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Abstract: This study aims to evaluate the representativeness of Calibration/Validation (Cal/Val)
sites for satellite data, develop a framework for establishing new Cal/Val sites, and propose a
heterogeneity index to be applied within this framework, specifically focusing on South Korea.
The proposed framework assesses the representativeness of existing Cal/Val sites, and, if found
inadequate, provides a methodology for optimizing the location and number of additional Cal/Val
sites, along with a prioritization strategy for their installation. Furthermore, the framework includes
a methodology for evaluating the suitability of utilizing existing ground observation networks
as additional Cal/Val sites and for prioritizing their use. The heterogeneity index is derived by
synthesizing differences in geographic, climatic, vegetation, and spectral characteristics between the
current Cal/Val sites and the broader regions. A higher heterogeneity index indicates significant
divergence from existing Cal/Val sites across these factors, highlighting areas with a need for
additional Cal/Val sites and a higher expected impact from their establishment. This index serves
as a key tool within the framework to determine the optimal locations and number of new Cal/Val
sites, as well as to evaluate the efficacy of utilizing existing ground observation networks. The
framework was applied to South Korea, where the representativeness of the current eight Cal/Val
sites was found to be insufficient. The optimal number of Cal/Val sites was determined to be 33,
requiring the addition of 25 new sites in South Korea. The southeastern peninsula and surrounding
islands were identified as priority regions for new installations. Additionally, the potential for
utilizing the existing ground observation network was examined. Twenty-three Automatic Mountain
Meteorology Observation System (AMOS) sites in South Korea were selected and compared with the
optimized Cal/Val sites. The inclusion of these 23 AMOS sites was found to significantly improve
representativeness, approaching the level of the optimized Cal/Val sites. This strategic deployment
is expected to enhance the accuracy and reliability of remote sensing data, contributing to improved
environmental monitoring and research in South Korea.

Keywords: Compact Advanced Satellite 500-4 (CAS500-4); Committee on Earth Observation Satellites
(CEOS); heterogeneity

1. Introduction

Every year, satellites are launched for various purposes and produce a range of
products. These satellite products can be distorted by atmospheric, cloud, and terrain
factors [1,2], making it essential to cross-check measurements using independent systems
and methods to ensure the quality of the products [3]. Systems for such verification
and calibration can utilize satellite data, airborne data, numerical models, and ground
stations [4]. Among these, in situ data from ground stations are highly reliable because
they directly measure a variety of parameters and have very precise temporal and spatial
resolution, making them suitable as reference data for the calibration and validation of
satellite imagery [5–7].
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In situ data for the calibration and validation of satellite data are important for ad-
dressing temporal and spatial heterogeneity [8]. These are because they can ensure the
representativeness of the data, improve the generality and accuracy of satellite data by
reflecting different environmental conditions, and increase the reliability of the entire
dataset by reducing uncertainties, thus enabling the development of generalized calibration
and validation models [9,10]. Therefore, the selection of the location and number of
sites in the installation plan of calibration/validation (Cal/Val) sites should consider the
heterogeneity of the factors.

As satellite performance improves, the number of applications and types of products is
increasing. Even if Cal/Val sites have been optimized for the existing satellite applications,
this may not be sufficiently representative of the expanded applications [11,12]. Therefore,
it is necessary to conduct a representativeness assessment first, and if representativeness
cannot be secured, it is necessary to build a new Cal/Val site. In this case, the existing
network of ground observatories can be prioritized for the selection of new Cal/Val sites
because of their accessibility, infrastructure, and continuity with other data [3,13].

Therefore, the Cal/Val site installation planning framework needs to consider the
following factors: (1) The representativeness of existing Cal/Val sites should be evaluated
in a multifaceted/multivariate manner, and other factors should be easily added; (2) The
location and number of new optimal Cal/Val sites should be explored, including existing
Cal/Val sites; (3) It should be possible to evaluate the utility of other ground stations as
new Cal/Val sites; and (4) It should determine the installation priority of Cal/Val sites.

Meanwhile, South Korea is well-suited to create and test such a framework. South
Korea is preparing to launch satellites targeting forestry, agriculture, and water resources,
with plans to produce products appropriate to each satellite’s purpose. Among them,
The Compact Advanced Satellite 500-4 (CAS500-4), operated by the National Institute of
Forest Science (NIFoS), is scheduled for launch in 2025. It has a spatial resolution of 5 m,
a 3-day revisit cycle, and a multispectral sensor capable of detecting blue, green, red, red
edge, and near-infrared bands [14]. CAS500-4 is a forest-specific satellite that will produce
analysis-ready data including surface reflectance, albedo, vegetation index, and various
outputs in the areas of forest disaster, resources, and ecology [14–16].

As South Korea has a heterogeneous topography and climate, diverse forest types,
and complex forest structure relative to its area, Cal/Val sites need to consider a variety of
factors to ensure the quality of these outputs. Currently, NIFoS operates eight Cal/Val sites
in South Korea to validate the outputs of CAS500-4 [17]. However, their representativeness
has not been assessed, and their number falls short of the 30+ Cal/Val sites required by the
Committee on Earth Observation Satellites (CEOS) Land Product Validation (LPV) [18,19].
Thus, while it is essential to increase the absolute number of Cal/Val sites, these sites
must also be capable of effectively addressing the diverse outputs generated by CAS500-4.
Therefore, a methodology that meets both these requirements is necessary [17].

