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Abstract: This study presents a national-scale mapping of Ecosystem Functional Groups (EFG) in the
Republic of Korea using the IUCN Global Ecosystem Typology (GET), integrated with national-level
spatial datasets, satellite imagery, and a Random Forest (RF) classifier. By incorporating locally
relevant ecological data, the original typology was refined to resolve issues of overgeneralization and
spatial overlap. The resulting map delineates 20 distinct ecosystem types, offering improved spatial
accuracy and better alignment with the actual land extent. To evaluate the potential of EFG
classification, the RF model was trained on seasonal satellite composites and environmental
variables, achieving an overall accuracy of 80%. Elevation and temperature were found to be the most
influential predictors, effectively distinguishing ecological patterns across diverse landscapes. This
integrated approach supports consistent tracking of ecosystem changes and helps address the
limitations of static or infrequently updated spatial datasets. The developed EFG map supports
biodiversity conservation by providing a practical foundation for national spatial planning and
contributing to Red List of Ecosystems assessments, in line with the goals of the Global Biodiversity
Framework.
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1. Introduction

Biodiversity plays a critical role in maintaining ecosystem functioning and stability by
promoting efficient resource utilization and strengthening resilience to environmental heterogeneity
through the differential functional responses of species [1]. The adoption of the post-2020 global
biodiversity framework (GBF) under the Convention on Biological Diversity [2] and the 2030
Sustainable Development Goals [3] constitutes a pivotal global policy response to address the
primary drivers of biodiversity loss. In line with global trends, habitats for wildlife such as forested
areas are also gradually declining in the Republic of Korea (ROK) [4]. In response, based on legal
grounds and in alignment with the specific targets outlined in the GBF, ROK has developed its
National Biodiversity Strategies and Action Plans (NBSAP), reflecting the national context.

Both the GBF and Korea’s NBSAP emphasize spatial planning as a foundational strategy for
identifying ecologically significant areas and setting conservation priorities. Monitoring the spatial
extent and configuration of ecosystem types is essential to support this approach, requiring robust

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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indicators and methodologies that capture ecosystem structure, function, and composition [5].
Moreover, this objective also supports ecosystem condition assessments and conservation
prioritization, particularly through the application of the International Union for Conservation of
Nature (IUCN) Red List of Ecosystems (RLE), which provides a global standard for evaluating the
risk of ecosystem collapse based on indicators such as area change, range contraction, environmental
degradation, and biotic disruption [6,7].

To implement such monitoring frameworks at a global scale, the use of standardized ecosystem
typologies and spatial units is essential. In this context, Remote Sensing (RS) data such as
multispectral and radar imagery from satellites are increasingly utilized due to their accessibility and
broad spatial coverage [8-11]. Recent studies have actively applied RS data in combination with
artificial intelligence (Al) based classifiers, particularly machine learning techniques, to enhance the
monitoring of ecosystem related indicators [12-16]. However, existing ecosystem monitoring studies
have shown considerable variation in data sources, typological frameworks, and methodological
approaches. This heterogeneity impedes the comparability of monitoring results across regions and
the consistent tracking of global ecosystem trends. In addition, commonly used land cover
classifications often provide limited representation of ecosystem functions and biotic components,
constraining comprehensive assessments of ecosystem condition [17].

To establish standardized and spatially explicit ecosystem categories and terminology
applicable at the global scale, the IUCN developed the Global Ecosystem Typology (GET), which
incorporates ecosystem functions and processes [18]. The GET is structured into a six-level
hierarchical framework. The upper three levels include: Level 1 (Realm), comprising 10 major and
transitional ecosystem realms; Level 2 (Biome), which further classifies realms into 25 biomes; and
Level 3 (Ecosystem Functional Group, EFG), which divides biomes into 110 functionally distinct
ecosystem groups. Levels 4 through 6 are designed to capture compositional variations within
functionally convergent ecosystem groups, enabling finer-scale classification at national and
subnational levels [18]. Although the GET has been recommended as a standardized framework for
ecosystem classification and as the assessment unit for the IUCN RLE [19], its application remains
challenging. This is primarily due to insufficient spatially detailed data at national scales, and
classification uncertainties including excessive overlap among ecosystem types. Moreover, studies
on mapping ecosystem types based on the IUCN GET remain limited, and evaluations of the
applicability of RS data and Al techniques for this purpose are also insufficient.

