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Discretization of global climate simplifies the spatial variability of climates. The Köppen–Geiger classification (KGC), and
more recently, clustering of global climate grids, discretize the
landmass into several zones corresponding to qualitatively distinct climate types. However, quantitatively, in terms of local
climatograms, such zones have significant climatic variability.
In this paper, we propose a segmentation of the global climatic
grid as a means to delineate contiguous segments – spatial units
characterized by quantitatively homogeneous climates. The level
of segments’ climatic homogeneity is controlled by a single parameter δ whose value determines a maximum allowable level of
segments’ inhomogeneity. Segmentation is implemented using a
graph-based segmentation algorithm customized to the climatic
data. Application of segmentation with three different values of δ
is demonstrated on the WorldClim 1.4 2.5 arc minutes resolution
data. Major uses for climate segmentation are: (a) precise delineation of highly homogeneous, local climatic units, (b) checking
to what degree delineation of vegetation zones can be based on
climate alone, and (c) data compression of large climatic grids.
The first use is demonstrated using the island of Great Britain as
an example. The second use is demonstrated by the juxtaposition of KGC zones with segments. We discuss the third use in

Abbreviations: KGC, Köppen–Geiger classification; SCU, spatial climate units; DTW, dynamic time warping; NPP, net primary productivity.
*† Equally contributing authors.

1

2

PAWEL N ETZEL AND T OMASZ S TEPINSKI

the context of using segmentation as a preprocessing to climate
clustering.
Keywords — global climate regionalization, segmentation,
local climates, vegetation zones
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INTRODUCTION

Global climate is a spatially continuous phenomenon, albeit with widely varied scales of variability. It is convenient to discretize
this continuum into regions of approximately the same climates. Climate discretization simplifies the spatial variability of
climates into a form that is more meaningful and easier to analyze. There are several different ways the climate can be discretized,
but the only one discussed in the literature is a climate classification. The purpose of global climate classification is to divide
the surface of terrestrial landmass into climatic zones. Until now climate discretization was performed by either heuristic
classification – a technique rooted in natural science [1, 2, 3] or clustering – a technique rooted in data science [4, 5, 6, 7].
The most widely used technique of global climate regionalization is a heuristic classification, specifically, the Köppen-Geiger
classification (KGC). It reflects decades of environmental and geographic research. The KGC [1] relies on heuristic decision
rules that can be summarized in the form of hierarchical classification [8]. It identifies five, thirteen, or thirty broadly-defined
climate types, depending on the level of the hierarchy. The original objective of Köppen and Geiger was to classify vegetation
zones based on temperature and precipitation patterns alone [4]. In the KGC classification, the boundaries of climate types are
described using inequality relations between climatic variables optimized to coincide with boundaries between various vegetation
types. There is no concept of pointwise climate nor the definition of a distance between two pointwise climates. For these
reasons, we refer to KGC climate types as being qualitatively homogeneous with respect to climate. To make this characterization
more concrete Fig.1 shows the map of the world with the KGC zone Cf (“temperate climate without dry season”) indicated by
green color. This zone is not contiguous, it consists of several separate parts. Fig.1 shows a climatogram for each such part. It is
clear that the quantitatively the climate in each part is different but they all can be broadly (qualitatively) characterized as “the
temperate climate without a dry season.”
The availability of high-resolution worldwide grids of climatic variables makes it possible to introduce notions of pointwise
climate (climate at the single cell in a grid) and a climatic distance between any two cells in a grid. This led to the use of data
clustering techniques to divide all cells in a grid into several clusters [4, 5, 7] so the climates within the same cluster are more
similar to each other than climates taken from two different clusters. Clustering is an optimal division of climate data points into
a number of clusters. However, a degree of climatic homogeneity of clusters is not the explicit goal of clusterings used in the
climate context; a cluster can be quite inhomogeneous [7] especially if the data is clustered into a small number of clusters (as is
the case in all climate clustering studies). As a result, clusterings of global climate data yield partitioning somewhat similar to
the KGC and the resulting clusters can also be characterized as being only qualitatively homogeneous with respect to climate.
Thus, neither KGC nor data clustering can perform the task of partitioning global climate data into contiguous spatial
units characterized by quantitatively homogeneous climate. “Quantitatively homogeneous” spatial unit means that the values
of climatic distance between any two cells in the unit are below a given threshold or, that climatograms at all cells in the units
can only depart from each other to a certain, a priori prescribed, degree. Such a task can be performed using a technique called
segmentation. Analogous to the technique employed in image analysis, climate segmentation partitions the entire climatic grid
into a mutually exclusive and exhaustive set of contiguous, quantitatively homogeneous segments.
In the context of climate, we will refer to segments as spatial climate units or SCUs. An objective of a segmentation
algorithm is to produce SCUs which internally are as climatically homogeneous as possible and, externally, as climatically
different from their neighbors as possible. A level of climatic inhomogeneity between grid cells in a given SCU is controlled by
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F I G U R E 1 Illustration of inhomogeneity of KGC zones in terms of a climate defined as long-term averages of annual
temperature and precipitation runs. The geographical location of the KGC zone Cf (temperate climate without dry season) is
mapped in green color. Climatograms for seven locations within the Cf zone show that long-term averages of annual temperature
and precipitation runs vary widely from one location to another despite all locations being in the Cf climatic zone. Climatograms
are shown as twelve points on the temperature-precipitation diagram corresponding to twelve months; the green dot indicates
January, the yellow dot indicates February, red dots indicate remaining months.

