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Abstract: Forest spatial information is regularly established and managed as basic data for national
forest planning and forest policy establishment. Among them, the grade of vegetation conservation
shall be investigated and evaluated according to the value of vegetation conservation. As the collection
of field data over large or remote areas is difficult, unmanned aerial vehicles (UAVs) are increasingly
being used for this purpose. Consequently, there is a need for research on UAV-monitoring and
three-dimensional (3D) image generation techniques. In this study, a new method that can efficiently
collect and analyze UAV spatial data to survey and assess forests was developed. Both UAV-based and
LiDAR imaging methods were evaluated in conjunction with the ground control point measurement
method for forest surveys. In addition, by fusing the field survey database of each target site and
the UAV optical and LiDAR images, the Gongju, Samcheok, and Seogwipo regions were analyzed
based on deep learning. The kappa value showed 0.59, 0.47, and 0.78 accuracy for each of the sites in
terms of vegetation type (artificial or natural), and 0.68, 0.53, and 0.62 accuracy in terms of vegetation
layer structure. The results of comparative analysis with ecological natural maps by establishing
vegetation conservation levels show that about 83.9% of the areas are consistent. The findings verified
the applicability of this UAV-based approach for the construction of geospatial information on forests.
The proposed method can be useful for improving the efficiency of the Vegetation Conservation
Classification system and for conducting high-resolution monitoring in forests worldwide.

Keywords: unmanned aerial vehicles; LiDAR; CNNs; forest assessments; vegetation
conservation classification

1. Introduction

Green infrastructure is receiving attention as an effective means to mitigate the consequences of
climate change [1]. Green infrastructure raises the quality of human life and provides ecological services
within parks, forests, wetlands, and greenbelt areas. Thus, green infrastructure has become a topic of
interest among scientists, politicians, and practitioners [2–6]. Forest ecosystems, which are a crucial part
of the green infrastructure within a region, can lower air temperatures, prevent landslides, and help to
mitigate climate change through carbon storage [7]. Establishing species and forest information so that
these various functions of forest ecosystem can be harmonized, and monitoring the process of change
can be seen as a basic task for forest management [8]. In South Korea, a Vegetation Conservation
Classification system is used to carry out forest surveys and assessments with geospatial information.
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Vegetation conservation classification assesses the integrity of vegetation structure, vegetation type,
diameter at breast height (DBH) of artificial forests, and rarely distributed species [9]. As field surveys
of the entire area of South Korea are not feasible, sample surveys are performed and satellite imagery
is used [10]. While satellite images have allowed for a high spatial coverage, these data are not well
suited for the monitoring of local areas. The use of satellite data is also constrained by the revisit cycle.

The National Ecosystem Survey determines grades for the Vegetation Conservation Classification
system by applying criteria such as the plant colony distribution patterns, plant species compositions,
and vegetation structure (stratification), and more broadly, the type of vegetation (natural/artificial
forest) and vegetation stratification. South Korea has conducted extensive research on remote techniques
that can be used to evaluate the horizontal structure such as the vegetation distribution, but limited
research has been conducted on remote techniques that can be used to obtain vertical forest data such
as the vegetation stratification [11]. Current active remote sensing technologies such as LiDAR have
the potential to be used for the construction of the three-dimensional (3D) forest structure [12–18].
Notably, airplane-borne LiDAR systems have been used successfully in forested areas [19]. However,
there are differences, such as those in resolution, accuracy, and frequency, on top of the cost being
very high.

