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ABSTRACT

Peatlands are important carbon stores which are being destabilised by anthro-
pogenic activity and are sensitive to climate change. To faithfully assess the carbon
stored in peatlands and to model their responses to future climate scenarios, it is es-
sential to have accurate information on peat depth. Presently, however, observations
of peat depth are insufficient for conducting these tasks at the global scale. Thus,
the goal of my thesis is to accurately generate a global distribution of peatland depth
and use that distribution to estimate how much carbon is stored within them. The
first step was to create Peat-DBase, the largest database of harmonised peat depth
measurements at the global scale. Peat-DBase was then used as the basis of training
and testing data for PeatDepth-ML, a machine learning-based modelling framework
designed to predict peat depths globally. I created PeatDepth-ML by adapting an
existing modelling framework that was designed to predict peatland spatial extents by
including new datasets of environmental variables that may drive or indicate peat for-
mation, updating the cross-validation procedures used for model testing, and adding
a custom scoring metric to the model to assist in predicting deeper peat depths. I
then used PeatDepth-ML to produce a spatially continuous global map of peatland
depths. Inspection of Peat-DBase revealed regional data gaps, such as in the Tropics,
and potential sampling biases in peat depth measurements, e.g. the collecting of a
single peat core to represent the depth of an entire peatland wherein depth could
be varying significantly or the presence of multiple peat cores with highly varying
depths over small spatial scales. The impact of Peat-DBases’s regional biases on
PeatDepth-ML’s predictions was assessed by calculating a metric describing the pre-
dictions area of applicability. To test the sensitivity of PeatDepth-ML to some aspects
of sampling bias, a bootstrapping method was developed to create multiple training
datasets from Peat-DBase. Running PeatDepth-ML on the bootstrapped datasets
showed that model behaviour could vary significantly in response to changes in the
training data, particularly at the regional scale. When compared to other estimates in
the literature, PeatDepth-ML achieved a similar or improved level of performance and
is of better overall quality because of its global reach and continuous representation
of peat and non-peat regions without the use of an independent peatland extent map.
However, PeatDepth-ML demonstrated a tendency to predict towards the mean peat
depth of its training data, which was relatively shallow possibly due to the inclusion

of non-peat data, which was included to allow the model to predict over all regions.



iv

Performing simple carbon stock calculations using PeatDepth-ML’s results produced
estimates that are in line with those previously published. Collectively, Peat-DBase
and PeatDepth-ML are cohesive global datasets of peat depth that can aid future

peatland research and policy endeavors.
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Chapter 1
Introduction

Peatlands are significant terrestrial carbon (C) stores. They cover nearly 3% of
Earth’s land area (Xu et al., 2018; Melton et al., 2022) and store approximately
one third of global soil C (Environment, 2022; Ofiti et al., 2023; Joosten and Clarke,
2002; Turunen et al., 2002; Ruppel et al., 2013). Peatlands are a type of wetland and
can be found in all but the driest landscapes of the world (Joosten and Clarke, 2002;
Koster and Favier, 2005). However, they are primarily concentrated in the boreal,
temperate, and tropical biomes as seen in Figure 1.1 (Melton et al., 2022). In addi-
tion to C sequestration and subsequent climate regulation, peatlands also fulfill many
other important ecological roles, including water retention and regulation, acting as a
buffer between saltwater and freshwater systems, and providing a habitat for unique
plant and animal species (Ribeiro et al., 2021; Ratnayake, 2020).

Peatlands have historically been C sinks, but are at increasing risk of becoming
sources instead. Waterlogging within a peatland, which has resulted from impeded
drainage, allows for C sequestration as once oxygen is depleted within the high water
table by aerobic decay, an anaerobic environment results and significantly limits fur-
ther decomposition of submerged organic material deposited by local vegetation. The
partially decayed vegetation can then accumulate as peat on timescales of hundreds
to thousands of years (Koster and Favier, 2005; Zinck, 2011). Large areas of peatlands
are being degraded through human land use change, which results in the emission of
sequestered C (Joosten and Clarke, 2002; Koster and Favier, 2005; Ratnayake, 2020).
Peatlands are drained for forestry, agriculture, and historically for use as fuel (Fluet-
Chouinard et al., 2023). Drainage lowers the water table in a peatland, causing it to
dry. The slower anaerobic decomposition of organic matter within waterlogged peat

is then replaced by faster aerobic decomposition as drying occurs (Page and Baird,
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Figure 1.1: Estimates of global peatland fractional coverage as predicted by Peat-ML
and PEATMAP from Melton et al. (2022) and Xu et al. (2018).



2016; Turetsky and St. Louis, 2006; Koster and Favier, 2005). Additionally, peatlands
may dry out under the warmer and lower soil moisture conditions resulting from cli-
mate change in boreal regions. Increased wildfire activity in peatlands is also a risk
under these hotter and drier conditions (Canadell et al., 2021; Helbig et al., 2020).
Peatlands, which are permafrost-affected, can also degrade due to global warming
induced permafrost thaw (Hugelius et al., 2020).

While it is known that peatlands store a significant amount of C, C stock estimates
remain highly variable. Recent estimates of peatland C stock values range from 113
to 1029 Pg C (Minasny et al., 2019; Widyastuti et al., 2024). Minasny et al. (2019)
describe two methods of calculating the C stock of peat. The first method is based
on the age of a peatland and the rate of C accumulation across the peatland area.
The second method uses the organic C content, bulk density, depth, and area of a
peatland (e.g. Hugelius et al. (2020)). In each of these approaches, observational
data on peatlands from field surveys and lab work (e.g. radiocarbon dating for peat
age) is required. However, such observations are not always available, particularly
at larger regional and global scales. Additionally, previous global peatland C stock
estimates have been calculated using different peat definitions and assumed values
for one or more of the input variables (e.g. using an average peat depth or organic
C content value) and the results can therefore vary depending on these assumptions
(Minasny et al., 2019).

There is a growing interest in modelling peatland processes. Land surface models
can include terrestrial elements of the C cycle, of which peatlands are a part, and
act as components to broader Earth system models and their climate simulations.
Land surface models emulate C, water, and energy fluxes of the land surface and can
estimate the value of different geophysical variables at different times and locations
with varying degrees of certainty (Heyvaert et al., 2024). The C cycle and climate
are closely tied through short and long term feedback loops (Canadell et al., 2021).
As part of the land surface, peatlands have acted as C sinks and stores over hundreds
to thousands of years, thereby having a cooling influence on the climate. However
the future climate impact of peatlands under a warming climate and anthropogenic
disturbance is uncertain (Canadell et al., 2021; Helbig et al., 2020; Bechtold et al.,
2019). By including the C, water, and energy dynamics of peatlands in land surface
models, and Earth system models by extension, we can learn more about their past
and future effects on the climate through the influence of these added fluxes in climate

simulations (Bechtold et al., 2019; Wu et al., 2016; Chadburn et al., 2022).



Current peatland renditions in land surface models can face a variety of limita-
tions. Many of the model frameworks that include peatlands are designed to operate
at site-specific or regional scales and over short time spans (Bechtold et al., 2019).
Meanwhile, other larger scale land surface model peatland implementations do not
yet support dynamic parameterisation of peatland properties in response to changes
within the peatland (e.g. as more peat decomposes, its hydrology should change
from what it was initialised as) (Chadburn et al., 2022; Bechtold et al., 2019; Miiller
and Joos, 2020). Site level modelling often uses existing observational data from the
peatland at the given location for model input or tuning. However these approaches
were not easily implemented globally as such datasets were not previously available
at a global scale and sufficient resolution (Bechtold et al., 2019). Regional and global
land surface models use a grid-based representation of the land surface, therefore any
peatland initialisation data is needed on the same model grids (Melton et al., 2022;
Bechtold et al., 2019; Chadburn et al., 2022). For example, when including peat-
land processes, the Canadian Land Surface Scheme Including Biogeochemical Cycles
(CLASSIC) takes peat depth and fractional coverage within each of their grid cells as
input variables, among other data (Wu et al., 2016; Melton et al., 2020; Seiler et al.,
2020).

Peatlands have historically been understudied, and thus underrepresented, in land-
scape inventories at a global scale (Krankina et al., 2008; Hugelius et al., 2020; Melton
et al., 2022). Traditional approaches to mapping peatland depth involve field surveys
or proximal sensing techniques (Minasny et al., 2019; Jowsey, 1966). Field surveys
typically involve going to a known or suspected peatland and collecting peat soil
cores or probing with metal poles (Crezee et al., 2022; Léhteenoja et al., 2012). The
cores are analysed to establish the depth at which the peat transitions to a mineral
layer, with this bottom layer of peat often being referred to as basal peat (Lahteenoja
et al., 2012; Ruwaimana et al., 2020; Quik et al., 2022). Peat depth can also be
sensed with proximal geophysical processes such as ground penetrating radar, electri-
cal resistivity imaging, and electromagnetic induction. Such proximal sensors work
near to the ground and measure the electrical properties of a peatland to produce
2-D depth surveys along transects, or complete 3-D surveys in some cases. Although
they may cover a more significant area faster than coring, researcher presence in the
peatland is still required, and some of these procedures need calibration based on field
survey data from the site for the best results (Minasny et al., 2019; Altdorff et al.,
2016; Comas et al., 2015; Rosa et al., 2009). Additionally, these proximal methods



are inferring peat depth from the relationship between the electrical properties they
are based on and the field survey data they are calibrated to, rather than directly
observing peat depth as you would with coring (Minasny et al., 2019). Both proximal
geophysical processes and field survey methods become less practical as the study
area increases in size (Gatis et al., 2019). Peatlands are often underexplored since
conducting such surveys is challenging in the waterlogged and often remote condi-
tions of these environments, as well as being potentially very costly (Minasny et al.,
2019; Rudiyanto et al., 2016). Tropical peatlands are often more poorly mapped than
boreal and temperate peatlands (Page et al., 2007; Zinck, 2011; Ruwaimana et al.,
2020).

In response to the difficulty in mapping peatlands and the subsequently limited
amount of observational data, digital soil mapping has developed as an auxiliary
method. Digital soil maps predict the values of a target variable over a given area
by running a statistical model on training data and predictor data (Minasny et al.,
2019; Rudiyanto et al., 2016; McBratney et al., 2003). When applying digital soil
mapping techniques to peatland analysis, field survey data of the target peatland
characteristic is used for training data. In the context of peatlands, ‘predictors’ are
environmental variables that may have some relationship with the target peatland
characteristic (Minasny et al., 2019; McBratney et al., 2003). Peatland predictors are
established from the indicators of peatland presence, drivers of peatland initiation
and development, and the sensors capable of observing these features (Minasny et al.,
2019).

Peat-ML is a spatially continuous global map of peatland fractional coverage de-
veloped using a digital soil mapping workflow (Melton et al., 2022) (Figure 1.1).
Existing regional peatland fractional coverage maps and predictors of peatland pres-
ence were used to train a machine learning (ML) model, which then predicted the
fraction of peatland coverage within a grid cell globally on a five arc minute grid
(grid cell widths of ca. 0.0833° which corresponds to 9.26 km at the Equator and 4.63
km at 60°N). Peat-ML was evaluated against training data that was iteratively with-
held from the model, as well as other peatland coverage maps that had been derived
through various techniques, and was found to do well in these inspections. The cross-
validated Peat-ML output had a mean bias error (MBE) of —0.29% and a root mean
square error (RMSE) of 9.11%), which indicate that the model was able to replicate its
peatland test data relatively closely. For the Boreal Plains region of Canada, where a

more detailed inter-map comparison was conducted, the cross-validated Peat-ML out-



put performed nearly as well as a more labour-intensive traditionally mapped product
based on soil surveys and air-photo interpretation (Melton et al., 2022). This region
was chosen for analysis due to the significant amount of observation data available
for comparison through Ducks Unlimited Canada (Smith et al., 2007). Hugelius et al.
(2020) first assembled a database of peat cores for training data, then used an ML
approach to predict peat depth over the northern latitudes. However, they also pro-
duced a separate peatland extent map to mask out non-peat regions after prediction
rather than training their ML model to account for areas with a peat depth of zero
cm. Hugelius et al. (2020)’s depth map initially underestimated deep peat values and
achieved an RMSE of 142.2 cm, prior to bias correction. After applying bias correc-
tion, their results more closely resembled their observed peat depth data. Thus, ML
has shown to be a reasonable strategy for predicting peatland extent and capable of
serving as a basis for estimating peat depth, given there is peat data available for
training.

Melton et al. (2022) were motivated to develop Peat-ML as previous peatland
fractional coverage maps were of insufficient quality and scale for use in land surface
models. Similar circumstances are encountered when working with peat depth, mainly
because the primary means of measuring depth require researchers to be present in
a peatland to apply techniques such as probing or ground penetrating radar, which
become increasingly labour intensive as mapping extent grows (Gatis et al., 2019).
Digital soil mapping strategies may provide an effective method of mapping peat
depth for large areas. A review of digital peatland mapping efforts by Minasny et al.
(2019) indicate that various digital soil mapping processes have been applied to as-
sessing peat depth. However, these peat depth datasets (e.g. Beilman et al., 2008;
Rudiyanto et al., 2016; Akumu and McLaughlin, 2014) have varying grid resolutions,
have not reached a global scale, and some have not undergone validation or uncer-
tainty quantification (see Table 4 in Minasny et al. (2019) for complete list), which
would leave a combination of these products unsuitable for use directly in a land
surface model. To my knowledge PEATGRIDS (Widyastuti et al., 2024, currently
in preprint), which is also generated using ML methods, is the only global map of
peat depth and C stock. Nonetheless, PEATGRIDS is not continuous over the entire
land surface, as depth values were primarily produced for grid cells considered to be
‘peat dominated’ by the Global Peat Map (United Nations Environment Programme,
2021).

The global distribution of peatland depths and subsequent peatland C stocks



therefore remains uncertain. Thus, the objective of my thesis is to address two main

questions:
1. What is the global distribution of peatland depths?
2. How much C is stored within peatlands?

With the goal of filling these knowledge gaps, I have developed a spatially continu-
ous global map of peatland depths and used these results to produce preliminary C
stock estimates. The global peat depth map was created by adapting the ML frame-
work constructed for Peat-ML to predict peat depth instead of fractional coverage.
Hereafter, the original ML workflow of Peat-ML will be referred to as the Peat-ML
Framework and the newly developed peat depth version will be called PeatDepth-
ML (PD-ML). To facilitate the implementation of a global peat depth digital soil
mapping method, substantial amounts of observed peat depth data is required for
model training and testing. To this end, I formed Peat-DBase version 1.0, the largest
database of peat depth measurements with global coverage that I am aware of and
an important contribution to peatland science. As such, Chapter 2 is dedicated to
the documentation of Peat-DBase and its uncertainties, with the intention of being
published as a database paper providing public access to the data. Chapter 3 de-
tails the development of PD-ML and its use to predict a global peat depth map as
a means of finding the global distribution of peatland depths. The use of PD-ML’s
output to estimate peatland C stocks is also discussed in Chapter 3. I compare my
peat depth and C stock results to other studies, particularly Hugelius et al. (2020)
and PEATGRIDS, and demonstrate the importance of quantifying the uncertainty
in peat depth modeling that results from potential bias in the observational peat
depth inputs. Chapter 3 is also intended for future publication, thus there is some
repetition of information across Chapters 1, 2, and 3. Chapter 4 addresses the overall

conclusions that can be drawn from my global peat depth map and C stock estimates.

1.1 Terminology and Background

1.1.1 Peatland Definitions

Table 1.1 describes the different definitions used throughout this thesis and they are
discussed in more detail through this Chapter. Following Joosten and Clarke (2002)

and Lourenco et al. (2022), I define peatlands as a wetland ecosystem with or without



vegetation in which a layer of peat has accumulated at the surface of the landscape
(Table 1.1). Peat is a soil containing significant amounts of partly decomposed organic
material (Gumbricht et al., 2017; Page et al., 2011; Lourenco et al., 2022). The high
level of organic matter marks peat as an organic soil. This is in contrast to mineral
soils which make up most of the world’s soils and are low in organic matter content,
with even the organic surface horizon generally remaining below 5% organic matter
(by weight) (Wilson, 2019; Voroney et al., 2024). Mineral soils are found throughout
boreal and tropical forests, as well as grasslands, savannahs, and deserts (Voroney
et al., 2024). Osman (2013) found that the average amount of organic matter in one
m depth of forest soils ranged from 0.87 to 2.50%. While no internationally accepted
definition of peat currently exists, Lourenco et al. (2022) show that a minimum of
20% organic matter is among the lowest values presented for a soil to be considered
peat over a variety of definitions in previous literature. Given the widespread nature
of mineral soils and their prominent organic matter difference from peat, a binary
representation of peat and mineral soil is sufficient for this thesis as my work is
not intended to provide detailed information on non-peat areas. More detailed soil
classification schemes have been developed such as the World Reference Base for Soil
Resources and regional schemes like the United States Department of Agriculture
Soil Taxonomy system and the Canadian System of Soil Classification (IUSS Working
Group WRB, 2022; Soil Classification Working Group, 1998; Soil Survey Staff, 1999).
The histosol classification of the World Reference Base is considered peat in several
regions, however the name and definition of histosols can vary under other schemes
(IUSS Working Group WRB, 2022; Xu et al., 2018; Soil Survey Staff, 1999; Soil
Classification Working Group, 1998).

Table 1.1: Definitions of peatlands used throughout this thesis and their applications.

Definition Use within thesis

Peatlands are a wetland ecosystem with | This definition is used throughout the

or without vegetation in which a layer | thesis as the basic description of a peat-
of peat has accumulated at the surface | land.

of the landscape (Joosten and Clarke,
2002; Lourenco et al., 2022).

Continued on next page




Definition

Use within thesis

Peat soil has a minimum of 5% organic
C content to a minimum depth of 10 cm
(Lourenco et al., 2022).