In this study, a national-scale map of EFGs based on the GET framework was developed for the
Republic of Korea, utilizing environmental thematic maps and geospatial datasets to enable
international comparability. In addition, given that national-scale maps based on pre-existing spatial
data may not fully reflect current ecosystem conditions, the mapping approach was further evaluated
using satellite imagery and a Random Forest (RF) algorithm.

2. Materials and Methods

2.1. Study Area

The study area is located between approximately 33°N-39°N latitude and 124°E-132°E
longitude, covering an area of approximately 100,000 km? (Figure 1). The region has a warm monsoon
climate with hot summers (June to August) and cold, dry winters (December to February), resulting
in pronounced seasonal variation in phenology and ecological dynamics [20]. Examples from the
original IUCN GET maps reveal limitations when applied at the national scale (https://global-
ecosystems.org/analyse, accessed on 10 September 2024) (Figure 1c1-1c4)). Types such as T7.3 and
T7.4 cover almost the entire country, suggesting overgeneralization, while F3.1 and MT1.2 present
spatial mismatches, both cases demonstrate inaccuracies due to coarse resolution and generalized
input layers. These observations underscore the challenges in directly utilizing the original GET maps
for ecosystem assessments within this region.
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Figure 1. (a) Study area of this research with (b) Digital Elevation Model (DEM), and example of original GET
maps (c-1) T7.3, (c-2) T7.4, (c-3) F3.1, and (c-4) MT1.2.

2.2. Data Acquisition and EFG map Development

Firstly, to develop the EFG map for ROK, we identified the ecosystem types currently present in
the country based on the IUCN GET. Considering the available spatial data as of 2022 and expert
consultations, we selected 20 types applicable to the national context and established a classification
framework for each. Table Al in Appendix A lists the source data used for the classification and
mapping [21-28]. Table A2 in Appendix A shows the classification criteria for each EFG. All source
data were projected to the UTM/WGS84 coordinate system and resampled to 30 m spatial resolution
for alignment with satellite imagery. The spatial classification of each EFG was derived using land
cover-related datasets provided by the respective government agencies. Functional classification was
applied on top of spatial classification to produce the EFG map, integrating environmental and land
cover variables. This process was based on the key drivers of each EFG proposed by [18] and refined
through expert consultation to reflect national conditions in the ROK.

Seasonal composites of Landsat 8-9 Level-2 satellite imagery for the year 2022 were generated
using Google Earth Engine (GEE) as input data for EFG classification modeling based on the
constructed EFG map. GEE is a cloud-based geospatial analysis platform that allows efficient
processing of large-scale satellite datasets without the need for local storage or high-performance
computing [29]. During the compositing process, cloud masking was also applied to ensure high-
quality observations. The seasons were defined as winter (12-2), spring (3-5), summer (6-8), and
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autumn (9-11). Table 1 summarizes the input variables used in the classification model, including
spectral indices and a thermal band derived from the constructed Landsat composite imagery [30,31].

Table 1. Variables derived from Landsat imagery for EFG classification model.

Indices Formula
Normalized Difference Vegetation Index (NDVI) (Pnir — Prep)/(Pnir + PrED)
Modified Normalized Difference Water Index (MNDWTI) (Preen — Pswir1)/(PGREEN T Pswir1)
Normalized Difference Built-up Index (NDBI) (Pswir1 — Pnir)/ (Pswir1 + Pnir)
Urban Index (UT) (Pswirz — Pnir)/ (Pswirz + Pnir)
Land Surface Temperature (LST) PTIR

2.3. Random Forest Modeling

We employed the RF algorithm to construct the EFG classification model because of its strong
performance in ecological classification tasks. The RF algorithm has been widely applied in remote
sensing tasks involving both classification and regression [32]. It consists of an ensemble of
Classification and Regression Trees (CARTSs), each trained on a randomly selected subset of the input
data [33]. For every CART, predictor variables are selected at random with equal probability. The
final prediction is obtained by aggregating the outputs of all individual trees, either through majority
voting (for classification) or averaging (for regression). This ensemble strategy, which integrates
bootstrap aggregation (bagging) and random feature selection, has been demonstrated to outperform
many other machine learning approaches in various contexts [34].