the segmentation algorithm’s merging threshold parameter that could be set to a lower or higher value depending on the need.
Also, adjacent SCUs should have perceptibly different climates. The number of segments is not a priori set, instead, it arises from
the data and the value of the merging threshold parameter. Climate segmentation is well-suited for the following tasks: (a) precise
delineation of highly homogeneous, local climatic units, (b) checking to what degree delineation of vegetation zones can be
based only on climate (like in the KGC), (c) compression of large climatic grids to an order of magnitudes smaller set of SCUs.
In this paper, we demonstrate how segmentation can be applied to a global climatic grid to obtain a set of SCUs. In section
2 we describe the methodology and the data to which we apply the methodology to demonstrate the concept. In section 3,
we present the result of the segmentation of WorldClim 1.4 global grid of climatic variables. We then check whether SCUs
are indeed climatically homogeneous and show the juxtaposition of the map of KGC zones with the map of SCUs. We also
demonstrate the ability of segmentation to yield more specific maps of climate types using the island of Great Britain as an
example. Discussion and conclusions follow in section 4.

2

|

DATA AND METHODS

We use a monthly sum of precipitation P and average temperature T from WorldClim 1.4 (http://www.worldclim.org) 2.5 arc
minutes (∼5 km at the equator) global grid of climatic variables. These data are long-term averages calculated from measurements
taken between 1960 and 1990 in a worldwide network of climate stations and interpolated to the grid. Data has been normalized
using the procedure described in detail by [7]. A climate for a given grid cell, labeled i , is mathematically represented by a
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F I G U R E 2 The graph representation of the climate grid and its segmentation. (A) Grid of cells, each dot represents a local
climate C i in the form of bivariate cyclic time series. (B) The graph is constructed by connecting each cell with its four
neighbors (4-connectivity).Cells become graph’s nodes and connections (links) become graph’s edges. An edge between C i and
C j carries a weight equal to d (C 1,i , C 2,j . (C) Minimum spanning tree (MST) calculated from the graph. (D) MST after
removing edges with a weight larger than the threshold. (E) Final segmentation, segments are depicted by different colors.

bivariate cyclic time series denoted by C i = { (Ti 1 , Pi1 ), ..., (Ti 12 , Pi12 ) }, where the time series progresses through 12 months.
Variables Ti t and Pit are normalized (see [7] for details of normalization procedure), so temperature and precipitation contribute
equally to the climate representation. Time series representation of climate has the advantage over the vector representation of
taking into consideration month-to-month sequencing information.
To measure dissimilarity, d (C m , C n ), betweenq
two climates we use a time-shift invariant version of the Euclidean distance
Í12 2 k k
k =1 d (C 1 , C 2 ), between C 1 and C 2 is calculated twelve times. During

