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Abstract: Traditional bioclimatic classification schemes have several inherent shortcomings; they do
not represent anthropogenic impact, they contain a bias for global north representation, and they
lack flexibility regarding novel climates that may arise due to climate change. Here we present an
alternative approach, using a machine learning approach. We combine European Space Agency Land
Cover Classification data with traditional bioclimate classification climate variables, and additional
variables; latitude, elevation, and topography. We utilise a random forest algorithm to create a
classification system that overcomes the limitations and biases of the traditional schemes. The
algorithm produced is able to predict land cover classification globally at 0.5-degree resolution with
93% accuracy. The resulting classifications account for human impact, particularly via agriculture, are
informed by the topography of a region, and avoids the biases that traditional bioclimatic schemes
contain. The algorithm can provide insights into the drivers of land cover change, the spatial
distribution of land cover change, the potential impacts on ecosystem services and human well-being.
Furthermore, the random forest model serves as a novel approach to the prediction of future land
cover, and can be used to identify regions at risk of a land cover transition. Our data-based machine
learning approach produces larger land-cover changes due to climate change than a traditional
bioclimatic scheme, especially in sensitive regions such as Amazonia. Overall, our new approach
projects approximately 17.4 million square kilometre of land-cover change per degree celsius of
global warming.

Keywords: bioclimate classification; land cover prediction; random forest

1. Introduction

Land cover and land use changes have significant impacts on the Earth’s ecosystems,
biodiversity, and climate [1-4]. Therefore, monitoring and managing land resources is
essential for ensuring their sustainable use and for mitigating and adapting to the effects
of climate change. Satellite data and ground-based observations are valuable tools for
monitoring land cover and land use changes at a global scale. The ESA Climate Change
Initiative (CCI) land cover classification system is one such tool that provides detailed
information about land cover and land use changes globally.

Accurate predictions of future land cover classification are important for decision-
makers to plan and implement sustainable land use practices, conservation strategies,
and disaster risk reduction measures [5]. Land cover prediction models, utilising techniques
such as remote sensing and machine learning algorithms, can help to forecast future land
cover changes based on past and current land cover information and trends. These models
can provide valuable insights into the drivers of land cover change, the spatial distribution
of land cover change, and the potential impacts on ecosystem services and human well-
being [6-10].
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The Random Forest (RF) is a prominent ensemble learning algorithm renowned for its
effectiveness in predictive modelling tasks across various scientific domains. First proposed
by Breiman in 2001, RF operates by constructing a multitude of decision trees during
training and harnessing the collective wisdom of these trees to make robust predictions.
Unlike conventional decision trees prone to overfitting, RF mitigates this risk by aggre-
gating predictions from multiple trees, thereby enhancing generalisation performance. Its
ability to handle high-dimensional data, accommodate diverse data types, and provide
insights into feature importance has made it a cornerstone in contemporary machine learn-
ing and data mining applications, including but not limited to bioinformatics, ecology,
finance, and healthcare. Random Forests are a powerful machine learning technique for
classification problems, RFs have several key advantages for this analysis, including their
non-parametric nature, and the ability to determine feature importance [11,12]. The Ran-
dom Forest classifier employs bagging, or bootstrap aggregating, to create an ensemble
of classification and regression tree like classifiers. Additionally, it selectively explores
a random subset of variables for a split at each tree node to reduce correlation among
the ensemble’s classifiers [11]. This approach remains robust against noise and overfit-
ting. Moreover, it offers computational efficiency compared to boosting methods and is
moderately lighter than straightforward bagging techniques [13]. RFs have been shown
to outperform statistical classification techniques in key areas including accuracy and
interpretability [14].

Machine learning has already been applied to the classification of land cover and
land use [15-17]. Random forests have already been implemented at regional scales for
land cover classification prediction and have shown promising results, regions are var-
ied and include mountainous Colorado, USA [18], Coastal and Mountainous Granada,
Spain [19], and South Western Florida, USA, including rural to urban transitional regions
and swamps [20]. Random forests have also been applied to determine land cover clas-
sification based on satellite imagery [21,22]. However, these previous approaches often
use data that is not available for future climates. We combine climate variables often used
for traditional bioclimatic schemes with current techniques used to identify land cover
classification. These previous studies have also been much more narrow in scope, mapping
just regions or countries. We take a global approach to create a comprehensive random
forest based model for land cover classification distribution.

