
����������
�������

Citation: Xu, C.; Zhang, X.;

Hernandez-Clemente, R.; Lu, W.;

Manzanedo, R.D. Global Forest Types

Based on Climatic and Vegetation

Data. Sustainability 2022, 14, 634.

https://doi.org/10.3390/su14020634

Academic Editor: Ivo Machar

Received: 27 November 2021

Accepted: 4 January 2022

Published: 7 January 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Global Forest Types Based on Climatic and Vegetation Data
Chen Xu 1, Xianliang Zhang 2,* , Rocío Hernandez-Clemente 3, Wei Lu 2 and Rubén D. Manzanedo 4

1 College of Landscape Architecture and Tourism, Hebei Agricultural University, Baoding 071001, China;
xuchen2016@163.com

2 College of Forestry, Hebei Agricultural University, Baoding 071001, China; sanpangzi1228@126.com
3 Department of Geography, Swansea University, Singleton Park, Swansea SA2 8PP, UK;

r.hernandez-clemente@swansea.ac.uk
4 Department of Environmental Systems Science, Institute of Integrative Biology, D-USYS, ETH-Zürich,

8006 Zurich, Switzerland; ruben.delgadomanzanedo@usys.ethz.ch
* Correspondence: zhxianliang85@gmail.com

Abstract: Forest types are generally identified using vegetation or land-use types. However, vegeta-
tion classifications less frequently consider the actual forest attributes within each type. To address
this in an objective way across different regions and to link forest attributes with their climate, we
aimed to improve the distribution of forest types to be more realistic and useful for biodiversity
preservation, forest management, and ecological and forestry research. The forest types were classi-
fied using an unsupervised cluster analysis method by combining climate variables with normalized
difference vegetation index (NDVI) data. Unforested regions were masked out to constrict our study
to forest type distributions, using a 20% tree cover threshold. Descriptive names were given to the
defined forest types based on annual temperature, precipitation, and NDVI values. Forest types
had distinct climate and vegetation characteristics. Regions with similar NDVI values, but with
different climate characteristics, which would be merged in previous classifications, could be clearly
distinguished. However, small-range forest types, such as montane forests, were challenging to
differentiate. At macroscale, the resulting forest types are largely consistent with land-cover types
or vegetation types defined in previous studies. However, considering both potential and current
vegetation data allowed us to create a more realistic type distribution that differentiates actual veg-
etation types and thus can be more informative for forest managers, conservationists, and forest
ecologists. The newly generated forest type distribution is freely available to download and use for
non-commercial purposes as a GeoTIFF file via doi: 10.13140/RG.2.2.19197.90082).

Keywords: forest types; NDVI; AVHRR GIMMS; temperature range; precipitation range

1. Introduction

Forests vary in structure and function across the world. The broad-scale vegetation
units with common formation characteristics, due to similar climates, are known as vege-
tation types [1]. Generally, forest types are derived from vegetation or land use types. In
fact, the first way to define forest types was based on a vegetation classification. Vegetation
types were originally developed based on the idea that similar climates select for similar
plant forms [2], and therefore the resulting types were mostly climate-based. The first
formal climate classification system was defined by Köppen and was also used to predict
the global vegetation distribution [3]. Other systems for delineating types based on climate
variables include Holdridge life zones [4,5], Box models [6,7] and Whittaker’s biome types,
though in the case of Whittaker’s biomes, predefined vegetation unites were mapped onto
a climate space [8,9]. The predicted vegetation produced by biogeographical models (e.g.,
BIOME3 [10], dynamic global vegetation models, and bioclimatic maps [11]), is also mainly
derived from an assumed relationship between functional types and climate variables. The
ecoregions defined by Olson et al. [12] relied on climate data, expert judgment, and species
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assemblages to differentiate certain forest types. By mainly considering climate data, these
methods define forest types that better describe the potential vegetation of an area. They
may, however, fail to correspond with the actual vegetation, since this is defined by the
interaction between the potential vegetation and multiple factors, such as human influence,
species interactions, and biogeographical history.

