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ABSTRACT ARTICLE HISTORY
Legacy ecoregion maps contain knowledge on relationships Received 29 January 2020
between eco-region units and their environmental factors. This Accepted 3 August 2020
study proposes a method to extract knowledge from legacy area- KEYWORDS

class maps to formulate a set of fuzzy membership functions useful Knowledge extraction;
for regionalization. We develop a buffer zone approach to reduce ecological regionalization;
the uncertainty of boundaries between eco-region units on area- legacy map; buffer zone;
class maps. We generate buffer zones with a Euclidean distance fuzzy membership function
perpendicular to the boundaries, then the original eco-region units

without buffer zones serve as the basic units to generate the prob-

ability density functions (PDF) of environmental variables. Then, we

transform the PDFs to fuzzy membership functions for class-zones

on the map. We demonstrate the proposed method with a climatic

zone map of China. The results showed that the buffer zone

approach effectively reduced the uncertainties of boundaries.

A buffer distance of 10-15 km was recommended in this study.

The climatic zone map generated based on the extracted fuzzy

membership functions showed a higher spatial stratification het-

erogeneity (compared to the original map). Based on the fuzzy

membership functions with climate data of 1961-2015, we also

prepared an updated climatic zone map. This study demonstrates

the prospects of using fuzzy membership functions to delineate

area classes for regionalization purpose.

1. Introduction

Significant differences in environmental conditions, natural resources and human activ-
ities can cause the spatial-temporal heterogeneity of land surface (Bailey 1983, Fu et al.
2001, Chen et al. 2020). In this context, regionalization (zoning) appears to be an effective
way to recognize the spatial differentiation rules of land surface elements, and provide
management guidance towards sustainability (Huang 1989, Fu et al. 2001, Fan and Li
2009, Wu et al. 2016). The idea of regionalization is widely utilized in many research fields,
such as agriculture (Xu et al. 2006, Jiang et al. 2018, Gelcer et al. 2018, Bonfante et al. 2018),
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climate (Walsh et al. 2017, Verichev et al. 2019, Praene et al. 2019), geomorphology (Chai
et al. 2009, Miliaresis 2013, Jasiewicz et al. 2014), landscape (Zhang and Du 2015, Fei et al.
2017, Liu et al. 2018, 2019, Peng et al. 2019, Zhang et al. 2020, Du et al. 2020), and ecology
(Hargrove and Hoffman 2004, Omernik and Griffith 2014, Wang and Pan 2017, Liu et al.
2017, Guo et al. 2018, Wu et al. 2018, Xu et al. 2019, Yu et al. 2020). Better knowledge of
regional differentiation is necessary for tackling global environmental changes and
achieving regional sustainable development. To this end, regionalization approach is
essential for managing and utilizing natural resources.

In general, ecological regionalization discriminates different spatial patterns of ecosys-
tem functions or ecological processes by separating broad environments into smaller
regions (Bailey 1983, McMahon et al. 2001, Fu et al. 2004). Ecoregion maps are widely
adopted as strata for sampling or as covariates for modeling (Kearney et al. 2019). Given
the growing interactions between natural environment and human activities, ecoregion
maps are increasingly needed for environmental monitoring and management (Powers
et al. 2013, Guo et al. 2017, Lin and Li 2019).

Traditionally, expert evaluation involving semi-qualitative analysis has been the pri-
mary method to generate ecoregion maps. These include the Canadian Ecological
Framework (Ecological Stratification Working Group 1995); Land Resource Regions and
the Major Land Resource Areas (MLRAs) produced by the US Department of Agriculture
(USDA 1981); and China national eco-geographical map (Zheng et al. 2008). Whilst these
ecoregion maps might be outdated as climate change and anthropogenic activities have
intensively interfered ecological processes and earth system, they are still commonly
used. Based on remote sensing or other spatial data, some recent studies employed
machine-learning methods to prepare ecoregion maps (Zhou et al. 2003, Li and Zheng
2003, Li et al. 2008, Guo et al. 2018, Wu et al. 2018, Xu et al. 2019). The commonly applied
approaches include classification, clustering, decision tree, etc. Although the machine-
learning-based method has the advantage of advanced and automatic/semi-automatic
approaches for regionalization, it remains difficult to verify the reliability of the generated
ecoregion maps. In most cases, expert knowledge on the spatial differentiation of ecor-
egions is still required for the verification.