The input datasets for modeling consisted of 25 bands, including seasonal variables derived
from Landsat as presented in Table 1, seasonal mean temperatures based on 5-year MK-PRISM data,
and DEM (Table Al). Considering the spatial extent of each EFG and to ensure a balance between
model performance and computational efficiency, we extracted 500 to 1,000 samples per class using
stratified random sampling. This range has been shown to be sufficient for robust classification,
particularly when using ensemble models such as RF [35]. We trained the models using a random
selection of 80% of samples, stratified by EFG class, and the remaining 20% was used for test.

RF model was tuned using training dataset and grid search with 5-fold cross-validation while
systematically refining key parameters such as n_estimators, max_depth, min_samples_split, and
min_samples_leaf. After parameter optimization, we assessed the model performance using the test
dataset and the metrics presented in Table 2. TP, FP, and FN refer to true positives, false positives,
and false negatives for the target class, respectively; T and F denote the total number of correctly and
incorrectly classified points across all classes. RF modeling was performed using scikit-learn python

3.8.10 library.
Table 2. Accuracy measures used to assess RF classification model.
Approach Formula
Overall accuracy T / (T+F)
Precision TP / (TP+FP)
Recall TP / (TP+FN)
F1-score (2xprecisionxrecall) /
(precision+ recall)
3. Results

3.1. Result of EFG map Development for the Republic of Korea

We classified a total of 20 EFG types within the ROK based on various data suitable for
ecosystem classification, expert opinions, and the definitions provided in the existing IUCN GET.
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Figure 4(left) shows the developed EFG map, and Table 3 presents the area of each EFG type in both
the EFG map and the existing IUCN GET. Compared to the original IUCN GET classification, the
EFG map developed in this study includes several structural refinements and additions. For example,
T2.2 (Temperate Forests) has been subdivided into more specific categories: T2.2.1 (Broadleaved
Temperate Forests), T2.2.2 (Coniferous Temperate Forests), and T2.2.3 (Mixed Temperate Forests). In
addition, new functional groups that were not present in the original GET, such as TF1.3 (Permanent
Marshes), TF1.7 (Boreal and Temperate Fens), and F1.2 (Permanent Lowland Rivers), have been
introduced, improving ecological specificity.

Significant differences were observed in the spatial extent of many EFG types in the refined map
(Table 3). T2.1 (Montane Forests) showed a drastic decrease of over 99%, which may be due to climatic
thresholds from [18], as many areas did not meet the required number of months with mean
temperatures above 10°C. T2.2.1 decreased compared to the undivided T2.2 in the original GET, but
the combined area of T2.2.1 to T2.2.3 (59,796.32 km?) exceeded the original value, suggesting internal
redistribution and improved vegetation classification. T2.4 (Warm Temperate Laurophyll Forests)
also showed a substantial reduction of about 99%, likely due to refined interpretation of vegetation
types.

Among agricultural and artificial ecosystems, some types were broadly overestimated in the
original GET due to generalized classification and coarse spatial resolution over 1 km. Among them,
F3.3 (Rice Paddies), T7.2 (Horticultural Croplands), T7.3 (Plantations), and T7.4 (Urban and Industrial
Ecosystems) were mapped across nearly the entire national territory, resulting in very low spatial
accuracy. These types have been significantly refined in the developed EFG map through more
detailed classification and spatial filtering. As a result, T7.3 decreased by 98%, F3.3 by 78%, and T7.1
(Annual Croplands) by 63%. Similarly, T7.5 (Derived Semi-natural Pastures and Old Fields) declined
by 87%, and T7.4 by 84%, reflecting a comprehensive correction of prior overestimation across
managed landscapes.

