenzie et al. (2022) filtering and Near Miss, but validated on data
filtered only with McKenzie et al. (2022) filtering

Random Forest Cross Validation Grid

Hyperparameter Grid

min_samples_leaf 2, 5, 10

min_samples_split 50, 100, 150, 250

n_estimators 25, 50, 100, 500, 1000

XGBoost Cross Validation Grid

Hyperparameter Grid

max_depth 3, 5, 7, 9

min_child_weight 1, 5, 10

gamma 0.0, 0.1, 0.25, 0.5, 1.0

subsample 0.4, 0.5, 0.6

colsample_bytree 0.5, 0.6, 0.75, 1.0

learning_rate 0.01, 0.1, 0.15

n_estimators 10, 50, 100, 200

Random Forest 
XGBoost
Ensemble
Model overlapManual identi�cation

overdrawn features

fragmented features 

bedforms missed 
by manual identi�cation
bedforms missed 
by TPI identi�cation

bedforms missed 
by model identi�cation

F I GUR E A1 Example of manual identification of streamlined subglacial bedforms in comparison tomodel output. There are examples of feature
boundaries outside of true bedform perimeters (overfit), fragmented streamlined subglacial bedforms, bedforms missed by TPI identification in
both the manual and model output examples, and bedforms captured by model output that were missed by manual identification.