Whilst legacy ecoregion maps might be outdated, they contain the understanding of
experts on spatial distribution of ecoregions and relationships between ecoregion units
and their environmental factors. The knowledge about ‘what environmental conditions
each ecoregion units exist’ is generalized from experts’ extensive field works and remains
invaluable. Once the geographic knowledge embedded in ecoregion maps are explicitly
extracted and expressed, the knowledge would be useful in two ways. First, the knowl-
edge could facilitate the understanding of ecosystem patterns and the associated ecolo-
gical processes in a quantitative way (Loveland and Merchant 2004), which would provide
references for successive scientists or support the verification of machine-learning-based
methods. Second, the extracted knowledge could be used for updating regionalization
maps automatically with updated environmental data under global change. To retain the
existing knowledge and update regionalization, it is necessary to extract the knowledge
embedded in ecoregion maps using robust data mining approaches.

The key objectives of this paper are to extract quantitative knowledge about relation-
ships between ecoregions and their environmental factors from legacy ecoregion maps;
and update the regionalization maps using the extracted knowledge. To achieve these
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objectives, we utilize an eco-geographical regionalization map of China (Zheng et al.
2008) as an example of legacy ecoregion maps for knowledge extraction.

2. The eco-geographical region map of China

Geographical regionalization is considered a classic research topic in integrated
physical geography and regional geography (Bailey 1976, Omernik 1987, Zheng
and Fu 1998, Zheng 1998). Since the first introduction of the concept of natural
regionalization (Herbertson 1905, Dokuchaev 1951), many studies have been con-
ducted to develop different regionalization systems (Képpen 1931, Bailey 1976, Olson
et al. 2001, Ellis and Ramankutty 2008). In China, the Chinese Academy of Sciences
(CAS) organized the ‘Natural Regionalization Work Commission’ in 1956 to initiate the
systematic regionalization research in China (Wu et al. 2003b). Notably, Huang (1989)
established the integrated natural regionalization which is widely applied in agricul-
ture production management. Zheng et al. (2008) developed a hierarchic eco-
geographic regional system of China through the division of natural features. This
system is one of the most important eco-region systems in China (Wu et al. 2003a,
Gao et al. 2010) which is similar to Bailey (1976).

In Zheng's system (Zheng et al. 2008), the highest level of eco-geographical regions
focuses on climatic and biological differences, which mainly depicts horizontal zonality.
The second-level unit focuses on the differentiation of moisture states, while the third
level uses medium-scale topographical factors to identify different units. In this study, we
use the highest level of regionalization (i.e. climatic zone; Figure 1) as the target unit for
knowledge extraction. There are 11 climatic zones with different sizes (see Figure 1). Most
of the climatic zones show clear latitude zonality from north to south, except two climatic
zones of the Tibetan Plateau.

According to Zheng et al. (2008), several experts applied semi-quantitative analysis
on environmental factors to produce the climatic zone map (Figure 1). They per-
formed the analysis based on their understanding about distinguishing different
climatic zones in terms of environmental characteristics. Extensive field works and
experiences enabled them to plot boundary lines by referring to several maps with
environmental variables. Climate variables were the key factors in the boundary
delineation process. The specific procedure is as follows.

Firstly, some climate variables (e.g. annual accumulated temperature >10°C, average
annual temperature of January, and average annual extreme minimum temperature, etc.;
period: 1961-1995) were obtained from weather observations of the National
Meteorological Administration. Note that the annual accumulated temperature >10°C is
the sum of daily mean temperatures no less than the minimum biology temperature (10°C).
It is an important indicator of thermal conditions in crop ecology. Accordingly, days of
temperature >10°C is the number of days with daily mean temperatures no less than 10°Cin
a year. Based on ArcView GIS software, isolines of the climatic variables with a scale of 1:4,
000, 000 were generated. Following experts’ knowledge, isoline maps were then used to
determine the boundaries of climatic zones. For example, 220 days of temperature >10°C
and 4500°C of annual accumulated temperature >10°C were two main criteria to delineate
the boundary line between the temperature zone and the subtropical zone. Besides,
national vegetation map of China (1: I, 000, 000) (Hou et al. 2001), national soil map of
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Figure 1. The highest level units (climatic zones) in the eco-geographic regional system of China
(Zheng et al. 2008). IJGIS remains strictly neutral with respect to jurisdictional claims on disputed
territories and the naming conventions used in the maps.

China (1:20, 000, 000) (Editorial Committee of Physical Geography of China et al. 1982) were
adopted as supplementary data. Landform was also considered to determine the bound-
aries of some zones (e.g. the boundary of the plateau temperate zone was determined from
the spatial extent of the Tibet plateau). Table 1 shows the applied variables and the criteria
for the differentiation of climatic zones generalized by the experts.

