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Abstract: This study developed habitat potential maps for the marten (Martes flavigula) and leopard
cat (Prionailurus bengalensis) in South Korea. Both species are registered on the Red List of the
International Union for Conservation of Nature, which means that they need to be managed properly.
Various factors influencing the habitat distributions of the marten and leopard were identified to create
habitat potential maps, including elevation, slope, timber type and age, land cover, and distances from
a forest stand, road, or drainage. A spatial database for each species was constructed by preprocessing
Geographic Information System (GIS) data, and the spatial relationship between the distribution of
leopard cats and environmental factors was analyzed using an artificial neural network (ANN) model.
This process used half of the existing habitat location data for the marten and leopard cat for training.
Habitat potential maps were then created considering the relationships. Using the remaining half of
the habitat location data for each species, the model was validated. The results of the model were
relatively successful, predicting approximately 85% for the marten and approximately 87% for the
leopard cat. Therefore, the habitat potential maps can be used for monitoring the habitats of both
species and managing these habitats effectively.
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1. Introduction

Medium-sized predators control not only herbivorous animals but also intermediate predators,
and have a combined effect on the overall food chain. Apex predators generally have low population
densities and wide ranges of activities, and are vulnerable to local extinction due to habitat damage
and disconnection [1]. In South Korea, members of the order Carnivora, such as tigers, leopards,
and wolves, have become extinct or lost their ecological functions in natural ecosystems over the
past century. As a result, the importance of the remaining carnivorous animals, such as martens,
leopard cats, and otters, is increasing.

Martens (Martes sp.) are mammals with wide distribution worldwide, from subtropical to
sub-Antarctic habitats. They are generally characterized by a larger sphere of activity than other
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mammals [2], and have roles as forest ecosystem indicator species sensitive to habitat disturbances and
habitat fragmentation [3]. Therefore, the marten in Korea, the yellow-throated marten (Martes flavigula),
is considered a second-grade endangered species of wild fauna and flora by the Ministry of
Environment, South Korea, and belongs to Annex II of the Convention on International Trade in
Endangered Species of Wild Fauna and Flora (CITES). Studies on marten habitats have been conducted
mainly in tropical and subtropical areas such as Thailand [4], and there is insufficient information on
marten habitats on the Korean Peninsula.

The leopard cat (Prionailurus bengalensis) is the only wild feline carnivore in South Korea, which
also belongs to the second-grade endangered species of wild fauna and flora of the Ministry of
Environment and the CITES Annex II list. Leopard cats are distributed within a wide range, from deep
forests to rural and coastal areas in Korea. Moreover, they maintain relatively stable populations,
due to their adaptability to inhabiting various habitats. It has been reported that leopard cats are
distributed widely in forests and rural areas [5], but there have been few quantitative studies on the
environmental spatial characteristics of their habitats. In particular, there is a lack of research on their
distribution throughout South Korea and analysis of their habitat characteristics.

Machine learning is designed to process new data and predict results by learning patterns through
training based on consistent patterns among variables in a dataset [6,7]. Recently, the amount of plant-
and animal-related data has rapidly increased, and many studies using machine learning models
have been conducted [8,9]. Depending on the approach applied, machine learning can use various
algorithms, such as decision tree, neural network, and support vector machine, and it can be divided
into supervised learning and unsupervised learning depending on the presence or absence of training
data. Thus, many studies have been conducted to predict the distribution of plants and animals using
machine learning techniques [10,11]. In addition, Geographic Information System (GIS) platforms
have been used as a useful tool to model the spatial relationships between specific events and related
factors [12–14].

Thus, recent studies have used GIS to indicate the distribution of habitats of various species.
Studies on mapping and quantifying mammalian habitats have been conducted through GIS-based
models [15,16]. Among mammals, studies on martens and leopard cats have been conducted mainly
in Asia. Studies of the genetic structure and mitochondrial genome of the marten and the leopard
cat have also been performed [17,18]. In particular, the complete mitochondrial genome has been
analyzed for martens in Korea [19]. Meanwhile, studies on the movements and activity patterns of
leopard cats have been conducted in China [20,21]. One study predicted the distribution of leopard
cats in Borneo [22], and another similar study predicting the habitat potential of leopard cats was
conducted in South Korea using GIS [23]. Habitat use and activity patterns of martens were also
analyzed in central and northern Thailand [4]. Typically, the habitat distributions of badgers [24,25],
leopard cats [26], and bears [27] have been mapped using logistic regression models. In recent years,
research has been conducted on the creation of habitat distribution maps of leopard cats in South Korea
through probabilistic and statistical models [23]. Supporting this, other probabilistic models have been
used to map European bison habitats [28], and statistical models have been applied to the habitat
distribution of bats [29,30]. Moreover, habitat mapping of water birds for conservation plans was
conducted in the Hamun wetland [31]. In Canada, a high-resolution habitat map of Atlantic wolffish
was also created [32]. However, artificial neural network (ANN) modeling has not been applied to
analyzing the habitat of martens or leopard cats in South Korea. Therefore, the purposes of this study
were to map the distribution of martens and leopard cats in South Korea using ANN modeling and to
clarify the relationship between the habitat distributions and various environmental factors.