Forest types were also defined in land-cover classifications. Land-cover classifications
delineate vegetation types based on satellite imagery [13–18]. Functional biomes have also
been defined using vegetation information [19]. Climatic vegetation types, on the other
hand, try to reflect the regional vegetation characteristics in terms of climate by merging
climate and NDVI data, and reveal the actual vegetation distribution, taking advantage of
the positive aspects of both approaches [20]. Although this method showed great promise
in Zhang et al. [20], the coarse resolution of the data, and the limited number of vegetation
types used, resulted in a forest type distribution with relatively low accuracy. The forest
attributes and their linkage to climate were also not well investigated in that study. A
reanalysis and improved definition of the method in Zhang et al. [20] is timely, and it can
provide a useful global forest type cartography that can more accurately represent actual
vegetation distributions.

Different vegetation classifications are useful for different purposes. For example,
climate-based vegetation classifications emphasize the distribution of vegetation types,
while land use classifications highlight the role of land cover and human activity. It is
important, consequently, to clarify the intent of new classifications. Our classification
focuses on forest types, as they have been shown to be reliably characterized using satellite
data [14,16]. An accurate definition of forest types is fundamental for preserving biodiver-
sity [11] and forest ecological research (e.g., for studies that compare and explore the drivers
of large-scale forest productivity [21]). To this end, forest types should reflect the actual
main forest types present in different regions, but this is not guaranteed when using forest
type classification based only on climate. For instance, the main forest type in the Northeast
China Plain is temperate sub-humid broadleaf forest, and it is generally classified as crop-
land in land use and vegetation classifications [22], which does not properly capture the
actual characteristics of the forested ecosystem. Classifications based only on normalized
difference vegetation index (NDVI) values, on the other hand, would not separate different
forest types with similar NDVI values but very different functional compositions [20].
We argue that forest types delineated to reflect the actual forest distribution using both
vegetation and climate data will be more useful for multiple uses, from management to
research [23].

We aim to create regionally and locally coherent maps of the global forest types that
emphasize the forest role in every region, that could be useful for research and applied
forest studies, and flexible enough to be easily updated as climate change or human actions
alter the characteristics or distribution of forest types. To this end, we combined vegetation
and climate data to refine the definition of forest types. Then, we compared NDVI values
between different forest types to investigate how well these forest types were separated in
our method.

2. Materials and Methods
2.1. Vegetation Data

NDVI is the most commonly used vegetation index to represent vegetation greenness.
Monthly NDVI data at 8 km resolution were retrieved from the Advanced Very High
Resolution Radiometer-based Global Inventory Modelling and Mapping Studies (AVHRR-
GIMMS) dataset (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/, accessed on
1 July 2021) for 1982–2013 [24]. The data have been processed to reduce effects of navigation
errors, major volcanic eruptions, and orbital drift of older satellites [25]. AVHRR-GIMMS
NDVI product was found to be useful for studying linkage between land surface phenology
and climate over wide range of vegetation [24]. NDVI values range from −1 to 1, where
negative values represent an absence of vegetation and positive values indicate vegetated

https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/
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land. The average monthly NDVI values from 1982 to 2013 were used to reflect the mean
state of vegetation dynamics.

Enhanced vegetation index (EVI) enhances the vegetation signal with improved sensi-
tivity in high biomass regions. Monthly EVI data at 8 km resolution were retrieved from
the website (https://www.usgs.gov/land-resources/nli/landsat/, accessed on 1 July 2021).
EVI data were tested as a replacement for NDVI data.

2.2. Climate Data

We used a global gridded climate dataset with a spatial resolution of 1–18 km2 [26]. We
used the average monthly values of mean temperature and total precipitation for 1970–2000
at a resolution of 8 km2, to match the resolution of NDVI data [26] (http://worldclim.org/
version2, accessed on 1 July 2021).