In the above process, the boundaries between different zones were determined
subjectively in accordance with the integrated knowledge of many experts (Wu et al.
2003b). It is difficult to determine boundary lines because the spatial distribution of
climate variables used to identify different zones can change gradually (Wu and Zheng
2000, Gao et al. 2010). In addition, whilst climate variables were taken as one main
criterion, vegetation and soil information were also considered for determining the
boundaries. When various variables were integrated to define climatic zones, the judg-
ment of boundaries might be subjective and not reproducible (Wu and Zheng 2000).

3. Methodology

Whilst the determination of boundaries using expert judgment was a subjective process,
the uncertainties mainly existed in boundaries between the climatic zones (Wu and Zheng
2000, Gao et al. 2010). The majority of areas (pixels) within one unit (climatic zone) could
present the characteristics of this specific unit, thus those inner areas (except for the
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boundary areas) represent the expert knowledge about what environmental conditions
the unit exists. Therefore, the basic idea of knowledge extraction in this study is to obtain
the relationships between climatic zones and their environmental variables from the
climatic zones after reducing the impact of uncertainties of boundaries. The extracted
knowledge could be recorded for producing updated ecoregion maps with detailed and
updated environmental data.

The method consists of these steps: (i) development of an environmental database, (ii)
extraction and quantification of knowledge, (iii) generation of the climatic zone map
based on the extracted knowledge, (iv) assessment of the prepared climatic zone map,
and (v) updating a climatic zone map for a new time period.

3.1. Development of the environmental database

The first step is to choose and generate environmental variables for extracting knowledge
on the ecoregion-environmental variable relationships from the ecoregion map (Figure 1).
Based on Table 1, we select five climatic variables including days with temperature =10°C,
annual accumulated temperature >10°C, average annual temperature of January (the
coldest month), average annual temperature of July (the warmest month), and average
annual extreme minimum temperature (Figure 2). We generate the climatic variables by
interpolating the observation data (obtained from weather observation stations of the
National Meteorological Administration distributed in every provinces of China; period:
1961-1995). The period (1961-1995) is consistent with the duration of the climatic data
used for generating the original eco-region map. We perform the interpolation using the
ANUSPLINE software (Hijmans et al. 2005) and set the cell size of the interpolated climatic
data as 1 km.

To account for different land surfaces and support zone identification, we also use the
Digital Elevation Model (DEM) data of China as part of the environmental variables. The
original DEM data (spatial resolution: 90 m) were downloaded from the Shuttle Radar
Topographic Mission (SRTM) website (http://srtm.csi.cgiar.org/SELECTION/inputCoord.
asp) and resampled into a 1 km resolution to be consistent with the climatic variables.

In this study, we do not include the vegetation/soil maps because they are maps of
categories which would further complicate the uncertainties of boundary lines.

3.2. Extraction and quantification of knowledge

3.2.1. Reducing the uncertainties of boundary lines

By assuming that the uncertainties mainly exist in transitional areas between two zones,
we use a buffer zone approach to reduce the impact of the uncertainties on knowledge
extraction. We generate buffer zones for each climatic zone with a specified Euclidean
distance perpendicular to the boundary lines, and the original climatic zones without
buffer zones are taken as new units for knowledge extraction. We set different distances,
including 5 km, 10 km and 15 km. Since the width of climatic zone VIIl is no larger than
20 km, a buffer distance of 20 km is not applicable. To evaluate the effect of eliminating
the buffer zones from the original climatic zones, we also use the original climatic zones as
the units to extract the knowledge for comparison. We apply the tool of Buffer in Arcinfo
10.1 software to generate the buffer zones.
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Figure 2. The climatic variables with a period of 1961-1995 year and DEM of China. LJGIS remains
strictly neutral with respect to jurisdictional claims on disputed territories and the naming conventions
used in the maps included in the figure.

3.2.2. Extraction of knowledge on climatic zone-environment relationships

In this study, we adopt the fuzzy membership function to express knowledge on relation-
ships between climatic zone and environmental variables. A fuzzy membership function
can effectively express the knowledge on relationships between continuously distributed
and gradually varied geographical elements and their environment. For example, it has
been widely used to represent soil-environment relationships (Kaufmann et al. 2009,
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Beucher et al. 2014, Zhu et al. 2010, Qi et al. 2006, Yang et al. 2017, de Gruijter et al. 2011),
riparian zone—environment relationships (Betz et al. 2018), landslide susceptibility—envir-
onment relationships (Zhu et al. 2018), etc. Furthermore, fuzzy memberships are easy to
understand for geographers (Kaufmann et al. 2009). A fuzzy membership function
describes the grade of membership (similarity) of an individual geographical location to
a given class by matching the environmental variable of the individual location with that
of the typical case (central concept) in the specific class. For a given class, a fuzzy
membership function can be generated using one environmental variable. The fuzzy
membership value varies from 0 (which means that the local location is very different
from the central concept of a given class) to 1 (which means that the local location is
identical to the central concept of a given class). The shape of the membership function
curve approximates the manner in which the similarity changes as the environmental
value varies.