South Korea is located in East Asia between latitudes 33◦ and 39◦ N and longitudes 124◦ and
130◦ E, including all of its islands, and occupies the southern part of the Korean Peninsula (Figure 1);
the total area of the country is approximately 100,032 km2 [33]. The boundary of the study area in this
study is marked with a red line in the Figure 1. South Korea can be divided into four regions: a western
region of broad coastal plains, an eastern region of high mountain ranges, a southwestern mountainous
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region, and a southeastern region of a broad basin. Mountains cover about 70% of South Korea, and the
country is surrounded by the Yellow Sea to the west, the East Sea to the east, and the Korea Strait
and the East China Sea to the south. The north of the country is bordered by the Democratic People’s
Republic of Korea, via the demilitarized zone; therefore, it is difficult to support the return of extirpated
terrestrial animals in South Korea, since their path is blocked in all directions. To support conservation
efforts, habitat potential maps should be created to manage habitats before extirpation, including
the selection of development areas. Therefore, in this study, ANN modeling was applied to generate
habitat potential maps for martens and leopard cats. The weights of factors related to the habitat
potentials were calculated with the model, and the results were validated to ensure the reliability of
the maps.
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Figure 1. Study area: (a) South Korea in East Asia; and (b) South Korea.

2. Data

2.1. Habitat Survey

This study used data from the Second National Survey on Natural Environment in South
Korea, which included the identification of habitats of endangered species of wild animals and
plants. From 1997 to 2003, the National Institute for Environmental Studies conducted a survey
of species appearances and spatial distributions of wild animals by experts from various research
institutes. Surveys were performed from February to October every year for mammals to consider
changes in seasonal patterns. The survey methods were based on field observations, including direct
observations, community surveys, tracking, feces, and footprints, to investigate the species occurrence
and spatial distribution of wild animals. The locations observed or detected by the traces were
geocoded via Global Positioning System and were composed of GIS data.
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The marten has the second largest sphere of action among mammals in the Korean Peninsula
after the Asiatic black bear. Martens prefer broadleaf forests and mainly inhabit mature forests, such as
fourth-grade forests that have ≥50% occupancy rates of 31–40-year-old trees with diameters of ≥30 cm.
Martens inhabiting the Jirisan area occur at a density of 1–1.6 per 10 km2, and are diurnal animals with
a wide range of behaviors, moving an average of 11.2 ± 5.4 km per day. Martens mainly hunt Eurasian
red squirrels, rats, and other rodents as food, but they also hunt hares, young roe deer, and wild
boars. They also consume tree fruit, such as those from the lotus persimmon tree. In winter, they often
hunt for food in shrubs on the edge of forests and frequently cross two-lane roads in their radius of
action [34].

Leopard cats have activity areas of 3.69 ± 1.34 km2, and the core space of the species is estimated
to be 0.64 ± 0.47 km2 [5]. Leopard cats prefer forests, as well as adjacent grassland and agricultural
land, as habitats. They have a high preference for inland wetlands, such as wild grassland along
riverbanks. Owing to their behavioral radius and nocturnality of movement in a variety of regions,
they suffer a high frequency of road kills on roads adjacent to forests and rivers. Rodents, birds,
and small mammals are their main sources of food, and forest ridges and valleys are used as main
transport routes by leopard cats.

In the Second National Survey on Natural Environment, martens were found at 156 points, and
leopard cats were found at 630 points in the study area (Figure 2). In this study, the observed data
were divided randomly in half for model training and validation. This confirmed that the distribution
of martens is mainly limited to large forest areas, including the Mt. Baekdu range. Meanwhile, leopard
cats inhabit a wide range of emergence sites, from major forests to rivers and agricultural areas.
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Figure 2. Data obtained from field observations of (a) Martens; and (b) Leopard cats.