Bioclimate classification schemes are methods used to categorise and describe the
climates of different regions based on their biological characteristics. These schemes use
climatic variables such as temperature, precipitation, and other environmental factors
that influence the distribution of plants and animals. The most widely used bioclimate
classification scheme is the Koppen-Geiger system, which categorises climates into five
main groups: tropical, dry, temperate, continental, and polar.

The Koéppen-Geiger system [23] and other bioclimate classification schemes have
several flaws. For example, they do not take into account the effects of anthropogenic
factors such as land use changes and urbanisation, which can alter the bioclimate of a
region. Furthermore, the most widely used schemes were all created by scientists of the
global north and tend to display an increased sensitivity to European and North American
climate variation compared to the climate of the global south. Additionally, these schemes
may not be applicable in areas where there are complex topographic features. Bioclimate
classification schemes typically rely on broad-scale climatic data that may not capture
localised variations. This can limit their usefulness in areas with complex topography, such
as mountain ranges or valleys, where climate conditions can vary significantly over short
distances. Finally, bioclimate classification schemes may not fully capture the effects of
climate change, as they are based on historical data and may not be applicable to future
climate conditions.

We investigate the use of an XGBoost random forest classifier to predict the land cover
classification based on variables used in the Whittaker bioclimatic system. The Whittaker
bioclimatic system is a widely used framework for characterising and mapping terres-
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trial ecosystems that uses mean annual precipitation and temperature as predictors [24].
Specifically, we use the two Whittaker variables but increase temporal resolution from
annual to monthly data. We also add a further three additional variables to our land cover
prediction algorithm. These are topography, elevation, and latitude. These are included
to account for the failings outlined in many bioclimatic classification systems like the
Whittaker scheme. Furthermore, this scheme does not include human bias and arbitrary
threshold values—overcoming many of the issues of traditional bioclimate schemes.

We apply our land cover scheme to model data at key warming levels and investigate
the implications of these climate conditions on global land cover.

We present a random forest algorithm as an alternative to the traditional bioclimate
classification schemes, and show that this approach can be used to overcome some of
the key failures of the traditional system. These results have important implications for
ecological monitoring, land management, and conservation efforts. First we set out our
methods for the creation of our random forest algorithm and the data we assess in this study.
We produce maps of the true and predicted land cover classifications for 2014 and assess
model performance, investigating the potential impact that our chosen spatial resolution
may have had. Following this we employ techniques to evaluate feature importance for the
model as well as for a specific location. Finally we apply the RF model to climate model
data and investigate the predicted global land cover at levels of warmimg from 0 to 4K
above preindustrial levels.

2. Materials and Methods
2.1. Predictors for Land Classification

As previously mentioned, we use the monthly mean temperature and precipitation
as predictors following many other bioclimatic classification schemes. However we also
include the three additional variables topography, latitude and elevation to improve pre-
diction accuracy.

Latitude is included in this study as a proxy for seasonality, as temperature and
precipitation patterns vary with latitude and these factors play a critical role in determining
the dominant vegetation types in a given region. Although seasonality is sometimes
included in bioclimatic schemes, such as the Koppen-Geiger bioclimatic classification
system, the Whittaker scheme and many others do not account for it.

Human impact is a key factor that influences land coverage. Human activities, such as
agriculture, urbanisation, and deforestation, have a significant impact on ecosystems and
can alter the composition and structure of the land [25-27]. High population densities often
result in the conversion of natural habitats to agricultural or urban areas, which can lead to
the loss of biodiversity and ecosystem services. Moreover, population growth and density
can exacerbate the impact of climate change on land cover classification, such as increasing
water demands for agriculture. Whilst we have not explicitly included population density
in the scheme presented here, we expect that the impact of human activity and distribution
is largely accounted for through other variables. Temperature and precipitation patterns
largely dictate the global population distribution [28]. We enhance this information with
additional variables that we expect would impact habitability—elevation and topography.