Several methods have been developed to construct fuzzy membership functions. One
approach relies on experts’ knowledge (Zhu 1997, Qi et al. 2006, Kaufmann et al. 2009).
Other methods construct fuzzy membership functions based on legacy maps, using an
expectation maximization algorithm (Qi et al. 2008) or a histogram-based method
(Medasani et al. 1998). Similar to the histogram-based method, which transforms the
frequency information of environmental variables within each soil class to fuzzy member-
ships, we transform probability density functions (PDFs) of environmental variables to
fuzzy membership functions in this study. For each climatic zone, the probability density
functions (PDFs) of an environmental variable depict the probability distribution (the
likelihood of an outcome) of the environmental variable.

The knowledge extraction procedure is composed of the following three steps. The
first step is to generate PDFs of each environmental variable for all climatic zones. If there
are L climatic zones with M environmental variables, a total of L*M membership functions
would be generated. In our study, we estimate the PDFs using Kernel Density Estimation
(KDE), which is a density estimation method capable of estimating continuous PDFs
(Silverman 1986, Sheather 2004). The KDE method can be expressed as:

1 & X — X
f = K 1
0= 2K (52) o
where f(x) is the estimated PDF for the environmental variable x, x; is the value of x at pixel

i, nis the total number of pixels, K is a kernel density function, and h, is the bandwidth. We
adopt Gaussian kernel for K, and ‘the rule of thumb’ algorithm to determine h, for each

variable in the equation (Sheather and Jones 1991):
X — Xj 1 _bem)? 4 /5

K =— h?  h, = — 2

(5 =7 ™ he=a(3) 2

where 0, is the standard deviation of the respective environmental variables for the pixels.

Each of the climatic zones lll, VI, and VIl includes two separate sub-regions. For each
climatic zone, the two separate sub-regions cover a vast area and represent different
climatic and topographic characteristics (see Figure 2). Therefore, we name each of the
two sub-regions as, Ill-1 (the west sub-region of lll, located in the northwest of China) and
l1I-2 (the east sub-region of lll, located in the middle east of China), VI-1 (the sub-region of
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VI in mainland of China) and VI-2 (the sub-region of VI in Taiwan), VII-1 (the sub-region of
VIl in Hainan Island) and VII-2 (the sub-region of VIl in Taiwan) for generating PDFs. As
such, the original 11 climatic zones turn into 14 zones. In this study, we use all pixels in the
original 14 climatic zones and the 14 climatic zones without the buffer zones to generate
PDFs of environmental variables for each climatic zone. To do this, we employ the ‘stats’
package in the R statistical language to generate the PDFs.

The second step involves normalizing the generated PDF curves using Eq. (3). The
purpose of normalization is to transform the range of the density values of all PDFs into
0-1, which is consistent with the range of membership values for the constructed fuzzy
membership function.

X f(Xi)

%= max(f(x)) ©

where x; refers to the value of environment variable x at location i, max(f(x)) refers to the
maximum value of the PDF, and S refers to the normalized probability density of
environment variable x at location i.

Finally, several characteristic values can be generated from normalized PDF (fuzzy
membership) curves to quantitatively represent the characteristics of each climatic
zone. Specifically, when a curve contains only one peak, the minimum and maximum of
the environmental variable values of the curve, the environmental value of the peak, the
environmental values when the fuzzy memberships equaled to 0.5 at both sides were
derived. When a curve exhibits two or more peaks, then the above characteristic values
are derived for each sub-curve.

3.3. Generation of the climatic zone maps based on the extracted knowledge

We generate new climatic zone maps for 1961-1995 using the above-extracted knowledge
from climatic zones without different buffer zones. The procedure includes three steps (Zhu
and Band 1994, Zhu 1997): i) determine the membership of a location to each climatic zone
based on their fuzzy membership functions of every single environmental variable, ii)
determine the final membership to each climatic zone by considering all environmental
variables involved, and iii) generate a climatic zone map based on the final membership to
each climatic zone.