2.2. Habitat-Related Factors

Habitat distributions of wild animals are influenced by the combined impacts of various factors.
Environmental factors such as topographic characteristics, forest properties [22], and distance from
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essential factors to support life, such as water, influence the habitat distributions of mammals, including
martens and leopard cats [22]. In this study, ground elevation, slope gradient, slope aspect, timber type,
timber age, land cover, and distance from road, water, and forest were selected as factors influencing
the habitat distributions of marten and leopard cat (Table 1 and Figure 3). The attribute information of
the timber type of forest map is shown separately in Table 2, due to the limitation of the figure size.
The determination and collection of factors were a fundamental component of mapping the potential
habitats of these species. The factors were collected from nationally generated thematic maps and field
investigations, such as those described in Section 2.1.

Table 1. Data layers related to marten and leopard cat habitat.

Original Data Factors Data Type Scale

Habitat Marten
Leopard cat Point -

Topographical map a
Ground elevation (m)
Slope gradient (◦)
Slope aspect

GRID 1:5000

Forest map b Timber type
Timber age Polygon 1:25,000

Land cover map c

Land cover
Distance from road (m)
Distance from water (m)
Distance from forest (m)

Polygon 1:25,000

a The digital topographic map by National Geographic Information Institute (NGII); b The forest map published by
Korea Forest Service (KFS); c The land use map offered by the Korea Ministry of Environment.

A digital elevation model (DEM) was produced by generating a triangulated irregular network
and digitizing the contours in 100-m intervals from topographical maps published by the National
Geographic Information Institute. The slope gradient and slope aspect calculations were performed
in ArcGIS 10.3. Thematic maps of forest and land cover were prepared at a 1:25,000 scale in a polygon
format. The forest map was provided by the Korea Forest Service, and the timber type and age
were prepared from this map. The land cover map was generated and published by the Ministry of
Environment, South Korea. Land cover, distance from road, water, and forest were also calculated
using ArcGIS.

All factors were converted into a 100 m × 100 m grid format to apply the ANN model. The row
and column sizes of the study area were 6056 and 3533 cells, and the study area consisted of a total of
9,952,165 cells, except in the no data region, based on the DEM. The marten and leopard cat habitat
data were converted from point formats into grid formats. Half of both the marten and the leopard cat
habitat data were selected via random sampling as input data. The other half of the data were used for
validation. Ultimately, all factors were collated into one input dataset with randomly extracted habitat
sample data for both marten and leopard cat.
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Table 2. Attribute information of timber type from forest map.

Code Forest Type Code Forest Type

Forest species

D
PD
PK
PL
PR
Q

PQ
PO
CA

Pinus densiflora Forests
Pinus densiflora artificial forest
Pinus koraiensis forest
Larch
Pinus rigida forest
Oak forest
Oak artificial forest
Poplar forest
Chestnut artificial forest

Forest physiognomy
C Conifer mixed forest
H Broadleaved forest
M Mixed forest of soft and hardwood

Dentuded area

F Cut-over area
O Non-stocked forest land
E Dentuded land

LP Grassland
L Farmland

Left-over area
R Left-over area
W Water

3. Methods

The machine learning technique determines the algorithm patterns using the sampled training
data and derives the results through learned patterns. In other words, it is possible to learn from
results that are already known according to information from the samples. Habitats are influenced by
various environmental factors based on the nature of animals; therefore, even if there are no animals at
the present time, the possibility of migration into an area with a similar environment exists at any time.
Therefore, the habitat pattern can be determined by training based on habitat data using the machine
learning method, and the habitat potential of an entire study area can be created. Among various
machine learning techniques, habitat potential mapping of martens and leopard cats was conducted
using an ANN in this study.

Interest in ANNs has increased recently. ANN is a highly sophisticated modeling method that
can model complex functions such as environmental problems or social issues with large numbers of
variables. Mimicking the human biological neural system, an ANN adjusts the weight from the basic
unit of perceptron between the input and output data, minimizing the error of the result. In addition
to these strengths, ANNs have been used for prediction or classification in a remarkable range of fields,
such as engineering, physics, geology, and environmental science. In particular, neural networks can
be applied to nonlinear problems of dimensionality and can be used to identify spatial relationships
between observation location data and influencing factors.