NIFoS also operates the Automatic Mountain Meteorology Observation System (AMOS)
for long-term ecological research in the forest. It consists of 464 meteorological observation
stations installed throughout the forests in South Korea since 2012 [20,21]. Each observation
station measures weather factors such as temperature, precipitation, wind, and barometric
pressure, and also observes the weather. These AMOS sites have been operational for more
than a decade, demonstrate proven accessibility and availability, and can provide additional
in situ data for satellite products, making them suitable for the Cal/Val site if the spatial
heterogeneity and representativeness of the sites are sufficient.

Therefore, the final objective of this study is to create a Cal/Val site installation
planning framework and apply it to South Korea, leading to an assessment of the repre-
sentativeness of existing Cal/Val sites, exploration of the optimal location and number
of Cal/Val sites, and evaluation of the potential use of existing stations as new Cal/Val
sites. The specific objectives to accomplish this are divided into two broad categories.
The first is to create a process for assessing the representativeness of the Cal/Val site and
further installation planning. The process to accomplish this is as follows: (1) identify the
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geographic location, climate, tree species, and forest structure of the Cal/Val sites installed
in South Korea as of 2024 and compare them to South Korea as a whole to explore gaps;
(2) suggest how new Cal/Val sites could be located to address these gaps; (3) propose a
method to determine the optimal number of Cal/Val sites; and (4) compile this to create a
list of optimal additional installation Cal/Val sites in South Korea and their priorities. The
second objective is to determine whether the representativeness is sufficient when assuming
that a Cal/Val site is installed in AMOS in South Korea. To this end, a representativeness
comparison was performed among the existing Cal/Val site group, the Cal/Val site group
selected through the additional installation planning process of this study, and the group
assuming the installation of a Cal/Val site in AMOS. Finally, when assuming that a Cal/Val
site is installed in AMOS of South Korea, the priority is provided.

2. Materials and Methods
2.1. Representativeness Assessment of Calibration/Validation Site and Additional Installation
Planning Process
2.1.1. Collecting and Building Dataset

All spatial data processing was performed in QGIS ver. 3.34 [22]. Considering that
this is a Calibration/Validation (Cal/Val) site for forest-specific products, geographical
lo-cation, climate, forest composition, forest structure, and vegetation index data were
collected. First, we created a unit grid for representativeness and additional selective
evaluation of the Cal/Val site. We created a 30′′ × 30′′ resolution grid within South Korea.
To ensure a sufficient forest area, only those grids with a forest percentage of 75% or more
were used. The forest percentage was calculated by cross-analyzing the 6th Forest Type
Map, a two-dimensional map of the extent and types of forests in South Korea prepared
by the Korea Forest Service [23]. Finally, the grids were divided into those that included
Cal/Val sites (eight sites) and those that did not.

Geographical location calculated the latitude and longitude of the center point on the
grid. Climate data, including average temperature, precipitation, solar radiation, wind
speed, and water vapor pressure were collected from Worldclim [24]. The 30′′ × 30′′

resolution data were collected and used immediately.
Forest composition and structure data were based on the 6th Forest Type Map [23].

These are organized into two-dimensional patches with species, diameter-at-breast-height
(DBH) class, age class, and density class data. See Table S1 for a description of each legend
and category. We cross-analyzed the grid with the 6th Forest Type Map to determine
the proportion of each forest patch within the grid. This allowed us to construct forest
composition data as a percentage of the distribution area of each species area within the
grid. We then created forest structure data showing the proportion of area for each category
of age class, DBH class, and density class. For the vegetation index, we used the normalized
difference vegetation index (NDVI) collection of the Earth Resources Observation and
Science (EROS) Visible Infrared Imaging Radiometer Suite (eVIIRS) [25]. Data from 2021
to 2023 were collected, divided into growing seasons (May–October) and non-growing
seasons (January–April, November–December), and averaged.

2.1.2. Analyses

All statistical analyses and process implementation were performed in R ver. 4.3.2 [26].
We first aimed to understand the diversity of the eight current Cal/Val sites in South Korea,
including the environment and forests. This was explored qualitatively through histograms
and categorical statistics. The geographical location of the Cal/Val site was examined in
terms of location and geographical characteristics. Climate and vegetation indices are both
continuous variables; therefore, we used histograms. To examine the categorical data, forest
composition, and forest structure, we selected the category with the largest area for each
grid and plotted a graph of the relative proportion of each category.

We created a heterogeneity index that will be utilized in the planning process for addi-
tional installations of Cal/Val sites. It is defined as the difference in additional installation



Remote Sens. 2024, 16, 3668 4 of 21

candidate areas (each unit grid) from the existing Cal/Val sites (grids included Cal/Val
sites). The differences were calculated for each collected factor, using methods and distance
or dissimilarity metrics appropriate for each data type. All distance and dissimilarity
calculations were performed using the vegdist function of the vegan package [27]. When
there were multiple Cal/Val sites, multiple difference values were calculated for each factor
from the candidate areas to the Cal/Val sites. Therefore, we repeated the calculations from
the first Cal/Val site (i) to the last Cal/Val site (m) and took the minimum value among
them.