Wetland and river-related types also showed substantial changes. TF1.2 (Subtropical-Temperate
Forested Wetlands) decreased by over 99.99%, while TF1.3 and TF1.7, which were not included in the
original GET, were newly added. F1.1 (Permanent Upland Streams), F1.3 (Freeze-thaw Rivers), F1.4
(Seasonal Upland Streams), and F1.5 (Seasonal Lowland Rivers) were reduced by over 95-98%, while
F1.2 was newly mapped, reflecting improved hydrological delineation. F2 (Lakes) increased by 93%
due to more accurate detection of inland water bodies and MT1 (Shorelines) declined by 68%, likely
due to refined coastal boundary definitions and the removal of spatial overlaps.

The total area assigned to the 20 EFG types in the original IUCN GET was 414,258 km?,
approximately four times the actual land area of South Korea (about 100,000 km?), primarily due to
broadly defined and overlapping classifications. In contrast, the refined EFG map developed in this
study maps a total of 105,684.97 km? including MT1, closely matching the actual land area. This
demonstrates a significant improvement in spatial accuracy and consistency over the original GET.

Table 3. Area comparison between IUCN GET and the developed EFG map for each EFG type.

. EFG map IUCN GET
ID Ecosystem Functional Group (km?) (km?)
T2.1 Boreal and temperate montane forests 19,48 3195.06
and woodlands
T2.2.1 Broadleaved 32076.05
Temperate Forests
T2.2.2 Coniferous Temperate Forests 20964.80 46114.35
T2.2.3 Mixed Temperate Forests 6755.47
T2.4 Warm temperate 142.68 13838 58
laurophyll forests
T17.1 Annual croplands 11235.81 30683.18
T7.3 Plantations 1268.27 79767.46

174 Urban and industrial ecosystems 9918.62 61680.09
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T7.5 Derived semi-natural pastures and old fields 4666.41 36347.7
TF1.2 Subtropical-temperate forested wetlands 3.12 42663.56
TF1.3 Permanent marshes 24.23 NA
TF1.7 Boreal and temperate fens 1.45 NA
F1.1 Permanent upland streams 172.41 7279.39
F1.2 Permanent lowland rivers 210.50 NA
F1.3 Freeze-thaw rivers and streams 290.53 11998.11
F14 Seasonal upland streams 171.72 18313.1
F15 Seasonal lowland rivers 31.11 2178.58
F2 Lakes 3387.31 1753.99
F3.3 Rice paddies 9974.73 44601.29
MT1 Shorelines 4370.31 13843.88
Total 414258.32 105684.97

3.2. Classification Results

Developed EFG map was used as the reference map to perform EFG classification using satellite
imagery and RF algorithm. Accuracy assessments for each EFG type are presented in Table 4, and the
confusion matrix for the classification results is shown in Figure 2.

The model achieved an overall accuracy of 0.80, with particularly high performance observed in
classes such as T2.1, T2.4, F1.1, F1.2, F2, and MT1, all of which recorded Fl-scores above 0.90. In
contrast, TF1.3, TF1.7, and F1.3 yielded Fl-scores below 0.50, largely due to confusion with
ecologically similar or spatially adjacent categories. For example, TF1.3 samples were frequently
misclassified as TF1.7 and T2.2.3 (mixed temperate forests), reflecting the difficulty of distinguishing
wetland ecosystems with variable vegetation structure. F1.3, which is defined by seasonal freezing
conditions and winter temperatures below 0°C, also showed more frequent misclassification
compared to other riverine classes such as F1.1 and F1.2. This suggests challenges in capturing the
spectral or seasonal variability of intermittent or thermally dynamic water bodies. T7.4 also exhibited
notable misclassifications, particularly with T2.2.3, T7.1, and T7.5. These overlaps are likely due to
the complex spatial heterogeneity in peri-urban areas, where built-up surfaces, cropland edges, and
vegetated open spaces are often intermingled, making them difficult to distinguish based on spectral
features alone. Additionally, T2.2.3 was also confused with T2.2.1 and T2.2.2, highlighting the
challenges of delineating transitional forest types that share similar structural and climatic

characteristics.
Table 4. Accuracies of the RF model for EFG classification.
Division Precision Recall F1-score