[7]. To calculate d the standard Euclidean distance,

this calculation the time series representing C 1 is kept unchanged whereas the time series representing C 2 undergoes a cyclic shift
in the sequence of months. The d (C 1 , C 2 ) is the minimum of the twelve calculated values. This ensures that the dissimilarity
between two C 1 and C 2 is independent of time shift in their seasons. Such a dissimilarity function is a computationally efficient
approximation of the dynamic time warping (DTW) distance [9].
√
A theoretically possible range of dissimilarity function’s values is between 0 and 24 ≈ 4.9. The maximum dissimilarity
would be between a climate that is maximally cold and maximally dry and a climate that is maximally hot and maximally wet.
However, because we mostly (but not always) calculate dissimilarity of nearby climates, the dissimilarity is much smaller than its
maximum theoretically possible value due to spatial autocorrelation of temperature and precipitation variables. Hereafter, we
refer to a dissimilarity measure as a “distance.” Distance d facilitates a holistic comparison of two climates taking into account
not only the values of Ti and Pi , i = 1, . . . , 12 in the two locations but also their month-to-month progression over twelve months.
Distance d is designed to be small when observers at the two locations experience similar progression and character of seasons.
Any segmentation algorithm requires not only a formula for distance between two cells but also a formula for “a linkage” –
a distance between two segments. We use the so-called average linkage [10] given by

D (S 1 , S 2 ) =

k1 k2
1 ÕÕ
d (C 1,i , C 2,j )
k 1k 2

(1)

i =1 j =1

where segment S 1 consists of k 1 cells labeled C 1,i , i = 1, . . . k 1 and segment S 2 consists of k 2 cells labeled C 2,j , j = 1, . . . k 2.
Values of D (S 1 , S 2 ) have the same range as values of d .

2.1

| Segmentation algorithm

Numerous segmentation techniques, based on a variety of different principles, were proposed in the literature [11, 12, 13, 14]
each having its advantages and disadvantages. In general, a segmentation algorithm needs to be reliable which means that
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segments’ shapes and sizes should correspond to actual objects (extents of locally homogeneous climates). In practice, it
means that obtained segments should be internally homogeneous and externally isolated (each cell in a segment should have
roughly the same climate which stands out from climates in neighboring segments). In addition, when working with large
datasets, the segmentation method should be computationally efficient. Given the large size of the global climatic grid, we use a
climate-specific modification of the graph-merging segmentation algorithm [15].
A graph is a data structure made of nodes and edges connecting the nodes. In our case nodes are the cells in a climate grid
and edges are links between each cell and its immediate neighbors to north, east, south, and west (von Neumann neighborhood).
The climate grid of cells is converted to a graph structure whereby cells become graph’s nodes and an edge between nodes C i
and C j carries a weight equal to d (C 1,i , C 2,j ) (Fig. 2 A and B). Thus, in a graph-based approach to grid segmentation, spatial
relations between cells are fixed by the edges of the graph, and climate proximity relations are given by weights assigned to the
edges. As the weights between nodata cells (oceans) and data cells are set to 0, continents and islands form isolated subgraphs
disconnected from the rest of the graph.
A graph is preprocessed before it is segmented. First, it is converted to a minimum spanning tree (MST) [16]. MST is a
subset of all edges of a graph that still connects all the graph nodes (cells) and has a minimum possible total edge weight (Fig. 2
C). Second, edges with weights greater than the segmentation threshold are removed. These two steps simplify the graph structure
by reducing the number of edges and breaking a graph into several smaller subgraphs (Fig. 2 D). In fact, our preprocessing
alone is tantamount to the well-known image segmentation technique [17]. However, note that although all weights (distances
between climates in neighboring cells) in a subgraphs are smaller than a threshold, distances between climates associated with
non-neighboring cells within a subgraph can be larger than a threshold. For a segment to be considered homogeneous climatic
distance between all possible pairs in a segment must be below the threshold. Thus, we need to further partition each subgraph
into smaller subsubgraps that fulfill homogeneity condition. This is achieved with two additional steps: sorting edges in a
subgraph and merging segments.
In the first step, the set of edges in a subgraph is sorted in ascending order by their weights. That step determines the order of
merging cells into segments. After sorting, the merging procedure is run. All nodes are assumed to be single-element segments.
The merging starts from most uniform areas and is dependent on values of climatic distances. Each pair of segments with a
distance less than the threshold is merged and creates a new node of the graph. The list of edges left after the first round of
merging is modified in accordance with changed neighborhood relations. The process is repeated until no further merging is
possible (Fig. 2 E). Note that at each step we use the same threshold thus assuring that distances between any two cells in the
final segment are smaller than a threshold. In the postprocessing step, segments smaller than 5 cells are merged with most the
similar, bigger segment. This step may increase the inhomogeneity of some segments.