For the difference by geographical location (G), the Euclidean distance between the
latitude (latcand) and longitude (loncand) of the candidate area and the latitude (latextg) and
longitude (lonextg) of the existing Cal/Val site was calculated as follows:

G = mini∈1, 2, ...m

√(
latcand − lat(i)extg

)2
+

(
loncand − lon(i)

extg

)2
(1)

Before calculating the difference by climate (C), the units of the variables were different,
so the scale function standardized them. Then, the Euclidean distance between the temper-
ature (tempcand), precipitation (precipcand), solar radiation (SRcand), wind speed (WScand),
and water vapor pressure (WVPcand) of the candidate areas and the temperature (tempextg),
precipitation (precipextg), solar radiation (SRextg), wind speed (WSextg), and water vapor
pressure (WVPextg) of the existing Cal/Val site was calculated as follows:

C = mini∈1, 2, ...m

√√√√√√
(

tempcand − temp(i)extg

)2
+

(
precipcand − precip(i)extg

)2
+

(
SRcand − SR(i)

extg

)2

+
(

WScand − WS(i)
extg

)2
+

(
WVPcand − WVP(i)

extg

)2 (2)

The difference by forest composition (S) was calculated by the Bray–Curtis dissimilar-
ity suitable for vegetation data [28,29], as follows:

S = mini∈1, 2, ...m

∑n
j=1

∣∣∣spcandj
− sp(i)extgj

∣∣∣
∑n

j=1

∣∣∣spcandj
+ sp(i)extgj

∣∣∣
 (3)

In this equation, spcandj
is the ratio of the distribution area for the jth species in the

area of the candidate area (the area of the unit grid). spextgj
is the ratio of the distribution

area for the jth species in the area of the existing Cal/Val site (the area of the grid that
includes the Cal/Val site).

Before calculating the difference by forest structure (T), the categorical forest structure
data were calculated by the community-level weighted means (CWM) using the functcomp
function of the FD (functional diversity) package, which is commonly used in functional
ecology to calculate multidimensional functional diversity indices [30], and were stan-
dardized using the scale function. The difference by forest structure was calculated as
the Euclidean distance using the DBH, age, and density data that were standardized and
converted to continuous data, as follows:

T = mini∈1, 2, ...m

√(
DBHcand − DBH(i)

extg

)2
+

(
agecand − age(i)extg

)2
+

(
denscand − dens(i)extg

)2
(4)

In this equation, DBHcand, agecand, and denscand are the CWM of DBH, CWM of
age, and CWM of density in the candidate area, respectively. DBHextg, ageextg, and
densextg are the CWM of DBH, CWM of age, and CWM of density in the existing Cal/Val
site, respectively.
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For the difference by vegetation index (V), the Euclidean distance between the vegeta-
tion index of the growing season (grcand) and non-growing season (grcand) of the candidate
area, and the growing season (ngrextg) and non-growing season (ngrextg) of the existing
Cal/Val site was calculated as follows:

V = mini∈1, 2, ...m

√(
grcand − gr(i)extg

)2
+

(
ngrcand − ngr(i)extg

)2
(5)

Finally, the calculated difference values were normalized to the range of 0 to 1 for each
factor and then summed to determine the heterogeneity index (H), as follows:

H =
G

Gmax
+

C
Cmax

+
S

Smax
+

T
Tmax

+
V

Vmax
(6)

The closer the heterogeneity index is to 0, the more similar the environment, forest
type, and vegetation index of the Cal/Val site. The closer it is to 5 (because it was calculated
with 5 factors), the more dissimilar they are. Therefore, the number of additional Cal/Val
sites was selected as the unit grid with the highest heterogeneity index.

Furthermore, we identified the optimal locations of Cal/Val sites through the following
process: (1) Select the first additional Cal/Val site based on the heterogeneity index in the
current situation of 8 Cal/Val sites; (2) Recalculate the heterogeneity index of the unit grid
including the newly selected Cal/Val site; (3) Select additional Cal/Val sites based on the
recalculated heterogeneity index; and (4) Repeat steps 2 and 3.

In general, the more Cal/Val sites are installed, the heterogeneity index naturally
continues to decrease. However, practical constraints limit the infinite installation of
Cal/Val sites. Therefore, it is essential to identify an optimal point that maximizes efficiency
while minimizing the number of installations. Therefore, we repeated the planning process
for additional installation sites 99 times and calculated the optimal number of installations.
To do this, we calculated the average heterogeneity index on the national grid for each
iteration to determine the effect of installing a new Cal/Val site, normalized the average
heterogeneity index and the number of iterations to a value between 0–1, and calculated
the point where the sum of the normalized average heterogeneity index and the number of
iterations was minimal.

2.2. Propose and Validate the Use of Mountain Weather Networks by the National Institute of
Forest Science

First, 23 observation sites were selected from among the 464 Automatic Mountain
Meteorology Observation System (AMOS) sites in South Korea based on geographical
location, climate, forest composition, forest structure, vegetation index, accessibility and
installation, possibility of continuous operation, and willingness to be supervised (see Table
S2 for the location and information of the selected sites). The grid closest to each AMOS
was selected as the Cal/Val site grid, i.e., the Cal/Val site grid is 31 sites including the
8 existing sites and the 23 newly selected sites.