Unmanned aerial vehicles (UAVs), which allow for efficient take-off and landing, were first
developed and used mainly for military purposes such as reconnaissance and targeting. Currently,
as vehicles have become smaller and lighter and various sensors have been developed, their scope
of application has expanded to include various fields such as agriculture, telecommunications,
weather observations, personal photography, and even disaster management [20]. UAV systems
currently represent a low-cost in comparison to aircrafts, an agile and autonomous opportunity for
various fields, and these systems may be useful as an alternative to satellites and aircrafts for forest
inventory determination [14,21]. Moreover, as UAV system-based spatial data acquisition and analysis
procedures have become more advanced, related research and business applications have become
more common [22–26]. Previously, UAV-optical sensors were frequently installed, but following the
recent development in UAV-based LiDAR sensors, it has become possible to construct forest point
clouds on a small budget [14]. UAVs are advantageous due to their (a) spatial resolution, which offers
a solution for local scale analysis at the level of individual trees [27]; and (b) temporal resolution where
rapid deployment is crucial [28,29]. Miniaturized UAV-specific sensors thus represent a state-of-the-art
solution for many recent environmental applications [28] and for deriving forestry parameters [30,31].
In South Korea, a forest resource information database was designed using drone-based images [32].
The vegetation layer was analyzed using UAV-LiDAR based on deep learning [11]. For this reason,
UAVs are now being widely used in various forestry works such as small-scale forest resource
surveys [33–35], large-scale forest surveys [36], forest pest damage monitoring [26,37–40], and even
wildfire monitoring [41,42].

In this study, we first established accurate and up-to-date horizontal and vertical vegetation
information of forests through UAV-based optics and LiDAR sensor-specific imaging and analysis.
Secondly, the field survey data were established, some areas were trained by applying the Artificial
Neural Networks (ANNs) technique, and the rest were divided into test and verification areas to analyze
vegetation types and vegetation structures. Finally, by analyzing and verifying the classification of
vegetation conservation, we aimed to develop effective vegetation protection grade determination
technology based on drones.
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2. Study Area and Materials

2.1. Study Areas

By focusing on nationwide climate zones and the vegetation distribution in South Korea, this study
first selected target areas representing the eastern, western, and southern regions. The Gongju area
has a continental climate, the Samcheok area has an oceanic climate, and the Seogwipo area has a
temperate monsoon climate. Then, through preliminary site surveys, the study areas were narrowed
down to forest areas of approximately 1 km2 that would allow for convenient UAV access and image
recording. Subsequently, three areas were selected as the final study areas: [80 San, Boheung-li,
Woseng-myeon, Gongju-si, Chungcheongnam-do], [43 San, Deuksan-li, Geunduk-myeon, Samcheok-si,
Gangwon-do], and [10 San, Harye-li, Namwon-eup, Seogwipo-si, Jeju-do] (Figure 1). The study
areas contained diverse vegetation and forest structures as well as abundant grasslands and shrubs,
and these areas were chosen to establish a diverse geospatial vegetation database on forests in South
Korea. According to the forest map, it can be determined that the main species are Quercus variabilis
in Gongju, Pinus densiflor in Samcheok, and Cryptomeria sp in Seogwipo. (see Figure 2).
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Figure 2. Research flow.

2.2. UAV Data Collection

The UAVs can be divided broadly into fixed-wing and rotary-wing UAVs. As different types
feature different payloads, the weights of the sensors that could be installed had to be considered when
choosing the vehicle. As sufficient space for take-off and landing was not available over the forests,
this study selected a fixed-wing (vertical take-off) vehicle for optical imaging, and a rotary-ring vehicle
was selected for LiDAR imaging, as it featured sufficient payloads given the weight of the LiDAR
sensor (Table 1). Additionally, GNSS/INS (Global Navigation Satellite System/Inertial Navigation
System) was used to ensure the stable flight of the UAVs and acquire the location data for the
recorded images. As UAVs are unable to carry heavy sensors that are used in conventional manned
aerial photogrammetric surveys, lightweight MEMS (microelectromechanical systems)-based sensors
were used.