Elevation is an important factor in bioclimatic distribution due to its effects on environ-
mental conditions such as temperature, precipitation, and atmospheric pressure, however
many key issues related to orographic precipitation remain unresolved [29]. As elevation
increases, temperature generally decreases due to changes in atmospheric pressure and
altitude, leading to different climate zones at different elevations. Similarly, the amount
and timing of precipitation often vary with elevation, leading to different soil moisture
conditions, soil thawing, and water availability for plant growth [30]. These changes in
temperature and precipitation can lead to different vegetation patterns at different ele-
vations, which in turn can affect the distribution and abundance of animal species that
depend on these plants for food and shelter [31]. Additionally, elevation can affect other
environmental conditions such as solar radiation, wind, and atmospheric gases, which
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can have direct or indirect effects on biotic communities. For example, changes in solar
radiation can affect the timing and success of plant photosynthesis, which can in turn
affect the timing and abundance of insect populations that feed on these plants. Thus,
elevation plays a critical role in bioclimatic distribution, influencing the distribution and
abundance of organisms across different elevations and creating unique ecosystems at
each elevation. Understanding the complex interactions involving elevation is essential for
predicting how species will respond to environmental changes, including climate change,
and for developing effective conservation strategies aimed at preserving biodiversity and
ecosystem services. Furthermore, the elevation of a region can impact local biomes” short
to medium term reactions to weather events giving divergent responses to to dry and wet
years [32].

Topography, or the physical features of the landscape, also plays an important role
in determining land cover classification. Mountain ranges, for example, can create dif-
ferent microclimates and soil conditions, leading to the formation of different biomes on
opposite sides of the same mountain [33]. Similarly, coastal regions may have different
biomes depending on the direction of ocean currents, prevailing winds, and the presence
of estuaries or wetlands [34,35]. The topography of a region can also have impacts on
environmental conditions such as solar radiation distribution in mountainous watersheds
and evapotranspiration [36].

2.2. Data

All datasets in this study were regridded and analysed at a 0.5 degree resolution. This
resolution was chosen to ensure usability of results and to avoid producing predictions
at a higher resolution than the lowest resolution data. Data at latitudes below 60° S was
not used in this study as there is little data for the region and few land points outside of
Antarctica. The original LCCS colour scheme is used despite difficulty seeing transitional
regions, this was used to ensure continuity and comparability with the LCCS data output.
This data is outlined in Table 1.

Table 1. Table highlighting the data used and it’s initial resolution and temporal availability.

Data Frequency  Date Range Initial Resolution Publication
ESA Land Cover Data Yearly 1992-2015 0.002778° x 0.002778° [37]
Temperature Daily 1901-2019 0.5° x 0.5° [38]
Precipitation Daily 1901-2019 0.5° x 0.5° [38]
Topographic Index Singular 2014 0.5° x 0.5° [39]
Elevation Singular 1995 0.0833333° x 0.0833333° [25]

2.2.1. Land Cover Classification Data

Land Cover Classification data was sourced from the ESA Climate Change Initia-
tive [37]. This data is available globally at a resolution of 300 m for the years 1992—2015.
The overall accuracy of this global data is about 71.1%, however some regions and clas-
sifications are more accurate than others as they are homogeneous, unambiguous and
recognisable, e.g., snow and ice cover or urban areas [40]. As this dataset is comprised of
22 discrete classes, we choose the most commonly occurring classification when regridding
to the 0.5 degrees. Areas classified as water are not included. It is important to note that
the classifications given by ESA are not necessarily ground truth classifications. We use
these classifications as a proxy for ground truth.

2.2.2. Temperature and Precipitation Data

Historical observations of monthly mean temperature and precipitation are from the
CRU TS v. 4.05 dataset [38]. For monthly analysis, mean monthly values were used.
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2.2.3. Topographic Data

Topographic data from Marthews et al. [39] was made available by Dr Toby Marthews.
This data for land surface water flow is included to account for bioclimates such as wet-
lands, flooded areas, and lichens and mosses. This dataset was originally created at 15
arcsec resolution, however a 0.5 degree dataset has also been created and was supplied
when requested.

2.2.4. Elevation Data

The elevation data used is sourced from the TerrainBase, Global 5 Arc-minute Ocean
Depth and Land Elevation from the US National Geophysical Data Center (NGDC) [25].

2.2.5. Climate Model Data

Data analogous to the historic observed dataset climate models originates from the
"historical”’ CMIP6 experiments [41]. Models were selected from the CMIP6 multi-model
ensemble based on the availability of historical experiment data and their ability to achieve
a minimum warming of 4K under the ssp585 scenario. The specific models meeting these
criteria are listed in Table 2.

Table 2. Details of the climate models used in this study.