Although the timespan of the climate data (1970–2000) slightly differs from that of
the NDVI data (1983–2013), this climate dataset has been widely used as a reliable high-
resolution climate dataset in bioclimatic studies [27,28]. In addition, the main purpose
of this climate data is to reflect the long-term mean state of the climate for a comparable
period to that of the forest type classification, and thus we do not expect time coverage
differences between NDVI and climate data to affect our results.

2.3. Forest Type Classification

K-means method [29] had been proven to be an effective method in defining climate
types, climatic vegetation types, and different forest types (e.g., [30–34]). The K-means
method is an unsupervised clustering method that separates multivariable data into a given
number of clusters according to their distances to the center of the clusters. Four steps
are involved in implementing the algorithm. First, k centroids are randomly selected as
initial centroids if the data are supposed to be classified into k groups. Second, each point is
allocated to its nearest centroid. Third, the k centroids are recalculated and assigned as new
centroids. Finally, steps two and three are iterated until the centroids are stable. Supervised
classification methods, such as random forest, require training data to classify the forest
types. However, the outcome of classification was not prior known before classification.
Therefore, K-means method is more suitable to be used in forest type classification than
supervised methods because it performs without training data.

NDVI is widely used to define vegetation types and land use types (e.g., [14–17]).
Forest types with similar NDVI values were inspected using climate data to check climate
differences in vegetation with similar NDVI. Consequently, our final forest type classifi-
cation is based on monthly mean temperature, total precipitation, and NDVI data. The
main advantage of this combinative approach is that types with similar NDVI values under
different climate conditions can be separated.

Monthly mean temperatures in all the grid cells were listed in one row and arranged
by 12 months to be an n × 12 matrix, as well as monthly total precipitation and NDVI. The
precipitation was log-transformed to reduce the influence of unit as precipitation ranges
from 0 to over 8000 cm. Hence, monthly mean temperature, total precipitation, and NDVI
values were combined in an n × 36 matrix, X: T11 · · · T1m P11 · · · P1m NDVI11 · · · NDVI1m

...
...

...
...

...
...

...
...

...
Tn1 · · · Tnm Pn1 · · · Pnm NDVIn1 · · · NDVInm

 (1)

where T is monthly mean temperature, P is monthly mean precipitation after being log-
transformed, NDVI is monthly NDVI value, m corresponds to the month number, and n is
the number of all the grid cells in the global land area, except Antarctica. As the seasonal
cycle of climate and vegetation in the Southern Hemisphere is opposite to that in the
Northern Hemisphere, T, P, and NDVI in the Southern Hemisphere were adjusted to their
corresponding months in the Northern Hemisphere, to make them comparable (see [20]).

https://www.usgs.gov/land-resources/nli/landsat/
http://worldclim.org/version2
http://worldclim.org/version2
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Then, the n columns were classified into k clusters based on the monthly multivariable
attributes. The classification was implemented using stats package in R software [35].

Climate variables were rescaled to eliminate the potential influence of combining
multiple units, using the following formula:

Zi =
xi − min(X)

max(X)− min(X)
(2)

where Zi is the standard index, with a scale from 0 to 1, X is a variable, xi is every value in
X, and max(X) and min(X) are the maximum and minimum X values, respectively.

A shortcoming of the K-means method is that the number of clusters should be de-
fined beforehand. In our case, we chose to follow the number of forest types used by the
GlobCover land-cover classification, created by the European Space Agency, which identi-
fied 12 different types related to forest. The resulting forest types were given descriptive
names based on their annual temperature, precipitation, and NDVI values, trying to reflect
the forest attribute and corresponding climatic conditions in each of them. The climatic
modifiers in the names were designated following the criteria described in Table 1. Whether
the tree cover was evergreen or deciduous was determined by the variation in monthly
NDVI values and the related references [14,36,37]. The NDVI was low in winter if the type
is dominated by deciduous trees.

Table 1. Criteria used to assign forest type names.