In the first step, we use the fuzzy membership functions (normalized PDFs) to obtain the
membership of a location to each climatic zone based on every single environment variable
in accordance with the environmental variable value of the location. For each climatic zone,
if there are M environmental variables, then M memberships associated with the M variables
are generated for the location.

In the second step, the M memberships generated in the first step for a location are
integrated into a final membership for each climatic zone. There are different ways for the
integration when considering the influences of environmental variables, e.g. weighted aver-
age (McBratney et al. 2003), limiting factor method (Zhu and Band 1994), etc. The weighted
average strategy assigns each variable with the same or different significances (weights). The
limiting factor approach (Zhu and Band 1994), which assumes that the least favorite environ-
mental variable determines the assigned class at a given location, takes the minimum
membership value among the membership values of environment variables. In the current
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study, the boundaries of climatic zones are controlled by multiple environment variables, but
they are mostly determined by the most limiting factor. Thus, we use a minimum operator on
memberships for all the environmental variables to generate the final membership of
a location for each climatic zone. The outcome of this step is a membership vector M; at
location i, (Mj1,M;5, ..., Mi)), in which elements are the environmental memberships of
location i for the / climatic zones.

The last step predicts the climatic zone for all locations based on the environmental
membership vectors. We conduct a hardening of the environmental memberships generated
in this step. In particular, we assign the climatic zone with the maximum membership in
vector M; to location i (Zhu 1997). By assigning the climatic zone for each location, we can
prepare a harden climatic zone map.

We add the fuzzy membership functions and environmental variables into the SoLIM
solutions software (http://solim.geography.wisc.edu/software/index.htm) to perform the
above procedure. Note that programming or other tools that can work with the fuzzy
membership functions and environmental data can also realize the prediction of climatic
zone maps.

After generating the predicted climatic zone maps using the extracted knowledge, we
compare these maps with the original climatic zone map to determine a suitable buffer
zone.

3.4. Assessment of the generated climatic zone map based on the extracted
knowledge

Typically, it is challenging to quantitatively evaluate the accuracy of regionalization maps
(Hargrove and Hoffman 2004). Regionalization reflects a spatial stratification of hetero-
geneity, which means that locations are more homogeneous within strata than locations
among strata (Wang et al. 2016). By examining whether (or how much) the environmental
variables of pixels in the same climatic zone are similar or different from that of pixels in
other climatic zones, we could evaluate the efficiency of a regionalization map for
identifying different climatic zones. To evaluate the generated climatic zone map and
the original map, we adopt a measure of spatial stratification heterogeneity, the g-statis-
tics. The g index measures the difference among strata versus the similarities within strata
by comparing the within-strata variance with between strata-variance (Wang et al. 2015).
Earlier studies confirmed its efficiency in evaluating the heterogeneity of spatial patterns
of PM, 5 concentrations (Chen et al. 2019), health status (Li et al. 2019), and water-use
efficiency (Liu et al. 2020), etc.

Since the regionalization for this research is for identifying pixels with similar spatial
variations of environmental variables, we calculate the g index for each environmental
variable using Eq. (4); and quantify the average g index used to assess the regionalization
results using Eq. (5).

1 L
=1-—= > N (4)
e

where g, is the g value of the environmental variable m, N is the number of all pixels in
the study area, L is the number of climatic zones, / is the ID of each climatic zone, N; is the
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number of pixels in climatic zone /, 82, is the total variance of environmental variable m for
all pixels, &7, is the variance of environmental variable m of pixels in climatic zone /.

1 M
davg = M Z dm (5)
m=1

where gq4 is the average of g for all the environmental variables, M is the number of
environmental variables.

We note that g, falls into [0, 1], 0 if the environmental variable m in different climatic
zones has no difference, 1 if the environmental variable m is the same within each climatic
zone and are completely distinct from other climatic zones. A large gq,g would indicate an
efficient regional differentiation of environmental variables across China.

3.5. Updating the climatic zone map of China for a period of 1961-2015

The boundaries between different climatic zones are not static and can vary with climatic
variability. The original climatic zone map was produced using the climatic data over the
period 1961-1995. Since our climate has changed over the past few decades, we prepare
a new map for the period 1961-2015 using the climatic data with this time period and the
extracted knowledge. The new map could provide useful references for climate adapta-
tion. We apply the SoLIM solutions software (http://solim.geography.wisc.edu/software/
index.htm) to produce the new map.