This thesis applied the 5% organic C
content threshold of this definition ex-
plicitly to the treatment of soil with
less 5% organic C content as mineral
soil. This mineral soil delineation is used
within Chapter 2 as part of the inclusion

of mineral soil in Peat-DBase.

Peat must reach a depth of 30 cm to be
considered a peatland. This is a com-
mon depth threshold within the litera-
ture (Loisel et al., 2017; Melton et al.,
2022; Lourenco et al., 2022).

This thesis applied this depth threshold
only when plotting peat depth data, e.g.
Figures 2.1, 3.2, 3.4, 3.8. This depth
threshold is never used to limit the col-

lection or prediction of peat depth data.

Peat is often defined with minimum organic matter or organic C content (by
weight) thresholds, together with a minimum depth threshold. Organic C content
differs from organic matter in that organic matter refers to the combination of all
elements that make up such material (Lourenco et al., 2022). The World Reference
Base indicates that 40% organic matter coincides with approximately 20% organic
C content (IUSS Working Group WRB, 2022). Lourenco et al. (2022) suggest peat
soil be defined as having a minimum of 5% organic C content to a minimum depth
of 10 cm. This thesis broadly follows this definition in treating soil with less than
5% organic C content as mineral soil (Table 1.1). No minimum depth requirement
is applied to data collection or model predictions within this work, however negative
values are not permitted in the output of PD-ML.

While the definitions used within peatland science have been inconsistent since
the field’s inception, the 5% organic C content boundary and lack of minimum depth
applied in this thesis is conservative (Lourenco et al., 2022; Gumbricht et al., 2017;
Page et al., 2011; Zinck, 2011; Xu et al., 2018). Lourenco et al. (2022) selected the
minimum boundary of 5% organic C content based on the recommendation of the
Food and Agriculture Organization (?). The Food and Agriculture Organization ex-
plains that because organic C content is a dry weight percentage, it captures little
information on volumetric C content which represents the amount of soil C that could
be emitted should drainage and subsequent exposure to oxygen occur. A pure peat

generally has low volumetric C content, but a high dry weight organic C content
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percentage. However, a soil with a lower organic C content and higher weight could
have a similar volumetric C content and thus the same emissions upon drainage (7).
Therefore, using a lower bound of 5% organic C content is beneficial from a conserva-
tion and C accounting viewpoint, as it can account for more soil C stocks. The lack
of a minimum depth requirement is motivated by similar factors. For example, the
edges of existing peat bodies or relatively young peatlands could be shallow and risk
being excluded by applying a depth threshold (Grand-Clement et al., 2015; Hribljan
et al., 2016). Including as many different samples as possible is also practical from
the ML spatial mapping perspective as such ML algorithms can only make reasonable
predictions over regions that demonstrate the same behaviour as the areas represented
within their training data (Meyer and Pebesma, 2021; Meyer et al., 2019). However,
for consistency with existing peat research practice, I plot some peat depth results
with distinct colours below and above 30 cm (see Table 1.1 and figures of Chapter
3). This 30 cm depth threshold is a common delineation within the literature (see
reviews by Loisel et al. (2017) and Lourenco et al. (2022)), with Peat-ML being one
example of its use (Melton et al., 2022).

1.1.2 Modelling Definitions

Having an understanding of the general structure of the Peat-ML Framework and
the terms used in association with these modelling processes is a useful primer for
learning about PD-ML. Figure 1.2 shows the steps within the Peat-ML Framework.

The Peat-ML framework takes in training data and predictor data that have been
gridded at the same resolution (five arcminute grid cells, equivalent to approximately
0.0833° or 9.26 km at the Equator and 4.63 km at 60°N). The training data is com-
posed of multiple peatland and non-peatland mapping products of different regions
(Figure 1.3). Various terrain, climate, vegetation, and soil datasets were used as
predictors. The initial collection of predictors is filtered to remove those with high
information overlap, or high multicollinearity, and find those with the greatest predic-
tive power. This predictor filtration reduces the risk of the model becoming overfit.
Overfitting occurs when a model has too closely memorised its training data and
therefore cannot generalise well when predicting into unseen areas (Hawkins, 2004;
Peng and Nagata, 2020; Russell and Norvig, 2020). The variance inflation factor (VIF)
is used to eliminate the most multicollinear predictors, and recursive feature elimina-

tion (RFE) is used to find the most informative subgroup of these predictors to use
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Figure 1.2: Flow chart of the steps within the Peat-ML Framework ML process from

Melton et al. (2022). Terms and acronyms within this figure are explained later in
the text.
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Figure 1.3: The Peat-ML training data from Melton et al. (2022), where white space
has no data present. The green lettered blocks are used in the cross-validation process.

in the final prediction. RFE finds this subgroup by iteratively excluding predictors
with the lowest importance (quantified by importance criterion calculated within the
ML algorithm) and retraining the model until it finds the subgroup that yields the
best model performance (Kuhn and Johnson, 2013).

The ML algorithm used in Peat-ML is the Light Gradient Boosting Machine or
Light GBM, an efficient gradient boosting decision tree algorithm that was chosen
for its computational speed (Ke et al., 2017). Decision trees can be thought of as
a hierarchical structure made up of decisions about some data, with each decision
breaking the data into smaller groups to approach a solution (Russell and Norvig,
2020). Gradient boosting decision tree algorithms generally operate by constructing
multiple decision trees, where each consecutive tree aims to predict the error of the
previous tree, then combining the tree predictions together to arrive at a final result
(such as by calculating a weighted sum). The first gradient boosting tree attempts
to predict the error of some initial prediction, such as the results from a very simple
decision tree (Russell and Norvig, 2020; Wade, 2020; Ke et al., 2017).

With the optimal set of predictors established, Bayesian hyper-parameter opti-
mization (BHO) is used to adjust the parameters of the Light GBM algorithm for the

best model performance. Such parameters change how the algorithm behaves in some
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way and will have certain values that produce the best results for the given task. For
example, the learning rate parameter controls the weighting in the weighted sum
of decision tree predictions and unless it is adjusted, early trees with higher errors
may over contribute to the final result (Wade, 2020). ML algorithms frequently have
many parameters or the parameters have continuous values which are challenging to
tune by hand, so additional algorithms exist to search the parameter space for the
most effective values. BHO treats the parameter values as an input vector and the
model error is the output, then tries to find a function which minimises this output.
Iterative model runs are conducted to get multiple input-output pairs with which to
update the function and thus inform the best selection of parameter values (Russell
and Norvig, 2020). With the most optimal parameters chosen, the model is then able
to predict the final global peatland distribution map.

Blocked-leave-one-out cross-validation (BLOOCYV) is used in the RFE step, the
BHO step, and to produce an error estimate for the model. The general idea of cross-
validation stems from the need to use some data for model training and some for
model validation, without using the same data for both purposes at the same time.
If the same data was used for training and validation, the validation results would
yield an overly optimistic view of model performance as the model was not assessed
on its ability to predict beyond what information it had already seen. To achieve
data separation, the original training data can be separated into k groups that are
referred to as folds or blocks. For £ iterations, the model is trained using all but
one of the folds, with the remaining fold then being used for validation. The average
performance score over the k validations provides a more reasonable estimate of the
model’s capabilities (Russell and Norvig, 2020; Meyer and Pebesma, 2022).

Cross-validation is a standard practice in ML, with random sample k-fold cross-
validation being a common option wherein the data is split into folds randomly
(de Bruin et al., 2022). Randomly separating the data in this way assumes that the
data itself was collected via random sampling and is therefore identically distributed
and independent. In practice, such an approach to in situ data collection is rarely
possible and most measurements in geospatial databases are highly clustered around
areas of interest for research (Meyer and Pebesma, 2022). Geospatial data is often
spatially autocorrelated, meaning that measurements in close proximity are similar
and should be treated more like replicates rather than separate data points while
within the distance of such spatial relationships (Ploton et al., 2020). Using a ran-

dom sample k-fold cross-validation in such scenarios can produce unrealistically high
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estimations of model performance since it does not account for spatial dependence
within the data (de Bruin et al., 2022; Meyer and Pebesma, 2022; Ploton et al., 2020).
For BLOOCYV within Peat-ML, the training data is separated into blocks where the
size of each block is chosen such that it exceeds the distance of spatial autocorrelation
and contains a roughly equal amount of data (Figure 1.3). Using BLOOCYV in this
way is beneficial when spatial autocorrelation may be present and prediction errors

estimated with it more closely resemble real model error (Melton et al., 2022).
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Chapter 2

Peat-DBase: A Compiled Database
of Global Peat Depth

Measurements

Peatlands have been important C sinks and stores throughout history, but are now
at risk of becoming C sources (Canadell et al., 2021). The waterlogged nature of
peatlands limits decomposition; once oxygen has been depleted in the high water table
through aerobic decay, only slow anaerobic decomposition is possible, thereby allowing
submerged partially decomposed material to accumulate as peat over hundreds or
thousands of years (Koster and Favier, 2005; Page and Baird, 2016; Joosten and
Clarke, 2002). Thus, peatlands, as wetland ecosystems, have developed to contain
roughly a third of global soil C (Joosten and Clarke, 2002; Jackson et al., 2017) while
only making up about 3% of Earth’s land cover (Xu et al., 2018; Melton et al., 2022).
Peatlands also store about 10% of the world’s fresh surface water and are home to
unique flora and fauna (Joosten and Clarke, 2002; Page and Baird, 2016). However,
anthropogenic activity is disturbing these ecosystems. Humans drain peatlands for
agricultural use and forestry, among other purposes (Fluet-Chouinard et al., 2023).
Drainage allows the peat to dry and aerobic decay to resume due to the lowered water
table, which prompts an increase in C emissions (Page and Baird, 2016; Warren et al.,
2017; Koster and Favier, 2005). The rising temperatures and decreasing soil moisture
brought about by climate change can also cause peatlands to dry out and experience
more wildfires (Canadell et al., 2021; Helbig et al., 2020).

There is a growing need for comprehensive data on peatlands. For example, peat-
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land C stocks can be estimated using peatland area, depth, organic C content, and
bulk density (Minasny et al., 2019). However, there are often insufficient measure-
ments of these values for detailed regional or global scale C stock inventories, thus
such inventories may rely on single best estimates for one or more values (Page et al.,
2011; Minasny et al., 2019). Additionally, there is more interest in investigating the
historical and future impact of peatlands on the climate through their inclusion in
land surface models. One application of land surface models can be to act as the
terrestrial component of Earth system models and simulate the energy, C, and water
dynamics of the land surface. Earth system models are then capable of performing
global climate simulations. Thus, efforts are being made to add peatland C, water,
and energy fluxes to land surface models to explore how these fluxes impact the sim-
ulation of climate processes in Earth system models (Chadburn et al., 2022; Bechtold
et al., 2019; Wu et al., 2016).

Peatland data is relatively limited as they are not well represented in global soil
mapping initiatives (Krankina et al., 2008; Minasny et al., 2019). The wet and often
remote locations of peatlands make them difficult environments to gather data in
(Minasny et al., 2019; Rudiyanto et al., 2016). Mapping peat depth is especially
challenging as it generally involves performing field surveys or proximal remote sensing
techniques (Minasny et al., 2019; Jowsey, 1966).

To support present modelling initiatives and determine regions in need of further
research, we present the Peat Depth Database (Peat-DBase) version 1.0, the largest
collection of global scale, harmonised, and quality controlled basal peat depth mea-
surements to date. A version of Peat-DBase with more extensive data on peat-free
areas is also produced to further enable future modelling efforts. Mineral soil core
data was used to supply this information (Batjes et al., 2020). Chapter 2.1 describes
the acquisition, formatting, and processing of peat study data used to form Peat-
DBase. The subsequent acquisition, formatting, and processing of mineral soil data
is explained in Chapter 2.2. Chapter 2.3 provides an analysis and discussion of the
resulting database, including its limitations and areas of future work. Conclusions

and data availability are discussed in Chapters 2.4 and 2.5 respectively.
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2.1 Peat Study Data

2.1.1 Data Acquisition

Peat study data was accepted into Peat-DBase provided the measurements were taken
down to the basal depth indicated by mineral soil or bedrock; otherwise, any coring
or sampling method was allowed that was able to accurately determine the distance
from peat surface to bedrock or mineral soil. In permafrost regions, Cold Regions
Research and Engineering Laboratory corers (Brockett and Lawson, 1985) were often
used. In non-permafrost sites, Russian-type corers (Jowsey, 1966), Box corers (Shotyk
and Noernberg, 2020; Fenton, 1980), and Jeglum corers (Jeglum et al., 1991) were
the primary tools. In cases where pole probing was conducted as part of a coring
transect, the probing measurements were also included. Probing involves the use of
metal poles which are inserted into the peat until they meet a non-peat layer and
cannot go any further (Crezee et al., 2022). The sampling method varied depending
on the goals of the researchers. In some cases, transects of varying lengths were
chosen with measurements taken at consistent intervals across the transect (Crezee
et al., 2022; Kelly et al., 2020). In other instances, unique core sites were chosen
across single or multiple peatlands (Cole et al., 2015; Davies et al., 2023b,a; Silvestri
et al., 2019b). Some peat study datasets also included some peat-free cores as a
result of their sampling procedures (e.g. Crezee et al., 2022; Keys and Henderson,
1987; Thibault, 1992).

Generally, the largest previously existing peat depth datasets were compilations
of other datasets themselves. Such compiled datasets were frequently developed for
modelling purposes (Hugelius et al., 2020; Treat et al., 2017, 2019). These compiled
datasets were added to Peat-DBase under the single citation of the compiling authors,
with additional fields being used to track any information the compiling authors
provided on their data sources (see Chapter 2.1.2 and Table 2.2). 32580 peat depth
measurements came from 19 published sources (post-error/duplicate assessment in
Table 2.1). 2552 measurements came from 5 sources that are currently in preprint
or that make their data available upon request (post-error/duplicate assessment in
Table 2.1). A publication may have been omitted from Peat-DBase because the data
source included a lack of readily accessible and usable data files or an inability to
confirm from the publication that the measurements went to basal peat depth. The

sources of peat depth measurements used in Peat-DBase are listed in Table 2.1.
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Table 2.1: The sources of peat study measurements in Peat-DBase (* indicates sources

that are confirmed to be a compilation of other datasets).

Bolivian Andes

Publications Geographic re- | Number of mea- | Number of
and data con- | gion covered by | surements pro- | measurements
tributors of peat | measurements vided with all | retained after
study data necessary data error/duplicate
assessment
Bauer et al. (2024) | Canada 769 753
X
Beilman et al. | West Siberian | 23 23
(2009) Lowlands
Benfield et al. | Sierra Nevada del | 22 20
(2021) * Cocuy  (Eastern
Colombian Andes)
Cole et al. (2015) | Sarawak, 3 3
Malaysian Borneo
Comas et al. | West Kalimantan, | 8 8
(2015) Indonesia
Crezee et  al. | Central Congo | 1558 1558
(2022) Basin
Davies et  al. | Southern Hudson | 1 1
(2021) Bay Lowlands
Davies et  al. | Western Hudson | 2 2
(2023a) Bay Lowlands
Davies et  al. | Western Hudson | 3 3
(2023b) Bay Lowlands
Gorham et al. | North America 1685 1514
(2012) *
Hribljan et al. | Colombian, 25 25
(2023) Ecuadorian,
Peruvian, and

Continued on next page
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Publications Geographic re- | Number of mea- | Number of
and data con- | gion covered by | surements pro- | measurements
tributors of peat | measurements vided with all | retained after
study data necessary data error /duplicate
assessment
Hugelius et al. | North of 23°N 7738 7110
(2020) *
Kelly et al. (2020) | Quistococha, 29 29
Pastaza-Maranion
Foreland  Basin,
Peru
Keys and Hen- | New Brunswick, | 20505 20505
derson (1987); | Canada
Thibault  (1992)
- Digital dataset
supplied by E.
Prystupa *
Lab of Dr. Angela | North of 60°N and | 230 230
Gallego-Sala between 5°S and
5°N
Lawson et al. | Pastaza-Maranon | 280 280
(2023) Basin, Peru
Manitoba Depart- | Manitoba, Canada | 1709 1598

ment of Natural
Resources and
Northern  Devel-
opment (Available

upon request) *

Continued on next page
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Publications Geographic re- | Number of mea- | Number of
and data con- | gion covered by | surements pro- | measurements
tributors of peat | measurements vided with all | retained after
study data necessary data error /duplicate
assessment
Mariusz  Lamen- | Poland 263 263
towicz, Daria
Wochal, Adam
Mickiewicz,
Sambor Czer-
winski, Joanna
Landowska, and
Jacek Landowski
(2024)
Silvestri et al. | Kubu Raya Dis- | 63 63
(2019b,a) trict, West Kali-
mantan, Indonesia
Treat et al. (2017, | Global 614 504
2019) *
Sun et al. (2023) * | Tibetan Plateau 146 146
Warren et al. | Indonesia 33 33
(2012) *
Warren M. (un- | Indonesia 276 275
published)
Winton et al. (in | Colombia 186 186
prep)

2.1.2 Data Formatting

All collected data was processed into a consistent format. Source datasets were first
converted to a comma-separated values (CSV) file format. Any measurements that
were missing a latitude, longitude, or depth value were dropped. All peat depth values
were converted to centimetres and the coordinates of each measurement location were
converted to the World Geodetic System 1984 (WGS84 or EPSG:4326) coordinate

system where required. When the depth measurement was presented as a range
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(this occurred in less than 5 measurements), the median of the boundary values was
calculated and used within Peat-DBase. All datasets were combined into one CSV

file. The columns of this synthesised database are explained in Table 2.2.

Table 2.2: The column headers within Peat-DBase and their meaning. Note that an
‘exact duplicate’ means that the lat, lon, and depth_cm values are identical. Note
that ‘rounded duplicate’ means the lat, lon, and depth_cm values are identical when

rounded to 2 decimal places.