The impact of environmental and forest factors on increasing collection diversity
across the 31 Cal/Val sites was tested using multivariate analysis methods and the hetero-
geneity index process described in this study. For this purpose, comparisons were made
between three groups of Cal/Val sites. The three groups are as follows: (1) Current: a
group of 8 current Cal/Val sites; (2) Optimization: a group including the optimal number
and locations selected from the current 8 Cal/Val sites using this research method; and
(3) AMOS: a group combining the 23 sites selected based on AMOS and the current 8 sites.
For geographical location, we compared the range of latitudes and longitudes between
each group and looked at the distance between the optimal and AMOS groups to see if they
were located at similar points. The multivariate data, climate, forest composition, and forest
structure were ordered with the vegan package using full grid data [27]. Climate and forest
structure were subjected to principal component analysis (PCA) with the rda function.
Forest composition, which is vegetation in percentages, was subjected to detrended corre-
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spondence analysis (DCA) with the decorana function to fit the data characteristics [27]. In
the ordination plots performed, the ordihull function was used to display and compare the
ranges between groups. Finally, we performed the process for group-specific heterogeneity
indexes to calculate the heterogeneity index of the entire grid, respectively. These values
were then subjected to analysis of variance using the aov function and Tukey’s honestly
significant difference test using the TukeyHSD function for post hoc analysis.

3. Results
3.1. Characteristics of Calibration/Validation Site in South Korea
3.1.1. Geographical Location

In South Korea, the total number of grids was 138,288 (95,692 km2). Of these, 58,420
(40,318 km2, 61%) were classified as forest. The spatial extent of South Korea is di-
vided into the peninsula (33◦56′15′′N–38◦22′45.01′′N, 125◦48′15.01′′E–129◦34′45.01′′E),
Jeju Island (33◦10′14.99′′N–33◦33′45′′N, 126◦9′45′′E–126◦58′14.99′′E), and Ulleung Island
(37◦27′45′′N–37◦32′44.99′′N, 130◦47′44.99′′E–130◦56′15′′E). However, there are currently
eight Cal/Val sites: seven on the peninsula, one on Jeju Island, and none on Ulleung
Island (Figure 1). The seven Peninsula sites are concentrated in the north and west, mak-
ing it necessary to install additional sites in the central, southern, and eastern regions
(34◦0′45′′N–37◦12′45′′N, 126◦39′15.01′′E–129◦34′45.01′′E).

 

Figure 1. The geographic location of Calibration/Validation (Cal/Val) sites in South Korea. The green
area of the map is the forested study area (grids with more than 75% forest sites). The red rhombuses
are the locations of the eight Cal/Val sites.
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3.1.2. Climate

The climate distribution at the 8 Cal/Val sites was similar to the overall forest climate in
South Korea but lacked data on extreme values (Figure 2). South Korea’s forest temperatures
showed a monotonic distribution, ranging from 4.4 ◦C to 15.6 ◦C, with the most frequent
temperatures between 10.3 ◦C and 11.0 ◦C. In contrast, the Cal/Val site had a narrower
temperature range, from 6.4 ◦C to 12.3 ◦C, with the most frequent temperatures between
11.9 ◦C and 12.3 ◦C (Figure 2a).

 
Figure 2. Distribution of climate factors for the 8 Calibration/Validation (Cal/Val) site grids and
other grids. Cal/Val sites are colored in red; complete South Korean forest grids are colored in green.

Precipitation followed a similar trend to temperature. In South Korean forests, precipi-
tation ranges from 1046 mm to 2176 mm, with 98% below 1616 mm, with the higher values
occurring on islands such as Jeju Island and Ulleung Island (Figure 2b). The Cal/Val sites
showed a similar distribution to South Korean forests below 1616 mm, with one site on Jeju
Island addressing the unique precipitation characteristics of that region.

Solar radiation in South Korea forest had a low kurtosis (−1.1) and a wide range, from
12,157 kJ m−2 day−1 to 14,623 kJ m−2 day−1 (Figure 2c). This resulted in a wide range of
12,772 kJ m−2 day−1 to 14,580 kJ m−2 day−1 at the Cal/Val site but there was a lack of data
for the intermediate values.

Wind speed in forests in South Korea was similar to precipitation, with 98% of the sites
having values of 4.5 m s−1 or less, with higher values confined to island sites (Figure 2d).
On the peninsula, the distribution of Cal/Val sites and forests in South Korea is similar,
with one site on an island complementing the rest.
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Water vapor pressure in South Korean forests was distributed monotonically, with
values ranging from 1.07 kPa to 1.12 kPa (Figure 2e). At the Cal/Val sites, four sites
had values between 1.00 kPa and 1.10 kPa (50% of the total), and four sites had values
of 0.83 kPa and between 1.23 kPa and 1.27 kPa, representing less than 7.8% of the total,
which complemented the overall range but did not reflect the frequency characteristics of
the distribution.

3.1.3. Forest Composition

Forests in South Korea were dominated by 32 taxa. Among them, Pinus densiflora (PD,
31.2%) was the most frequently dominant species, followed by Quercus sp. forest (QQ,
23.5%), broad-leaf forest (EB, 19.4%), mixed forest (MM, 5.9%), and Quercus mongolica (QM,
5.8%) (Figure 3). However, the Cal/Val sites included two clusters each of Pinus densiflora
(PD) and broad-leaf forest (EB) dominance, one cluster each of Quercus sp. forest (QQ),
Larix kaempferi (LL), and evergreen forest (EG) dominance. Therefore, it does not reflect the
main dominant species (MM, QM) and is considered to have low diversity.