Climate Variables Label Criteria

Annual Temperature (◦C)

Tropical >20
Sub-Tropical (10, 20]
Temperate (0, 10]
Sub-frigid (−5, 0]

Frigid (−15, −5]

Annual Precipitation (mm)

Rain >2000
Moist (1200, 2000]

Humid (800, 1200]
Sub-humid (400, 800]

Semiarid (200, 400]

We masked out ‘no forest’ regions to constrict our forest type distributions, using forest
cover data [38]. Regions with lower than 20% tree cover were considered ‘no forest’. This
matches the forest definition of the National Forest Inventory for forest inventory [39] and
had been used previously in nearby studies [40,41]. The FAO forest definitions entail some
flexibility regarding the tree cover threshold between 10% and 30%, creating a non-uniform
definition for forest types [42]. While the 10% canopy-cover threshold in FAO’s definition
has been used in some studies [43,44], it has also been criticized for including wooded
grassland ecosystems [45], which have markedly different ecosystem dynamics. We decided
to use a 20% minimum tree cover threshold, as it has been used for defining forest regions
before [43,44]. It is important to note that the threshold used for defining forests will
likely influence the definition and classification of forest types [42]. Thus, the research or
management goal should be considered carefully when using a type classification, paying
particular attention to the forest definition used.

The sensitivity of the global forest classification to the selected variables and the spatial
resolution of selected variables were tested by changing the selected variable and changing
the spatial resolution of selected variables.

We compared the resulting type distribution with the GlobCover land use maps
(http://due.esrin.esa.int/, accessed on 1 July 2021). We also classified the forest type based
on climate and EVI data to test whether EVI was a better vegetation indication than NDVI.

http://due.esrin.esa.int/
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2.4. Climate Conditions in Every Forest Type

After classifying the forest types, we calculated the annual mean temperature, to-
tal annual precipitation, and mean NDVI value for every forest type to highlight their
differences.

3. Results
3.1. Distribution of Forest Types

Twelve forest types were classified based on 8 km monthly NDVI, temperature, and
precipitation data using the K-means method (Figure 1). Both vegetation and climate
characteristics differed between different forest types (Table 2). The forest types were
named based on their annual temperature, precipitation, and NDVI values (Table 2). We
derived eight satellite images from Google Earth to compare our defined forest types in
eight sites (Figure 2). The site pictures reflected the forest conditions in their defined forest
types well. The other four types were not shown for the lack of photos.
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Table 2. Forest types and their annual NDVI values, temperature (◦C), and precipitation (mm).

Code Type Mean Annual NDVI Mean Annual
Temperature (◦C)

Total Annual
Precipitation (mm)

1 Tropical rainforest 0.72 ± 0.09 25.2 ± 1.9 2404.6 ± 677
2 Tropical moist forest 0.69 ± 0.08 24.5 ± 2.0 1644.5 ± 512
3 Tropical humid forest 0.59 ± 0.07 23.5 ± 2.7 1096.9 ± 394
4 Sub-tropical moist broadleaf forest 0.70 ± 0.08 14.0 ± 3.8 1490.9 ± 577
5 Sub-tropical humid broadleaf forest 0.58 ± 0.10 19.2 ± 4.3 1094.9 ± 390
6 Sub-tropical sub-humid broadleaf forest 0.60 ± 0.12 13.5 ± 3.6 732.3 ± 296
7 Temperate humid broadleaf forest 0.58 ± 0.07 6.3 ± 2.7 913.2 ± 402