Peat-DBase version 1.0 column | Peat-DBase version 1.0 column

names meaning

original dataset A citation of the publication or owner
of the original dataset that the measure-

ment was retrieved from for Peat-DBase.

original _entry num A number representing the location of
the measurement in the ordering of its

original dataset.

lat Latitude coordinate of peat depth mea-
surement in decimal degrees.

lon Longitude coordinate of peat depth
measurement in decimal degrees.

depth cm The basal peat depth measurement in
centimetres.

original dataset_ source notes Any citation information provided by

the original dataset publication or
owner is retained here. If the origi-
nal dataset is confirmed to be a pri-

mary field study, this is noted here.

peat_ measurement A flag set to ‘True’ if the origi-
nal dataset is a peat study or source.
It is set to ‘False’ if the data comes from
WoSIS (see Chapter 2.2).

Continued on next page
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Peat-DBase version 1.0 column

names

Peat-DBase version 1.0 column

meaning

suspected duplicate assessment

A numerical flag that indicates whether
the measurement has been observed as
a possible duplicate of another data
point.

‘1’ - the measurement was confirmed
to be unique by the original publica-
tion/owner and did not undergo assess-
ment as part of this work.

‘2’ - The measurement was not initially
detected as a possible duplicate.

‘3’ - the measurement was found to be
the first instance of an exact duplicate.
‘4’ - the measurement was found to be
a redundant instance of an exact dupli-
cate.

‘5’ - the measurement was found to be
the first instance of a rounded dupli-
cate.

‘6’ - the measurement was found to be
the redundant instance of a rounded
duplicate, but manual assessment of
the data sources did not find reasonable
evidence that this was a true duplicate.
‘T’ - the measurement was found to be
a redundant instance of a rounded du-
plicate and manual assessment of the
data sources found evidence that this

was a true duplicate.

Continued on next page
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Peat-DBase version 1.0 column

names

Peat-DBase version 1.0 column

meaning

suspected__error assessment

A flag set to ‘True’ if the measurement
contains possible errors (such as incor-
rect coordinates). Otherwise it is set
to ‘False’. Any notes on the nature of
the error are provided in the investiga-

tion notes column.

investigation_ notes

Any notes on the nature of the error in

suspected__error_assessment.

original dataset_ collision

If a measurement was found to be
a redundant instance of an exact or
rounded duplicate and given a sus-
pected__duplicate assessment value of
‘4’ ‘6°, or ‘77, then this column will be
set to the original dataset value of the
measurement that was found to be the

first instance of that duplicate.

original entry num_ collision

If a measurement was found to be
a redundant instance of an exact or
rounded duplicate and given a sus-
pected_duplicate assessment value of
‘4’ ‘6°, or ‘7, then this column will be
set to the original entry num value of
the measurement that was found to be

the first instance of that duplicate.

Continued on next page
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Peat-DBase version 1.0 column

names

Peat-DBase version 1.0 column

meaning

A hash that 1is

from the original dataset and origi-

group__id code generated
nal entry num value of measurement
during the process of duplicate as-
sessment.  Secondary instances of a
duplicate will be given the group_id of

the corresponding first instances during

this process.

2.1.3 Data Processing

Data entry errors must also be handled. As mentioned in Chapter 2.1.2, mea-
surements that were incomplete, e.g. missing a latitude or longitude value, were
excluded prior to data processing. However, there are some complete measure-
ments that had obvious errors, e.g. a peat measurement located in the ocean.
The clearest cases of possibly erroneous entry were flagged accordingly with the
suspected__error_assessment column in Peat-DBase being set to True and investi-
gation_ notes recording any information on the error (see Table 2.2).

Due to our inclusion of compiled peat depth datasets that are themselves compila-
tions of previous datasets (see entries marked with an * in Table 2.1, e.g. Treat et al.,
2017; Hugelius et al., 2020) within Peat-DBase, some additional processing steps are
needed for quality control. Sarracino and Mikucka (2017) investigated the impact
of duplicate data entries on regression estimates and possible methods of resolving
such an issue. If used for modelling, the presence of duplicates in input data can
bias regression estimates, particularly when their distribution is not random, such as
when the same peat depth measurements appear across different compiled datasets
(Sarracino and Mikucka, 2017). Therefore, as each new source dataset was added to
Peat-DBase, the peat depth measurements within the database were reassessed for
duplicates. Duplicates were flagged such that one measurement can be kept while
superfluous entries can be filtered out as needed by a database user (see Table 2.2 for
columns used in duplicate assessment). This removal strategy was one of the most
successful at reducing bias among those tested by Sarracino and Mikucka (2017), with

other options being to ignore duplicates, drop all instances of a duplicate, or apply a



25

form of weighting or control term to the duplicates.

There were two phases of duplicate flagging. In the first phase, duplicates that
had the same exact depth value and coordinates were found, and all but the first
instances of any such duplicates were flagged for removal. For the second phase, the
precision of the measurements was intentionally downgraded to detect rounding by
previous data sources. This check found measurements that had both the same depth
values when rounded to the nearest 0.01 centimetres and the same coordinates when
rounded to the nearest 0.01°, then flagged them for manual assessment. These specifi-
cations were determined by iteratively checking less precise rounding until the number
of duplicates (confirmed via the following assessment) became minimal. We assessed
these potentially duplicated measurements, and any citation information provided
by the sources we acquired them from, for evidence they may have originated from
a common study. A measurement was then flagged for removal if its source was a
compiled dataset that possibly contained processed or rounded versions of measure-
ments also contained within another study included in Peat-DBase. For example,
Sun et al. (2023) and Treat et al. (2017) both use data from Zhao et al. (2014) and
convert the original coordinates from arc minutes to decimal degrees. Treat et al.
(2017) often retained less significant figures for the coordinates, so their instances of
the duplicated measurements were flagged for removal in Peat-DBase. However, the
citation practices of some datasets did not always allow for robust conclusions. If
the source dataset was confirmed to result directly from a field study, the measure-
ment was retained. In general, significant caution was used for data removal such
that measurements that did not have a clear possibility of being rounded versions of
each other were kept. In all cases, one instance of a possible duplicate set was kept.
Duplicate flags and a flag to indicate whether a measurement had been previously
assessed for duplication were tracked in data fields present for each measurement in
the original database (see Table 2.2).

To provide a point of reference for the shape of the non-zero cm depth distribu-
tion in version 1.0 of Peat-DBase, a basic assessment of some probability distribu-
tion functions available through the Python SciPy package (Virtanen et al., 2020)
was performed (i.e. Lognormal, Poisson, Weibull Minimum, Gamma, Beta Prime,
Inverse Gaussian, and Pareto). The Weibull Minimum distribution produced the
lowest RMSE when compared to the other probability distribution functions tested
(Virtanen et al., 2020).
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2.2 Non-Peat Study Data

Non-peat study data was added to Peat-DBase to provide a representation of non-
peat regions. Given that non-peat areas were not the primary concern of Peat-DBase,
detailed soil profiling was not the priority. Rather, the goals in acquiring non-peat
data were broad land coverage and mineral soil presence. Measurements in these

areas would be assigned a peat depth of zero cm.

2.2.1 Data Acquisition

The World Soil Information Service (WoSIS) maintains a harmonised and quality-
controlled database of global soil profiles for digital soil mapping purposes. Existing
soil data is submitted by owners for consideration in WoSIS, at which point it is
stored, assessed, and standardised through the WoSIS workflow. Iterations of the fully
quality assessed and standardised database are released periodically as snapshots.
The September-2019 snapshot was acquired for use in Peat-DBase. This snapshot
is documented in Batjes et al. (2020) and the data is available through Batjes et al.
(2019).

2.2.2 Data Formatting

The non-peat study data was processed to the same format as the peat study data.
The WoSIS database is stored across several tab-separated values (TSV) files. Only
the wosis_ 201909 profiles.tsv and wosis_ 201909 layers chemical.tsv files were re-
quired for the next processing steps, thus these were converted to a CSV file format.
These files contain the soil profile coordinates in WGS84 format and the chemical
properties of the soil profiles respectively (Batjes et al., 2020). This information was
used to determine which cores represented mineral soil cores and therefore non-peat

cores.

2.2.3 Data Processing

The acquired soil profile data was filtered to only include mineral soil profiles. This
study broadly follows the definition of a peatland suggested by Lourenco et al. (2022)
which is an area with a minimum of 5% organic C content to a minimum depth of

10 cm. Here we treat soil with less than 5% organic C content as mineral soil for
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the purpose of establishing peat-free locations (see Table 1.1). The WoSIS dataset
often contains organic C content measurements in g/kg for multiple layers within a
soil profile, although not all soil profiles have organic C content data associated with
them (Batjes and Van Oostrum, 2023; Batjes et al., 2020). Thus, the first processing
step was to drop all soil profiles with no organic C content measurements since their
qualification as mineral soil based on our 5% organic C content boundary could not
be quickly determined otherwise. Next, all organic C content measurements were
converted from gC/kg of soil mass to a percent of mass. Any profiles that had a layer
with an organic C content greater than or equal to 5% were then dropped from the
dataset. The coordinates of all remaining soil profiles were collected as a new dataset
and these locations were assigned a peat depth of zero cm.

The data derived from WoSIS was not subject to any duplicate assessment within
this study. A duplicate assessment was not necessary within the dataset itself, as
an assessment and exclusion process was applied prior to the release of the WoSIS
snapshot (Batjes et al., 2020). A duplicate assessment was not conducted between
the derived mineral soil cores and the peat study database as it was assumed that it
would be unlikely for significant duplication to occur between the mineral soil profiles

and the peat study data.

2.3 Results and Discussion

2.3.1 General Data Totals

After harmonisation and quality control measures have been applied Peat-DBase ver-
sion 1.0 contains 35132 measurements from 24 peat study sources (Table 2.1) and
129 747 measurements when including the non-peat study data from WoSIS (Figure
2.1). The peat study data spans 54.933°S to 82.217°N. This latitudinal range remains
the same when considering non-peat study data as well. Figure 2.1a shows that a
significant amount of peat study data is located in the northern extratropics and that
most peat depth measurements appear to exceed 30 cm of depth. A minimum peat
depth of 30 cm is a common threshold for an environment to be called a peatland
(Loisel et al., 2017). Within the data from peat studies, 3286 measurements (9.4%)
have a peat depth of zero cm, often from sampling schemes that measured across
transects to test for peatland presence, e.g. Crezee et al. (2022) and Keys and Hen-

derson (1987). The number of zero cm depth measurements increases to 97 901 when
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including the filtered data from WoSIS (Figure 2.1b). However, Figure 2.1b also in-
dicates that there is a limited amount of soil profile data available in desert regions
such as the Sahara Desert, as well as for specific countries such as Paraguay. These
data gaps are present in the WoSIS database prior to any filtering applied within the
data processing steps of Chapter 2.2.3 and are discussed in more detail in Batjes et al.
(2020).

2.3.2 Spatial and Depth Distribution of Data

Most major peatland areas are represented in Peat-DBase. The distribution of peat
depth measurements within Peat-DBase (Figure 2.1a) can broadly be compared to
the peatland fractional coverage presented in PEATMAP (Xu et al., 2018) and pre-
dicted in Peat-ML (Melton et al., 2022) (Figure 1.1). PEATMAP is a map of peatland
fractional coverage developed by combining the most recent and detailed maps avail-
able prior to 2018 for any given area (Figure 1.1). Peat-ML is a peatland fractional
coverage map predicted using ML. Peatland fractional coverage maps of various re-
gions and datasets of a variety of environmental variables were used to train a ML
model, which then produced a global peatland map (Melton et al., 2022). Generally,
Peat-DBase has measurements present in most of the peatland complexes shown in
PEATMAP and Peat-ML, such as those across North America, Eurasia, South Amer-
ica, the Congo, and the Malay Archipelago (Figure 2.1a and Figure 1.1). However,
Peat-DBase is absent or has a limited number of depth measurements in the Amazon
Basin, Indonesia, and Papua New Guinea, where PEATMAP indicates more exten-
sive peatland fractional coverage (Xu et al., 2018). Similarly, Peat-ML also indicates
greater coverage in these regions, as well as in Eastern Russia (Figure 1.1). A pale-
oecological view of peatlands also suggests a greater presence of peatlands in Eastern
Russia (see Figure 1 of Yu et al. (2010)), however we are not currently aware of any
additional readily available peat depth datasets for the region.

Peat-DBase represents much of our current knowledge on peat depth, however
the database also contains implicit biases as a result of the constraints within field
research. For example, Figures 2.1, and 2.2 show that the low latitudes have less
data overall. Tropical peatlands have historically undergone less mapping in general
(Zinck, 2011; Ruwaimana et al., 2020). While the lack of peat data for the tropics
contributes to the data distribution within Peat-DBase, efforts are being made to

improve our knowledge of the region (e.g Winton et al., (in prep)) and upcoming
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Data points with peat depth values in cm
a) Measurements from peat studies only (35132 data points)
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Figure 2.1: Geographical distributions of the data points in Peat-DBase version 1.0,
in cm of peat depth. (a) The data points originating from peat studies. (b) All data
points, including those filtered from WoSIS. The colour bar is presented in a log scale
with a colour break at 30 cm to represent a commonly used threshold when classifying
an area as peatland (see Table 1.1) (Loisel et al., 2017).
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studies can be added to Peat-DBase over time.

The distribution of peat measurements in Peat-DBase reflect the prominence of
peatlands in boreal, temperate, and tropical regions (Xu et al., 2018; Melton et al.,
2022; Joosten and Clarke, 2002; Koster and Favier, 2005). The latitudinal and depth
distribution of data points shown in Figure 2.2 indicates peat measurements are
primarily concentrated in the high latitudes, particularly between 40°N and 50°N,
and near the equator. Some other isolated peatland regions can also be observed,
such as the grouping around 35°N that corresponds with peatland complexes sampled
in Florida and the Tibetan Plateau (Figure 2.1a). The deepest peat measurement of
3527 cm is located in the Tibetan Plateau (Sun et al., 2023). The present day deepest
peat measurements often appear in regions that would not have been glaciated during
the Last Glacial Maximum or would have been among the first areas to become ice free
as the ice sheets retreated and thus have had longer to accumulate, with topography
such as flat floodplains or narrow basins formed from riverbeds also playing a role
(Figure 2.1, 2.2, and see Figure 1 in Treat et al. (2019)) (Treat et al., 2019; Ruwaimana
et al., 2020; Gowan et al., 2021). However, there is not always a strong or simple
linear correlation between peat depth and age, as peatlands can experience periods of
enhanced growth, diminished growth, or loss due to changing climatic or hydrologic
conditions (Ruwaimana et al., 2020; Blaauw and Christen, 2005; van Bellen et al.,
2011).

The depth distribution of the non-zero cm measurements in Peat-DBase can be
approximated by a Weibull Minimum distribution (red line in Figure 2.3 and see
Chapter 2.1.3). Figure 2.3 shows the database is heavily weighted towards zero cm
depths, with non-zero cm measurements making up 24.5% of the total database.
Given that peatlands cover roughly 3% of Earth’s land area, the strong non-peat
presence is expected from a global land cover perspective (Xu et al., 2018; Melton
et al., 2022). Since WoSIS contributes a large number of data points, it can be useful
to observe some qualities of the database when it is excluded. Without the data from
WoSIS, non-zero ecm depths make up 90.6% of the measurements within the database
and the mean peat depth is 231.3 cm.

Most peat field studies are not conducted with spatial scaling in mind, so their
distribution is not identical and independent as a result. Instead, the measurements
are usually highly clustered around places of interest for research (Hugelius et al.,
2020; Meyer and Pebesma, 2022). This clustering means it is challenging to draw

direct relationships between the ratio of peat to non-peat data within Peat-DBase
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Distribution of peat study measurements within Peat-DBase by depth and latitude
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Figure 2.2: (a) Distribution of measurements from peat studies within Peat-DBase by
depth in em (b) Distribution of measurements from peat studies within Peat-DBase
by depth in cm and latitude in decimal degrees. (c) Distribution of measurements
from peat studies within Peat-DBase by latitude in decimal degrees. WoSIS data is
not included within these plots.
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Figure 2.3: Peat depth distribution within Peat-DBase version 1.0 in cm grouped
on a log scale of depth, 94615 measurements come from WoSIS (see Chapter 2.2).
The red line indicates the Weibull Minimum distribution of the non-zero cm depth

measurements within Peat-DBase (Virtanen et al., 2020).
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and that of peat land coverage. Figure 2.3 also indicates there is significantly less data
within Peat-DBase for the deeper peats. This distribution may be reflective of true
peat development patterns, but it is also potentially impacted by sampling bias. The
deeper the peat, the more difficult it becomes to acquire and transport the equipment
necessary for coring to basal depth. Typical coring equipment can generally handle
depths ranging from tens to hundreds of centimetres before adding extensions, depths
exceeding 1000 cm begin to require more complex strategies and equipment (Bansal
et al., 2023; Shotyk and Noernberg, 2020). Additionally, given that we prioritised the
acquisition of large peat depth datasets, smaller datasets or studies using single cores
which reached substantial depths may have been missed. The presumed deepest or
center-most areas of peatlands are frequently prioritised for coring for the purpose of
conducting paleo-reconstructions, estimating peat accumulation rates, or calculating
C stocks of a peatland as some examples. In such cases, a limited number of cores
may be collected (Hugelius et al., 2013; Hribljan et al., 2016; Loisel et al., 2017),
which could also influence the distribution of depths within the database.