Figure 3. Distribution of dominant tree species on the grids at the Calibration/Validation (Cal/Val)
site and other grids. The tree species with the largest area of distribution for each grid is the dominant
tree species for that grid. The red bars are Cal/Val sites; green bars are complete South Korean forest
grids. Among the 32 taxa, only 16 taxa with a dominant frequency of 0.1% or more in the entire grid
were indicated in the plot (PD: Pinus densiflora, QQ: Quercus sp. forest, EB: broad-leaf forest, MM:
mixed forest, QM: Quercus mongolica, LL: Larix kaempferi, PT: Pinus thunbergii, QV: Quercus variabilis,
PK: Pinus koraiensis, PR: Pinus rigida, QA: Quercus acutissima, CP: Chamaecyparis obtusa, CA: Castanea
crenata, LT: Liriodendron tulipifera, BP: Betula pendula, EG: evergreen forest).

The Cal/Val sites adequately reflected the forest structure of South Korea (Figure 4).
In South Korean forests, the diameter at breast height (DBH) of the dominant trees was
in the B3 class (18–30 cm), comprising 86.7% (Figure 4a). The Cal/Val sites also reflect
this distribution, with six sites in the B3 class and the remaining two sites in the B2 class
(6–18 cm) and B4 class (30 cm or more), including lower-frequency categories.

The most common forest age classes in South Korea are A4 (31–40 years) at 41.8% and
A5 (41–50 years) at 44.4% (Figure 4b). The Cal/Val sites also reflect this distribution, with
two sites each in the A4 and A5 classes and one site each in the A2 class (11–20 years), A3
class (21–30 years), A6 class (51–60 years), and A7 class (61–70 years), including lower-
frequency categories.
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Density was predominantly in the D3 class (over 71%) for both forests in South Korea
and Cal/Val sites (Figure 4c). A total of 97.9% of South Korean forests were in the D3
class, and all Cal/Val sites were also in the D3 class, reflecting this trend. However, it is
recommended to install a few additional sites in different categories to better represent the
overall forest types.

Figure 4. Forest structure distribution of Calibration/Validation (Cal/Val) site grids and other grids.
Cal/Val sites are colored in red and complete South Korean forest grids are colored in green (see
Table S1 for abbreviations of classes).
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3.1.4. Vegetation Index

The vegetation index at the Cal/Val sites did not cover the full range of vegetation
indices found in South Korean forests (Figure 5). In forests in South Korea, the normalized
difference vegetation index (NDVI) for the growing season was monotonically distributed,
with values above 0.66 accounting for 99% of the range, 0.80 being the lowest value, and
a maximum of 0.88. Similarly, the NDVI for the non-growing season was monotonically
distributed, with values above 0.48 occurring 99% of the time, 0.57 being the minimum
value, and 0.82 being the maximum. However, at the Cal/Val sites, the NDVI values for the
growing season ranged from 0.84 to 0.72, with values of 0.80, 0.73, 0.68, and 0.56 to 0.49 in
the non-growing season. These values do not cover the entire range of minimum values
and only partially reflect the distributions observed in South Korean forests.

Figure 5. Vegetation index distribution of the grids at the Calibration/Validation (Cal/Val) site and
other grids. The vegetation index was calculated as the normalized difference vegetation index. Red
bars are the Cal/Val sites and green bars are complete South Korean forest grids.

3.2. Selecting a Suitable Installation Location

The distance by geographical location of the forests in South Korea was 0.37 ± 0.23
(mean ± standard deviation, n = 58,420) (Figure 6a). The distance was highest in
Gyeongsangnam-do and Busan, located in the southeast of the peninsula, and lowest in
Ulleung Island, the farthest island from the mainland.

The distance by climate for forests in South Korea was 0.25 ± 0.11 (Figure 6b). It tended
to increase from the base of the peninsula to the south, especially in the high mountains
(Jiri Mountain; 35◦20′17.11′′N, 127◦43′50.14′′E), Jeju Island (Halla Mountain; 33◦21′41.30′′N,
126◦31′45.56′′E), and Ulleung Island (37◦30′22.75′′N, 130◦51′25.87′′E).

Dissimilarity by forest composition was 0.43 ± 0.13, which tended to be high overall
(Figure 6c). Variations in forest types can result from differences in latitude, altitude,
topography, climate, and human activities such as afforestation and forest management.
However, the current number of eight Cal/Val sites is considered insufficient.

The distance by forest structure was 0.09 ± 0.09, which tended to be low overall
(Figure 6d). This is because the current Cal/Val sites have an even distribution of forest
structure, except for the two extremes (old, high naturalness, very high-volume forests/low
naturalness, i.e., low density, age, and volume forests).

The distance by vegetation index was the lowest among the factors, at 0.05 ± 0.03
(Figure 6e). The unit grids used in this study were over 75% forested, which accounts for
the low value and minimal deviation in the overall distance.