Model Institution Frequency Nominal Resolution Publication
CanESM5 CCCma mon 100 km {ﬁ}
CanESM5-CanOE CCCma mon 100 km {ig%
CESM2 NCAR mon 100 km E?{
CESM2-WACCM NCAR mon 100 km %ig}
IPSL-CM6A-LR IPSL mon 100 km {g?}
UKESM1-0-LL Met Office Hadley Centre mon 100 km {gi{
ACCESS-CM2 CSIRO-ARCCSS mon 250 km %gg}
AWL-CM-1-1-MR NCAR mon 100 km {g%
CAS-ESM2-0 ucr mon 100 km Eg}
EC-Earth3 EC-Earth-Consortium mon 100 km %2(1)}
EC-Earth3-Veg EC-Earth-Consortium mon 100 km {22
TaiESM1 AS-RCEC mon 100 km {2‘51}

The resolution of the model output data is generally coarser compared to the under-
lying 0.5° climatology. As a result, the anomaly corrected fields exhibit spatial variability
stemming exclusively from the underlying climatology, particularly at scales not resolved
by the model. Consequently, the identified changes in bioclimatic types, which rely on
model anomalies, tend to appear somewhat smoother at these finer spatial scales.

We generated future land cover classification maps for projected global warming
scenarios of 1.5, 2, and 4K above reference period levels using the CMIP6 ‘ssp585” future
scenario spanning 2015-2100. We chose ssp585 due to its consistency in surpassing the 4K
warming threshold across all models, ensuring uniform definition of changes in land cover
across varying levels of global warming. The timing for each warming level is determined
based on the centred 30-year annual mean global surface air temperature above the model’s



Atmosphere 2024, 15, 700

6 of 20

reference temperature, set as 1901-1931. Monthly mean anomalies of precipitation and
surface air temperature are computed relative to this reference period. Model outputs are
adjusted to align with observational data from 1901-1931 by calculating anomalies for
each model and applying them to the observational climatology. Multi-model ensemble
mean land cover classification maps are derived using the multi-model ensemble mean
of anomalous temperature and precipitation fields at each warming level. Our focus lies
predominantly on the ensemble mean, acknowledging that ensemble mean and ensemble
median climates have been observed to exhibit substantial similarity in climate modelling
literature [66—68].

2.3. Random Forest Training

An XGBoost random forest was trained using data from the years 1992-2013, initially
using 100 trees, and no maximum depth. This method was selected as previous research
has also shown that random forests perform well with land cover classification tasks [18,20].
The random forest approach was later edited to operate with the optimal hyperparameters.

Training data was area weighted for importance in training and a train, validation,
test split was performed. Training and validation data comprises of a random 70-30 split
of the years 1992-2013, whilst test data comprised the full dataset for the years 2014 and
2015. This ensures our final results and performances are relevant globally, and based on
the most recent results available in the dataset. The distribution of this dataset can be seen
in Figure 1. This is an unbalanced dataset, however we chose not to balance the dataset
due to its inherent imbalance mirroring the natural distribution of classes. This decision
was guided by our aim to prevent potential overfitting, as artificially inflating the minority
class through balancing techniques can lead to an overly complex model that struggles
to generalise to unseen data. Moreover, preserving the original distribution of the data
allowed us to avoid information loss. This ensures that the model captures the intricate
patterns present in the majority class without compromising its predictive performance.

Before training the Random Forest classifier, the dataset underwent preprocessing to
ensure its suitability for modelling. This preprocessing involved steps to remove unclassi-
fied regions, and encoding categorical variables.

When analysing the decisions made by the random forest, shaply analysis was used.
This analysis was carried out on 5% of the data for 2014 and 2015 [69].

When optimising the hyperparameters for the random forest a Bayesian search over
the hyperparameter space was used to find optimal parameter values with available
computational resources. Hyperparameters here include are set out in Table 3.

Table 3. Optimal hyperperameters for model.

Parameter Value
colsample_bylevel None
colsample_bynode 0.9
colsample_bytree 0.9
early_stopping_rounds None
learning_rate 0.2
max_depth 63
max_leaves None

n_estimators 300
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Figure 1. Distribution of classes in training data 1992-2013 inclusive (a) shows the raw count of the

number regions attributed to each classification (b) shows the weighted count of the number regions

attributed to each classification.

A brief description of these perameters follows

f features to consider when

constructing each level of a tree within the ensemble. A setting of “None” implies the

utilisation of all features at each level.
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2.  colsample_bynode: Governing the fraction of features to consider for each split
decision within a tree node, this parameter regulates the diversity of feature selection
at each node. A value of 0.9 signifies that 90% of the features will be randomly
sampled for each split.

3. colsample_bytree: Dictating the fraction of features to consider when constructing
each tree in the ensemble, this parameter facilitates the introduction of randomness,
thereby enhancing model robustness. A value of 0.9 indicates that 90% of features
will be sampled for each tree.