The collection of a small number of cores to represent an entire peatland area
can influence the depth distribution accuracy of Peat-DBase. When a peatland has
developed over a flat mineral basin and has relatively smooth surface formations, a
limited number of measurements may be sufficient to capture the full range of peat
depths present. If the peatland formed by infilling a more complex topographic region
or if it has greater variation in its surface gradient, a minimal number of cores risks
being less representative of peat depth (Hugelius et al., 2020; Loisel et al., 2017). For
example, van Bellen et al. (2011) demonstrate the variability that can occur in the
geometry of a single peatland using probing, coring, and ground penetrating radar.
Their study indicated peat surface altitude variations of two to eight metres within
peatlands, and that the deepest peats do not always occur at the geographic centre of
a peatland due to the underlying basin topography. National inventories and datasets
produced for peatland mapping initiatives often utilise transects or other sampling
strategies intended to capture a range of peat formations (Hugelius et al., 2020; Crezee
et al., 2022; Silvestri et al., 2019b). These broader sampling schemes help to balance
peat depth representation within Peat-DBase.
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2.3.3 Database Limitations and Future Work

There are uncertainties within Peat-DBase that should be understood prior to use of
the database, as well as areas of potential improvement for the future. For example,
Peat-DBase does not represent a precise record of current peatland persistence, as
no restrictions were placed on the current state of peatlands in order for their depths
to be included. Thus, human land use and climate change may have since disturbed
or removed peatlands from which measurements were taken previously (Joosten and
Clarke, 2002; Koster and Favier, 2005; Ratnayake, 2020; Silvestri et al., 2019b).

Given the varying definitions of peat that appear across the literature, collecting
measurements from a range of unique sources introduces uncertainties into Peat-
DBase (Lourenco et al., 2022; Gumbricht et al., 2017; Page et al., 2011; Zinck, 2011;
Xu et al., 2018). For example, Silvestri et al. (2019b) require that peat consists of at
least 30% organic matter, meanwhile, Cole et al. (2015) and Crezee et al. (2022) re-
quire an organic matter content of at least 65%. At this time, these unique definitions
are not formally tracked within Peat-DBase.

The accuracy of peat depth and location measurements is limited by the tech-
nology available to researchers at the time of their fieldwork. For example, several
measurements present in the database originate from surveys conducted from the
1950s to 1990s when global positioning system receivers were not invented yet, or
less accurate (Treat et al., 2017; Hugelius et al., 2020; Sun et al., 2023; Keys and
Henderson, 1987). Data storage capabilities are affected similarly, such that data
may be available, but not in a format that is easy to access and process by modern
standards (Thibault, 1992). The accuracy of peat coring and probing can also be
variable. For example, metal probes may meet resistance prior to the base of the
peat layer by coming into contact with buried wood fragments (Parry et al., 2014).
Peat can also become compressed when cored, which would influence the resulting
depth measurement (Shotyk and Noernberg, 2020).

The WoSIS database faces similar uncertainties in sampling methodologies to
the peat study portion of Peat-DBase. Batjes et al. (2020) discuss the variation in
accuracy of the geographic coordinates and lab measurements within WoSIS, as well
as the corresponding measures of accuracy that they include within the dataset. Since
Peat-DBase did not focus on precision in mineral soil presence, we did not account
for the stated uncertainties in WoSIS when deriving non-peat locations.

The duplicate assessment described in Chapter 2.1.3 may introduce human error
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into Peat-DBase. For example, the assessment is biased based on what we determine
to be reasonable evidence of rounding. Additionally, we did not assess rounding to
all possible decimal places, thus there could be more or less extreme instances of
rounding that were not detected.

We acknowledge that while there are regions where data may not yet be available
(see Chapter 2.3.2), there is also data that has not been included in this database. For
example, we are aware of additional peat depth data available in the Amazon Basin,
such as for the area surrounding the Madre de Dios River (Householder et al., 2012).
Some relevant peat sources are also available for areas in Indonesia (Anda et al.,
2021). In these cases, the data was not included as it was not available in a readily
accessible point-based format. Also, publications with a single or small number of
measurements may not have been included as we generally prioritised the collection of
datasets with several measurements. Data from publications not previously included
in Peat-DBase can be added in the future.

2.4 Conclusion

Taken together, Peat-DBase version 1.0 provides a strong and representative basis
of peat depth data at the global scale across the literature. With over thirty-five
thousand peat depth measurements from peat studies, it is the largest globally span-
ning database available to our knowledge and increases in size when considering the
non-peat study data. The distribution of peat depth measurements corresponds with
maps of peatland coverage to a large extent, and there are avenues of improvement
for depth data coverage in areas with less correspondence. While the distribution of
peat depth across Peat-DBase is likely affected by sampling bias, it raises awareness of

this issue and presents opportunities for future research by demonstrating knowledge

gaps.

2.5 Data Availability

Peat-DBase version 1.0 is stored in a CSV file located here https://doi.org/10.
5281/zenodo . 15530645. This dataset does not contain the WoSIS data and excludes

any peat study data that has publication restrictions on it at the time of this writing.


https://doi.org/10.5281/zenodo.15530645
https://doi.org/10.5281/zenodo.15530645
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Chapter 3

PeatDepth-ML: Using Machine
Learning to Predict a Global Map
of Peat Depth

Peatlands play a critical role in the C cycle, hydrological systems, and biodiversity
in many parts of the world. As a type of wetland, these ecosystems are waterlogged
landscapes with soil containing high amounts of organic material due to low oxygen
levels and therefore limited decomposition (Rydin and Jeglum, 2013a; Joosten and
Clarke, 2002). Peatlands hold about a third of global soil C stocks while only covering
roughly 3% of all land area (Turunen et al., 2002; Ruppel et al., 2013; Melton et al.,
2022; Joosten and Clarke, 2002). They are important environments for water storage,
as they hold approximately 10% of global surface freshwater, and host a wide variety
of plant and animal species (Joosten and Clarke, 2002; Rydin and Jeglum, 2013c;
Ribeiro et al., 2021). Historically peatlands were C sinks, however they are now
under threat of becoming C sources due to anthropogenic pressures such as land use
change, deforestation, and drainage (Rydin and Jeglum, 2013c; Joosten and Clarke,
2002; Fluet-Chouinard et al., 2023). Climate change may also impact peatlands,
particularly those found in boreal regions where warming and a reduction in soil
moisture can lead to increased peat drying (Canadell et al., 2021; Minasny et al.,
2019).

Efforts to estimate peatland C stocks and model peatland processes in land surface
models have been hindered by a lack of peatland data. Peat depth, surface area, bulk

density, and organic C content values can be used to approximate peatland C stocks
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(Minasny et al., 2019). Land surface models simulate fluxes of C, energy, and water.
When integrated into an earth system model, these fluxes form the bottom boundary
conditions for the atmosphere model. The addition of peatland dynamics to land
surface models, and earth system models by extension, facilitates the investigation of
peatland influence on climate and vice versa (Chadburn et al., 2022; Bechtold et al.,
2019; Wu et al., 2016). In these models, the land surface is represented as a grid, thus
information on peatland fractional coverage and peat depth is required in the same
grid format (Wu et al., 2016; Melton et al., 2022). Traditional peatland mapping
methods include air photo interpretation and field surveys (Minasny et al., 2019).
However, field surveys can be expensive and labour intensive to undertake given the
frequently remote and waterlogged nature of peatland environments (Rudiyanto et al.,
2016; Minasny et al., 2019). Because of these limitations, existing observational peat
data is often of insufficient accuracy and coverage (see Chapter 2) for application in
regional or global C stock estimations and land surface modeling (Minasny et al.,
2019; Melton et al., 2022). This is especially the case for peat depth, which cannot
be approximated using classical optical remote sensing techniques (Krankina et al.,
2008). Instead, peat depth is most commonly measured through probing, coring, and
proximal remote sensing methods such as ground penetrating radar (Minasny et al.,
2019).

Digital soil mapping techniques, including ML, can be used to estimate peat data
at larger scales. Digital soil mapping methods for peatlands generally involve provid-
ing observational peat data and data on other environmental variables to some form
of statistical model which can then be used to make predictions over an entire area
(Minasny et al., 2019; McBratney et al., 2003; Rudiyanto et al., 2016). Environmental
variables used in such cases can be referred to as predictors and would likely have
been collected by proximal and remote sensing methods themselves. For making pre-
dictions of a peat property, predictors should be chosen based on the environmental
signals of peat presence, drivers of peatland development, and the sensors capable of
measuring such qualities (Minasny et al., 2019; Melton et al., 2022). The statistical
model used for digital soil mapping can be simple, such as linear regression, or more
complex, such as ML algorithms (Minasny et al., 2019; Rudiyanto et al., 2016; Melton
et al., 2022).

ML has been applied to mapping peatland fractional coverage at a global scale
and resolution suitable for use in land surface models. Melton et al. (2022) created

Peat-ML, a spatially continuous global map of peatland extent on a five arcminute
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grid (or about 0.0833°, which corresponds to 4.63 km at 60°N and 9.26 km at the
Equator), using a gradient boosting decision tree algorithm called Light GBM (Ke
et al., 2017). The algorithm was trained on existing regional maps of peatland extent
and predictors of peat presence. When compared to peatland fractional coverage
data that was iteratively withheld from training the model, the cross-validated Peat-
ML output had a RMSE of 9.11% and a MBE of -0.29%, which demonstrates the
model was able to reproduce the peatland test data reasonably well. Peat-ML was
also compared to other peatland maps over the Boreal Plains region of Canada, for
which an extensive amount of observational data is available through Ducks Unlimited
Canada (Smith et al., 2007). Tarnocai et al. (2011), a traditionally mapped product
developed through assessment of aerial photography and soil surveys, only slightly
outperformed the cross-validated Peat-ML map in this comparison.

Efforts have been made to use ML to map peat depth as well, however further
research can be done towards creating a robust global prediction. Hugelius et al.
(2020) used a random forest (RF) ML algorithm to predict peat depths north of
23°N. Widyastuti et al. (2024) (currently in preprint) also used an RF approach to
produce a global map of peat depth, C content, and bulk density called PEATGRIDS.
To our knowledge, PEATGRIDS is the only global map of its kind, but its uncertainty
assessment is limited. Here we adapt the Peat-ML modelling workflow, henceforth
referred to as the Peat-ML Framework, to predict peat depth rather than fractional
coverage and provide an extensive quality and uncertainty assessment of our peat
depth results. This new modelling approach is referred to as PD-ML going forward.
Chapter 3.1 contains the definition of peatlands we used as well as an explanation
of our input datasets and modelling scheme. In Chapter 3.2 we discuss the output
of PD-ML, our detailed model assessment, some preliminary C stock estimates made
using our peat depth results, and the limitations of our chosen methods. Chapter
3.3 provides our final conclusions and Chapter 3.4 details the data availability of this

work.

3.1 Materials and Methods

3.1.1 Definition of Peatlands

There are no internationally accepted definitions for peat and peatlands, however

there are some broad explanations that encompass most of the varying criteria that
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exist. We follow Joosten and Clarke (2002) and Lourenco et al. (2022) in defining
peatlands as ecosystems that have accumulated a layer of peat at the surface, wherein
vegetation may or may not be present (see Table 1.1). Peat is a type of soil composed
largely of partially decomposed organic material (Lourenco et al., 2022). Lourenco
et al. (2022) conservatively proposes that peat soil must have a minimum of 5%
organic C content to a minimum depth of 10 cm. The database used for training
PD-ML, Peat-DBase (Chapter 2), observed this 5% organic C content limit when
establishing non-peat measurements, but did not place any restrictions on peat depth
(see Table 1.1 and Chapter 2). This open-ended approach allows for the inclusion of
a significant amount of peat depth data from a variety of peatland ecosystems. The
variety is beneficial for ML as these algorithms are only capable of making sensible
predictions in regions that exhibit similar behaviour to those represented in the data
provided to them for training (Meyer and Pebesma, 2021). We did not enforce any
specific thresholds on the PD-ML model itself such that it can predict a full range of
peat depths from zero cm and deeper. However, when presenting figures of PD-ML
output, we often plotted the data with different colours for depths deeper than 30
cm, as 30 cm is a common depth delineation in other peat datasets (see Table 1.1)
(Loisel et al., 2017). See Lourenco et al. (2022) and Loisel et al. (2017) for further

discussion on the variation and implications of different peat definitions.

3.1.2 Gathering and Preparing Data

While PD-ML follows a similar workflow of data input and model training to Peat-ML,
there are notable differences (Figure 3.1). PD-ML operates on the same file format
and five arcminute grid as Peat-ML, thus the training data and new predictors added
for PD-ML were converted to netCDF files on the same grid (Melton et al., 2022).
Most new predictors were first acquired as GeoTiff raster files and were adapted to
the desired format using similar tools to Peat-ML (e.g. geospatial data abstraction
software library (Rouault et al., 2023), Climate Data Operators (Schulzweida, 2022),
NetCDF Operators (Zender, 2008)). Peat-DBase (Chapter 2), the database that
formed the basis of the PD-ML training data, was originally in a point-based format
within a CSV file and therefore required different processing methods. Additionally,
a bootstrapping approach (see Chapter 3.1.2.1) was used to create several different
training datasets for PD-ML (Johnson, 2001; Russell and Norvig, 2020; Hesterberg,
2011). These data processing steps are described in Chapters 3.1.2.1 and 3.1.2.2.
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Figure 3.1: Flow chart of the PD-ML modelling process, adapted from the Peat-ML
Framework (Melton et al., 2022). The steps and acronyms are explained in more
detail in Chapters 1.1.2 and 3.1.
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3.1.2.1 Training Data and Bootstrapping

Since the purpose of PD-ML is to predict peatland depths globally, extensive and
spatially disparate peat depth data are required for training and testing the model.
While ML models are capable of fitting complicated relationships, in a geospatial
context their predictions are only reasonable for areas which are similar to those
covered by their training data. Thus, when making predictions over new geographic
areas that are dissimilar to their training data, the ML models will extrapolate leading
to results which may be less trustworthy (Meyer and Pebesma, 2021). Thus, data
from a variety of peatland and non-peatland regions is needed for PD-ML to produce
reasonable spatially continuous results.

We used Peat-DBase version 1.0 (see Chapter 2) as the foundation of our training
and testing data. It is the largest database of peat core and probe measurements
with global coverage that we are aware of. Additionally, Peat-DBase includes a large
number of non-peat soil cores as well. Nonetheless, there are aspects of Peat-DBase
that must be kept in mind when modelling with it. Specifically, there are less peat
depth data available for the tropics, non-peat data is missing over desert regions,
and sampling biases may impact the distribution of depth within the database (see
Chapter 2.3.2). Other notable data gaps include northern and central Eurasia, much
of southeastern South America, and New Zealand.

The Peat-DBase point-based data was gridded to match the format expected by
the model (Chapter 3.1.2). The measurements within Peat-DBase are represented as
single numerical depth values in centimetres at locations given by latitude-longitude
coordinates (World Geodetic System 1984 coordinate system). We first filter the
database to remove any potential duplicate or erroneous measurements using the
flags provided within the dataset (see Chapter 2.1.2 to 2.1.3). The resulting data was
converted to the five arcminute grid by calculating the mean of the measurements
that occurred in each grid cell. For grid cells that contained measurements with a
depth of zero cm and measurements with a depth greater than zero cm, measurements
with a depth of zero cm were removed prior to calculating the mean for the grid cell.
This was done to ensure that the resulting grid-based dataset represented the mean
depth of peatlands within each grid cell, rather than the mean depth of peat across
all environments in the grid cell. Figure 3.2 shows the final gridded version of Peat-
DBase.

As PD-ML requires a single value per grid cell, we take the mean of peat depth
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Gridded Peat Depth Data Formed From Peat-DBase (52200 grid cells)
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Figure 3.2: Geographical distribution of the gridded Peat-DBase version 1.0. Any
area without a coloured grid cell does not contain any data. The removal of zero
cm depth measurements from grid cells with non-zero cm depth measurements as
described in Chapter 3.1.2.1 means the gridded data represents the mean peat depth
of the peatlands within a grid cell, rather than the mean peat depth of the entire
grid cell area. Note that the coloured grid cells have been increased in size for easier
viewing. The colour bar is presented in a log scale with a colour break at 30 cm to

represent a commonly used threshold when classifying an area as peatland (see Table
1.1) (Loisel et al., 2017).
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measurements within a grid cell. Figure 3.3 shows that this shifts the values we
provide to the model for training compared to what is seen in a database of individual
depth measurements. A distinct change from Figure 3.3a to 3.3b is the loss of some
shallow peat depth values. By taking the mean of the depth measurements within a
grid cell, the shallowest and the deepest depth values are replaced by moderate mean
values. However, this distribution will shift across the different training datasets
produced under our bootstrapping scheme (Figure 3.3¢) which is discussed later in
this section. Regardless of the bootstrapping, grid cells with depths of zero cm remain
the most numerous values overall. This zero-inflation within the dataset is notable
from a modelling perspective, as these values make up the majority of the information
the model will draw upon.

Meyer and Pebesma (2021) propose a method for assessing where a model is
making reasonable predictions informed by relationships learned from the training
data, rather than extrapolating. They refer to these learned regions as the area of
applicability (AOA). Their approach uses a ‘dissimilarity index” which measures the
distance to the nearest training data point within a multidimensional space built from
the predictors used by the model. For the most accurate representation of the model
AOA, the distance is found to the nearest training data point that is not within
the same cross-validation block (see Chapter 1.1.2, 3.1, and Melton et al. (2022) for
information on cross-validation). A dissimilarity index threshold is determined by
finding the maximum dissimilarity index between training grid cells. Any grid cells
with a dissimilarity index exceeding this threshold are considered outside of the AOA
and therefore considered beyond the model’s knowledge, potentially leading to model
extrapolation.

Early tests with PD-ML and AOA demonstrated the importance of including data
in the desert regions as the model was otherwise poorly constrained there. Thus, data
was added to account for desert and xeric shrubland biomes that would likely have
little to no peat presence. The shape files of these ecoregions are from Olson et al.
(2001), the same product used in the Peat-ML training dataset (Melton et al., 2022).
All grid cells within these biomes are set to a peat depth of zero cm. A random
selection of five percent coverage of the biome was found to give a reasonable AOA
and not significantly impact model performance outside of these regions.