2.2

|

Inhomogeneity and isolation

After all SCUs are delineated by the segmentation algorithm with a given value of D t h , the quality of segmentation is assessed
using two metrics, inhomogeneity, and isolation. Inhomogeneity pertains to intra-SCU variability of climates. It is a property of
a single SCU; it measures a climatic variation within the SCU. We use an average distance between all distinct pairs of at-cell
climates in an SCU as a measure of inhomogeneity. For a SCU S = {C 1 , . . . , C k 1 } the inhomogeneity is given as:

δ (S ) =

ÕÕ
1
d (C i , C j )
k 1(k 1 − 1)
i

(2)

j ,i

as there is k 1(k 1 − 1) distinct pairs of at-cell climates in the segment S . Values of δ have the same range as the values of
d . Small values of δ indicate that all at-cell climates in the SCU represent very similar climate and the SCU is quantitatively
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Af

segment 5904
3009 cells
δ=0.25, γ=0.48

climate distance d
0 0.25 0.5 0.75 1

segment 6371
4563 cells
δ=0.27, γ=0.47

F I G U R E 3 (Top row) Segmentations of South America into SCUs using values of D t h equal to 0.2, 0.4, and 0.6,
respectively. SCUs are identified by random colors. (Top row rightmost) The map of segments extracted from the 13-classes
KGC over South America is also shown by random colors. (Bottom row) SCUs (black boundaries) are superimposed on the
KGC zone Af in South America (red boundary). (Bottom row left) Map of climate distance d between a reference local climate
at the cell located in the middle of segment 5904 (red dot) and other climates within the Af zone. (Bottom row right) Map of
climate distance between a reference local climate at the cell located in the middle of segment 6371 (red dot) and other climates
within the Af zone.

climatically homogeneous (at the level corresponding to the selected value of D t h ). Values of δ have the same range as values of
d.
Isolation pertains to a level of dissimilarity between a focus SCU and adjacent SCUs. It is a property of a single SCU; it
measures how distinct is a climate in a given SCU from surrounding climates. We measure isolation (Eq.3), denoted by γ (S ), as
an average linkage (Eq.1) between the focus SCU and all adjacent SCUs. Large values of γ indicate that a focus SCU is indeed a
spatial unit in the sense that its climate is distinct from surrounding climates. Note that values of δ and γ can also be calculated
for any division of the global climate including the KGC.

γ (S ) =

1Õ
D (S, S i )
k
i

where k is a number of segments adjacent to the segment S . Values of γ have the same range as values of d .