In accordance with Article 10 (GCP Measurement Method) of “Guidelines for Public Survey
Work Using UAVs,” [43] ground control points (GCPs) were created and installed in black and white
colors that could easily be distinguished from surroundings. Finally, the mission was designed by
setting the flight height, overlap, and other parameters in consideration of the terrain, ground altitude,
and obstacles (e.g., transmission towers, utility poles, and high-rise buildings) along the flight path
(Figures 3 and 4). The take-off, landing, and flight path were configured by evaluating the weather in the
study areas, the vehicle battery efficiency, and stability, which were identified in advance. Unlike optical
image-recording that is carried out at the same height, UAV-LiDAR imaging requires the employment
of a terrain-follow method because of the limited LiDAR range and for maintaining a specified number
of points that reach the ground [20]. Accordingly, this study arranged the flight plan by using terrain
data from Google Earth and Digital Surface Model (DSM) data generated through the UAV-optical
imaging of the study areas to obtain information on the topography. UAV image processing software
<Photo Scan> is used. It is performed by computer vision methods using automatic image matching
technology. The SIFT (Scale-Invariant Feature Transform) algorithm is used to match the image with
the feature point extraction method. Point cloud and DSM are created through SfM (Structure form
Motion) method. Furthermore, the acquisition of high-accuracy and high-resolution orthophotographs
with outstanding quality requires that multiple factors such as the weather factors and solar elevation
angle are taken into account while deciding the best time for recording. In this research, the crown
density according to the time series of forest trees and the penetration of the LiDAR points served as
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decisive factors. The first recording of images was conducted between September and October of 2019,
and the second recording was performed between November and December.

Table 1. Specifications for the drones and sensors used to carry out the research.

Category Optical Image Lidar Data

Drones

Types
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2.3. Field Survey Data for Learning and Verification

In the forest vegetation survey, we applied the vegetation evaluation technique and criteria as
set by the National Institute of Environmental Research (2012). The structure, geography, ecology,
and movements of the vegetation colony occupying the space were assessed in view of the origins of
the vegetation colony, the rarity in distribution, the restoration of the vegetation (historicity that reflects
resilience), and the major species present. By considering the major types of vegetation in each area,
a total of nine, five, and six quadrats (20 m × 20 m) were installed in Gongju, Samcheok, and Seogwipo,
respectively, and in consideration of the vegetation changes, precise actual vegetation mapping was
performed twice, namely, in summer (May, June, and July) and winter (November and December) to
construct a database (Figure 5). The survey showed that Gongju registered a high concentration of
trees that included Quercus variabilis, Quercus acutissima, Pinus rigida, and Larix kaempferi. The floral
survey identified 10 orders, 16 families, 21 genera, and 28 species. The age class is 3,4 class, and the
area of the 2, 3, 4 layer of the vegetation structure was investigated. In Samcheok, a total of five
types of vegetation were observed, with a high distribution of individual trees consisting of Pinus
densiflora and Pinus thunbergii. Here, the floral survey identified 12 orders, 15 families, 18 genera,
and 25 species. The age class is 2,3 class, and the area of the 2, 3 layer of the vegetation structure was
investigated. In Seogwipo, a total of eight types of vegetation were found, with a high distribution
of trees including Cryptomeria sp. and Pinus thunbergii. Here, the floral survey identified 14 orders,
16 families, 16 genera, and 17 species. The age class is 3,4 class, and the area of the 4 layer of the
vegetation structure was investigated.
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3. Methods

3.1. Construction of the UAV-Optical Image and UAV-LiDAR Data

3.1.1. Construction of the UAV-Optical Image Data

In order to construct the UAV optical image, the commercial software <PhotoScan> for UAV image
processing is used. The construction of the UAV-optical image data first involved the search for candidate
characteristics on various scales. Subsequently, characteristics were selected through assessments of
their stability, and following the determination of correspondence among the characteristics of the
images, geometric calibration was performed with AAT (Automatic Aerial Triangulation), which is
the most suitable technique for UAV image registration [44]. After the image quality and output
format were configured, the point cloud and mesh were generated through processing. Finally,
the orthophotographs were collected for different study areas (Figures 6 and 7).
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3.1.2. Construction of the UAV-LiDAR Data