Multi-layer perceptron is one of the most popular ANN models, and was created by [35].
This network, which allows for the regression of nonlinear data, was used in this study with
a hidden layer between the input layers of habitat-related factors and the output layer. In this
study, a back-propagation algorithm was used for neural network training. In back propagation,
the algorithm calculates the gradient vector of the error surface and distance from the current point.
The error can be decreased when the point moves a short distance from the output layer to other
layers. The process iterates through a number of epochs, submitting the training data and calculating
the error by comparing the target and output. The weights can be corrected through the error from
the iteration and surface gradient. The initial network is randomly set, and the stopping point is
determined by a set number of epochs or a user-selected stopping point. The following equation
indicates the weight-updating architecture of the back-propagation algorithm.

ω
up
k = ωk − η∗

∂Etotal
ωk

(1)

where ωk0 is the initial value of the weight ωk, which is given randomly, and ωk is the updated
weight for connection k. η is the learning rate that determines the step size and is typically chosen
experimentally. Etotal is the error of the output.

Etotal =
1
2

n

∑
j

(
Tj − outoj

)2
(2)
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T is the expected output value according to the input data [36] and j is the number assigned to
the node in each layer. n is the number of output layers. Etotal is minimized through the updated
weight from Equation (16). To detect the minimum point, differentiation of Etotal is necessary. Thus,
an activation function is needed for conversion from the result of real number x to a range of values
between 0 and 1 when the value is passed through the next layer or when the final result is expected.
The unipolar sigmoid function was used for the activation function in this study. The equation of the
unipolar sigmoid function is as follows.

f (x) =
1

1 + e−x (3)

In this study, the ANN was supported by MATLAB software. Using the training data of randomly
extracted habitat sample data, the slope data of the flat area were used as non-habitat area for training,
and the input data of the study area were rearranged between 0.1 and 0.9. The weights of the input
layers were calculated using the back-propagation algorithm of the ANN with a 9 × 18 × 1 structure
of the networks. The initial weight was set randomly as described previously, and the learning rate
and number of epochs were set to 0.01 and 1000, respectively. The root-mean-square error, the criterion
of the stopping point of decreasing error, was set to 0.01.

The process of potential mapping for martens and leopard cats can be explained in three steps,
as shown in Figure 4. First, a spatial database was constructed with nine potential habitat-influencing
factors, including the observation points of martens and leopard cats. Half of the marten and leopard
distribution data selected by random sampling were used as training sets. The locations of observations
of martens and leopard cats were confirmed in field surveys for the application and validation of
habitat potential models described in Section 2.2 (Figure 2). The observation location data of martens
and leopard cats were set as dependent variables. Second, the ANN model was applied to a spatial
database to map the habitat potentials. Nine factors that were considered to affect the marten and
leopard cat habitats were set as independent variables. Elevation, slope, and aspect derived from
topographic maps, timber type and timber age from forest maps, and land cover, distance from road,
distance from water, and distance from forest from land cover map were included in the spatial
database with half of the randomly sampled marten and leopard cat habitat data. The ANN model
was applied after constructing the spatial database. To apply the model, MATLAB programming was
used with the GIS data. The resulting maps of the habitat potentials were validated using a receiver
operating characteristic (ROC) curve. Finally, validation of the marten and leopard cat habitat potential
maps was performed using the remaining marten and leopard cat distribution data that were not
included in the spatial database.
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4. Results

4.1. Weight of Related Factors and Habitat Potential Mapping

The weights of the related factors between the layers acquired during the ANN model training
process are shown in Table 3. The weight values show the contribution of each weight to the
ANN model. Since the weights were initialized during the first training, the results could differ.
This study attempted to obtain similar results by performing the calculation several times. The weight
calculation was repeated for 10 epochs, with 100 cycles for each epoch, to identify the influence of the
randomly extracted sample for a city/dry area (public area), non-habitat area, since most wild animals
do not live in populated urban areas. No leopard cats were observed in public areas in the results of
the frequency ratio analysis in a previous study [23]. In the iterations of each epoch, the weights were
updated via back propagation. The standard deviation was 0.001–0.018 for martens and 0.002–0.021 for
leopard cats. The ranges of standard deviations indicated that there were minimal effects of random
sampling of non-habitat area on the results.

Table 3. Neural network weight between martens and leopard cats, and habitat-related factors.