4. early_stopping_rounds: Employed for preventing overfitting and improving com-
putational efficiency, this parameter determines the number of rounds to continue
training without improvement in the evaluation metric before halting. In this instance,
early stopping is not activated (“None”).

5. learning_rate: Central to gradient descent optimisation, this parameter governs the
step size at each iteration while traversing towards the minimum of the loss function.
A learning rate of 0.2 signifies a moderate step size.

6. max_depth: Defining the maximum depth of each tree in the ensemble, this parameter
regulates the complexity of individual trees and influences the model’s capacity to
capture intricate patterns within the data. A high value of 63 suggests a potentially
deep tree structure.

7.  max_leaves: This parameter specifies the maximum number of terminal nodes (leaves)
in a tree, thus indirectly controlling the tree’s depth. The absence of an upper limit
(“None”) implies unrestricted growth of tree nodes.

8. n_estimators: Determining the total number of trees in the ensemble, this parameter
profoundly influences model complexity and computational efficiency. A choice of
300 trees indicates a substantial ensemble size.

3. Results

We find that using the variables monthly precipitation, monthly temperature, latitude,
elevation, and topography, we can predict a region’s land cover classification well. Our
model is able to correctly predict the global land coverage with an area weighted accuracy
of 93.1% for land north of 60° S for 2014, and 91.7% for 2015.

Figure 2 shows maps of the true and predicted distributions of land cover classification
in 2014. The majority of the globe has been correctly classified.

Figure 3 highlights regions where the random forest classifier does not correctly predict
the land cover classification in 2014. These regions are generally randomly distributed
across the globe. With the largest discrepancies in Eastern Europe and the Amazon. Other
discrepancies are largely found at border regions between classification zones, such as south
of the Sahara Desert. The sparse and well distributed nature of these misclassifications
makes us confident that model performance is not impacted by climate zone. A confusion
matrix of true and predicted classifications for 2015 and 2015 can be seen in Figure 4. This
figure shows the classification performance for each of the classifications in the ESA scheme.
This can be used to understand which classifications are being misclassified most frequently
and also which classifications they are being misclassified as.

To investigate whether these misclassifications were due to downscaling of the data to
the coarser resolution, we compare the distribution of misclasification with the distribution
of variability of classification within each grid box.

Figure 5 shows the number of classifications within each 0.5° x 0.5° zone that was re-
duced for analysis. There is no significant correlation between the number of classifications
in a region and the performance of the classification model. Regions such as the Sahara
desert and Greenland clearly have large areas of singular classification, “Bare Areas” and
“Permanent Snow and Ice” respectively. More temperate regions such as Europe and North
America tend to contain more classifications.
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Figure 2. Global land cover classification for the year 2014. (a) The top map shows the true satellite
observed classification. (b) The lower map shows the predicted classifications.
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Figure 3. Regions where the observed global land cover classification for the year 2014 disagree with
the random forest prediction. (a) The top map shows the true satellite observed classification. (b) The
lower map shows the predicted classifications.

Figure 6 shows the dominance of the most common classification for a given region.
Similar to Figure 5, areas such as the Sahara and Greenland with dominant classifications.
To further assess the potential reasons for misclassification, as well as to understand some
of the reasoning behind the random forest, we performed shapley analysis and feature
importance analysis.
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Figure 5. Number of different observed land cover classifications within each 0.5° x 0.5° region that
was reduced to a single, dominant classification in this analysis for the year 2014.
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Figure 7 shows the feature importance score of each variable used in analysis. Figure 7a
shows the Gain metric, the Gain metric denotes the relative significance of each feature
within the model, determined by aggregating the contribution of each feature across all
decision trees. A higher value of this metric compared to another feature suggests its
greater importance in prediction generation. We can see that this analysis indicates that
latitude provides the most significant influence on model decision making. The gain
metric in Figure 7a shows a much more even impact of both temperature and precipitation
when compared to weight in Figure 7b. In Figure 7b F-score is a metric showing the
total number of times that each feature is split on in the random forest model. This is
an indication of each feature’s contribution in determining the land cover classification,
however it is not a definitive measure of importance as it does not indicate the impact that
the implementation of each of these variables has on prediction quality. The results here
show that the precipitation over the second month of winter, followed by the third and first,
are the variables that are most split upon in the random forest. These results also show that
the temperature of a given month is in all but one case, the mean temperature of the second
month of winter, the least split upon variable. Elevation and Topography are also shown to
be split upon more than any month’s temperature.
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Figure 6. Fraction of the most common observed global land cover classification within each
0.5° x 0.5° region for the year 2014.
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Figure 7. Feature importance score for each variable in the model, indicating the model’s sensitivity to
the feature and feature’s relative importance calculated in two ways (a) shows the feature importance
based on the gain from splits which use the feature, and (b) which shows the number of times a
feature is split upon in the tree.