The final version of gridded observed peat depth data used for training and testing
is shown in Figure 3.4 (and the depth distribution in Figure 3.3b). It should be noted

that the inclusion of data for the desert and xeric shrubland areas increases the zero-
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Figure 3.3: Histograms showing peat depth distributions across different iterations of
the training datasets. (a) The peat depth distribution of Peat-DBase (see Figure 2.3

in Chapter 2). (b) The peat depth distribution of Peat-DBase when gridded, with

the addition of desert data (see Chapter 3.1.2.1). (c) The peat depth distribution of
the training and testing datasets made from bootstrapping Peat-DBase (see Chapter
3.1.2.1). (d) The peat depth distribution of the PD-ML bootstrap model run outputs

(see Chapter 3.2), where the dark blue lines indicate only the output values for grid

cells that contained training and testing data. Panels ¢ and d present the mean dis-
tribution as a solid dark line and the minimum to maximum range of the distribution
in a lighter band. Note that the axes of all panels are presented in log scales, which
can inflate the prominence of smaller values.
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0 6 30 60 121 244 491 988 1988 4000
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Figure 3.4: The gridded PD-ML training dataset, with desert data processed and
combined. Any area without a coloured grid cell does not contain any data. The
removal of zero cm depth measurements from grid cells with non-zero cm depth
measurements as described in Chapter 3.1.2.1 means the training and testing data
represents the mean peat depth of the peatlands within a grid cell, rather than the
mean peat depth of the entire grid cell area. Note that the coloured grid cells have
been increased in size for easier viewing. The colour bar is presented in a log scale with
a colour break at 30 cm to represent a commonly used threshold when classifying an
area as peatland (see Table 1.1) (Loisel et al., 2017). The letters indicate the blocks
established for use in cross-validation (see Chapter 1.1.2, 3.1.3, and Melton et al.
(2022)).

inflation of the overall dataset. Data in a total of 15008 new grid cells were added,
which amounts to 22.3% of the dataset. This seems reasonable, however, as a recent
classification of biomes suggests deserts and semi-deserts make up approximately 20%
of global land area (Loidi et al., 2023). Grid cells with a non-zero cm depth now make
up 8.7% of all grid cells within the training dataset.

Cores collected in a peatland may not accurately capture the depth of the entire
peatland, particularly when there is significant variation in the peat surface and
underlying basin topography. Taking the mean of core depths and assigning the
resulting value to represent the mean peat depth of an entire grid cell perpetuates

such uncertainties, especially for grid cells that contain only one core. Additionally it
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is possible to have multiple separate peatland complexes within the area of one grid
cell, while only having cores from one of the peatlands. To test how such uncertainties
in the data would affect PD-ML, we simulate sample variability within a grid cell
through a bootstrapping approach. Our use of bootstrapping is somewhat unique
as this technique is more commonly used to make subsamples from the entire input
dataset, rather than to vary some of the values within the dataset as we are (Galdi
and Tagliaferri, 2019; Johnson, 2001; Russell and Norvig, 2020; Hesterberg, 2011).

For each grid cell containing more than one non-zero cm peat depth measurement,
we subsampled the measurements with replacement, such that the total number of
measurements within the grid cell remained the same but the new collection was a
subset of the original data with some being duplicates (see Figure 3 in Galdi and
Tagliaferri (2019)). The depth of the peat in the grid cell was set to be the mean of
this new subsample. A total of 5829 grid cells had non-zero cm measurements within
them, with 3960 of those grid cells only containing one such measurement (Figure
3.5). Thus this bootstrapping approach varies the depth values of about 32% of the
non-zero cm grid cells. We performed 400 bootstrapping iterations, for a total of 401
training and testing datasets (when including the gridded dataset in Figure 3.4 where
no bootstrapping was applied). This collection of training and testing data is also
occasionally referred to as observed data hereafter.

While more bootstraps are generally desirable (Efron and Tibshirani, 1994; Hes-
terberg, 2011), we were limited in the number of times we could run PD-ML due to
computational cost. Additionally, over half of the grid cells being bootstrapped had
less than five measurements within them and therefore have repeating subsamples
within the 401 iterations (Figure 3.5). The latitudinal distribution of the grid cells

with the most measurements is roughly even across high and low latitudes.

3.1.2.2 Predictor Data

We used the predictors originally collected for Peat-ML, while also providing new
datasets to PD-ML (Table 3.1). The majority of the Peat-ML predictors are cate-
gorised as climate, soils, terrain, and vegetation. The environmental variables that
act as drivers or indicators of peat occurrence may be similar, but do not necessarily
have the same predictive power for peat depth. For example, particular kinds of vege-
tation which are specialised for surviving in wet, low-nutrient environments would be

strong indicators of peatland presence, but could not inherently reveal as much about
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Figure 3.5: The distribution of the number of non-zero cm depth measurements from
Peat-DBase that are within the same grid cell. There are 3960 grid cells that only

contain one such measurement.
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peat depth (Minasny et al., 2019). While peatlands are widely varied in their geom-
etry and vegetation, they all developed because organic matter deposition exceeded
decomposition rates for a significant time period, usually in waterlogged conditions
(Gorham, 1957; Moore, 1989). Thus, we sought to include hydrological predictors,
i.e. water table depth, surface water recurrence, and surface water seasonality, that
may indicate an area is consistently saturated enough to routinely enable peat ac-
cretion. We also provided paleo-environmental information, i.e. years since exposed
from ice and sea, although this was more challenging to facilitate since this modelling
framework does not support temporal datasets. It should be noted that the predic-
tor datasets have their own uncertainties associated with them which would impact
PD-ML (Meyer and Pebesma, 2022). These influences may be broadly captured by
the bootstrapping (see Chapter 3.1.2.1 and 3.2.1), but the predictor uncertainties are
not immediately separable from the training data uncertainty.

All datasets chosen for use as predictors which originally had a temporal dimen-
sion needed to be aggregated in some way. Melton et al. (2022) found that using the
seasonal means of September—November (SON), December—February (DJF), March—
May (MAM), June-August (JJA) for the climate predictors did not yield strong
differences in their results compared to using annual minimums and maximums, de-
spite these seasons potentially being suboptimal representations of tropical regions.
We elected to include both of these aggregation types as well as some additional cli-
mate predictors which may have more universal applicability (e.g. growing degree
days) or more specified applicability for the tropics (e.g. monsoon intensity) (Wang
and Ding, 2008).

We chose to exclude the organic C content and bulk density predictors from
PD-ML. These predictors are derived from products made using ML algorithms
which use similar predictors to those collected for Peat-ML (Hengl et al., 2017; Hengl
and MacMillan, 2019; Melton et al., 2022). Thus, using these products as input to
PD-ML may be circular in nature, as a model would be making predictions based on
a model output of a similar target variable.

Table 3.1 outlines the predictors provided to PD-ML and indicates which ones
were new additions for our framework. We note the original formats and calculations
for the predictors we gathered below, refer to Melton et al. (2022) for explanations of
the others.
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Table 3.1: The environmental variable datasets provided as possible predictors of
peat depth to PD-ML. The italicised variables are the new predictors collected for
PD-ML. The bold variables are the predictors that were selected by any of the
bootstrap model runs (see Chapter 3.2.1). See Table 1 in Melton et al. (2022) for

more details on predictors originally collected for Peat-ML.

Type Source and original | Predictors

resolution (time pe-

riod)
TerraClimate (Abat- | Actual  evapotranspira-
. zoglou et al., 2018) 1/24° | tion, climate water
Climate . .
(1985-2015) deficit, soil water,
potential evapotran-
spiration (Penman-—

Monteith),  precipita-
tion accumulated,
downward surface
shortwave radiation,
snow water equiva-
lent, runoff, Palmer
Drought Severity In-
dex (PDSI), minimum
temperature, maximum
temperature, vapour
pressure, vapour pres-
sure deficit, 10 m wind
speed

CHELSA-BIOCLIM+ Climate moisture indez,
(Brun et al., 2022) 1 km | growing season length,
(1981-2010) growing degree days (5°C),

growing season pre-

cipitation, growing sea-

son temperature

Continued on next page
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Type

Source and original
resolution (time pe-
riod)

Predictors

WorldClim 2 Bioclimatic
Variables (Fick and Hij-
mans, 2017) 1 km (1970~
2000)

Isothermality,  tempera-
ture  seasonality, mean
temperature  of  driest
quarter, temperature of
warmest quarter, pre-
cipitation seasonality,
precipitation  of  driest
quarter, precipitation of

warmest quarter

Calculated from TerraCli-
mate (Abatzoglou et al.,
2018) 1/24° (1985-2015)
precipitation data based
on the methodology of
Zeng and Zhang (2020)
and Wang and Ding
(2008)

Monsoon intensity,
monsoon intensity masked

by monsoon domain

Soils

Open Land Maps (Heng],
2018) 250 m (-)

clay content, sand con-
tent, soil water content,
at field capacity (33 kPa)

SMAP (ONeill et al.,
2021) 9 km (2015-2023)

Soil moisture mean,
soil moisture ratio be-
low 50% (calculated), soil
motisture ratio above
50% (calculated)

Continued on next page
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Type

Source and original
resolution (time pe-
riod)

Predictors

Terrain

Geomorpho90m  (Amat-
ulli et al., 2020) 250 m

)

Slope, aspect, east-
ness, northness,
convergence index,
compound  topographic
index (topographic wet-
ness index), stream
power index, first
and second directional
derivatives (east—west,
north—south), profile
curvature, tangential
curvature, elevation
standard deviation, geo-
morphology landform,
roughness indices,
topographic posi-
tion index, maximum

elevation deviation

Vegetation

PALSAR/PALSAR2
(Shimada et al., 2014) 25
m (2007-2010)

Horizontal transmit
and Horizontal re-
ceive and Horizontal
transmit and Vertical
receive polarisation
backscattering coeffi-

cients

MOD17A3 V055 (Run-
ning et al., 2011) 1 km
(2000-2015)

Net primary produc-

tivity

Continued on next page
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Type

Source and original
resolution (time pe-
riod)

Predictors

S-NPP VIIRS vegetation
indices (VNP13A1) (Di-
dan and Barreto, 2018)
500 m (2012-2019)

Three-band Enhanced
vegetation index
(EVI), Two-band
EVI (using only
red and NIR band),
near-infrared  radia-
tion (NIR), shortwave
infrared radiation re-
flectance  (SWIR) 1
(1230-1250 nm), SWIR2

(1580-1640 nm),
SWIR3 (2225-2275
nm), normalised
difference vegeta-

tion index (NDVI),
NIR reflectance, green
reflectance, blue

reflectance, red re-

flectance
MODIS Global Veg- | Dormancy,
etation Phenology | EVI__Amplitude,
(MCD12Q2 V6 Land | EVI__Area,
Cover Dynamics) (Friedl | EVI_Minimum,
et al, 2019) 500 m | Greenup, Maturity,
(2001-2018) MidGreendown,

MidGreenup, Peak,

Senescence

MODIS Terra+Aqua
(Wang,  2021)  0.05°
(2002-2023)

Photosynthetically

active radiation

Continued on next page
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Type Source and original | Predictors
resolution (time pe-
riod)
SMAP (ONeill et al., | Vegetation Water
2021) 9 km (2015-2023) | Content
2020 update to Fan et al. | Water table depth
Hydrology
(2018) 30 arc-seconds
(about 1 km) (2004-2014)
(Pekel et al., 2016) 30 m | Surface water recur-
rence (1984-2021),
surface water season-
ality (2021)
Geographic Calculated Length of the longest day

of the year in hours

Paleo-environment

Calculated  from  Pale-
oMIST 1.0 (Gowan et al.,

Years since exposed

from ice and sea

2021) 1/4° (past 80,000

years)

Our additional climate predictors were sourced from CHELSA-BIOCLIM~+ (Brun
et al., 2022, last access: 30 May 2023), WorldClim 2 (Fick and Hijmans, 2017, last
access: 25 July 2023), and TerraClimate (Abatzoglou et al., 2018, last access: 11
September 2023 via Google Earth Engine (GEE) (Gorelick et al., 2017)). CHELSA-
BIOCLIM+ (climatologies at high resolution for the Earth’s land surface areas — bio-
climatic variables plus) is a collection of climate-related time series at a one kilometre
resolution developed by applying statistical downscaling and a variety of calculations
to climatologies primarily from CHELSA V2.1 (Karger et al., 2017, 2021) and ERA5
(Hersbach et al., 2020). WorldClim 2 is a set of one kilometre resolution monthly
climate datasets created from weather station data that underwent interpolation in-
formed by Moderate Resolution Imaging Spectroradiometer (MODIS) satellite data.
The WorldClim 2 Bioclimatic variables are annual trends calculated from the monthly
rainfall and temperature related WorldClim 2 datasets (Fick and Hijmans, 2017). The
TerraClimate data is summarised in Melton et al. (2022), however for PD-ML we reac-
quired the original TerraClimate precipitation dataset to calculate monsoon intensity

predictors. We calculate monsoon intensity using the method described in Zeng and
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Zhang (2020) but take the absolute value to allow consistency over the equator. We
made an additional version of the monsoon intensity predictor which is masked by
the global monsoon precipitation domain, an area delineated using the definition set
out by Wang and Ding (2008).

The new soil predictors were developed from Soil Moisture Active Passive (SMAP)
(ONeill et al., 2021, last access: 20 September via GEE) data. SMAP is a nine kilo-
metre resolution daily composite soil moisture product that is calculated from inter-
polated observations collected by the SMAP L-Band radiometer. We also calculated
the ratio of daily soil moisture measurements with a value below 50% of the soil mois-
ture mean and the ratio above 50% of the mean as additional predictors. It should
be noted that SMAP measurements are not taken for areas that are covered in water
or frozen, so the northern hemisphere has significant gaps for its winter months in
the SMAP product. Given that we took the mean of all measurements to remove the
temporal dimension, these gaps do not persist in the SMAP datasets provided to the
model. However, it should be acknowledged that the resulting datasets may be less
certain in the affected regions.

We added new vegetation predictors derived from MODIS Terra+Aqua Photo-
synthetically Active Radiation (PAR) (Wang (2021), last access: 25 June 2023 via
GEE) and SMAP data. MODIS Terra+Aqua PAR is a three hourly 0.05° resolu-
tion dataset. Wang (2021) calculate PAR from surface reflectance, which was deter-
mined from multi-temporal MODIS signatures, and top-of-atmosphere radiance and
reflectance values. The original SMAP product includes a vegetation water content
variable which serves as an input to the soil moisture calculations. Vegetation wa-
ter content is calculated primarily from a MODIS Normalised Difference Vegetation
Index (NDVI) product (ONeill et al., 2021).

Our hydrology predictors were processed from the 2020 update to the work of
Fan et al. (2013), and Pekel et al. (2016) (last access: 18 July 2023 via GEE). Fan
et al. (2013) produced thirty metre resolution annual and monthly water table depth
datasets by compiling well site observations and performing gap filling with a ground-
water model forced by terrain, sea level, and modern climate. Pekel et al. (2016)
developed thirty metre resolution global surface water datasets of varying temporal
resolutions by applying evidential reasoning, expert system, and visual analytic tech-
niques to Landsat 5, 7, and 8 satellite images. Melton et al. (2022) also considered
using these global surface water products, but elected against it due to the short-

comings of Landsat products for treed and small peatlands. In this case, we have
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chosen to include them due to the importance of waterlogging in the development
of peatlands (Page and Baird, 2016; Joosten and Clarke, 2002; Rydin and Jeglum,
2013b). The predictor filtration steps of the model framework can then exclude these
predictors if they do not provide sufficient information (Chapter 1.1.2 and Melton
et al. (2022)).

When searching for paleo-environmental data that may be informative to a peat
depth model, ice and sea coverage was of particular interest. The retreating ice sheets
of the Last Glacial Maximum paced the northward expansion of what is now many
modern day peatlands in regions such as Canada and the West Siberian Lowlands.
Meanwhile tropical peatlands were more impacted by sea level change and subse-
quent alterations to regional hydrology (Treat et al., 2019). Thus, the time at which
an area was exposed from the ice and sea may act as a boundary condition that could
be informative to the model. To facilitate this, we derived our paleo-environmental
predictor from PaleoMIST 1.0 Gowan et al. (2021, last access: 29 May 2023). Paleo
margins, ice sheets, and topography (PaleoMIST 1.0) is a 0.25° resolution product
going back 80000 years in 2500 year time steps which was developed using recon-
structed sea levels and a three-layered Earth model. From the PaleoMIST 1.0 ice
thickness and paleotopography variables we find the time steps at which each grid
cell is ice and sea free. For areas that have been exposed for the entire duration of
the product, we assign a value of -82 500 to be one step older than the maximum age
and for areas still covered, we assign a value of 2500 to be one step younger than the

minimum age.

3.1.3 Adjustments to Peat-ML Framework

The ML algorithm, parameter optimisation, cross-validation method, and predictor
selection process have been established in the Peat-ML Framework, however adap-
tations were needed for this modelling approach to be applicable to peat depth (see
Chapter 1.1.2 for an explanation of the modelling workflow). The first step was to
allow the model to produce values of zero and up, rather than capping results at a
maximum of 100. Next, the geographic blocks used in the cross-validation process
must be updated for the peat depth dataset now being used as model input. Like
Melton et al. (2022), we established our minimum block sizes by finding the distance at
which spatial autocorrelation ended, as determined by calculating the Moran’s I (MI)

of our model residuals at different lag distances (see Chapter 1.1.2 for an explanation
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Figure 3.6: (a) MI as a function of increasing distance in degrees. (b) Z-score of MI as
a function of increasing distance in degrees. In both cases, calculations are performed
for the PD-ML model residuals and a generated dataset of random numbers (included
to demonstrate how a dataset with no spatial autocorrelation would behave).

of spatial autocorrelation). MI describes how similar a variable at one location is to
neighbouring locations. Positive MI values indicate that similar variable values are
clustered together while a negative MI indicates that dissimilar values are clustered
together. The closer the MI value is to zero, the less clustering, and therefore spatial
autocorrelation, is present (Getis, 2010). We also calculated the z-score of our MI
results to establish their statistical significance, with values closer to zero indicating
low significance (Getis and Ord, 1992). Figure 3.6 shows that by a distance of about
6°, the MI of the model residuals is nearing zero and the z-score is also decreasing
sharply. Both the MI and z-score decrease further for distances over 6°, however
6° was chosen as the minimum block size to help balance the lack of uniformity in
the training data distribution such that as many blocks as possible have access to a
wide distribution of peatland types (i.e. boreal and tropical). Additionally, while the
model residual z-scores do not approach the same lows as a sample dataset of random
numbers, they correspond to low model MI values and are therefore deemed not of
significant concern.