As for the UAV-LiDAR data, the data on the location and posture of the UAV platform that were
provided by GNSS/INS were combined with the distance data as acquired from LiDAR. Georeferencing
was performed by calculating the 3D coordinates for the positions from which the laser beam was
reflected, based on the ground coordinate system, using the equation shown below. The obtained data
were made up of points. A text file with horizontal (X,Y) position, vertical (Z, Orthometric height)
position and reflection intensity was saved and analyzed. The point cloud is created based on the TM
coordinate system used in the national base map. In this study, TILab’s TLmaker software was used to
create a point cloud of LiDAR data. These data were transformed into DSM data and Digital Terrain
Data (DTD) that could be used to classify the trees and ground surface areas (Figure 8).

XLocal
YLocal
ZLocal

 =


XLocal
GI

YLocal
GI

ZLocal
GI

+ RLocal
GI

RGI
L


(ρ+ ∆ρ) + sinθ

0
(ρ+ ∆ρ) + cosθ

+

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L
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L


 (1)

XlocalYlocalZlocal: Ground coordinate system, XGIYGIZGI: GPS/INS coordinate system. RLocal
GI : Rotation

matrix converting from GPS/INS coordinate system to ground coordinate system. RGI
L : Rotation matrix

converting from sensor coordinate system to GPS/INS coordinate system, θ: Scanning angle.
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3.2. Usage and Analysis of UAVs in Determining Grades for the Vegetation Conservation Classification

3.2.1. Usage in Determining Grades for the Vegetation Conservation Classification

Assessments for the Vegetation Conservation Classification system in Korea, which form an
important part of the National Ecosystem Survey, require evaluations of the distribution pattern of
plant colonies, plant species composition, and vegetation structure (stratification), as well as data on the
diameter at breast height (DBH) for forest plantations. Stable forest vegetation has a four-layer structure
vertically and is rated high if the colony’s hierarchy and stratification remain intact from the perspective
of conservation ecology. The existing criteria for the Vegetation Conservation Classification system
involve broad criteria such as the vegetation classification (natural/artificial forest) and vegetation
stratification (Table 2).

Unlike natural forests that register a vertical structure composed of various tree varieties,
artificial forests have one or two layers with trees of the same variety. Based on such characteristics,
the UAV-based data were used to identify the vegetation stratification. To determine the presence or
absence of vegetation, NDVI is used for analysis. In addition, in order to determine the presence/absence
of a layer based on the height of the vegetation, the Voxel concept is used to collect the number of
points in the grid for each 0.5 m height unit. By choosing 10 m × 10 m as the basic classification unit,
effective vegetation conservation classification was carried out.
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Table 2. Criteria for the evaluation of vegetation conservation classes (Ministry of Environment, 2015).

Class Classification Standard

Class I A polar forest or similar natural forest that has reached the final stage of
vegetation.

Class II Forest vegetation nearly recovered to the point of being close to natural again
after a disturbance of the natural vegetation.

Class III

(1) Forest vegetation where the natural vegetation has been disturbed and is
now in the recovery stage or where a human disturbance continues.

(2) The stratigraphic structure of the colony is unstable, and most of the
species do not fully reflect the potential of natural vegetation in the area.

(3) When the afforestation vegetation is restored to the point where it is
difficult to distinguish it from the natural forest.

Class IV Artificial afforestation

Class V Secondary formed grassland vegetation, orchards, paddies, fields, etc.

3.2.2. Analysis of the Vegetation Types and Stratification in the Study Areas

(1) Based on the spectroscopic characteristics of the vegetation, as shown in the optical images,
and the shapes of individual trees, as found in the LiDAR data, the types of vegetation were identified
with a CNN (convolutional neural network) and NN (neural network) [11], which are deep-learning
techniques specialized for image processing. To develop and test the model, 10 m × 10 m grids were
selected through random sampling and were used as training (49%), validation (21%), and testing
(30%) datasets. The data were trained by using NNs until the maximum performance was achieved
with the validation data, and then, the test dataset was analyzed with the trained NN to perform the
classification of the vegetation types (Figure 9).
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Figure 9. Setting up learning/verification zones and grid types for the analysis of vegetation types
(artificial/natural forests) in (a) Gongju, (b) Samcheok, and (c) Segwipo.