4. Results
4.1. The PDFs generated from the climatic zone map

Figure 3 displays the probability density curves of the environmental variables for all the
climatic zones. In general, most of the adjacent curves contain overlaps, indicating that
there are obvious transitions of environmental variables between adjacent climatic zones.
Some of the probability density curves exhibit two or three peaks (e.g. all curves for
climatic zone Il, and most curves for climatic zone Hl), except for DEM and average annual
extreme minimum temperature. For most climatic zones, PDFs of average annual tem-
perature of January, average annual extreme minimum temperature, days of temperature
>10°C, or annual accumulated temperature >10°C show large differences. We observe
more overlaps for PDFs of average annual temperature of July and DEM for the adjacent
climatic zones. Since it is possible to identify different climatic zones from the PDFs of
different environmental variables, combining multiple environmental variables could
realize the differentiation of most climatic zones. We notice that the distribution char-
acteristics of the probability density curves of days of temperature >10°C and annual
accumulated temperature =10°C for most climatic zones were similar. This is mostly
because days of temperature =10°C and annual accumulated temperature >10°C experi-
ence very similar spatial distribution patterns. This reflects that the two variables contain
similar indications for identifying climatic zones. In this sense, there is no need to use both
variables simultaneously to generate the updated climatic zone maps. In addition, the
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Figure 3. The probability density curves of environmental variables for all climatic zones.
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Table 2. The characteristic values extracted from the probability density curves of annual accumulated
temperature >10°C for all climatic zones.

Zone ID Minimum Maximum P1Xpeak P1Xo.5-1eft P1Xo.5-right P2Xpeak P2Xo.5-1eft P2Xo.5-right
| 1230.0 2142.0 1440.5 1352.3 1578.8
Il 800.4 4097.2 2151.9- 1953.9 3115.9
2874.9
-1 3393 5815.1 4599.7 3875.3 49434
-2 1380.3 5027.7 3401.5 2944.6 3765.4 4400.4 3974.5 4779.9
[\ 1717.3 5492.4 4915.9 4773.7 5129.1 5279.2 5129.1 5381.9
\' 1051.3 7370.1 5227.2 4883.8 5776.7
VI-1 4882.2 8258.4 7318.6 6761.9 78463
VI-2 5867.8 7051.7 6238.8 6075.7 6367.7 6607.1 6367.7 6830.7
VII-1 4842.8 9247.0 8479.4 7846.1 8796.0
VII-2 6710.5 73344 6985.8 6806.5 7143.9
Vil 8231.9 9103.1 8439.0 8350.0 8859.2
HI 0.0 2781.0 21.2 0.0 181.6 1683.5 1259.9 1908.1
HIl 0.0 4348.1 1335.8 658.5 2316.3

Note: P1Xpeak is the environmental value (annual accumulated temperature >10°C in this table) at the curve peak for the
only curve or the first sub-curve, P1Xg s.ert and P1Xg s rigne are the environmental values when the fuzzy memberships
equate 0.5 at left and right sides, respectively for the only curve or the first sub-curve. And P2X sk P2Xg 5167 and
P2Xo.5-right are for the second sub-curve.

PDF curves of the two sub-regions are different for climatic zones Ill, VI and VII, indicating
the necessity of dealing with the two sub-regions separately.

4.2. Extraction of characteristic values from the probability density curves

We extract the characteristic values from the probability density curves and present
the characteristic values for annual accumulated temperature >10°C (as example) in
Table 2.

4.3. The generated climatic zone maps and its comparisons with the original
climatic zone map

By transforming the PDFs to fuzzy membership function curves through normalization,
we can generate climatic zone maps based on the fuzzy membership function curves (see
Figure 4). Whilst the spatial distributions of the predicted climatic zones are generally
similar to the original climatic zone map, there are still some differences between the two
maps. First, the predicted climatic zones Hl and IV are smaller than the original zones. This
is primarily because the environmental condition of HI has a large overlap with that of Hll
but HI has a smaller area size and narrower fuzzy membership curves compared to Hill.
When predicted the climatic zones according to their fuzzy membership functions, the
area of the predicted HI would be smaller meanwhile the predicted HIl would be larger.
The same reason was for a smaller area of the predicted IV compared with its original
distribution. The other major difference is that the predicted Il contains smaller parts of lIl.
This is because the environmental characteristics of some areas inside Il are closer to those
of Ill. Regarding the regional integrity of the climatic zone, these small parts of Il inside Il
should be labeled as Il in the post-processing step.
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Figure 4. The predicted climatic zone maps based on the extracted fuzzy membership functions, the
grey lines in the maps are the original boundary lines in Figure 1. IJGIS remains strictly neutral with
respect to jurisdictional claims on disputed territories and the naming conventions used in the maps.