Our result of 6° is lower than the 10° determined for Peat-ML. However, when we
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tested our MI algorithm on residuals of Peat-ML calculated using a version of Peat-
ML training data provided to us by Melton et al. (2022), the output was similar to
that of our model residuals. We therefore hypothesise that the difference may be due
to variations in how the function used for Peat-ML calculates MI or due to the Peat-
ML MI calculations using earlier iterations of their data. We further corroborated
our results for PD-ML using Geary’s C and G statistics, which are also used for
assessing spatial autocorrelation (Getis, 2010; Getis and Ord, 1992; Ord and Getis,
1995). Using 6° as a minimum block size then distributing the gridded observed
data evenly across each block produces the 17 blocks shown in Figure 3.4. These
blocks are then used in the cross-validation steps to delineate which grid cells are
used for training and which ones are used for testing (see Chapter 1.1.2 for more on
cross-validation).

Early tests of PD-ML showed the zero-inflated nature of the peat depth training
data was likely impacting the model’s ability to predict deeper peats, thus we tested
a variety of methods to address this. By default, the loss or error function used by
Light GBM is mean square error (Ke et al., 2017), with RMSE being used for the cross-
validation process (Melton et al., 2022). We adapted this to a custom scoring method
wherein the model error for zero cm depth test grid cells are weighted less than the
error of non-zero cm depth grid cells in the cross-validation process. This is a strategy
seen in binary classification models when confronted with skewed datasets (Krawczyk,
2016; Russell and Norvig, 2020). We used weights of 30% for zero cm depth grid cells
and 70% for non-zeros, such that while non-zero cm depth grid cells make up only
8.7% of the observed data, the model error calculated for such locations was weighted
more heavily (we previously tested a 50-50 split and only saw a slight difference
in model behaviour compared to that of the 30-70 split). The model successfully
predicted deeper depths using the custom loss function. However, it was often less
than 20 cm different on average when analysing results within known peatland regions.
The custom metric also had a negative impact on model performance in grid cell level
comparisons, but this was expected when a large amount of the grid cells being tested
against have a depth of zero cm which we were now deliberately deprioritizing.

Additionally, we tested data preprocessing techniques that sought to reduce the
skew in the training data prior to use in the model, i.e. log transformation (Feng
et al., 2014; West, 2022), Box-Cox, and Log-sinh (Huang et al., 2023). We decided
against retaining a transformation in the PD-ML framework as they did not result in

appreciable improvements and added considerable computational cost to the modeling
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process.

To summarise our final modelling approach, we ran our model several times over
the bootstrapped training datasets and aggregated the results to produce our final
output. As discussed in the previous section, we produced 401 observed dataset ver-
sions for training and testing by using bootstrapping to vary the depths in some grid
cells. We ran PD-ML for each bootstrapped dataset such that for each bootstrap we
had the corresponding model output, cross-validation output, and the list of predic-
tors used by that model run to produce said output. We then took the mean of the
depth predicted over all the bootstrap model run outputs in each grid cell to produce
a final PD-ML product (discussed in Chapter 3.2.2).

3.2 Results and Discussion

3.2.1 Predictor Importance

Across the 401 PD-ML bootstrap model runs, 123 different predictors were selected
by one or more of the runs (see the bold predictors in Table 3.1 for all predictors that
were selected in some form). However, only 10 predictors were selected by more than
75% of the runs, indicating that many of these predictors were not consistently of
importance to the model. Figure 3.7 shows the top 15 predictors selected by averaged
importance across all runs (see Chapter 1.1.2 for an explanation of the predictor
selection steps). The predictor with the highest average importance is the average
vapour pressure deficit (VPD) over SON. VPD SON is selected for use in 87% of the
bootstrap model runs and when it is chosen, it is always among the top two most
important predictors in that particular run. The second most important predictor is
the average snow water equivalent (SWE) over DJF| it is selected in 62% of the model
runs with a more even distribution of importance relative to VPD SON (Figure 3.7).
No other predictors approach the same level of importance as seen with VPD SON
and SWE DJF, except for the overall mean VPD which, when selected, frequently
has an importance greater than 10%, but is only selected in 26% of the runs and
therefore has a lower average importance. Beyond these three predictors, most range
from having an importance of 0% to about 10%. No predictor was selected for all 401
bootstrap model runs, although the standard deviation of short wavelength infrared
(2225-2275 nm) (SWIR3) MAM was close with a presence in 99% of runs, followed
by Runoff SON and an indicator of geomorphological landforms (Geomorphon) which
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were both selected 96% of the time.

Of the top 15 predictors, 10 relate to climate, two to vegetation, two to terrain,
and one is the newly added paleo-environment predictor (see Table 3.1 for predictors
and categories). In their analysis of factors driving peat formation, Minasny et al.
(2019) list climate as being among the most important at the global scale, along
with vegetation and topography. PD-ML therefore is capturing the broad elements
of peatland processes, even in the presence of strong uncertainty due to variability
in the training data. SWE DJF, Runoff SON, and Geomorphon were among the
top 10 predictors for Peat-ML as well. PD-ML and Peat-ML chose several of the
same general predictor types (i.e. the season or aggregation type selected may vary)
like downward surface shortwave radiation, SWIR3, soil water, and wind speed (see
Figure 3 of Melton et al. (2022)). Compared to Peat-ML, PD-ML appears to favour
climate predictors as being the most important rather than terrain, thus peat depth
and distribution may rely on somewhat different environmental variables and rela-
tionships.

The bootstrapping in PD-ML has revealed the sensitivity of the model predictions
and predictor selection to the training data. PEATGRIDS (Widyastuti et al., 2024)
and Hugelius et al. (2020) chose 19 and 12 environmental variables respectively to use
as predictors in their ML peat depth modelling initiatives. Many of the assembled
variables for these products are similar to each other and to those used in PD-ML
(e.g. aggregations of temperature and precipitation data, and representations of to-
pography - see Table 1 in Widyastuti et al. (2024) and Table S2 in Hugelius et al.
(2020)). However, neither PEATGRIDS nor Hugelius et al. (2020) apply any pre-
dictor filtration steps as is done in PD-ML, which uses VIF filtration and RFE (see
Chapter 1.1.2 and Figure 3.1). Predictor filtration is a common step in ML processes
as it helps reduce the chance of the model overfitting to its training data, which would
prevent it from being able to make reasonable predictions beyond the areas it has seen
in training (Hawkins, 2004; Peng and Nagata, 2020; Russell and Norvig, 2020). Thus,
there is a risk of these other peat depth models being overfit and their presentation
of a single model instance may not be robust, given the fluctuation in predictor use
we have demonstrated in response to changes in the training data. Additionally, by
preemptively choosing a specific set of predictors for the model to use, PEATGRIDS
and Hugelius et al. (2020) may be using suboptimal predictors. In our approach, we
have allowed the model to choose from a large number of potential predictors and

therefore optimise which predictors are selected.
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Melton et al. (2022) note that it can be enticing to consider whether their mod-
elling approach for Peat-ML can provide new information on the processes of peat
development and persistence, but that it is difficult to delineate whether the cho-
sen predictors have a relationship of cause or effect with peatlands. This is also
the case for PD-ML. However, we further emphasize that it is precarious to make
assumptions about predictor-peat process relationships based on our model due to
its demonstrated sensitivity to uncertainties in the observations used for training.
Nevertheless, we can still make some broad observations about the overall PD-ML
model behaviour. Frequent to continuous waterlogging, whether due to precipitation,
groundwater, or some combination of these, is an important factor in the initiation
and persistence of peat accumulation (Page and Baird, 2016). Figure 3.7 shows that,
with the exception of downward surface shortwave radiation and wind speed, all cli-
mate predictors in the top 15 are related to water or moisture presence. PD-ML could
be selecting VPD SON in particular (and mean VPD potentially as well) as a means
of delineating where shallow or non-peatland areas are located. Given the strong
zero-inflation of our training data, the model is likely finding significant success in its
cross-validation steps when choosing predictors that are informative for such values,
even with our custom scoring metric. SWE DJF may be chosen by PD-ML to sep-
arate boreal and temperate peatlands from tropical peatlands, as was suggested for
Peat-ML (Melton et al., 2022). Peat-ML also had SWIR3 among its most important
predictors and suggested it may be assisting in differentiating between wet and dry
earth as well as identifying fens. The standard deviation of SWIR3 MAM is the most
selected predictor across the bootstraps in PD-ML. PD-ML may be using this version
of SWIR3 to assess for areas that experience too much moisture fluctuation to accu-
mulate deep peats as low moisture conditions can lead to increased respiration which
discourages peat growth. PD-ML also frequently selects Runoff SON, which could act
as a form of rainfall indicator for coastal and tropical peatlands (Ratnayake, 2020;
Page and Baird, 2016). Geomorphon is another common predictor between Peat-ML
and PD-ML. In Peat-ML it is suggested that it provides information on the topo-
graphical characteristics that are conducive to peat development (Melton et al., 2022).
In PD-ML, it may assist in indicating depth as well as location, however the growth

of peat could alter the geomorphological aspects of an area, as noted for Peat-ML.
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3.2.2 Predicted Peat Depths and Trustworthiness

The global peat depth averaged across all PD-ML bootstrap runs is shown in Figure
3.8, this output is referred to as the PD-ML Mean Product (modelled mean) moving
forward. The modelled mean indicates peat depths exceeding 30 cm in most of the
major peatland regions predicted in Peat-ML (Figure 1.1) including parts of Canada,
the Congo Basin, parts of Scandinavia and the Northern European Plain, the West
Siberian Lowlands, and areas in the Malay Archipelago. Of course, PD-ML and Peat-
ML are providing datasets of different variables, therefore any comparison between
them is indirect at best. There are some differences between the modelled mean and
Peat-ML, with one of the most significant being the modelled mean’s widespread peat
accumulation across the boreal and temperate regions of the Northern Hemisphere
where Peat-ML indicates less coverage. We also see that the modelled mean has
predicted non-zero cm peat presence across far more of the Malay Archipelago and
New Zealand relative to Peat-ML. Both Peat-ML and the modelled mean indicate peat
presence in the Amazon basin and the southern tip of South America, however the
shape of these complexes differ between the two maps. The modelled mean tends to
position more peat along the Andes in particular. The modelled mean indicates peat
depths approaching 30 cm in some coastal areas surrounding the Gulf of Mexico while
Peat-ML indicates greater coverage there; with this still being an indirect comparison
of different peatland variables. The Tibetan Plateau also experiences different peat
representations between the two products with the modelled mean predicting deep
peat more in the east and along the Himalayas. The modelled mean predicts deeper
peat over the Caucasus mountains whereas Peat-ML indicates only a small amount
of peat coverage to the south of this region.

Some data gaps are present in PD-ML outputs due to some predictor datasets
missing data themselves. Figure 3.8 shows that the modelled mean is missing data
for areas in northern Canada such as Victoria Island, parts of the Barren Grounds, and
Baffin Island, as well as all of Greenland, and parts of the Novoya Zemlya archipelago
in Russia. The model is unable to make a prediction for a grid cell that does not
have all provided predictors present. Gaps that persist in the modelled mean are the
result of gaps present in the same location throughout every bootstrap run. Of the
grid cells with data in the modelled mean, only 0.5% of them were missing data in a
fraction of the bootstrap outputs.

Recall that not all areas of the modelled mean (or any single bootstrap run result)
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Figure 3.8: The PD-ML Mean Product (modelled mean) made by averaging the
results of 401 bootstrap PD-ML model runs. Any area without a coloured grid cell
does not contain any data. As the training and testing data represents the mean peat
depth of the peatlands within a grid cell rather than the mean peat depth over the
entire grid cell (see Chapter 3.1.2.1), PD-ML’s results represent the same value. The
colour bar is presented in a log scale with a colour break at 30 cm to represent a

commonly used threshold when classifying an area as peatland (see Table 1.1) (Loisel
et al., 2017).
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Area of Applicability of PD-ML as % of 401 Bootstrap Runs
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Figure 3.9: The percentage of bootstrap runs that are applicable for any given area.
Any grid cell that is applicable across all 401 bootstrap runs is white.

should be considered trustworthy based on the AOA. Figure 3.9 shows the AOA across
all bootstrap runs, with the gradient indicating the percentage of runs for which a
grid cell was deemed applicable. For locations with the aforementioned missing data
in some bootstraps, these are counted as having reduced applicability in accordance
with the amount of runs the data was missing for. Of the grid cells that experience
any amount of inapplicability, 4.2% are due to occasional data gaps in some bootstrap
outputs and the majority of these are located on the northern coasts of the Caspian
sea. We consider this AOA map to represent the areas of trustworthiness of the
modelled mean and should be carefully noted by any future users of our depth map.

Looking globally, the modelled mean is shown to be least applicable over moun-
tainous regions such as portions of the Southern Alps (New Zealand), Maoke Moun-
tains (Indonesia), Miiller Mountains (Papua New Guinea), Western Ghats (India), Hi-
malayas, Caucasus Mountains (Eastern Europe), Scandinavian Mountains (Northern
Europe), Guinea Highlands (West Africa), Coast Mountains (Canada), and southern
Andes (South America) (Figure 3.9). While we do have some training data in or near

mountainous regions, they contain a limited amount of training data, especially in
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Indonesia (Figure 3.4). Our lack of observational data for these regions likely con-
tributes to their higher inapplicability. There are regions in the Siberian Plateau,
East Siberian Mountains, and in areas stretching south from the Chukchi Peninsula
to the Kamchatka Peninsula with an applicability of 80-90%. Once again, these re-
gions have limited training data available. Additionally, the AOA is based on the
predictors used by the model for a given run. Therefore, the AOA is influenced by
the uncertainty in the training data, as represented by the bootstrapping, and further
supports the notion that relying on a single instance of model output is potentially
risky:.

Figure 3.10 now compares PD-ML to PEATGRIDS (Widyastuti et al., 2024) and
Hugelius et al. (2020). However, these comparisons cannot be exact due to their
differing resolution and spatial extent. The one km resolution depth predictions in
PEATGRIDS are limited to ‘peat dominated’ areas established within the Global
Peat Map version 2.0 (United Nations Environment Programme, 2021) with some
alterations in Indonesia based on national peat maps. Hugelius et al. (2020) predicted
peat depths north of 23°N at a 0.1° resolution. Additionally, Hugelius et al. (2020)
do not include non-peat data in their depth modelling process, as they combine their
peat depth results with a peat coverage map of their own making to mask out non-
peatlands. By establishing non-peat areas in a pre or post modelling step rather
than including those regions in the model itself, the model output and the predictor
importance determined by PEATGRIDS and Hugelius et al. (2020) should not always
be considered trustworthy beyond the bounds of their chosen peat coverage products.
In contrast, PD-ML was intended to achieve a global representation of peat depth
independent of other peatland datasets and any possible errors therein.

We can perform a visual analysis of the modelled mean and PEATGRIDS (Widyas-
tuti et al., 2024) in Figure 3.10. In general, the modelled mean has some of its deepest
peats in similar areas to which PEATGRIDS was able to predict peat depth. For ex-
ample, these patterns are visible throughout Indonesia, the West Siberian Lowlands,
Hudson Bay Lowlands, Canadian Boreal Plains region, Pastaza-Maranén Foreland
Basin, and Congo Basin. However, PEATGRIDS has deep peat covering a larger
portion of the Congo Basin than the modelled mean. Conversely, the modelled mean
indicates deeper peat than PEATGRIDS in their areas of overlap within southern
Chile and Argentina. While both the modelled mean and PEATGRIDS feature peat
in Alaska, it is some of the shallowest peat within PEATGRIDS, but among the

deeper peat for the modelled mean. The Tibetan Plateau is not within the bounds of
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Figure 3.10: (a) Average peat depth predictions of the modelled mean (five arcminute
resolution. (b) PEATGRIDS peat depth results (Widyastuti et al., 2024) (one km
resolution). (c) Hugelius et al. (2020) peat depth results (0.1° resolution). The colour
bar is presented in a log scale with a colour break at 30 cm to represent a commonly
used threshold when classifying an area as peatland (see Table 1.1) (Loisel et al.,
2017).
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prediction for PEATGRIDS, but appears as a significant peat complex for PD-ML.

Hugelius et al. (2020) can also be compared to the modelled mean and PEAT-
GRIDS in the northern latitudes. Hugelius et al. (2020) predict the most widespread
and some of the consistently deepest peat compared to the other products, although
large portions of it are filtered out by their post processing step (e.g. most of the
continental US, large portions of central Eurasia, and the Sahara). Some notable
areas of difference are parts of Alaska, the Hudson Bay Lowlands, and West Siberian
Lowlands, where Hugelius et al. (2020) predicts shallower peat than the modelled
mean and PEATGRIDS. Hugelius et al. (2020) are capable of predicting peat depths
shallower than 30 c¢m, such as in India and the Coastal Plains of the US. However,
the scarcity of non-peat regions demonstrates the inconsistent quality of this product
when isolated from their peat coverage map and corroborates the need for assessments
such as the AOA to accompany ML mapping products (Meyer and Pebesma, 2021).

PD-ML, PEATGRIDS (Widyastuti et al., 2024), and Hugelius et al. (2020) must
be harmonised to allow a statistical analysis. The datasets were prepared by reducing
the resolution of PEATGRIDS to match that of PD-ML and Hugelius et al. (2020)
respectively, then removing all data outside the bounds of these low resolution versions
of PEATGRIDS for both PD-ML and Hugelius et al. (2020). The mean peat depth
could then be found for each product over roughly the same area, with the mean
of each PD-ML bootstrap being calculated then averaged together. We are able
to provide uncertainty bounds for PD-ML via the bootstrap outputs as well. We
determined the 5th and 95th percentile of the bootstrap means then calculated a
symmetrical uncertainty by finding the difference between the 5th percentile mean
and 95th percentile mean and dividing the solution by two.