(2) To evaluate the vegetation stratification using the UAV optical–LiDAR data, 10 m × 10 m grids
were created by processing the LiDAR point cloud data for different areas. The number of points
within a radius of 8 m from the center of each grid was searched, and by using the concept of sub-voxel
processing, data were saved by each 0.5 m in height. The database constructed through site surveys
was set as the true values for different layers (tree layer, understory, shrub layer, herb layer) in the
different areas and was used to perform the quantitative analysis. Additionally, the random sampling
technique was used to select datasets for training (49%), validation (21%), and testing (30%).
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3.3. Development of the UAV Data-Based Evaluation Technique for the Vegetation Conservation Classification

In accordance with the existing criteria for the Vegetation Conservation Classification system,
“the UAV Data-Based Evaluation Technique for the Vegetation Conservation Classification” was
implemented with the following procedures. In the first phase, the collected optical images, LiDAR data,
and the outcomes of vegetation classification (natural/artificial forest) were applied to classify the areas
into types such as a natural forest, artificial forest, secondary grassland, and urban area. In the second
phase, the vegetation stratification in the forests was classified by using disturbance information on
a forest community, i.e., in a disturbed space, the individual trees or varieties that are first arrivals
settle and grow to form a single-layer vertical structure within an even-aged forest. In the third
phase, the above assessment criteria and results were applied to evaluate the Vegetation Conservation
Classification (Figure 10).
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VLS—Vegetation Layer Structure; VCC—Vegetation Conservation Classification).

4. Results and Discussion

4.1. Position Accuracy Verification between UAV-Optics and UAV-LiDAR

The optical images and LiDAR data were overlapped, and 10 similar points between the optical
images (DSM) and LiDAR (point cloud) were randomly selected to test the relative accuracy of
the horizontal and vertical positions. As a result, average errors for each area were derived as
follows: Gongju (0.05 m horizontally and 0.36 m vertically), Samcheok (0.07 m horizontally and 0.19 m
vertically), and Seogwipo (0.06 m horizontally and 0.32 m vertically). Characteristically for forest areas,
larger errors occurred in some locations far from the GCPs as a consequence of the difficulty involved
in the installation and distribution of GCPs. Overall, all areas maintained similar levels of accuracy
(Table 3).
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Table 3. Relative position accuracy (averages).
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collected from the valleys because of terrain features, which presumably led to the compromised 
classification performance, and in turn, a lower accuracy. The classification of the vegetation types 
into natural/artificial forest in Seogwipo yielded an accuracy of 91.76% and kappa value of 0.78 
(Figure 11). This area registered the highest accuracy for the classification of the vegetation types 
among the three study areas. It can be inferred that it was easier to classify the vegetation types in 
this area because of its gently sloped terrain and less dense vegetation compared to that of Gongju 
and Samcheok. Thus, the analysis indicated that the accuracy was higher in areas with less dense 
vegetation than in areas where denser vegetation was present. The results also indicated that the 
classification accuracy was higher in gentler terrain than on steep slopes because the LiDAR points 
could be more stably acquired in the former areas. Importantly, the findings suggest that the 
employment of CNN and NN algorithms is technically feasible for implementing classifications of 
vegetation types (natural/artificial forest). 
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4.2.1. Results for the Analysis of the Vegetation Types (Natural/Artificial Forest)