The heterogeneity index for forests in South Korea, calculated as the sum of distances
and dissimilarities for each factor, was 1.21 ± 0.37 (Figure 6f). The grid with the highest
heterogeneity index was located at 35◦33′15.01′′N, 127◦44′15′′E, with a value of 2.97.
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Figure 6. Distance and dissimilarity and heterogeneity index from forested areas in South Korea to
the Calibration/Validation site.
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3.3. Optimal Number of Installations

We selected the grid with the highest heterogeneity index as the site for the first
Cal/Val installation. After repeating this process 99 times, the heterogeneity index gradually
decreased, reaching a value of 0.46 ± 0.08 (Figure 7 left). The number of installations (0–99)
and the mean heterogeneity index (1.16–0.46) were normalized to a scale of 0–1 (Figure 7
right). At a normalized period of 0.24, the normalized heterogeneity index was 0.32,
resulting in the smallest combined value of 0.56 across the entire range. The normalized
period of 0.24, converted back to the period, is 25. In conclusion, installing 25 Cal/Val
sites achieved the optimal efficiency with the lowest heterogeneity index. See Table S3 for
information on the 25 selected sites.

Figure 7. Average heterogeneity index of the unit grid as a function of the number of installations
(left). The line above the graph is the standard deviation. Graph standardized to values between
0–1 (right). When the standardized number of installations is at the 0.25 level, the average of
the standardized heterogeneity index sum is 0.31, which is the smallest sum for any number of
installations, corresponding to 25 installations.

3.4. Evaluate Leveraging Existing Ground Observation Networks

The geographical location of the 23 Automatic Mountain Meteorology Observation
System (AMOS) sites of the National Institute of Forest Science in South Korea was
similar to the distribution of the 25 optimization sites selected for this study (Figure 8).
The distance from each AMOS point to the nearest optimization site was 30.8 ± 20.3 km
(mean ± standard deviation, n = 23). However, the AMOS network lacks coverage for
island regions, which is a limitation that needs to be addressed.

In a principal component analysis (PCA) of forest climate factors in South Korea,
the first two axes explained 51.4% and 31.1% of the variance, respectively, for a total of
82.5% (Figure 9a). On the first PCA axis, average temperature (Ct), water vapor pressure
(Cv), and solar radiation (Cs) increased as the axis value decreased. On the second axis,
precipitation (Cp) and wind speed (Cw) increased as the axis value decreased (Figure 9b).
The PCA biplot demonstrated that the peninsula and island regions were differentiated
based on precipitation and wind speed. The current group included 54.3% of the plots.
The optimization group, with five sites in island regions (four on Jeju Island and one on
Ulleung Island), covered 85.5% of the total forest in South Korea. The AMOS group had
similar coverage to the optimization group (84.3%) but had the limitation of not including
island areas.
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Figure 8. Geographical location of the current Calibration/Validation sites (red rhombuses), the
25 optimal sites selected for this study (Op01 to Op25, orange rhombuses), and the 23 Automatic
Mountain Meteorology Observation System sites (As01 to As23, blue rhombuses) that will be evalu-
ated for utilization in South Korea. The green part of the map is the study area (grid with more than
75% forest coverage). The numbers following the abbreviations indicate the priority for installation
within each group. For detailed information on each location, refer to Tables S1 and S2.

In the detrended correspondence analysis (DCA) of forest species composition, two axes
accounted for a total of 61.6% of the variance, with individual axes explaining 51.4% and
31.1%, respectively (Figure 10a). The most common forest types, with the lowest overall
influence, were broad-leaf forest (EB), Quercus sp. forest (QQ), mixed forest (MM), and Pinus
densiflora (PD). Other types were distributed as follows: evergreen forest (EG), Pinus thunbergii
(PT), and Cryptomeria japonica (CJ) in the first quadrant; Quercus mongolica (QM) and Quercus
variabilis (QV) in the second quadrant; Pinus koraiensis (PK) and Betula pendula (BP) in the third
quadrant; and Pinus rigida (PR) and Castanea crenata (CA) in the fourth quadrant (Figure 10b).
Forest plots were distributed contiguously and expanded in all directions as more sites were
added. The current group covered 64.9% of the forest while the optimization group covered
97.2%. The AMOS group contained fewer sites than the optimization group (86.3%), but it
expanded evenly in all directions and was judged to contain enough intermediate tendencies.
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Principal component analysis (PCA) of the forest structure revealed two axes with
explanatory powers of 78.3% and 15.1%, respectively, totaling 93.4% (Figure 11a). Density
increased towards the first quadrant, while the diameter at breast height (DBH) and age
increased towards the fourth quadrant (Figure 11b). The current group included the least
density (34.5%), which is a result of securing diversity in DHB and age but not in density.
The optimization group and the AMOS group were similar to the current group in DBH
and age, but included various densities, including 95.3% and 79.6% of the total, respectively.
The optimization group had a wider range than the AMOS group because it included
extreme values, but the AMOS group also included most of the grids and was judged to
evenly include intermediate tendencies.

The current group contained 68.9% of the vegetation index of forests in South Korea
but did not have enough diversity in the middle values. The AMOS group, on the other
hand, contained 86.0% of the total and had a good distribution of intermediate values. The
optimization group contained 92.0% of vegetation index values, including very low values,
and exhibited a good range of diversity (Figure 12).