Although the maps generated using the extracted knowledge from the original
climatic zones and zones without different buffer zones exhibit very similar spatial
patterns, they are not completely indistinguishable. According to the boundary lines of
VI and VIl and area sizes of the predicted lll inside I, we recommend a buffer zone with
10-15 km.

Based on Arcinfo 10.1 software, we eliminate the small polygons of the generated map
with a 10 km buffer and present the final climatic zone map in Figure 5. The key difference
between this map and the original map is that the area of the predicted zone Hl is smaller.
This is because of the big overlap of environmental distributions for climatic zones HI and
HIl. Besides, the smaller area of the predicted zone IV is a result of its relatively narrow
fuzzy membership curve compared to those of IV and V.

4.4. The calculated q indices of the generated and the original climatic zone maps

Table 3 displays the calculated g values for the original climatic zone map and the
generated climatic zone map of Figure 5. Apparently, the g value of the generated climatic
zone map in our study is higher than that of the original climatic zone map for all the
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Figure 5. The generated climatic zone map after post-processing. The grey lines in the maps are the
original boundary lines in Figure 1. 1JGIS remains strictly neutral with respect to jurisdictional claims on
disputed territories and the naming conventions used in the maps.

environmental variables. The average g value of the generated climatic zone map is also
higher. This indicates a better spatial-stratified heterogeneity of the generated climatic
zone map of our study compared to the original climatic zone map.

4.5. The updated climatic zone map using climate data of 1961-2015

Based on the extracted knowledge, climate data of the period 1961-2015 and post-
processing procedure, we present an updated climate zone as shown in Figure 6. By
comparing this map with the original map (for the period 1961-1995), we observe several

Table 3. The calculated q values for the original climatic zone map and the generated climatic zone
map.

The original climatic zone ~ The generated climatic zone map of our

Environmental variables map study
DEM 0.820 0.835
Annual accumulated temperature >10°C 0.804 0.833
Days of temperature > 10°C 0.816 0.836
Average annual temperature of January 0.869 0.897
Average annual temperature of July 0.802 0.814
Average annual extremely lowest 0.833 0.860
temperature

The average g value 0.824 0.846




INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE . 265

[0 1 Cold temperate zone [ V1!t Medium tropicel
zone

[ Vet tempere — Ve - ¥l %’
one e equator tropical - S
B 1
[E 11 Warm temperate zone
:I HI Plate

[V North subropial tem, : VIIT

zone [ Plateau temperate . b
[ Y Mediam subtopicl zone

zone

- Intemational boundary

VI South subropicl zone
(] g Boundary line of the updated
VIl Marginal tropical climatic zone map for

zone 1961-1995

e s Kilometers
0 500 1,000 2,000 3,000

Figure 6. The climatic zone map for the period 1961-2015. The dark blue lines in the maps are the
boundary lines of the generated climatic zone map of Figure 5. IJGIS remains strictly neutral with
respect to jurisdictional claims on disputed territories and the naming conventions used in the maps.

differences. First, boundaries of most of the climatic zones in the eastern China shifted to
the north to some extent, and the warm temperate zone expanded. Second, Plateau
temperate zone expanded a little and its boundary shifted to the east, while Plateau cold
temperate zone shrank and slightly shifted to the north.

5. Discussions

5.1. Comparisons between the extracted knowledge with the criteria constructed
by experts

When comparing the knowledge extracted from the climatic zone map, including the
normalized probability density curves and the characteristic values (Table 2) with the
knowledge generalized by experts (Table 1), we could recognize some obvious differ-
ences (see below).

First, the knowledge extracted from the original climatic zone map, especially the
probability density curves, provided more information than the expert knowledge (refer
to Table 1). Whilst there were only ranges of climatic variables for each climatic zone in
Table 1, more detailed information could be generated from the probability density curves
in addition to the ranges, including the climatic variable values of peaks, the climatic
variable values when memberships equal to 0.5, number of peaks, etc (see Table 2).
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Second, the extracted characteristic values and criteria in Table 1 were different for
most climatic zones. There was almost no overlap between ranges of the climatic
variables for the climatic zones in Table 1. Nonetheless, the overlaps of the distribution
of climatic variables for different climatic zones were clear in Figure 3. The ranges of
climatic variables for most climatic zones in Tables 1 and 2 were different. Moreover, the
climatic variable values of peaks were different from the middle values of the ranges
(which can be taken as the central concept or typical climatic conditions for certain
climatic zone) in Table 1. Part of the reason for these differences (above) is because
experts highlighted the differences between climatic zones when generalizing the criteria
in Table 1. Thus, the ranges of variables for climatic zones were in order with hardly
overlapping values. Furthermore, the generalization of knowledge was partly due to the
limitations of technologies and environmental data resolution back then. Although the
expert-generalized knowledge captured the main characteristics of different climatic
zones, the generated characteristics were not comprehensive enough.