The UAV-based optical images, LiDAR data, and CNN and NN results were used to classify and
analyze the types of vegetation. The classification of the natural/artificial forests in Gongju yielded an
accuracy of 89.67% and a kappa value of 0.59. These values of Samcheok were lower at an accuracy of
70.49% and kappa value of 0.47. The Kappa value obtained in the Samcheok area shows the chance of
an accidental match. Such results were obtained because these site surveys focused on the classification
of the natural/artificial forest habitat and did not consider all of the data available (e.g., locations of
tombs) in the target area. Additionally, LiDAR points could not be effectively collected from the valleys
because of terrain features, which presumably led to the compromised classification performance,
and in turn, a lower accuracy. The classification of the vegetation types into natural/artificial forest in
Seogwipo yielded an accuracy of 91.76% and kappa value of 0.78 (Figure 11). This area registered the
highest accuracy for the classification of the vegetation types among the three study areas. It can be
inferred that it was easier to classify the vegetation types in this area because of its gently sloped terrain
and less dense vegetation compared to that of Gongju and Samcheok. Thus, the analysis indicated that
the accuracy was higher in areas with less dense vegetation than in areas where denser vegetation
was present. The results also indicated that the classification accuracy was higher in gentler terrain
than on steep slopes because the LiDAR points could be more stably acquired in the former areas.
Importantly, the findings suggest that the employment of CNN and NN algorithms is technically
feasible for implementing classifications of vegetation types (natural/artificial forest).
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Figure 11. Classification results for the vegetation types (artificial/natural forests) analyzed by the
fusion of UAV optical-LiDAR data: (a) Gongju, (b) Samcheok, and (c) Segwipo.

4.2.2. Results for the Analysis of the Vegetation Stratification

The absence or presence of potential layers in the vegetation within the study areas was analyzed
in accordance with the spectroscopic properties of the optical images and the distribution patterns
of the LiDAR point data. The overlapped stratification is shown in the Figure 11. Some of the areas
registered extremely wide or narrow layers (herb layer, shrub layer, understory, and tree layer); hence,
the accuracy alone was deemed to be insufficient to achieve an objective performance assessment.
Accordingly, the assessment of the models’ performances also incorporated Cohan’s kappa value that
considers the possibility that the site survey and the model-based classification matched by chance.
The analysis of all the layers in Gongju yielded an accuracy of 92.62% and a kappa value of 0.68.
The analysis of all the layers in Samcheok yielded an accuracy of 92.32% and a kappa value of 0.53.
The analysis of all the layers in Seogwipo yielded an accuracy of 86.00% and a kappa value of 0.62
(Figure 12).
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4.3. Results for the Analysis of the UAV-Based Vegetation Conservation Classification Evaluation Technique

By applying the criteria for the Vegetation Conservation Classification system to “the
UAV Data-Based Evaluation Technique for the Vegetation Conservation Classification” that has
been developed.

In the evaluation results for the study area in Gongju with the Vegetation Conservation
Classification system, the Grade III area was the largest at 101,798 m2, followed by the Grade II
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area at 16,187 m2, Grade IV area at 10,300 m2, and Grade I area at 5446 m2. In the evaluation results for
the study area in Samcheok, the Grade III area was the largest at 47,233 m2, followed by Grade IV area at
21,309 m2, Grade I area at 6500 m2, and Grade II area at 1784 m2. In the evaluation results for the study
area in Seogwipo, the Grade III area was the largest at 108,867 m2. As this area characteristically covers
primitive forests, the second largest distribution was the ecologically excellent Grade I at 91,591 m2,
followed by Grade IV at 11,307 m2, and Grade II at 10,170 m2 (Figure 13, Table 4).
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Table 4. Results for the determination of the vegetation conservation classification by target area.