(3)
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RESULTS

We run the segmentation algorithm on the WorldClim 1.4 2.5 arc second climatic data described in section 2 using three different
values of threshold D t h , 0.2, 0.4, and 0.6. To give a better idea of how the results of segmentation depend on the value of D t h
Fig. 3 shows South America segmented using three different values of D t h . Segments of the 13-zones KGC are also shown for
reference. We observe that increasing the value of D t h , thus relaxing the homogeneity of climate requirement, results in larger
segments. This raises the question as to the choice of a free parameter D t h . There is no unequivocal answer to this question.
However, since the objective is to delineate areas having homogeneous climates, this points to a small value of D t h , perhaps
D t h = 0.2. It may be difficult to have an intuition as to what D t h = 0.2 means for the homogeneity of climates. Readers with a
personal familiarity with climates in the United Kingdom can consult Fig. 6. The background in this figure visualizes a climatic
distance d between the city of London and all other locations on the island of Great Britain. Other readers can explore the
similarity/dissimilarity of climates worldwide using the online application (http://climateex.urk.edu.pl) [18].
In the case of South America, segmentation with D t h = 0.2 results in a large number of highly homogeneous segments.
Note, a large number of segments in the Amazon region which is covered by a single KGC zone Af – “tropical rainforest
climate.” The segmentation divides this region into a number of smaller patches because of the variability of precipitation values.
Precipitation and its annual variability changes from west to east, even if, in a broad sense, precipitation is high across the
entire Af zone To keep segments quantitatively homogeneous, the segmentation algorithm has to divide the region into multiple
subregions.
The KGC cannot be identified with segmentation at any single value of D t h . There are parts of South America where the
KGC roughly corresponds to segmentation corresponding to a small value of D t h and there are other parts of South America
where the KGC roughly corresponds to the segmentation with a large value of D t h . This is because a qualitative description
of different KGC zones results in some zones having higher quantitative climatic homogeneity than others. In places where
qualitative and quantitative assessments agree KGC partitions and our segments show similar delineations, while in places where
these two assessments differ, KGC partitions and our segments have different delineations.
The bottom row in Fig.3 clearly illustrated the difference between delineations of climate by segmentation and KGC zones.
Two segments, labeled by numbers 5904 and 6371 are located within the KGC Af zone. As can be seen in the bottom left panel
segment 5904 is climatically homogeneous (distances between a climate in the center cell and climates in other cells within
this segment are close to 0), but climate changes rapidly outside the segment (distances between a climate at the center cell of
this segment and climates in cells belonging to Af but not to 5904 are large). The same observation holds for segment 6371
(bottom right panel). Thus, the zone Af may be qualitatively homogeneous inasmuch as it encompasses a tropical rain forest (a
vegetation-type description), but local climatograms vary greatly throughout the Af zone. On the other hand, segmentation is
designed to divide a region (in this case, the Af zone in South America) into segments of quantitatively homogeneous climate
(segments where all cells have similar climatograms).
Fig. 4 shows the D t h = 0.2 worldwide segmentation of the climatic grid. Each SCU is colored using the legend of the
KGC climatic type associated with a representative climatogram of this SCU. The representative climatogram is a medoid of
all cell-based climatograms within a SCU. Thus, in Fig. 4, the lines show the extents of SCUs and colors show approximate
extents of the KGC zones. The spatial variability of quantitatively-defined climate is indicated by the density of SCUs. Their
density is the highest in the mountainous areas such as the Himalayas, or the Andes (see inset B in Fig. 4) where climate change
on the short spatial scale because of elevation changes. The density of SCUs is also high in the tropical regions (see inset C
in Fig. 4) due to the high variability of precipitation rates which is not captured by the KGC qualitative description. Thus, a
mismatch between the boundaries of SCUs and the boundaries of KGC zones is most pronounced in zones Af, Am, and Aw and
also present in zone Cf (see inset A in Fig. 4). The density of SCUs is the lowest at the high northern latitudes and in the deserts
(zones ET, EF, DF, DW, BW, and BS). These are all low precipitation zones that preclude high variability of precipitation rates.
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A
Af - tropical rain forest
Am - tropical monsoon
Aw - tropical savnna
BW - arid desert
BS - arid steppe
Cs -temperate dry summer
Cw - temperate dry winter

B

Cf - temperate no dry season
Ds - continental dry summer
Dw - continental dry winter
Df - continental no dry season
ET - polar tundra
EF - polar frost

C

F I G U R E 4 Boundaries of spatial climate units (SCUs) delineated by the segmentation algorithm with D t h = 0.2 are shown
by black lines. SCUs are classified using the KGC; their classes are shown in colors according to the legend. Insets labeled A, B,
and C show details in Great Britain, Northern Andes, and Borneo, respectively.