 

Figure 9. Biplot of principal component analysis of climate variables in forests of South Korea:
(a) site (red dots: current group, orange dots: optimization group, blue dots: Automatic Mountain
Meteorology Observation System group, green dots: forests in South Korea, polygons for each color
are drawn by convex hull algorithm); and (b) Climate (Ct: average temperature, Cp: Precipitation,
Cs: Solar radiation, Cw: Wind speed, Cv: Water vapor pressure).
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Figure 10. Biplot of detrended correspondence analysis of area proportion of forest tree species in the
forests of South Korea: (a) site (red dots: current group, orange dots: optimization group, blue dots:
Automatic Mountain Meteorology Observation System group, green dots: forests of South Korea,
polygons for each color were drawn by convex hull algorithm); and (b) Among the 32 taxa, only
16 taxa with a dominant frequency of 0.1% or more in the entire grid were indicated in the biplot
(PD: Pinus densiflora, QQ: Quercus sp. forest, EB: broad-leaf forest, MM: mixed forest, QM: Quercus
mongolica, LL: Larix kaempferi, PT: Pinus thunbergii, QV: Quercus variabilis, PK: Pinus koraiensis, PR:
Pinus rigida, QA: Quercus acutissima, CP: Chamaecyparis obtusa, CA: Castanea crenata, LT: Liriodendron
tulipifera, BP: Betula pendula, EG: evergreen forest).

 

Figure 11. Biplot of principal component analysis of forest structure in forests of South Korea.
Categorical forest structure data were calculated as community-weighted means and converted
to continuous data: (a) site (red dots: current group, orange dots: optimization group, blue dots:
Automatic Mountain Meteorology Observation System group, green dots: forests in South Korea;
polygons for each color were drawn with the convex hull algorithm); and (b) forest structure.



Remote Sens. 2024, 16, 3668 16 of 21

Figure 12. Biplot of vegetation index in the growing season and non-growing season in forests in
South Korea. The vegetation index was calculated by the normalized difference vegetation index.
The red dots are the current group, the orange dots are the optimization group, the blue dots are the
Automatic Mountain Meteorology Observation System group, and the green dots are the forests in
South Korea; the polygons for each color were drawn with the convex hull algorithm.

Installing Cal/Val sites at AMOS locations effectively reduced the heterogeneity index
for South Korean forests (Figure 13). The distance based on geographic location for the
current group was 0.376 ± 0.239 (mean ± standard deviation, n = 58,420), whereas for the
AMOS group it was 0.121 ± 0.061, representing a reduction of 0.255 (Figure 13a). This
reduction is comparable to the optimization group, which has a distance of 0.122 ± 0.060
(p = 0.591). Similarly, the distance based on vegetation index was 0.050 ± 0.036 in the
current group, compared to 0.024 ± 0.030 in the AMOS group, and 0.024 ± 0.013 in
the optimization group. Both the AMOS and optimization groups showed lower values
compared to the current group, with similar values between the AMOS and optimization
groups (p = 0.104). For heterogeneity indices related to climate, forest composition, and
structure, the mean values across the AMOS group were lower than those of both the
current and optimization groups (Figure 13b–d). However, the maximum value was the
lowest in the optimization group (p < 0.001). Finally, the same trend was observed for
the heterogeneity index (Figure 13f). The mean heterogeneity index across all grids in
South Korea was 1.216 ± 0.375 for the current group, 0.705 ± 0.126 for the optimization
group, and 0.633 ± 0.159 for the AMOS group, with the lowest value in the AMOS group
(p < 0.001). This indicates that the AMOS group can effectively reduce heterogeneity.
However, the maximum heterogeneity index values were 2.990 in the current group,
1.168 in the optimization group, and 2.234 in the AMOS group, with the optimization
group exhibiting the lowest maximum value. This demonstrates the advantage of selecting
sites with the maximum heterogeneity index as optimal locations for new Cal/Val sites.
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Figure 13. Heterogeneity index in forests in South Korea according to three groups of calibra-
tion/validation sites. Box subscripts are determined by analysis of variance and Tukey’s honestly
significant difference test for post hoc analysis.

4. Discussion

Planning the deployment of appropriate Calibration/Validation (Cal/Val) sites for vari-
ous observations, including satellite products, is essential for producing reliable products [3].
However, planning and establishing an ideal and sustainable Cal/Val site from the begin-
ning is challenging. This is because, in the long term, observation goals can change, output
requirements can evolve, and considerations of accessibility and infrastructure are necessary.
Therefore, utilizing existing observation sites, when available, can offer advantages in terms
of data continuity [3,31–33]. At the same time, priority should be given to additional instal-
lations. This study presents the following three-step framework for realistically planning
the deployment of Cal/Val sites (Figure 14): (1) assessing the representativeness of existing
Cal/Val sites; (2) selecting the optimal locations and number of new Cal/Val sites; and
(3) evaluating and prioritizing the use of existing ground-based observatories by comparing
them with the optimal Cal/Val sites.