T2.1 0.98 0.95 0.96

T2.2.1 0.76 0.91 0.83

T2.2.2 0.74 0.89 0.80

T2.2.3 0.81 0.89 0.84
T2.4 0.98 0.87 0.92
T7.1 0.7 0.9 0.79
T7.3 0.83 0.8 0.82
T7.4 0.53 0.84 0.65
T7.5 0.73 0.59 0.65

TF1.2 1.00 0.67 0.8
TF1.3 1.00 0.45 0.62
TF1.7 0.91 0.32 0.47
F1.1 0.99 0.95 0.97
F1.2 0.92 0.92 0.92

F1.3 0.79 0.15 0.25
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F14 0.78 0.63 0.70

F1.5 0.89 0.74 0.81

F2 0.93 0.97 0.95

F3.3 0.75 0.97 0.85

MT1 0.96 0.97 0.97
Overall accuracy 0.80
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Figure 2. Confusion matrix for EFG classification using RF.

Figure 3 shows the feature importance of the 25 predictors used in RF classification for EFGs.
DEM was the most important variable, effectively separating elevation-dependent classes such as
montane forests and highland wetlands. Temperature-related variables, including seasonal averages
from MK-PRISM and Landsat LST, also showed strong influence. These variables played a key role
in distinguishing ecosystems characterized by climatic conditions and seasonal variability, with
predictors from multiple seasons contributing meaningfully to the classification. Spectral variables
based on surface reflectance, which are commonly used in land cover classification for their
sensitivity to vegetation greenness, surface moisture, and built-up features [36], showed moderate
importance in the model. These variables contributed consistently across seasons, aiding the
classification of EFG types without notable seasonal variation in their relative importance.
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Figure 3. Feature importance of 25 predictors for EFG classification using RF.

3.3. Mapping Results

Figure 4(right) shows the EFG mapping result for the entire ROK using the RF model. While the
overall distribution is similar to the reference EFG map (left), T7.4 (urban and industrial ecosystems)
is more broadly mapped, particularly in peri-urban areas where it tends to be confused with T2.2.3,
T7.1, and T7.5, as previously described. Additionally, T2.1 (boreal and temperate montane forests) is
more extensively mapped in mountainous regions, likely due to the influence of DEM. In contrast,
the reference map reflects more conservative delineation based on temperature criteria, leading to
visible differences in high altitude areas. Shorelines are also generally well reproduced in the RF
classification, although certain areas in the northwestern coastal region were classified as F2, possibly
due to spectral similarity near land water boundaries.

Table 5 demonstrates that the EFG map constructed using nationally developed environmental
thematic maps, can differ from the results of RF modeling based on satellite imagery. In Case 1, such
discrepancies appear in areas containing sensitive infrastructure, such as military facilities, where
access to accurate ground information may be restricted due to security concerns [37]. In Case 2,
environmental maps developed at the national level, which are updated less frequently than satellite
imagery, often fail to capture recent changes in land surface conditions. These cases highlight the
limitations of relying solely on pre-existing spatial data for monitoring EFG dynamics, and
emphasize the need to incorporate satellite imagery and Al-based modeling approaches as
complementary tools to improve the accuracy and timeliness of ecosystem monitoring.
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Figure 4. EFG map of the Republic of Korea developed in this study and classification result based on satellite
imagery and random forest classifier.

Table 5. Case-specific differences between EFG map and RF modeling results.
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4. Discussion

A globally standardized ecosystem classification provides the foundation for consistent
assessment, monitoring, and conservation planning, regardless of regional or national boundaries.
By offering a unified typological framework, it enables the integration of heterogeneous ecological
data and facilitates meaningful global comparisons. In particular, such a framework is essential for
applications such as the IUCN RLE, which relies on uniform criteria to assess ecosystem risk and
guide prioritization [19]. This study applied the IUCN GET framework to ROK as a test case and
demonstrated how national-level spatial datasets can be integrated with remote sensing data to
derive a higher resolution EFG map. Compared to the original GET map, which often overgeneralizes
or misrepresents local ecological patterns, our results underscore the value of incorporating
contextualized ecological information. Notably, substantial differences were observed in the
distribution and area of specific EFG types, demonstrating the enhanced ability of our approach to
capture local ecological variation. By incorporating ecological data from national sources, the method
improves classification accuracy and mitigates the limitations of globally generalized ecosystem
maps [38]. In addition, this refinement supports more accurate representation of ecosystem
heterogeneity, which is critical for monitoring of ecosystems and supporting conservation and policy
decisions [39].