According to Fig. 4, in such zones, the changes in vegetation (as captured by the KGC) are more closely coupled to changes in
climate as captured by SCUs.
Worldwide assessments of segmentation are shown in Fig 5. The figure has nine panels organized in the 3×3 grid. Rows
correspond to different values of D t h and columns correspond to different types of assessment, dependence of δ on segment
size, dependence of γ on segment size, and dependence of γ on the value of δ. Segments size distribution (not shown) have
power-law forms, p (size) ∼ size−α where α is a power-law exponent. Segmentation with larger inhomogeneity threshold D t h
yield segments with steeper power law; α = 1.39 for D t h = 0.2, α = 1.49 for D t h = 0.4, and α = 1.59 for D t h = 0.6. This
means that the larger the value of D t h the smaller the share of large segments but large segments are bigger and consist of a
larger share of the total number of cells.
Panels in the left column show dependence of δ on segment size; note a logarithmic x-axis that is necessary for a variable
having a power-law distribution. Great majority of segments are small and thus have small values of δ. However, together, these
segments constitute only a small fraction of the landmass area. For example, 94% of all segments in the D t h = 0.2 segmentation
have a size smaller than 1000 cells (∼ the size of Haiti or smaller) but, together, they constitute only 6% of the total number of
cells. The remaining 490 segments larger than 1000 cells constitute 94% of the total number of cells. These larger segments
have values of δ slightly above the D t h (see a discussion in the last section of the paper). Panels in the central column show
dependence of γ on segment size. These panels show that, within a single segmentation, the value of γ is a week function of
the segment’s size. However, the values of γ grow in segmentations obtained using larger thresholds. Finally, panels in the
right column show dependence of γ on δ. A positive correlation between these two variables is observed meaning that more
inhomogeneous segments are more isolated.

3.1

|

SCUs in Great Britain

We demonstrate how segmentation delineates climatically homogeneous units in a relatively small region using the ∼209,000
km2 island of Great Britain as an example. The entire island is in a single KGC zone – Cf or “temperate climate without a dry
season”. However, climate does change throughout the island and the segmentation can provide a quantitative account of this
variability.
We start by visualizing climatic variability across the island by mapping a magnitude of climatic distance d between the city

PAWEL N ETZEL AND T OMASZ S TEPINSKI

0.2
0.1

0.4

0.4

3626
0.5%

105

4047 4198
2% 7%
4245
23%

0.1
10

0.5

0.6

0.4

104

100 1000
# of cells
3058 3340
0.4% 1.4%

3426
5%

105

0.2
0.1
0.0

1

10

100 1000
# of cells

10

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
1

3448
11%

total # of
segments
=3460

0.3

0.2

105

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
0.0

0.2

0.4
0.6
inhomogeneity

105

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
0.0

0.2

0.4
0.6
inhomogeneity

# of cells example
100 Luxembourg
1,000 Haiti
10,000 United Kingdom
100,000 Kazhkhstan

100 1000
# of cells

104

104

105

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
1

0.2

0.8

0.4

0.4

total # of
0.3 segments
=4257
0.2

0.0
1

inhomogeneity

104

100 1000
# of cells

isolation

inhomogeneity

0.5

10

isolation

0.0
1

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
1

isolation

7848 8244 8335
6% 19% 45%

isolation

0.2

10

100 1000 104
# of cells

10

0.8

0.6

0.6
isolation

6587
1.4%
total # of
0.3 segments
=8338
0.4

isolation

inhomogeneity

0.5

9

100 1000
# of cells

104

105

1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0
0.0

0.2

0.4
0.6
0.8
inhomogeneity

1.0

F I G U R E 5 Assessment of worldwide segmentation of climate for threshold values equal to 0.2 (top row), 0.4 (middle row),
and 0.6 (bottom row). Dots indicate segments. Segment size versus inhomogeneity relations are shown in the left column.
Numbers at the top of the left panels indicate the cumulative number of segments and cumulative percentage of cells. Segment
size versus isolation relations are shown in the central column. A table in the top central panel gives examples of cell-to-size
relation. Inhomogeneity versus isolation relations are shown in the right column.