A numerical comparison between PD-ML, PEATGRIDS (Widyastuti et al., 2024),
and Hugelius et al. (2020) is shown in Table 3.2 and Figure 3.11. Table 3.2 shows
that PD-ML generally has a shallower mean than the other depth products. This is
especially the case for the tropics where the mean depth of PEATGRIDS is nearly 100
cm greater than that of PD-ML. In the northern hemisphere, Hugelius et al. (2020)
reached the deepest mean depth across all of the products, which is unsurprising given
the noticeably deeper peat seen in Figure 3.10. The difference in resolution across
the three depth maps may have some impact on the mean depths presented here.
Figure 3.11 provides more detail on the distribution of depth values across PD-ML,
Hugelius et al. (2020), and PEATGRIDS. Given the difference in how each depth

product handled non-peat regions, depths over 30 ¢cm are more directly comparable
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(30 cm is a commonly used delineation when classifying an area as peatland; Loisel
et al. (2017)). In general, Figure 3.11 shows the three depth products have the same
relative distribution of depths, with a peak occurring at roughly 250 cm. PD-ML and
Hugelius et al. (2020) are largely in agreement, except Hugelius et al. (2020) reaches
greater depths. PEATGRIDS once again achieves deeper depths than PD-ML in
the tropics. Because PEATGRIDS is at a higher resolution, it has more data points

overall within the harmonised area.

Table 3.2: Estimated mean peat depths of PD-ML, PEATGRIDS (Widyastuti et al.,
2024), and Hugelius et al. (2020). Note that PD-ML and Hugelius et al. (2020)

are masked by reduced resolution versions of PEATGRIDS to allow for more direct

comparisons.
Region Source Mean Peat Depth
(cm)

PD-ML 1824 £ 7.3

Global
PEATGRIDS 213.5
PD-ML 183.1 £ 7.3

Northern Hemisphere (>

23°N) PEATGRIDS 213.6
Hugelius et al. (2020) 238.5

_ PD-ML 133.7 & 23.5

Tropics (23.5°S-23.5°N)

PEATGRIDS 226.3

Higher training data availability may contribute to PEATGRIDS (Widyastuti
et al., 2024) reaching a significantly deeper mean depth in the tropics than PD-ML.
PEATGRIDS has more non-zero cm peat depth training data available for tropical
regions than PD-ML, particularly for Indonesia. This difference in training data sup-
ply is partially due to PEATGRIDS’ inclusion of depths that are randomly sampled
from existing peat depth maps, such as the Indonesian national map of peat depth
categories (Anda et al., 2021). The midpoint of the associated peat depth category
was used as the depth value for the sampled points. This approach has the added
uncertainty that spatially extrapolated peat depths, i.e. the national peat depth map,
were treated as discrete soil cores. The bootstrapping of PD-ML has demonstrated
that the depth value assigned to training data points in this process could potentially
have a strong impact on a model’s behaviour.

While the various approaches are not directly comparable (e.g. PEATGRIDS
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Figure 3.11: Histograms showing peat depth distributions of the PD-ML training and
testing data, PD-ML model run outputs, Hugelius et al. (2020), and PEATGRIDS
(Widyastuti et al., 2024) across different regions: (a) global, (b) northern latitudes (>
23°N), and (c) tropics (23.5°S-23.5°N). Where there are multiple datasets present for
PD-ML due to bootstrapping, the mean distribution is represented as a solid dark line
and the minimum to maximum range of the distribution in a lighter band. PD-ML,
Hugelius et al. (2020), and PEATGRIDS were harmonized as described in the main
text. Note that the axes of all panels are presented in log scales, which can inflate
the prominence of smaller values.
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trained regional models and Hugelius et al. (2020) only exists for high latitudes), the
relative shallowness of PD-ML overall in Table 3.2 could be the result of our zero-
inflated training data and a common tendency of ML algorithms to predict values
toward the mean of their training data (Zhang and Lu, 2012; Song, 2015). Hugelius
et al. (2020) found this to be the case for their RF model and Xu et al. (2016)
experienced the same behaviour with both an RF model and a Maximum Entropy
model when attempting to predict mean vegetation canopy height. The empirical
cumulative distribution of Figure 3.12 indicates that PD-ML is also following this
trend when compared to the training data. Figure 3.12 shows that just over 90% of
all the training and testing data have a value of zero cm depth, while about 75% of the
PD-ML bootstrap predicted depths are at or near zero cm over the same grid cells.
The distribution of the observations and PD-ML bootstrap predictions over the same
grid cells intersect at about 150 cm with the PD-ML values reaching nearly 100%
of their distribution by a depth of about 400 cm, whereas the training and testing
data has deeper values and does not approach 100% as shallowly. Thus PD-ML
does not predict end members as well. When considering the mean of non-zero and
zero cm depth data, PD-ML closely matches its training data. However, when only

considering non-zero cm depth data, PD-ML is shallower overall (Figure 3.12).

3.2.3 Model Performance Estimation

In addition to the previous qualitative assessments, we conducted a more quantitative
estimation of PD-ML performance using a variety of metrics. We started with a grid
cell comparison between the depth values predicted by the model and the observations
at these locations. For these comparisons we calculate the RMSE, MBE, and a
version of the normalised mean error (NME) developed by Kelley et al. (2013). RMSE
and MBE are popular metrics for assessing ML models (Plevris et al., 2022), with
PEATGRIDS and Hugelius et al. (2020) both using RMSE, and Peat-ML calculating
RMSE as well as MBE. The Coefficient of Determination (R?) is used by Peat-ML
and PEATGRIDS, however we have decided against its inclusion due to its ambiguous
representation of non-linear model performance (Plevris et al., 2022). We chose to
calculate Kelley et al. (2013)’s NME as we follow their process of comparison to two
null models: the observed mean null model and the observed random resampling null
model (explained in Table 3.3 and analysed in Figure 3.14d and 3.15). Table 3.3

shows the equations of our chosen metrics and explains how to interpret them.
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Empirical Cumulative Distribution over 401 PD-ML Bootstrap runs
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Figure 3.12: Empirical cumulative distribution (ECD) of PD-ML results and its train-
ing and testing data. The black line indicates the ECD of all of the training and
testing peat depth data. The dashed black line indicates the ECD of the non-zero
cm depth grid cells in the training and testing peat depth data. The dark blue lines
indicate the ECD of the outputs of the PD-ML bootstrap runs but only over the grid
cells which have training and testing data. The light blue lines indicate the ECD of
all non-zero cm depth data in the outputs of the PD-ML bootstrap runs. The cyan
lines indicate the ECD of the outputs of the PD-ML bootstrap runs but only over
the grid cells which have non-zero cm depth training and testing data. The vertical
lines indicate the mean of the corresponding datasets.
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Table 3.3: Equations used in assessing PD-ML model performance and their meanings
in this context. Here, p refers to the values predicted by PD-ML, r is the ‘real’
observed values (where all observations within a grid cell are meaned as described in

Chapter 3.1.2.1), 7 is the mean of the observed values over all grid cells, and N is the

number grid cells for which there are both predicted and observed values.

Equations

Values

Interpretations in this

study

RMSE =
VESY (pi—r)’

Values are in centimetres
and can range from 0 to
+00, with 0 meaning the
predicted and observed

values are the same.

Represents the difference
between the predicted val-
ues and the observed val-
RMSE can be more

sensitive to outliers due to

ues.

the squaring of the error

(Plevris et al., 2022).

MBE = 5 Y5, (pi = 1)

Values are in centimetres
and can range from —oo
to +00. An MBE of 0
occurs when positive and
negative errors cancel out
or when the predicted and
observed values are the

same.

Represents the average er-
ror of the predicted val-
MBE can be nega-
tive if the predicted val-

ues.

ues are generally smaller
than observed or positive
if the predicted values are
bigger. However the pres-
ence of both positive and
negative errors can result
in an MBE that is near 0
even when errors are large
(Plevris et al., 2022).

Continued on next page
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Equations

Values

Interpretations in this

study

L P—
Version of the formula
proposed by Kelley et al.
(2013) where the mean
absolute error is nor-
malised by the variance

in the observations.

Values are unitless and
can range from 0 to
+o00, with 0 meaning the
predicted and observed
values are the same. A
value of 1 indicates agree-
ment with the observed
mean null model. A value
greater than 1 indicates
the model performs worse

than this null model.

The

null model is a dataset

observed mean

equal in size to that
produced by the original
model, where every entry
is set to the mean of the

observations.

Kelley et al.

also

(2013)
produce random
null models for analysis.
The random null models
are a series of datasets
equal in size to that
produced by the original
model, filled by randomly
the

replacement

sampling observa-
with

(bootstrapping).

tions

Represents the mean of
the absolute model error
normalised by the vari-
ance in the observations.
This NME allows us to
assess whether the model
approaches the true ob-
served values, is simply
following the mean of the
observed values, or per-
forming worse than the
mean of the observed val-
ues (Plevris et al., 2022;
Kelley et al., 2013).

We calculated these metrics over selected areas for each bootstrap model run, using
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Selected Regions with Training/Testing Grid Cell Counts (GCC)
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Figure 3.13: Geographical distribution of selected regions for the PD-ML performance
assessment. While the entire predicted area is global, the model predictions occur
only over grid cells where the Light-GBM algorithm has coverage from all selected
predictors. The number of observed grid cells contained within each area is recorded
in the legend, with gcc referring to the total grid cell count and non0-gcc referring to
the count of non-zero cm depth grid cells. The ratio of non-zero cm depth grid cells
to total observed grid cells is also recorded (non0-ratio).

the cross-validation results. Figure 3.13 shows the regions we selected for focussed
assessment. We sought to have an equal amount of high latitude and tropical areas for
analysis, and chose regions which have high peatland fractional coverage according to
Peat-ML (Figure 1.1) while also including a fair portion of observed non-zero cm peat
depth grid cells (Figure 3.4). The output of each bootstrap model run is compared
to the bootstrapped version of the observed data used in training and testing that
model instance. By calculating these metrics for each bootstrap run, we further
demonstrate the variation in model behaviour due to the sampling uncertainty in
the observed peat depth data. However, this same uncertainty affects the accuracy
we are capable of reaching within our performance assessment. For a more truthful
representation of model ability, the model results produced through blocked-leave-
one-out cross-validation (BLOOCYV) are used in the metric calculations (see Chapter
1.1.2 and Figure 3.1). The BLOOCV results are PD-ML’s predictions without the
advantage of having learned from the observed peat data in the current area.

Figure 3.14 shows the mean depth and performance metrics for the PD-ML boot-
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strap runs. Throughout Figure 3.14a, 3.14b, and 3.14c the variance of the bootstraps
in the selected regions is broadly consistent with fluctuations of roughly 10 to 25
cm. Figure 3.14b indicates that the Congo Basin has the best performance of the
selected peatland regions. We hypothesise that this pattern may be due to the ratio
of observed non-zero cm depth data in the Congo Basin mirroring that of the globe
(nonO-ratio in Figure 3.13), therefore the broad patterns the model has learned glob-
ally may be more applicable in this region. Meanwhile, the Malay Archipelago tends
to have the worst performance in RMSE (Figure 3.14b). The Malay Archipelago
also has the most severe underprediction of peat depth overall (Figure 3.14c). We
believe the poor performance in this region is the result of insufficient training data
in the Malay Archipelago (Figure 3.13 shows the Malay Archipelago has the lowest
gee and non0-gee of all selected regions, despite its size). Additionally, we are also
likely unable to adequately assess the performance in parts of this region given that
PD-ML is generally not applicable there according to the AOA (Figure 3.9).

Figure 3.14 further illustrates PD-ML’s tendency to predict towards the mean of
the training data, a mean that is shallow due to the strong presence of zero cm peat
depth data. For example, the variance in mean peat depth across the bootstraps
is stable globally and matches that of the training and testing data (Figure 3.14a).
Similarly, the variance of the other metrics are all generally stable globally, suggesting
PD-ML is able to repeatedly capture broad trends to consistent levels of success
despite the variations in training data across the bootstraps. The MBE indicates
that within peatland regions, the magnitude of PD-ML’s overly shallow predictions
is greater than the magnitude of the model’s overly deep predictions (Figure 3.14c).
We suggest that this is indicative of PD-ML’s bias towards the zero-inflated shallow
mean.

The NME results are noticeably different compared to the other metrics (Figure
3.14d). In general, the NME is between 0.6 and 1.0 for most peatland regions and
the globe. However, the amount of variation across regions is less consistent, with the
Congo Basin showing a particularly wide range of NME scores across the bootstrap
runs. Since the denominator of the NME is the observational variance (Table 3.3),
our bootstrapping method has the potential to create more wide ranging values here.
Additionally, as the ratio of observed non-zero cm depth data (nonO-ratio in Figure
3.13) approaches zero so does the NME denominator, such that in the most extreme
case where all observations are zero cm, the NME will be infinity. The Congo Basin

contains several grid cells with some of the most peat depth measurements within
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Figure 3.14: Box and whisker plots of PD-ML performance metrics over all bootstrap
runs for the selected regions (see Figure 3.13), where the whiskers extend to the 5th
and 95th percentiles and outliers are indicated with empty circles. (a) The variation
in mean depth over all bootstrap runs with blue crosses indicating the mean of the
bootstrapped observed datasets. (b) The variation in RMSE over all bootstrap runs.
(c) The variation in MBE over all bootstrap runs. (d) The variation in Kelley et al.
(2013)’s NME over all bootstrap runs (see Table 3.3 for NME explanation).
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them compared to the majority of grid cells, thus the mean observed depth formed
by the bootstrapping within these grid cells has the opportunity to vary more strongly.
Also, the Congo Basin has the lowest ratio of observed non-zero cm depth data of all
the selected peatland regions (non0-ratio in Figure 3.13). Taken together, the Congo
Basin can experience a high observational variance, which can serve to exacerbate
any poor model performance statistics in this location.

Following Kelley et al. (2013)’s implementation of the NME, we can compare
PD-ML’s NME to that of observed random resampling null models (see Table 3.3
for an explanation of the null models). These random null models are produced by
applying a bootstrapping process to our 67 208 observed grid cells, such that we create
various datasets made up of a random selection of these while still having the same
total number of grid cells. We made 1000 random null models from the version of the
observed data that did not undergo any bootstrapping within its grid cells (Figure
3.4). The NME is calculated for each of the random null models using the formula in
Table 3.3 and plotted in Figure 3.15a. The random null model results are compared
to the global PD-ML bootstrap results in Figure 3.15b to assess whether PD-ML can
perform better than random resampling. As a whole, PD-ML performs better than
the observed mean null model and the random null model. However, Figure 3.14d
shows that for some peatland regions, the uncertainty in the training data may result
in extreme cases that perform worse than both null models (e.g. outlier bootstraps
in the Congo).

The RMSE of PD-ML can be compared to that of Hugelius et al. (2020) and
PEATGRIDS (Widyastuti et al., 2024), with the acknowledgement of key differences
beyond our inclusion of non-peat training data. Hugelius et al. (2020) appear to use
10-fold cross-validation to validate their model results, with their chosen R package
using a form of random sampling that attempts to balance the range of values seen in
each fold (Kuhn, 2008). PEATGRIDS conducts random sampling to split apart 30%
of their data for testing. As discussed in Chapter 1.1.2, random k-Fold cross-validation
can result in highly optimistic representations of model performance, with randomly
sampled training-testing splits facing the same challenge (Meyer and Pebesma, 2022).
Thus, our accounting of spatial autocorrelation in our cross-validation block selection
(see Chapter 1.1.2 and 3.1.3) allows for a more accurate or possibly pessimistic rep-
resentation of model performance (Mila et al., 2022), thus our performance metrics

could be comparatively lower as a result.

Hugelius et al. (2020) and PEATGRIDS (Widyastuti et al., 2024) are regional
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Random Null Model NME Comparison
(a) Null Models (n=1000)
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Figure 3.15: Histograms of model NME score distributions (see Table 3.3 for an
explanation of the NME and null models). (a) The distribution of the NME scores of
the observed random resampling null models, with the number of models indicated
in brackets. (b) The distribution of the NME scores of the PD-ML bootstrap model
runs, with the number of models indicated in brackets. The blue line indicates the
NME of the observed mean null model, the green line indicates the mean NME score
of the random null models, and the orange lines indicate the position of two standard
deviations away from this mean.
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models, or a combination thereof. Hugelius et al. (2020) model northern latitude
peatlands only, therefore an RMSE comparison to PD-ML is only relevant over that
area. While PEATRGRIDS present a global map, it is produced by combining the
output of six regional models (North America, Europe and Russia, Latin America,
Africa, South-Southeast Asia, Australia and New Zealand) which each have their own
RMSE scores. The exact bounds of these six models are not provided (see Figure 1 in
Widyastuti et al. (2024)), therefore a more precise RMSE comparison to PD-ML in
these areas is not possible. The difference in resolution across Hugelius et al. (2020),
PEATGRIDS, and PD-ML also complicates the ability to do an exact comparison.

Prior to performing bias correction on their model output, Hugelius et al. (2020)
reported an RMSE of 142.2 cm. When we limit the performance assessment of PD-ML
to > 23°N to match Hugelius et al. (2020), PD-ML has a mean RMSE of 88.3 + 1.1 cm.
PEATGRIDS report the following RMSE scores for their models : 168 cm for North
America, 96 cm for Europe and Russia, 58 cm for Latin America, 103 cm for Africa,
191 em for South and Southeast Asia, and 85 cm for Australia and New Zealand
(Table 2 in Widyastuti et al. (2024)). The average RMSE across the six models is
116.8 cm. Comparatively, PD-ML has a global mean RMSE of 70.1 + 0.9 cm over all
the bootstrap runs. Our selection of the Malay Archipelago region for assessment of
PD-ML is fairly similar to the area selected for PEATGRIDS’ South and Southeast
Asia model and overlaps with much of their training data there (Figure 1 and 2 in
Widyastuti et al. (2024)), although our AOA suggests this region is challenging for
PD-ML. PD-ML has a mean RMSE of 236.2 £+ 6.8 cm over the Malay Archipelago.
Again, we hypothesise that PD-ML’s strong decrease in performance in this region is
partially due to a paucity of training data. PEATGRIDS has more data available for
this area through their use of peat depth maps, yet their highest RMSE score still
occurs there, which suggests this region may present unique challenges for modelling
as a whole.