Representativeness assessment and optimization strategies for selecting new locations
are relevant not only for Cal/Val sites for satellite image outputs but also for various
ground observation networks [4,11,12,34–39]. Factors, such as the vegetation index, air
temperature, land surface temperature, land cover, total solar radiation, vapor pressure,
and sun-induced chlorophyll fluorescence, were used based on observation objectives.
Representativeness was evaluated using Euclidean distance at the pixel level. The selection
of new sites was based on the reduction in Euclidean distance, using it as an indicator, or
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through k-means clustering. There is limited research on the optimal number of sites. The
framework and heterogeneity index proposed in this study, calculated with each modular-
ized factor, allow for the easy addition or exclusion of factors, as needed. This approach
offers higher scalability compared to k-means clustering, which is limited to metrics like
Euclidean distance [40,41]. In addition, the influence of each factor can be known; thus, it is
possible to trace the mechanism, which has high application power. Therefore, this method
is expected to be useful for evaluating heterogeneity or representativeness under various
conditions, even beyond Cal/Val site contexts. The method for determining the optimal
number proposed in this study applies heuristics analysis, a technique used for decision
problems in various fields such as determining the number of clusters, exploring binary
classification thresholds in receiver operating characteristic curves, and tuning hyperparam-
eters in machine learning models [42–44]. Since the heterogeneity index has a continuous
value, in principle, constructing as many Cal/Val sites as possible could lead to the highest
level of heterogeneity resolution. However, establishing Cal/Val sites is costly and re-
quires transportation, communication, and power infrastructure, making the optimization
of the number of such sites practical [3,13,45]. Therefore, utilizing existing observation
networks is efficient, but challenges with counting and representativeness assessment
remain. Thus, the method for selecting the optimal number of locations and comparing
their representativeness in this study can provide effective and valid quantitative insights.

 

Figure 14. The framework includes a process for evaluating the representativeness of existing
Calibration/Validation (Cal/Val) sites; selecting optimal additional Cal/Val sites; and reviewing the
use of existing observatories as Cal/Val sites.
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The Cal/Val site installation planning framework was piloted in South Korea. This
represents the first qualitative and quantitative assessment of the geographical location,
climate, forest composition, forest structure, and vegetation index of Cal/Val sites for
forest sector utilization in South Korea. The existing eight Cal/Val sites in South Korea
were not sufficiently representative of factors across the country. In particular, there was
significant heterogeneity in geographical location, climate, and forest composition. This
could increase the uncertainty of the forest outputs produced by the Compact Advanced
Satellite 500-4 (CAS500-4), scheduled for launch in 2025 [14]. Therefore, the southern
provinces and island regions of South Korea, where the heterogeneity index was particu-
larly high, were prioritized for new installations. The number of additional installations
with optimal efficiency was shown to be 25 and was prioritized. In conclusion, a total
of 33 Cal/Val sites are considered necessary for South Korea, including the 8 existing
sites, meaning that 25 additional sites are required. This aligns with the Committee on
Earth Observation Satellites (CEOS) Land Product Validation (LPV), which recommends
having more than 30 Cal/Val sites [18,19]. Additionally, an early validation exercise of
CAS500-4, using Sentinel-2, suggested that more than 30 Cal/Val sites in South Korea are
needed for statistical robustness [14]. Conversely, installing 23 Cal/Val sites within the
Automatic Mountain Meteorology Observation System (AMOS) of the National Institute
of Forest Science, an existing ground observation network, performed better than the
8 existing sites in increasing representativeness and showed a similar heterogeneity to the
optimized installation. Measured by the average heterogeneity index, the expanded AMOS
installations outperformed the optimized installations. However, when prioritizing the
most heterogeneous sites, the optimized installations performed better. We were also able
to determine priorities for expanding AMOS installations in practice. This Cal/Val site
installation planning framework can ultimately provide insights into using the ground
observation network by comparing traditional Cal/Val sites, the optimized sites, and the
ground observation network.

5. Conclusions

This study proposes a framework that includes a methodology for assessing represen-
tativeness, a process for determining the number and location of additional installations,
and a method for evaluating existing ground observation networks. South Korea is an ideal
test case for this framework due to its heterogeneous forest environment, a limited number
of Calibration/Validation (Cal/Val) sites, and a validated ground observation network.
Applying the framework to South Korea quantitatively identified the gaps in represen-
tativeness of the existing Cal/Val sites, determined the optimal locations and number of
additional sites, and established a prioritized installation order. Similarly, the prioritization
of the ground observation network was provided, and its effectiveness was found to be
superior to the existing representation and comparable to the optimal installations. In
conclusion, this framework is expected to be useful for planning additional in situ data
collection sites for the calibration and validation of satellite data.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs16193668/s1. Table S1: description of forest structure by cat-
egory and class from Korea Forest Service’s The 6th Forest Type Map; Table S2: list and coordinate of
23 Automatic Mountain Meteorology Observation System (AMOS) stations of Korea Forest Service for
which the representativeness of Calibration/Validation sites was evaluated. Distance/dissimilarity (GL:
geographical location, CL: climate, FC: forest composition, FS: forest structure VI: vegetation index)
and heterogeneity index (HI) are calculated by operating 8 Cal/Val sites in the grid where each AMOS
is located.; Table S3: mean distance/dissimilarity (GL: geographical location, CL: climate, FC: forest
composition, FS: forest structure VI: vegetation index) and mean heterogeneity index (HI) in forests
in South Korea for the coordinates of additional Calibration/Validation sites selected by the add-on
planning process and for the current group of eight Cal/Val sites in operation and each add-on iteration.

https://www.mdpi.com/article/10.3390/rs16193668/s1
https://www.mdpi.com/article/10.3390/rs16193668/s1
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