of London (an arbitrarily selected reference point) and every cell in the grid. This map is shown as a background in Fig. 6; it
shows the variability of climates, especially from east to west. Global segmentation (D t h =0.2) of climate data shows multiple
SCUs in Great Britain, they are shown in the foreground in Fig. 6. Note that because Great Britain is an island, the graph
representation of its climatic data is a subgraph disconnected from the rest of the global graph. Thus, performing segmentation
on Great Britain alone or the entire landmass yield the same segments. Visual inspection of Fig. 6 shows that cells within each
SCU are approximately equally climatically dissimilar to the reference climate of London. Note, that two climates with the same
or a very similar distance from the reference climate may not necessarily be very similar. This is because the distance measures
a degree of departure between two climates but it does not indicate a direction of this departure. However, because SCUs are
spatially contiguous and relatively small, the similarity of climatic distances of their constituting cells from the reference climate
indicates a climatic homogeneity of the SCUs.
For the seven largest SCUs in Great Britain, we show climatograms of their centroids. They show a variety of climates, with
the discriminant being the amount of precipitation and its distribution among different months. The largest segment (1893) is
located in the eastern part of the island and is characterized by a climate with relatively low precipitation and low month-to-month
variability of precipitation. Segments 1929, 1821, and 1678, all located in the western part of the island. They have climates that,
in comparison to the climate in segment 1893, are characterized by higher values of precipitation and higher month-to-month
variability of precipitation. Segment 1543, located in the north-central part of the island, is characterized by a climate that is quite
similar to the climates in segments 1929, 1821, and 1678 but with the higher seasonal variability. Segment 1499 is characterized
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F I G U R E 6 (Left) Boundaries of SCUs in Great Britain overlaid on the map of climate dissimilarities from the climate in
London. Numeric labels of seven largest SCUs are given in blue. (Right) Climatograms for the seven largest SCUs.

by the highest precipitation rate and the highest seasonal variability of precipitation, Finally, a small segment 1488, has a climate
somewhere between climates in segments 1499 and 1543.
This example shows the utility of segmenting climatic data on a regional scale. Segmentation provides means for the
partition of a region into units whose climatic homogeneity is controlled by an analyst through a threshold parameter D t h .
Using a smaller value of threshold would result in a larger number of more homogeneous SCUs whereas using a larger value of
threshold would result in a smaller number of less homogeneous SCUs.
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DISCUSSION AND CONCLUSIONS