According to the spatial distributions of the environmental variables within each
climatic zone (Figure 1), the changing of environmental variables from one climatic
zone to its spatially adjacent zones was not abrupt but gradual. This is consistent with
the natural environmental characteristics of climatic zones. With only 11 climatic zones in
China, nearly each climatic zone occupied a large area size. With large areas of some
climatic zones, their probability density curves possessed two or multiple peaks (such as
climatic zone Il and llI-2), indicating that several aggregations existed over space within
those climatic zones. This cannot be seen from the expert knowledge (displayed in Table
1) due to the generalized expression. In this sense, we deduce that the knowledge
extracted from the climatic zone map is more reasonable and usable.

5.2. The applicability of the knowledge extraction method

Expert knowledge is often neither precisely defined nor well formulated (Zhu 1999). This
study provided a tool to extract the knowledge hidden in legacy maps and expressed the
knowledge in membership functions. One advantage of our method (Section 3) is that the
extracted knowledge is quantified and structured, and can be used to store expert
knowledge and update dynamic ecoregion maps. A portion of expertise is lost
each year as experienced domain scientists retire. It is desirable to retain this expertise
to maintain knowledge continuity between different generations of scientists. In this
study, we explicitly preserved the extracted knowledge and presented it as an important
source for new generations of scientists to build their cognition models. This would
shorten the time for new scientists to understand terrestrial systems, and increase the
consistency of ecoregion-environment models between generations of scientists.

Another advantage of our method is that researchers can adjust the extracted fuzzy
member functions once they obtain a better understanding of land surface differentiation
through more field works or studies. Then, an improved climatic zone map could be
generated.

The proposed method to extract quantitative knowledge is useful for knowledge-driven
regionalization methods, and also applicable to the machine-learning-based regionaliza-
tion maps. When using machine-learning methods to generate a regionalization map,
people are usually required to interpret the underlying characteristics of the generated
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ecoregions. In this case, our proposed method can still be employed to extract and
represent the relationships between ecoregions and their environmental factors. The
fuzzy membership functions for knowledge representation could serve as a bridge for
connecting knowledge and the modern regionalization methods.

One challenge in applying data mining algorithms to knowledge discovery from legacy
maps is that the existing errors in those maps would affect the accuracy of the extracted
knowledge. Previous research (Qi and Zhu 2003, Zhang and Zhu 2018) showed that data
preprocessing could play an important role in knowledge discovery. In this paper, we
assumed possible uncertainties in transitional areas and used a buffer zone approach to
reduce those uncertainties in boundaries between climatic zones on the map. When
transferring our method to other areas, the optimal buffer distance can be determined
based on context-related experiments and field surveys.

The generated climatic zone map with the period 1961-2015 (Figure 6) is consistent
with the results of Bian et al. (2013), and Wu et al. (2016). The phenology change in China
(Bai et al. 2011, Wang et al. 2012, Dai et al. 2013, Chen et al. 2015) also proved the
northward shift of warm temperate zone and north tropical. This indicates that the
extracted knowledge can be used to update climatic zone maps.

6. Conclusions

This study proposed a method to extract knowledge from the legacy regionalization
map and presented the knowledge as a set of fuzzy membership functions (curves).
The extracted knowledge showed more details than the legacy descriptive knowledge
generalized by experts. We used the extracted knowledge to generate a new climatic
zone map automatically. By comparing the spatial distribution of the newly generated
climatic zone map to the original map, we confirmed the effectiveness of the pro-
posed method. The results showed the effectiveness of the buffer zone approach for
reducing the uncertainties of boundaries between climatic zones. We recommended
a buffer distance of 10-15 km for the case study. Based on the extracted knowledge
and updated climate data (1961-2015), we prepared an updated climatic zone map.

More generally, this study presented a knowledge extraction method for understand-
ing the spatial heterogeneity of land surface elements. The knowledge extraction method
can be easily adapted for other applications with an aim to obtain knowledge from area-
class maps. The extracted knowledge can also be used to produce dynamic zoning maps
with updated environmental data, which can play an important role in climate change
and ecological modeling research.
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