To evaluate the feasibility of satellite-based classification of EFGs, we employed an RF algorithm
trained on diverse geospatial predictors. Among these, DEM was the most influential, reflecting the
significant relationship between topography and ecological variation. Elevation influences spatial
patterns in vegetation and ecosystem composition by shaping hydrological processes, microclimates,
and soil conditions, all of which affect the distribution of EFGs [40,41]. Temperature-related variables,
the integration of MK-PRISM and Landsat-derived LST, showed high feature importance, indicating
their potential relevance in differentiating EFGs based on thermal characteristics. As demonstrated
by [42], canopy and temperature dynamics are associated with ecological function and species traits,
particularly in forests and wetlands. Although spectral indices contributed valuable spatial
information, their importance was somewhat lower than that of topographic and thermal variables.
Nevertheless, as suggested by [41], they were crucial for distinguishing EFGs in complex
environments, such as urban-natural ecotones or ecosystems with seasonal phenological changes.
Overall, the integration of topographic, thermal, and spectral data within a RF algorithm
demonstrates the potential of satellite-based approaches for functionally meaningful ecosystem
classification. Additionally, timely ecosystem monitoring is essential for informing effective policy
decisions, as emphasized by [38]. This study demonstrates that such needs can be addressed and
complemented through the integration of satellite-derived mapping results with the constructed EFG
map, enabling more spatiotemporally representative monitoring.

The significance of this study lies in presenting an integrated methodology that synthesizes
detailed national-level spatial datasets, satellite-based geospatial variables, and Al-based
classification techniques to produce EFG map aligned with the [IUCN GET framework. This approach
demonstrates the practical feasibility of applying globally standardized ecosystem typologies within
a regional context while enhancing the spatial resolution and ecological specificity of classification
outputs. However, due to limitations in data and definitions, specific EFG types were not included
in the current classification, highlighting the importance of integrating overlooked EFG types to
improve ecological accuracy and representational completeness. Building on this foundation,
subsequent efforts should focus on including a broader range of EFG types, integrating more diverse
datasets, and applying advanced deep learning-based models to support more ecologically
meaningful and spatially accurate EFG mapping.

5. Conclusions

This study applied the IUCN GET to map EFGs in ROK by integrating national-level spatial
datasets, satellite imagery, and an RF classifier. First, based on national-level spatial datasets, an
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optimized EFG map for ROK was developed that more accurately captures local ecological
heterogeneity and better aligns with the actual land extent than the original GET product. This
refinement addressed issues such as overgeneralization and spatial overlap commonly found in
globally generalized typologies. Subsequently, satellite imagery and geospatial variables were
incorporated using an RF classifier to assess the applicability of automated classification. Variables
related to elevation and temperature had the greatest influence on the model, underscoring their
critical role in distinguishing EFGs across diverse ecological gradients. The mapping result offers
complementary value for ecosystem monitoring by supporting consistent detection of spatial changes
and offering insight into region specific ecological patterns. It also helps to address the limited update
frequency of existing national-level spatial datasets, underscoring the value of satellite-based
automated mapping for more timely and responsive ecosystem assessments. These improvements
provide a stronger basis for ecosystem monitoring and more coherent conservation decision-making
by enabling standardized and spatially consistent assessments. The optimized EFG map for ROK,
built from national-level datasets and remote sensing, serves as a practical tool for domestic planning
while enhancing compatibility with global frameworks. In particular, it offers a robust input for
IUCN RLE assessments, contributing to consistent evaluation of ecosystem risks and supporting
global biodiversity conservation efforts in alignment with the goals of the GBF.
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Table A1l. Datasets used for the development of the EFG map for Republic of Korea.
Application Dataset Description Creator Extent Time Sources Reference
Nationwide land cover data classified .
Land cover map into 41 classes ME ROK 2022 https://egis.me.go.kr [21]
Spatial distribution of forests by type,
Forest t KF ROK 2022 https: forest.go.k 22
Spatial oresttype map origin, and other attributes 5 0 0 ps://map.forest.go.kr [22]
lassificati o
classtication Farm map Spatial dlsmb“ttl;;e(’f farmlandsby  \iapra ROK 2022 https://agis.epis.or.kr (23]
1 ial distribution of wetl
.Wet and Spatial distribution of wetlands by NIE ROK 2022 https://www.data.go.kr/en/index.do [24]
inventory type
JRC global surface Information on surface w?ter JRC Global 2021 https://global-surface-water.appspot.com/ [25]
water occurrence and seasonality
Functional HydroRIVERS Information e geometryand e Global 2020 https://www.hydrosheds.org/ [26]
classification - - - ;
MK-PRISM Nationwide gridded mean air KMA ROK 2015- http://www .climate.go.kr/ [27]
temperature 2019