8 Temperate sub-humid broadleaf and
needleleaf mixed forest 0.40 ± 0.05 1.2 ± 2.5 639.9 ± 234

9 Sub-frigid sub-humid broadleaf and
needleleaf mixed forest 0.56 ± 0.04 −0.1 ± 2.3 567.9 ± 144

10 Sub-frigid semiarid coniferous forest 0.42 ± 0.05 −3.6 ± 2.7 437.4 ± 200
11 Sub-frigid sub-humid coniferous forest 0.28 ± 0.06 −4.4 ± 2.2 547.3 ± 145
12 Frigid semiarid coniferous forest 0.27 ± 0.05 −10.1 ± 2.4 323.7 ± 91
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Figure 2. Comparison of our forest types with Google Earth images in eight ground-truth points. ID
represents the photo site TL (14.5◦ N, 101.5◦ E), NJ (31.1◦ N, 118.8◦ E), (XS (21.9◦ N, 101.2◦ E), HF
(42.5◦ N, 72.15◦ S), QY (41.8◦ N, 124.9◦ E), CB (41.9◦ N, 127.8◦ E), GH (50.8◦ N, 121.5◦ E), CA (57.8◦ N,
76.1◦ S). Type ID was same as that in Table 2. The red color marked the location of photo site. The
other four types were not listed due to our lack of photos for them.

3.1.1. Tropical Forests

Forest types 1 to 3 are tropical forests. Type 1 is along the equator. The local vegetation
is rainforest; therefore, it is designated as a tropical rainforest. Type 2 is generally adjacent
to type 1; however, the precipitation has stronger seasonal variations (Figure 3). The
precipitation in type 2 is lower than that in type 1, so we designated it as a tropical moist
forest. The vegetation in type 3 is sparse forest, and it is a tropical humid forest.
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Figure 1. The type colors are same as those in Figure 1.

3.1.2. Subtropical Forests

Forest types 4 to 6 are subtropical forests. Broadleaf forests are the main landscapes.
Type 4 includes mainly broadleaf forests in southeastern China and southeastern America
and is termed a subtropical moist broadleaf forest. Type 5 includes broadleaf forests in
southwestern China and it is a subtropical humid broadleaf forest. Type 6 is referred to as a
subtropical sub-humid broadleaf forest and is located in the Mediterranean and western
North America.
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3.1.3. Temperate Forests

Forest types 7 to 8 are temperate forests. The types include a broadleaf forest and
mixed forest. Type 7 includes a temperate forest in northeastern America and western
Europe, termed a temperate humid broadleaf forest. Type 8 is a temperate sub-humid
broadleaf and needleleaf mixed forest and is located in central Europe and Canada.

3.1.4. Sub-Frigid Forests

Forest types 9 to 11 are sub-frigid forests. Type 9 is mixed with Type 8, but had a
lower temperature than type 8, and it is designated as a sub-frigid sub-humid broadleaf
and needleleaf mixed forest. Type 10, a sub-frigid semiarid coniferous forest, includes
the coniferous forest in southern Russia and northwestern Canada. Type 11, a sub-frigid
sub-humid coniferous forest, is located in northern Eurasia and northern Canada.

3.1.5. Frigid Forests

Forest type 12 is a frigid forest with coniferous trees. A deciduous coniferous forest
is the typical vegetation in northern Russia, so type 12 is a denominated frigid semiarid
coniferous forest.

3.2. Robust of Forest Type Classification

Global forest classifications based on bioclimatic variables, including annual mean
temperature, mean diurnal range, isothermality, temperature seasonality, max temperature
of the warmest month, min temperature of the coldest month, the temperature’s annual
range, mean temperature of the wettest quarter, mean temperature of the driest quarter,
mean temperature of the warmest quarter, mean temperature of the coldest quarter, annual
precipitation, precipitation of the wettest month, precipitation of the driest month, precipi-
tation seasonality, precipitation of the wettest quarter, precipitation of the driest quarter,
precipitation of the warmest quarter, and precipitation of the coldest quarter, produced
forest types that had distinct climate and NDVI characteristics with above classification
(Figure S1). Global forest types, classified based on maximum and minimum temperatures,
total precipitation, and NDVI, are similar to those classified based on mean temperature,
total precipitation and NDVI. Global forest types based on a 0.17 × 0.17◦ resolution mean
temperature, total precipitation, and NDVI had similar results with those based on a
0.08 × 0.08◦ resolution dataset. However, global forest classification could not be well
conducted based on a 0.5 × 0.5◦ resolution dataset. Therefore, our classification produced
robust results on global forest classification.