Marten Leopard Cat

Average Standard
Deviation

Normalized Weight
with Respect to

Land Cover
Average Standard

Deviation

Normalized Weight
with Respect to

Land Cover

DEM 0.1657 0.0175 2.3877 0.1728 0.0208 2.3883
Slope gradient 0.1335 0.0102 1.9242 0.1939 0.0103 2.6790

Slope aspect 0.0901 0.0019 1.2986 0.0768 0.0019 1.0619
Timber type 0.1453 0.0107 2.0945 0.1159 0.0185 1.6014
Timber age 0.0704 0.0104 1.0146 0.1053 0.0059 1.4545
Land cover 0.0694 0.0015 1.0000 0.0724 0.0030 1.0000

Distance from road 0.1092 0.0023 1.5741 0.0817 0.0054 1.1285
Distance from water 0.1210 0.0032 1.7439 0.0854 0.0037 1.1803
Distance from forest 0.0953 0.0008 1.3735 0.0959 0.0044 1.3259

Regarding the average weights of the related factors for the habitat potential mapping of martens,
DEM had the highest value (0.166), followed by timber type (0.145), while land cover showed the
lowest value (0.069). The factor weights for leopard cats were similar. Slope gradient had the highest
value (0.194), followed by DEM (0.173), and land cover had the lowest value (0.072).

However, for a comparison of the same standards between the two analyses, all average weight
values were normalized by dividing by the smallest average weight value, land cover, for each factor for
martens and leopard cats. The lowest values of 0.069 and 0.072 were normalized to 1.000. DEM showed
the highest normalized weight value of 2.388 for martens and timber type was the second highest
normalized factor at 2.095. Likewise, the weight analysis showed that the slope gradient and DEM
presented the highest and second highest normalized weight values of 2.679 and 2.388 for leopard cats,
respectively. The least important factors, land cover for both martens and leopard cats, were used as
references for the normalized weights. Timber age (1.015) and slope aspect (1.299) for martens and
slope aspect (1.062) and distance from road (1.129) for the leopard cats followed.

The weights calculated via iteration, shown above, were applied throughout the study area,
and the final weights determined for martens and leopard cats were applied to the corresponding
factor in each dataset. Figure 5 shows the habitat potential maps for martens and leopard cats.
To simplify the interpretation of the habitat potential maps, the results were classified into five classes
of potentials: very high (10%), high (10%), medium (20%), low (20%), and very low (40%). Based on the
habitat potential maps of both martens and leopard cats, the eastern region of South Korea appeared
to have high potential.
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4.2. Validation

Habitat data can be used to validate whether the habitat potential maps were effectively predicted.
Therefore, the halves of marten and leopard cat habitat data not used for training were used as the
validation data. ROC curves were used to validate the habitat potential maps of martens and leopard
cats generated using the ANN model. The ROC curves were generated for the marten and leopard cat
habitat potential maps to compare the habitat locations of martens and leopard cats, respectively.

The ROC curve is a graphical plot showing the diagnostic capabilities of classification models
with various thresholds. It is a widely used method for validation [37–40]. ROC curves can show
sensitivity and specificity on the x-axis and y-axis, respectively. In this study, specificity represented
the percentage of area that martens and leopard cats could inhabit, while sensitivity represented the
predicted potential marten and leopard cat habitat locations. For the ROC graph, the predicted habitat
potential values after applying the ANN model were sorted in descending order. The ranks of the
habitat potential values were identified and the values were equally classified into 100 classes of
study area.

Figure 6 shows the ROC curves of the marten and leopard cat habitat potential maps; martens
showed 85.01% (0.8501) accuracy, versus 87.03% (0.8703) accuracy for leopard cats. These results are
depicted as a graph of the validation rate (Figure 6), where 65% of the study area included 100% of all
habitat locations for both species.
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5. Discussion

Machine learning focuses on processing new data and predicting outcomes using patterns learned
through training [12,13]. In other words, the most noticeable advantage of ANN modeling is that
the algorithm itself can learn to be more accurate, although it requires sufficient data to support this.
In South Korea, a government-affiliated organization constructed detailed country-scale thematic
maps. These previously constructed data were sufficient for generalizing and correctly processing
new incoming untrained data. Therefore, a spatial database was constructed based on nationally
constructed data, including topographical, forest, and land use maps. The spatial database built in this
process could be used in conjunction with other methods. MATLAB was used to process large amounts
of data quickly, and the spatial distribution of martens and leopard cats could be confirmed through
a GIS analysis. The results for leopard cats using the ANN showed approximately 5% higher accuracy
than those obtained using the frequency ratio (82.15%) and logistic model (81.48%) in a previous
study [23], even though the input data differed. This confirmed that the ANN model had been applied
appropriately to habitat potential mapping.