Shapley values, derived from cooperative game theory, have emerged as a potent
tool for interpreting the predictions of machine learning models. Each Shapley value
represents the marginal contribution of a feature to the discrepancy between the actual
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prediction and the average prediction across all conceivable combinations of features.
Essentially, it quantifies the importance of each feature in the model’s decision-making
process. Interpreting Shapley values is straightforward: positive values indicate that
the feature contributes positively to the prediction, while negative values suggest the
opposite. The magnitude of the Shapley value reflects the impact of the feature on the
prediction; larger values denote greater influence. Furthermore, Shapley values offer
insights into feature interactions, as they consider the interplay between features when
assigning importance to each individual feature. In this application of shapley analysis,
the predicted variable is categorical, not a continuous value. Due to the way that the
land cover classes are encoded, negative and positive SHAP values can be interpreted
similarly—in terms of magnitude of impact. Figure 8 shows the SHAP values for each of
the variables within the model. This analysis is for the model as a whole and we again see
that latitude, elevation, and topography are ranked highly in importance. This analysis
also indicates that a low temperature in spring is a very important factor in determining
the land cover classification of a region. Precipitation is shown to have less extreme effects
on the classification of a region.

High
Lats
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Mean Summer Month 2 Temp (C)
Topography

Mean Spring Month 3 Temp (C)
Mean Summer Month 1 Precip (cm)
Mean Autumn Month 2 Temp (C)
Mean Autumn Month 1 Temp (C)
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Mean Winter Month 2 Temp (C)
Mean Summer Month 3 Temp (C)
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Feature value
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Figure 8. SHAP values for each variable in the model, indicating the feature’s importance.
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To gain some further insight into the model, we used SHAP to investigate the explain-
ability of individual model predictions. We have focused on an Amazon grid cell situated
at 3.25° S 57.75° W.

Figure 9 shows the feature contributions towards a specific classification, in this case
“Tree cover, broadleaved evergreen, closed to open (>15%)”. Classifications are represented
numerically due to the way they are encoded for the RF algorithm. The arrows show each
variable’s contribution to the final classification decision. This shows that latitude is the
largest contributor in this instance, followed by elevation. Here the temperature of the 2nd
winter month works against the final classification. This location was selected to check for
insights into potential bi-stability in the Amazon.

fix)

Mean Autumn Month 3 Precip (cm) -0.49 .

Mean Autumn Month 2 Precip (cm) -0.44 .
Mean Summer Month 2 Temp (C) -0.4

Mean Summer Month 3 Precip (cm) —0.3

Mean Winter Month 2 Temp (C) ' +0.28

Mean Summer Month 1 Temp (C) -0.27
Mean Spring Month 2 Temp (C) -0.24 .
18 other features
6 7 8 9 10 1 12

ETAX)]

Figure 9. Additive contributions of features to a model’s prediction for the specific instance 3.25° S
57.75° W.

Figure 10 shows the multi-model ensemble model mean KG classification for 1.5K,
2K and 4K of global warming above the reference period, as well as the no warming
classifications. In these results you can clearly see a northward shift of boreal forests
globally and a complete loss of the lichens and mosses coverage in northern Canada.
The results also show a steady loss of rainforest in the Amazon, with it disappearing by 4K
of warming. Interestingly the forests in the African Congo appear to expand in this period.

Figure 11 shows the percentage land area (in this study all land north of —60°) change
in land cover classification from the area’s original preindustrial classification. This change
appears to be approximately linear, we can see from the gradient of our linear trend line
that we predict a global land area change of 10.96% per degree of warming.
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(d)

Figure 10. Maps showing the predicted land cover classification at increasing levels of warming

based on an ensemble of CMIP6 climate models, legend is same as in Figure 2 (a) shows the predicted
land cover at preindustrial temperatures (b) shows the predicted land cover at 1.5K of warming above
preindustrial (c) shows the predicted land cover at 2K of warming above preindustrial (d) shows the
predicted land cover at 4K of warming above preindustrial number of times a feature is split upon in
the tree.
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Figure 11. Percentage of land cover area that has changed from its preindustrial classification at
increasing levels of warming.