DEM Nationwide gridded surface elevation NGII ROK 2022 https://map.ngii.go.kr/ [28]

Notes: ROK, Republic of Korea; ME, Ministry of Environment of the Republic of Korea; KFS, Korea Forest Services; MAFRA, Ministry of Agriculture, Food and Rural Affairs of the Republic
of Korea; NIE, National Institute of Ecology of the Republic of Korea; JRC, Joint Research Centre of the European Commission; WWE, World Wildlife Fund; KMA, Korea Meteorological
Administration; NGII, National Geographic Information Institute

Table A2. Classification framework for each EFG.

ID Ecosystem Functional Group Criteria
T2.1 Boreal and temperate montane forests and woodlands Vegetation areas based on land cover map
1-3 months averaging above 10°C based on 5-year MK-PRISM data
Elevation above 1,000 m based on DEM
T2.2.1 Broadleaved Temperate Forests Broadleaved forests based on forest type map

T2.2.2 Coniferous Temperate Forests

Winter mean temperature below 1°C, summer mean temperature at or below 22°C, and 4-6
months averaging above 10°C based on 5-year MK-PRISM data
Elevation below 1,000 m based on DEM
Coniferous forests based on forest type map
Winter mean temperature below 1°C, summer mean temperature at or below 22°C, and 4-6
months averaging above 10°C based on 5-year MK-PRISM data
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Elevation below 1,000 m based on DEM

T2.2.3 Mixed Temperate Forests Mixed forests based on forest type map
Winter mean temperature below 1°C, summer mean temperature at or below 22°C, and 4-6
months averaging above 10°C based on 5-year MK-PRISM data
Elevation below 1,000 m based on DEM
T2.4 Warm temperate laurophyll forests Evergreen broadleaved forest based on forest type map
6-8 months averaging above 10°C based on 5-year MK-PRISM data
Elevation below 1,000 m based on DEM
T7.1 Annual croplands Fields based on farm map
17.3 Plantations Orchards based on farm map
17.4 Urban and industrial ecosystems Built-up areas and artificial bare areas based on land cover map
T17.5 Derived semi-natural pastures and old fields Natural and artificial grassland based on land cover map
TF1.2 Subtropical-temperate forested wetlands Inland wetlands based on land cover map
Woody vegetation area based on wetland inventory
TF1.3 Permanent marshes Lakes, rivers, and wetlands smaller than 8 hectares based on wetland inventory
TF1.7 Boreal and temperate fens Inland wetlands based on land cover map
Herbaceous vegetation area based on wetland inventory
F1.1 Permanent upland streams Rivers based on land cover map
1st to 3rd order rivers based on HydroRIVERS
Permanent water based on JRC global surface water
F1.2 Permanent lowland rivers Rivers based on land cover map
4th to 9th order rivers based on HydroRIVERS
Permanent water based on JRC global surface water
F1.3 Freeze-thaw rivers and streams Rivers based on land cover map
Winter mean temperature below 0°C based on 5-year MK-PRISM data
F1.4 Seasonal upland streams Rivers based on land cover map
1st to 4th order rivers based on HydroRIVERS
Seasonal water based on JRC global surface water
F1.5 Seasonal lowland rivers Rivers based on land cover map
5th to 9th order rivers based on HydroRIVERS
Seasonal water based on JRC global surface water
F2 Lakes Lakes based on land cover map
F3.3 Rice paddies Rice paddies based on farm map
MT1 Shorelines Areas between marine waters based on the land cover map and inland boundaries
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