The results of machine learning models, such as the ANN model applied in this study, are strongly
influenced by the input data. Therefore, in this study, an input spatial database was constructed
with marten and leopard cat habitat point data based on the Second National Survey on Natural
Environment, and data extracted and calculated from national theme maps, which reflected regional
characteristics. The impacts of factors besides the input data, such as climate or sudden natural
disasters, on martens and leopard cats were assumed to be negligible. In the case of the habitat data,
the generation of errors may depend on the survey method. However, the behavior radii of martens
and leopard cats were within 10 km, and the size of the entire study area was considerably larger by
comparison; therefore, all data were considered to be reliable.

In both species, DEM, slope gradient and timber type were the three most important factors related
to habitat. The relative weight of slope gradient was higher for leopard cats than for martens, indicating
a greater influence of slope gradient in the result map for leopard cats (Figure 5). The smaller radius of
action of leopard cats compared to martens may have influenced this result. Martens mainly inhabit
forests; therefore, the habitat potential of martens was high in relatively dense forests. In contrast,
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the habitat potential of leopard cats tended to be evenly distributed in relatively low areas compared
to martens, which was particularly evident on Jeju Island.

Considering the results of the habitat potential map of this study, elevation, slope gradient
and timber type information of mountain areas should be considered as indices for prioritizing
the protection and management of marten and leopard cat habitats. Moreover, the index should be
managed with weighted indices for each factor. In the future, national natural environment survey data
that are constructed and accumulated in a timely manner will enable the continuous construction and
management of habitat maps for not only marten and leopard cat, but also other endangered species.

6. Conclusions

In this study, ANN modeling was used to predict the habitat potentials for martens and leopard
cats. The factors affecting the habitat distribution of each species were selected and a spatial database
was constructed with the collected data. Using the collected data and half of the field-surveyed
habitat data, the habitat potentials of martens and leopard cats were predicted using the ANN model.
The predicted maps were validated with the other half of the habitat data not used for training.

The first- to third-highest normalized weights with respect to the lowest average weight for both
martens and leopard cats (land cover) were DEM, slope gradient and timber type. This indicates that
factors related to DEM are positively correlated with the habitat location of martens and leopard cats.
In contrast, land cover showed the lowest normalized weights for both martens and leopard cats.
Subsequently, martens had lower weights for timber age and slope aspect, whereas leopard cats had
lower weights for slope aspect and distance from road. Since both species are mammals with large
activity radii, and steep slopes are considered an important factor, the weight value for distance from
mountains was relatively low.

In South Korea, martens and leopard cats exhibited similar habitat patterns, with high habitat
potentials in eastern mountainous areas, except along beach lines and southern areas. Likewise,
coastal areas beyond the eastern range and western plains of the study area showed very low habitat
potentials for both species. Nearly all areas with low habitat potentials were lowlands, coastal areas,
and non-forest areas. These trends are likely similar even though the habitat characteristics of martens
and leopard cats differ because of the large size of the study area.

The results of the marten and leopard cat habitat potential maps were validated with the half of
the marten and leopard cat habitat data not used for modeling. The results of the validation showed
accuracy of 85.01% for martens and 87.03% for leopard cats, both of which were satisfactory (>85%).
These results could lead to more informed decisions for wildlife management planning and land
development planning in areas with high habitat potentials.

Owing to the characteristics of the machine learning model, input data accuracy is very important.
However, it is difficult to determine the exact habitat location of mammals with large activity radii,
such as martens and leopard cats. Since inaccurate location data could result in difficulties in
performing spatial analyses, reliable habitat data should be used when research is conducted for
smaller administrative units. Quantitative evaluation of the ecological consequences of a wide range of
spatial data could be performed using GIS. Integrating several characteristics representing the habitat
potential of mammals is an important aspect of ecological management research.

This study identified habitat-related factors for martens and leopard cats. The methodology
applied in this study could also be used to generate a time-series of habitat maps, and marten
and leopard cat habitat data could be used, since the habitat-related data will be additionally and
continuously constructed during the next national natural environment survey. In addition to martens
and leopard cats, this method can also be applied to habitat mapping of other mammalian species
examined in national natural environment surveys. Moreover, the habitat potential mapping results
can be used as a basis for determining the locations of monitoring sites or creating protection plans for
mammalian species. However, more studies are essential to generalize the habitat-related factors that
affect the habitat characteristics for individual mammalian species.
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