4. Discussion

The land cover classification model used in this study is ably to classify global land
coverage at 0.5° x 0.5° resolution to an accuracy of 93.1% for 2014, and 91.7% for 2015.

Figures 2 and 3 show that the model performs well on a global scale, with misclas-
sifications being distributed across the globe. Given the large amount of variability of
landcover classification displayed throughout large temperate regions of the globe such as
North America and Europe.

Many regions of the globe are no longer in their equilibrium state—their true classifi-
cation has been changed by humans, for example; the classification cropland, or certain
tree types. The model’s ability to identify the human-imposed classification over a region’s
natural classification is impressive. One possible reason for this is that for a given latitude
human have fully imposed their influence i.e., anywhere in Europe that has the climate for
cropland, is already cropland. This demonstrates an area where this model may be more
useful than historic bioclimate classification schemes in some applications. By identify-
ing the real, human-influenced, nature of the landcover of a region and not the idealised
classification a region may have exhibited centuries ago, this model could provide a more
realistic analysis of the landcover.

One area of this study with significant potential for further investigation lies in the
way that we down-scaled the landcover classification training data. As this process ignores
all but the most common land cover classifications or a given grid box, it is possible that a
significant amount of the miss-classification shown in our model is due to the variability
within each grid box. A set of averaged climatological conditions will not be able to
indicate several different classifications. Although Figure 5 gives insight into the number
of classifications found within a given box, it does not account for the proportion of the
box that each classification impacts. For example; a region that is 55% classification A and
45% classification B will only comprise of two classifications. Figure 6 addresses this issue,
although there may be some overlap between a lack of one dominating classification for
a region, and the model’s ability to predict the classification, it is not clear that this is the
reason for error in prediction. For example, Alaska and Spain are two regions where there
is very little dominance however the model performs well here. This provides confidence
that the spatial scale of this study is appropriate, further work is needed to determine
the optimal spatial scale for this work, however such research would require currently
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unavailable datasets. Additionally, this work does not account for any impacts of the CO,
fertilisation effect, the inclusion here was not not possible due to the short time frame of
the classified data, 1992-2015 which would likely not have displayed significant changes in
due to CO, fertilisation.

Some amount of error is expected in this model, for example it has no knowledge of
forest fires, this may account for some of the error seen in Australia and in the Amazon.
Furthermore, the model has no knowledge of the previous year’s classification or weather,
or bordering classifications. Some weather events, such as droughts or floods, could have
impacts lasting longer than the year in which they occur. Such information may prove
more important as the effects of future climate change become more widely felt. If applied
to the prediction of future land cover classification this model may provide useful insight
into future climates at various spatial resolutions. Land cover classification and land cover
classification change have been shown to have an affect on the climate at relatively small
scales [70] and large scales [71,72].

The results from the F-score analysis indicates that the temperature of a given month
can be less specific, and therefore specificity in temperature is likely less important in
classification determination, than the other variables. These results are for the entire
random forest and for all classification types. A classification such as permanent snow and
ice could rely more heavily on temperature than precipitation, however that would not
be reflected in this piece of analysis. It is interesting that the temperature of the second
month of winter is more than twice as split upon than any other variable, indicating that
this may be the most sensitive variable included in this analysis in deciding the land cover
classification of a region.

Latitude is more split upon than any month’s temperature. Latitude was included as a
proxy measure of seasonality. The apparent sensitivity of this model to this variable lends
weight to its inclusion in more traditional bioclimatic classification schemes. Elevation is
the fifth most split upon variable, this is not a variable typically included in bioclimate
classification schemes, although it may be represented in a combination of temperature and
precipitation, these variables would not fully represent the behaviours of bioclimates at
elevations. This analysis could make a compelling case for the inclusion of elevation in any
future bioclimate classification scheme. The same here is true of topography.

The SHAP analysis was carried out for 5% of the data that the F-score analysis was,
however it produces some very interesting results. Many of the results shown are easy to
understand; for example, high latitudes have a large impact on classification as there is
much less diversity in land cover at extremely high latitudes, whereas mid latitudes have
much less impact on classification. Low temperatures in the middle of summer also have
more of an impact than the same variable in the middle of spring or autumn. Although some
of these results mirror the F-score results, both weight and gain, high rankings for elevation,
latitude, and topography. The SHAP analysis places more importance on temperature
in terms of impact on the model’s output, in a similar indication to the gain feature
importance score. It may be that although the model is more sensitive to the specific values
of precipitation—as it considers this variable more frequently, fewer splits on temperature
often have more impact. For example a single split on summer month 2 temp could
determine a region to be permanent snow and ice.