3.3. Climatic Control on Global Distribution of Forest Types

Forest types sharply differed in their monthly NDVI signatures (Figure 3). Rainforests
and moist forests had high NDVI values throughout the year. Evergreen broadleaf forests
had NDVI values greater than 0.4. Broadleaf forests and mixed broadleaf forests had low
NDVI values in winter because of fallen leaves from the broadleaf trees. NDVI values in
evergreen broadleaf forests ranged from 0.4 to 0.8. The winter NDVI values were lower
than 0.05 in the frigid types, even in evergreen needleleaf forest.

In general, forest types showed good differentiation and clustering in regard to tem-
perature, precipitation, and vegetation parameters (Figure 4). Including the NDVI resulted
in tighter and more compact forest type definitions than those of classifications based
uniquely in precipitation and temperature, which showed blurred limits between forest
types and discontinuous climatic envelopes (Figure 4). The temperature range of every
forest type was roughly consistent with the criteria which we defined to describe the name
of the forest type, and most forest types corresponded with wide precipitation ranges
(Figure 4).
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How NDVI values and climate attributes vary between forest types is illustrated
using the example of the location of tropical and tropical monsoon rainforests (Figure 5).
This example shows that the annual mean NDVI value of the tropical rainforest is much
higher than that of the tropical monsoon rainforest (Figure 5B), as well as differing in the
distribution patterns of annual mean temperature and total precipitation (Figure 5C,D).
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Figure 5. The boundary between tropical rainforest and tropical monsoon rainforest defined in our
study (A), and the distributions of NDVI values (B), annual temperature (◦C, C), and annual total
precipitation (mm, D) in these regions. The type colors are same as those in Figure 1.

Our method correctly identified both forest types. The comparison of our defined
forest types with the GlobCover land-cover maps showed that the corresponding types
were roughly distributed in similar regions (Figure S2). However, there are important
differences between our classification and previous classifications at fine scales. The forest
types defined based on climate and EVI data were not classified well, compared with those
defined based on climate and NDVI data (Figure S3). For instance, the tropical rainforest
was divided into two different types when compared with other vegetation classifications.
Given the less spatially-consistent grouping when using EVI data, we considered this a less
suitable option for the classification of forest types than NDVI data.

4. Discussion

We produced a high-resolution global forest type cartography, delineated using the K-
means clustering method based on monthly NDVI, temperature, and precipitation data. In
previous studies, forest types have been identified as potential vegetation based mainly on
climate data (e.g., [3,6,10]), or as actual vegetation based on satellite imagery (e.g., [14,16]).
By contrast, here we used a forest type definition that we believe is closer to the modern
concept of type (discussed in [23,46]) by considering not only climate variation, but also
the patterns of monthly changes in the actual vegetation. There were clear differences in
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the monthly variations of NDVI values, temperature, and precipitation between forest
types. Compared to a climate-based classification, also considering NDVI values has the
advantage of reflecting the realized rather than the potential types. The example of Africa
in Figure 5 stresses this, showing how two tropical forest types could be well separated
when we also consider NDVI as vegetation data. However, overall, our classification is still
highly consistent with climate-based forest types and should be seen as a refinement of
them, rather than a challenge to previous work.

There are clear differences in interpretation between our forest type classification and
other vegetation classifications. Vegetation or land-cover-based classifications highlight
the vegetation or land physical attributes, while our forest types emphasize the forest
attributes. In addition, land cover classifications include human-transformed vegetation,
such as pasture and urban buildings [47], while we masked out human-created types
when identifying the forest regions. There is no detailed information on the forest types
defined using land-cover and vegetation classification. Our classification improves the
detail in forest types and contains more information on forest types than other vegetation
classifications.

Our classification seems to accurately identify known forest ecosystems, whose cli-
matic definitions were well separated. This is particularly important for distinct forest types
that share similar NDVI values. For instance, we could clearly identify known sub-divisions
of the boreal forest that could not be differentiated in an objective way using only climate,
i.e., sub-frigid sub-humid deciduous coniferous forests, frigid semiarid coniferous forests,
and sub-frigid sub-humid broadleaf and needleleaf mixed forests, clearly distinguishing
sub-frigid from frigid coniferous ecosystems. The main difference between sub-frigid
semiarid coniferous forests and frigid semiarid coniferous forests is that the main forest
ecosystem in the former type is the larch-dominated bright coniferous forest while the
sparse larch trees with shrub dominate in the latter forest type.