PD-ML was developed at the global scale for several reasons. PEATGRIDS
(Widyastuti et al., 2024) predicted over several model domains with the final global
map produced by stitching together these subdomains. If PD-ML were to adopt this
same methodology, the stitching together of multiple model outputs would require
the harmonisation of these outputs at their boundaries based on some assumption
or heuristic. The effects of this harmonisation on the AOA would also need to be
considered. Depending on how regions are divided, there could be a significant dis-

parity in the amount of peat observations available for training in each region. This
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disparity could impact the quality of each respective model (Somarathna et al., 2017;
Meyer and Pebesma, 2021), while also potentially requiring different distances of spa-
tial autocorrelation to be determined for cross-validation processes for each model as
well as specific tuning of the amount of non-peat data in each region. A few pre-
liminary multi-model tests were run for PD-ML throughout development. We noted
some extreme behaviour occurred, such as the selection of only one predictor, de-
pending on the regions chosen. We suspect these results were partially due to an
even greater zero-inflation of some of the regional training datasets. Furthermore,
our bootstrapping method has revealed the significant influence of uncertainty in the
observations on the model. Our results in Figure 3.14 suggest the model sensitivity
to this uncertainty could potentially increase at smaller regional scales as well as be

region dependent.

3.2.4 Preliminary Estimation of Carbon Stocks Using Model
Results

We can use our peat depth results from PD-ML in some basic C stock estimates.
To calculate these estimates, we generally follow a similar approach to PEATGRIDS
(Widyastuti et al., 2024) with the equations set out below:

Cigens = OC' x BD (3.1)

C’stock = Cdens X Dpeat X Acell (32)

where organic C content (OC) is in kg C kg™!, bulk density (BD) is in kg m™, Ceps
is C density in kg C m™3, Dypear is peat depth in m, Ay is the area of a grid cell in
m?, and Cyoer, is C stocks in kg which we then convert to Pg C. We use the peatland
fractional coverage of Peat-ML to find A,y by calculating the trapezoidal area of
each grid cell in m, then scaling the solution by the fraction of peat coverage within
it. The application of Peat-ML and the resulting A..; within the C stock estimate
calculations is necessary, as the peat depths predicted by PD-ML represent the mean
peat depth of only the peatlands within a grid cell (see Chapter 3.1.2.1).

We determine different C stock estimates using Cye,s, OC, and BD values estab-
lished in other studies such that we can compare to their results. Specifically, we test
using mean Cyeps values from PEATGRIDS’ modelled OC' and BD results (see Table
3 in Widyastuti et al. (2024)). Additionally, we test using OC and BD values from



81

two different approaches in Page et al. (2011). In both methods, Page et al. (2011)
use the results from their literature review for the tropical OC and BD estimates,
while employing a high latitude Cy.,s value based on the estimates of Immirzi et al.
(1992), which used an average peat depth of 1.5 m, for one method, and recalculat-
ing a high latitude Cge,s value by combining the data of Immirzi et al. (1992) with
an average peat depth of 2.3 m provided by Gorham (1991) for the second method.
Both PEATGRIDS and Page et al. (2011) have different respective values for high
latitude regions and the tropics, which they delineate at 23.5°N and 23.5°S. Thus we
also calculate Cgoo separately for these regions before merging the results together
for a global value. However, for our calculations, we chose to use 30°N and 30°S
as our boundaries based on expert opinion (Personal Communication - A. Gallego-
Sala, 2024) and to include known peatlands that are more similar to tropical ones
(e.g. Florida). We get a range of results for all PD-ML bootstrap runs. We also
perform the same calculations using the mean depth of 254.8 cm from the non-zero
cm measurements in Peat-DBase (Chapter 2) for another element of comparison.

PD-ML estimates a range of 327-378 Pg C in peatlands globally, with 6.9-14.6% lo-
cated in tropical peats (Figure 3.16). This percentage is comparable to PEATGRIDS
and Page et al. (2011) which have 14.5% and 14.5-18.5% in the tropics, respectively.
Figure 3.16 shows that PD-ML estimates smaller peatland C stocks compared to the
other products. PEATGRIDS reports particularly high C stock estimates, with a
global value of 1029 Pg C. They attribute these elevated values to the significant
peat coverage within the Global Peat Map (6.57 million km? whereas Peat-ML re-
ports 4.04 million km?). Nonetheless, compared to the more moderate estimates from
Page et al. (2011) and Hugelius et al. (2020), PD-ML is still lower. PD-ML’s poten-
tial shallow bias is a possible contributor to its lower C stock estimates, particularly
in the tropics. The C stocks calculated from the mean depth of the non-zero cm
measurements in Peat-DBase are among the higher values in most cases (this mean
depth of over 2.5 m exceeds the depths of 1.5 m and 2.3 m used by Page et al. (2011)
and those of PEATGRIDS and Hugelius et al. (2020) (Table 3.2)). Despite PD-ML
producing lower peatland C stocks of roughly 300-400 Pg C, its estimates still fall
within the range (113 Pg to 612 Pg C) previously reported in the literature (Minasny
et al., 2019), excluding the recent high estimate of PEATGRIDS.
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Figure 3.16: C stock estimates calculated based on PEATGRIDS (Widyastuti et al.,
2024) and different approaches in Page et al. (2011). C stock estimates from Hugelius
et al. (2020) are shown for comparison where applicable. (a) Global C stock estimates.
(b) C stock estimates for high latitude regions. (c¢) C stock estimates for low latitude
regions. C stocks for PD-ML are calculated with a low latitude boundary of 30°N to
30°S, all other products used 23.5°N to 23.5°S.
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3.2.5 Model Limitations and Future Work

We have modelled peat depth globally and provided a detailed analysis of the uncer-
tainty present in our method, however further limitations exist. As was recognized
by Melton et al. (2022), we cannot easily draw conclusions about possible peat form-
ing conditions from the predictors selected by an ML model, as it is challenging to
distinguish between cause and effect in these choices. Our examination of PD-ML’s
sensitivity to uncertainty in the training data revealed that predictor selection can
be highly variable, making assumptions about their relationship to peat development
potentially even more ambiguous.

PD-ML is clearly limited by the availability of peat depth observations on which
to train. Both Widyastuti et al. (2024) and Melton et al. (2022) explain that the
accuracy of PEATGRIDS and Peat-ML respectively are impacted by training data
availability, with their training datasets each being biassed in favour of the high
latitudes. This bias is also present for PD-ML and its influence may be seen in our
seemingly poor performance in the Malay Archipelago region and more significant
underprediction of peat depth in low latitude regions in general (Figure 3.14). We have
demonstrated that sampling uncertainty in the observed data used for model training
is also highly impactful on model performance. However, the PD-ML framework is
publicly available and as more peat depth measurements become available it can be
redeployed to create updated results.

We focused our efforts on predicting peat depth with the Light GBM algorithm
based on the Peat-ML Framework (Figure 3.1), however other algorithms may offer
better performance. Hugelius et al. (2020) and PEATGRIDS (Widyastuti et al.,
2024) show that RF models can also be implemented to predict peat depth. Both RF
models and Light GBM are ensemble models built from several decision trees. Decision
trees are generally effective at dealing with missing data on their target variable, but
not necessarily as suited to modelling data with a small sample size (Haixiang et al.,
2017). Therefore, other algorithms, such as those based on neural networks, may
achieve higher accuracy when working from a highly imbalanced dataset like ours
(Haixiang et al., 2017; Chen et al., 2024). Alternatively, starting with a classification
step to establish peatland versus non-peatland regions and then proceeding with the
prediction of depth could also yield improved results (Rozanec et al., 2023).

Options exist for dealing with PD-ML’s tendency towards the training data mean

in the future. Alternative custom scoring methods could be tested, such as trying a
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scheme where weights are assigned based on the imbalance ratio between zero cm and
non-zero cm depths in the training data (Haixiang et al., 2017). Another possible
approach to improving PD-ML’s prediction distribution could be some form of bias
correction. Hugelius et al. (2020) bias correct their peat depth results using a residual
rotation method to account for their model’s trend towards the training data mean,
while Goodling et al. (2024) bias correct their results using an empirical distribution
matching method.

There are other aspects of our approach which could benefit from further inves-
tigation. Conducting more tests on the influence of the random sampling of desert
data may reveal additional model sensitivities. Including more paleoclimate pre-
dictors could benefit the model by providing further representation of longer time
scales. For example, the modern climate predictors we have used are unlikely to be
representative of the climate over the extensive periods many peatlands have devel-
oped. Goodling et al. (2024) propose alternative model assessment methods, such
as a distribution scale assessment approach using empirical cumulative distribution
results. Implementation of this distribution scale assessment may yield more details
on PD-ML’s performance. More thorough tests of a regional modelling approach like
that of PEATGRIDS could be conducted to examine how the model sensitivity and
AOA change. However, steps would likely need to be taken to account for the more
extreme zero-inflation in the training data for some regions first. More detailed C
stock estimations could also be performed. For example, Hugelius et al. (2020) em-
ployed a linear relationship developed from peat core data which estimated C stocks

from peat depth.

3.3 Conclusion

We developed PD-ML, a global peat depth model, and conducted a detailed quality
and uncertainty assessment to address model sensitivity to potential sampling bias in
observed peat depth data. PD-ML is built on the Peat-ML Framework, using many
of the same predictor datasets for climate, soil, vegetation, and terrain. New pre-
dictors were added to account for hydrology and paleo-environmental conditions as
additional indicators of peat depth. To train PD-ML, a large database of peat depth
measurements (Peat-DBase) was converted to a gridded format by taking the mean
of the peat measurements within each grid cell. The resulting dataset was supple-

mented with additional non-peat data in desert regions. Multiple training datasets
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were created by bootstrapping data within grid cells to test PD-ML’s sensitivity to
uncertainty in the peat depth database. To reduce the impact of strong zero-inflation
within the training data, a custom scoring method prioritising performance on non-
zero cm depth grid cells was implemented within the model.

PD-ML was then run on the bootstrapped training datasets. Predictor selection
by the model was found to be highly sensitive to the individual bootstraps due to
changes in the training data provided by each bootstrap. Performance metrics were
calculated using the cross-validated results of the bootstrap runs and it was found
that model accuracy also varied, particularly at the regional scale. Overall, PD-ML
achieved a root mean square error of 70.1 + 0.9 cm, a mean bias error of 2.1 + 0.7
cm, and a normalised mean error of 0.6 + 0.0 (non-standard equation). Where pos-
sible, PD-ML was compared to other peat depth maps and achieved similar or better
results. PD-ML showed a tendency to predict towards the mean of its training data,
which was relatively shallow due to the large amount of zero cm depths present. This
shallowing within the model resulted in a lower overall mean depth and C stock esti-
mate compared to other similar studies. PD-ML would likely improve with additional
peat depth measurements for training, particularly in the tropics, and bias correction

methods may assist in resolving the model’s trend towards the training data mean.

3.4 Data Availability

The PD-ML model Python script and other associated code is stored here: https:
//doi.org/10.5281/zenodo.156530817. NetCDF files containing the mean of the
PD-ML bootstrap runs, and the mean of the equivalent cross-validated model results
are also stored in that location, along with Figure 3.9 and predictor importance results

from all 401 model runs.


https://doi.org/10.5281/zenodo.15530817
https://doi.org/10.5281/zenodo.15530817
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Chapter 4
Conclusion

The objective of this thesis was to answer the following questions:

1. What is the global distribution of peatland depths?
2. How much C is stored within peatlands?

To that end, I first combined a large amount of observed peat depth data to create
Peat-DBase (Chapter 2). Peat-DBase was then used as the training and testing
data of PD-ML, a newly developed ML based digital soil mapping approach, to
produce a spatially continuous global map of peat depth. Bootstrapping and AOA
calculations were applied within the PD-ML workflow to capture the sensitivity of
this ML modelling method to uncertainties within the training data and to produce
quantified estimates of the resulting prediction uncertainty. The peat depth results of
PD-ML were then used to calculate some initial C stock estimates based on organic
C content and bulk density values provided by previous studies (Chapter 3). In this
chapter, I provide a qualitative exploration of my global peatland depth and C stock

solutions in the context of these previous studies.

4.1 Global Peatland Depth Distribution Conclu-
sion

Peat-DBase provides foundational information for global peat depth mapping, which
is an advancement over previous products. It is the largest global database available,
has at least some data for most known peatland complexes, and contains data on

which areas are not peat. There are two primary sources of uncertainty that must
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be kept in mind when using Peat-DBase. First is the poor data coverage for some
regions, such as the Tropics and Eastern Russia, which is not readily solvable. Second
is the potential bias that can arise from peat measurement approaches, such as taking
a single core to represent an entire peatland.

Peat-DBase only contains information at points on the land surface where a mea-
surement was made. Peat-DBase can thus be used to inform spatial interpolation
approaches. PD-ML then builds upon Peat-DBase by linking geophysical variables
to peat depth to allow peat depth predictions to be spatially continuous rather than
only at points. PD-ML thus provides a framework to produce a global peat depth
distribution that is not possible with Peat-DBase alone. Additionally, the PD-ML
process took care to address the uncertainties of Peat-DBase through the use of the
AOA and bootstrapping.

PD-ML provides an improved global peat depth distribution compared to PEAT-
GRIDS (Widyastuti et al., 2024) and Hugelius et al. (2020) in multiple ways. First, by
training on peat and non-peat data, the map produced by PD-ML is spatially contin-
uous and does not need to be combined with a peatland extent map to be considered
reasonable. In contrast, PEATGRIDS and Hugelius et al. (2020) rely on a peatland
extent map to mask out non-peat regions before and after their depth mapping pro-
cesses, respectively. Secondly, PEATGRIDS and Hugelius et al. (2020) use forms of
random sampling within their performance assessment processes, which can produce
overly optimistic views of model skill. The block selection steps employed within
PD-ML’s cross validation approach accounts for spatial autocorrelation and there-
fore provides a more conservative (even potentially pessimistic) illustration of model
performance. Even with PD-ML’s more conservative approach to cross-validation,
PD-ML still achieved comparable performance to these other products, although it
should be noted that such comparisons are approximate because each product handles
non-peat areas in a different way and operates at different resolutions. Finally, the
presentation of the AOA and bootstrap model run results of PD-ML clearly demon-
strate the model sensitivity to uncertainty in the training data and allows end users
to make informed decisions about their use of this data. Comparatively, Hugelius
et al. (2020) provide uncertainty ranges for their overall values, but do not explore
the uncertainty in as much detail. Widyastuti et al. (2024) acknowledge that an
uncertainty assessment was not conducted for PEATGRIDS. A spatially continuous
global peat depth distribution, as provided by PD-ML, can then be used to produce

more detailed global peat C stock estimates.
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4.2 Global Peatland C Stock Estimate Conclusion

Using a simple approach of combining PD-ML output with a fractional peatland cov-
erage map and different literature estimates of bulk density and organic C content,
we created viable global peat C stocks of comparable quality to other estimates (i.e,
Widyastuti et al., 2024; Hugelius et al., 2020; Page et al., 2011). As discussed in
Chapter 1 and 3.2.4, the literature contains peatland C stock estimates ranging from
113 to 1029 Pg (Minasny et al., 2019; Widyastuti et al., 2024), of which all of the
PD-ML estimates are within. Looking more closely, each C stock estimate to which
PD-ML was specifically compared comes with pros and cons, which results in the
quality of these products being similar overall (Figure 3.16). For example, PEAT-
GRIDS uses a more complex approach to model organic C content and bulk density
globally, giving them a final C stock estimate (1029 Pg C) that is well outside pre-
vious estimates (Minasny et al., 2019). Hugelius et al. (2020) applied a more simple
linear relationship to estimate peat C stocks based on the depth, however their results
are limited to the northern latitudes. Page et al. (2011) take the simplest approach
based on single best-estimates for peat depth, bulk density, and organic C content
for general regions or countries when making their C stock inventory, thereby losing
spatial fidelity. The use of the mean peat depth of Peat-DBase in place of values from
PD-ML also results in a loss of spatial fidelity. While C stock estimates calculated
from PD-ML are based on single spatially uniform estimates of C density, organic
C content, and bulk density, global coverage was maintained and the peat depth
values were spatially varying (and informed by an extensive peat depth database in
Peat-DBase). Thus, the C inventories emerging from PD-ML appear reasonable in
the context of previous research.

At this time, PD-ML’s trend towards the mean of its training data likely con-
tributes to its lower peatland C stock values. Thus the quality of these C stock
estimates could potentially increase with the future implementation of bias correc-
tion of PD-ML outputs. Because the first focus of this thesis was on understanding
peat depth, the organic C content and bulk density elements of the PD-ML C stock
estimates were kept more simplistic. The application of a more detailed C stock cal-
culation like that of Hugelius et al. (2020) could potentially produce higher quality C
stocks based on PD-ML in the future.

Peat-DBase and PD-ML represent comprehensive new datasets of peat depth in-

formation. Peat-DBase provides a harmonised global observational database of peat
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depth measurements at a size that was not previously available. PD-ML produces a
spatially continuous global peat depth dataset that does not rely on a map of peat-
land extent to indicate non-peat areas and includes thorough uncertainty estimates,
features that were absent in previous peat depth maps of similar spatial scales. Taken
together, Peat-DBase and PD-ML can serve as the foundations of further peatland

research or policy initiatives, such as field campaigns and conservation efforts.
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