In this paper, we have introduced the technique of climate segmentation – a novel way to discretize global climate. The purpose of
segmentation is different from the purpose of other climate discretizations – classification and clustering. Whereas classification
and clustering are used to delineate climatic zones to distinguish between basic types of climate, segmentation can be used to
delineate patches of land wherein climate is quantitatively homogeneous (SCUs).
In the introduction, we listed three possible applications for SOCs. The first is data compression. Global climatic grids are
large, for example, the WorldClim Version 1.4 2.5 arc minutes data we used in this paper consists of about 9 × 106 cells each
storing a climatogram. Our D t h = 0.2 segmentation results in 8.3 × 103 SCUs that are climatically homogeneous and thus contain
approximately the same spatio-climatic information as the original data. The segmentation compresses the WorldClim Version
1.4 2.5 arc minutes data by a factor of 1000. There is also a version of WorldClim having a 30 arc seconds resolution (about 1 km
at the equator). We expect that SCUs climatically homogeneous based on the 2.5 arc minutes data are also homogeneous based
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on finer, 30 arc seconds data. In that case, segmentation compresses the WorldClim by a factor of 2.5 × 104 .
Thus, segmentation can be used not only for delineating SCUs but also as a preprocessing step for clustering. Grid cells are
first segmented and the clustering proceeds on orders of magnitude smaller dataset of SCUs instead of on original cells. This
makes it practical to use clustering techniques different than a k-means algorithm (used in previous climate clustering studies).
For example, with ∼8,000 segments hierarchical clustering is possible even on computers with modest memory. The advantage
of hierarchical clustering is its hierarchical structure that allows forming classification levels similar to those present in the KGC.
The second application is a precise delineation of local, highly homogeneous climatic units. We have demonstrated such
application in section 3.1 using the island of Great Britain as an example. The KGC classifies the entire island as having the CF
(temperate climate without dry season) type of climate. Our D t h = 0.2 segmentation divides the island into seven climatically
homogeneous SCUs. Local climates have been previously delineated using the clustering technique [19, 20, 21, 22, 23], but, as
we have discussed, segmentation is a natural way for such a task as it yields contiguous subregions whose climatic homogeneity
is controlled by the merging threshold parameter.
Modeling the relationship between vegetation and climate is a topic of interest [24, 25, 26]. The third application of
segmentation can contribute to this topic by assessing whether it is effectively possible to delineate vegetation zones based on
climate alone [4]. Fig. 4 provides a partial answer to this question. It compares spatial extends of SCUs (units of homogeneous
climate) with spatial extends of 13 KGC zones serving as proxies for vegetation zones. From this figure, we observe that, at
high and middle latitudes, SCUs and vegetation units (parts of KGC zones) are approximately aligned, but at low latitudes, a
single vegetation zone consists of a large number of SCUs. This mismatch is in agreement with findings [27] that the value of net
primary productivity (NPP) starts to decline at high precipitation (> 2400 mm/year) in tropical ecosystems. A tropical KGC
zone contains a large number of SCUs because variability in precipitation rate leads to delineation of multiple SCUs, but since
this variability does not affect vegetation cover, only a single KGC zone is delineated.
Several factors influence the results presented in this paper. The most important factor is the choice of the distance function
d . To quantitatively measure an overall similarity between two climates, each characterized by 24 attributes, we have to use a
heuristic distance function. Note that climate attributes are of two (physically different) types, temperature, and precipitation and
thus they require normalization. Normalization implicitly leads to a conversion factor between temperature and precipitation
in the sense that a certain change in temperature leads to the same change in distance between two climates as an equivalent
change in precipitation. In our paper this factor is 1o C = 3.5 mm/month. There is no principled method to check the validity
of such equivalent without additional constraints. However, in [7] the same distance function was used for clustering global
climate into 13 clusters (an additional constraint) yielding climatic zones roughly equivalent to those in the KGC. Thus, this
particular temperature-precipitation conversion factor is roughly consistent with the KGC. To appreciate the significance of
temperature-precipitation conversion factor note that clustering of global climate by Zhang and Yan [5] into 14 clusters using a
conversion factor of about 100 resulted in classification based predominantly on temperature.
Another factor influencing to some degree the results presented here is the choice of the segmentation algorithm. All
segmentation algorithms are at their core optimization algorithms, they try to achieve partitioning of the entire region in a way that
minimizes overall inhomogeneity of segments and maximizes overall isolation of segments. Different optimization techniques
employed by different algorithms result in somewhat different segments, although an overall character of segmentation must
remain the same as it follows from the data. In the graph-based segmentation algorithm applied to a smaller region, the smaller
region graph could differ from the global region graph. However, the segmentation based on a local graph should still form
quantitatively homogeneous segments (all localities within a segment will have very similar climatograms).
As the major purpose of this paper is an introduction of the segmentation technique to the field of climate discretization, we
used the graph-based segmentation algorithm because it is easy to understand, robust, and fast. As calculations of metrics of δ
and γ reveal it also produces good segmentations.
A desirable feature of segmentation is that each SCU is climatically homogeneous to a degree controlled by the merging
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threshold parameter D t h ; this follows from the design of the segmentation algorithm. However, it can be observed in Fig.5
that, according to our a posteriori assessment of segmentation, the largest segments have inhomogeneity values larger than
the threshold. The answer to this “inconsistency” is in the formula (Eq.2) used for our a posteriori assessment. To assess
inhomogeneity of a segment we need to perform ∼ k 2 calculations of climatic distance, where k is the number of cells in the
segment. This is not a problem for small and medium-size segments but it becomes computationally expensive for large segments.
Therefore, to keep calculations to a reasonable time, we use an approximation to Eq.2; instead of using distances between all
pairs of cells in a segment we only calculate distances between a fixed number of randomly selected cells. When the segment
consists of a large number of cells, this approximation overestimates the value of inhomogeneity.
Finally, the choice of data may influence the result. We did not use the WorlClim data at its fullest resolution of 30 arc
seconds (∼1 km on the equator) instead we used data at a resolution of 2.5 arc minutes (∼5 km on the equator). For the current
paper, this is a sufficient resolution to make our point. Using higher resolution data would likely introduce only changes in the
mountainous areas.
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