An important feature of our model is that it includes a dynamic definition of forest
types. Since the NDVI is a characteristic of the vegetation and changes every year, the
forest types defined by the NDVI can change with time, as the main vegetation evolves, or
as a response to changing climate (e.g., [48]). That way, it is possible to regularly update
the forest type classification, to keep the forest types accurate and to study the effect that a
changing climate has on forested landscapes. However, in the short- and medium-timescale,
we expect these forest types to be quite stable due to the rather stable signal of the long-term
climate data (compared with a NDVI-only model).

It should be noted that there are some forest types that are not only determined
by climate but also by edaphic and/or hydrological conditions, such as dry forests (vs.
wooded grassland), riverine forests and swamp forests, which our approach is not able to
differentiate. Another main limitation of our classification is that forest types occupying a
small region (i.e., with an extension lower than that provided by the macroclimate data
products we used), and those not having a distinct NDVI and climate to nearby forest types
would be merged into nearby forest types. Tropical and temperate montane forests were
not picked up by our clustering analysis, likely due to their limited spatial extension and
lack of climate data resolution. Increasing data resolution across the world will alleviate
this problem. Alternatively, including a proxy for ‘montane conditions’, such as, perhaps,
relative elevation or a combination of solar radiation and exposition, would aid in this goal.

It is not easy to make a one-on-one comparison between forest type classifications
because they differ in the number of types they consider, they are based on different datasets,
and are designed for different purposes [19]. While there are important differences between
our classification and previous classifications on fine scales, on a large scale our forest types
tended to largely agree with corresponding land-cover types or vegetation types defined
in previous studies [14,16]. GlobCover forest types had a high large scale agreement with
ours (Figure S2). However, using better datasets, updating our methods, and including a
larger number of types improved our ability to correctly identify the boundaries between
different forest types at a finer scale. We also included self-descriptive forest labels, rather
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than types based on climate notation. These labels are easier and more intuitive to interpret
for non-scientists. The result is a more accurate distribution of forest types, which will
hopefully be more suitable for forestry and biogeographic studies.

5. Conclusions

We developed here a high-resolution global forest type classification cartography
by integrating NDVI, temperature, and precipitation data. These forest types are largely
consistent with previous type definitions, but also take explicitly into account the actual
vegetation and their growth patterns. The distribution of forest types is freely available in
(doi: 10.13140/RG.2.2.19197.90082, currently available in Figure S4).

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/su14020634/s1, Figure S1: Global forest classifications with changing selected variables and
the spatial resolution of selected variables. Global forest classification based on NDVI and bioclimatic
variables (annual mean temperature, mean diurnal range, isothermality, temperature seasonality, max
temperature of the warmest month, min temperature of the coldest month, temperature annual range,
mean temperature of the wettest quarter, mean temperature of the driest quarter, mean temperature
of the warmest quarter, mean temperature of the coldest quarter, annual precipitation, precipitation
of the wettest month, precipitation of the driest month, precipitation seasonality, precipitation of
the wettest quarter, precipitation of the driest quarter, precipitation of the warmest quarter and
precipitation of the coldest quarter) (A), and classification based on maximum and minimum temper-
atures, precipitation, water vapor pressure, and NDVI data (B), and global forest classifications based
on mean temperature, total precipitation, and the NDVI from 0.17 × 0.17◦ (C) and 0.5 × 0.5◦ (D)
resolution dataset. Figure S2: Comparison between our forest types with the GlobCover land-cover
map. Figure S3: Forest types defined based on climate and EVI data. The type colors are the same as
those in Figure 1, but some types do not overlap with those in Figure 1, and they are marked with
different colors. Figure S4: The GeoTIFF file for our forest types.
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