The individual analysis for the classification of 3.25° § 57.75° W in the Amazon rain
forest reinforces the importance of both latitude and elevation. In Figure 9 precipitation in
the 3rd and 2nd months of autumn are more important than temperature in the model’s
decision. This demonstrates the importance of investigating individual locations and
classifications in addition to the overall model performance. Our classification model could
be used with historic data to explain the cause of previous land cover shifts.

To provide a more comprehensive evaluation of our proposed method, we acknowl-
edge the importance of comparing it with alternative machine learning approaches, par-
ticularly in the context of global land cover models. While this study focuses on the
development and validation of our specific method, a thorough comparison with other
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algorithms such as Support Vector Machines (SVM) and Neural Networks is recognised
as a critical area for future research. This future work will aim to benchmark our method
against these established techniques to further substantiate its efficacy and robustness.

This approach to building a land cover model provides a case for a new technique
for building non-machine learning based models. We provide strong evidence here that
latitude and topography are important factors for determining land cover change. As such,
future, prescriptive, land cover and bioclimatic schemes should include these variables
in their design. This technique for discovering feature importance could be applied to a
large number of prescriptive models where traditional wisdom and inherent biases may be
precluding the inclusion of helpful features.

When we apply the RF model to projected climates as shown in Figure 10 many land
cover transitions are noticed. The boreal forest shifts northwards with warming. There is
almost total dieback of the Amazon rainforest at 4K of warming, interestingly at the same
level of warming the Congo rainforest is predicted to grow, we also see the greening of the
Sahel. The northward march of the boreal forest, Amazonian dieback, and the greening
of the Sahel are all trends predicted to take place under warming scenarios—our model
replicating this behaviour is therefore an indicator of the validity of its results [73-75].
From Figure 11 we see that the predicted rate of global land cover change is 10.96% per
degree of warming. This equates to approximately 17.4 million square kilometres of land
cover change. This is close to a previous estimate of 13% of land cover experiencing a change
in Koéppen-Geiger bioclimate classification per degree of warming [76]. The inclusion of
topography, elevation, and latitude accounts for the failings outlined in many bioclimatic
classification systems like the Whittaker or Koppen-Geiger schemes. Furthermore, this
scheme does not include human bias and arbitrary threshhold values—overcoming many
of the issues of traditional bioclimate schemes.

The impact of human activity is hard encoded into the model based on human impacts
during the 1992-2013 training period. As the model was trained under the influence of
human impact, its resulting predictions also reflect potential human impact. One of the
limitations of this model is that when used for forecasting, or hindcasting, is that it has a
static perception of human impact, as such its past and future predictions will not include
up to date perceptions of human impact. Additionally the model has no awareness of
changes in policy decisions regarding land use. Consequentially, future predictions could
be interpreted as predicted land cover at a level of warming if 1992-2013 land use practices
are followed. This is more relevant for some classifications such as urban and agricultural
classifications than for others such as deserts and the northward shift of the boreal forest.

5. Conclusions

In this study, we identify a new approach to classify bioclimatic zones globally. Using
an XGBoost random forest algorithm and ESA land cover classification data as a proxy
for land cover. The classification of these zones holds importance for ecological and
environmental research, providing insights into climate patterns and their implications
on biodiversity.

Our application of the XGBoost random forest algorithm proved to be successful in
delineating land cover zones with a high degree of accuracy, over 90%. The robustness of
the random forest model demonstrated its efficacy in handling complex spatial data and
capturing patterns in global climatic variations. The results obtained not only contribute
to the existing body of knowledge on bioclimatic zones but also showcase the potential
of machine learning techniques, particularly random forest, in addressing environmental
classification challenges.

We suggest and highlight the importance of several, previously under-considered
variables, for any new potential bioclimatic scheme.

While the random forest approach works with a high degree of success, there are
limitations and avenues for future research. Future studies could explore the integration of
additional environmental variables, such as soil composition, to enhance the precision of
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classification. Furthermore, continuous monitoring and validation efforts would ensure the
accuracy and reliability of the classification results over time.

In conclusion, this research contributes to the growing field of environmental science
by demonstrating the applicability of machine learning techniques, specifically random
forests, in the global, quantitatively informed, classification of bioclimatic zones.
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