Division Class I Class II Class III Class IV Class V Sum

Gongju Area (m2) 5446 16,187 101,798 10,300 - 133,731
Ratio (%) 4.08 12.10 76.12 7.70 - 100.00

Samcheok
Area (m2) 6500 1784 47,233 21,309 - 76,826
Ratio (%) 8.46 2.32 61.48 27.74 - 100.00

Seogwipo Area (m2) 91,591 10,170 108,867 11,307 - 221,935
Ratio (%) 41.27 4.58 49.05 5.09 - 100.00

4.4. Comparison with the Ecological Zoning Map Grades

To test the results of the evaluation of the Vegetation Conservation Classification system, this study
used an Ecological Zoning Map that has a high level of completeness in terms of legality and geospatial
database construction. Articles 12 and 13 of Chapter 2 of the Ecological Zoning Map [45] Construction
Guidelines state that the construction of Grade I on the Ecological Zoning Map should cover areas that
fall under Grades I and II of the Vegetation Conservation Classification system, and the construction of
Grade II on the Ecological Zoning Map should cover areas that fall under Grades III and IV. Accordingly,
the tentative application of this grouping to the study areas in Gongju yielded areas of 13,018 m2

as Grade I and 67,982 m2 as Grade II on the Ecological Zoning Map, while Grade III and special
management areas were not represented. The existing Ecological Zoning Map grading for the study
area in Gongju had a value of 81,000 m2 for Grade II, and thus, the area results derived in this study
showed some discrepancy (Figure 14). Such a difference was likely observed because there was a large
difference in the scale of the maps between the high-resolution UAV images used for the analysis and
the Ecological Zoning Map, whose classification covered the entire country. Ecological zoning maps
are usually provided in the form of shapes, but in the guide for ecological zoning maps, the minimum
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area is estimated to be 2500 m2 when the grid is used as a unit for evaluation. The minimum evaluation
area of UAV data used in this study is 1 m2, therefore, 13,018 m2 of the first-class area with excellent
environmental ecology could be derived from the results of the existing second-class target site.
Given such differences, the Ecological Zoning Map classification that used UAV information was
deemed to be capable of more precise and accurate geospatial database construction and classifications
than the existing Ecological Zoning Map classification. As the two classification systems showed
similar results, the tentative results for the new Vegetation Conservation Classification evaluation
technique in the study area in Gongju could represent relatively significant changes.
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5. Conclusions and Implications

In this study, as a method for sustainable and efficient forest monitoring, various sensors
were mounted on a drone to record forest vegetation to establish precise and up-to-date vegetation
information. The possibility of developing and utilizing the technology for determination of vegetation
conservation classification based on vegetation type and layer structure analysis through a deep-learning
method was presented. In order to reduce the relative error between UAV-based optical data and
LiDAR data in complex forest topography, a method of flying along the surface was used. Some vertical
relative errors occurred in the Samcheok, Seogwipo, and Gongju areas. Due to the proximity problem
of drones, the point density is not uniform because the height and slope are not constant. Therefore,
it is considered necessary to adjust the flight trajectory and recording method to collect accurate
vegetation information in consideration of accurate contour lines. In the analysis based on deep
learning, higher accuracy has been obtained in both vegetation type analysis and vegetation layer
structure analysis. However, if the vertical error of the target area is improved, it is expected that a
better result for layer analysis can be obtained. In addition, the learning data did not include areas
such as burial mounds in the Samcheok area. It is believed that when constructing an on-site survey



Sustainability 2020, 12, 10150 15 of 17

database, if other survey data are constructed together and used as learning data for deep learning
analysis, the accuracy will be further improved. Additional considerations of the flight time of a UAV
and the scanning scope in the study area during high-resolution grading assessments may lead to
further improvements. A reliable method should allow for the testing of the absolute data accuracy by
using a number of check points. However, as the site conditions may impose difficulties, an additional
effective method that can test the accuracy of the optical and LiDAR data in forest areas needs to be
developed. In assessments of the Vegetation Conservation Classification system, the rarely distributed
categories and the habitats of important species need to be surveyed through site surveys, and on-site
data are also needed to evaluate plant distributions. Notably, the DBH for forest plantations has
limitations such as uneven trunk shapes and high margins of error due to the low penetration of
the LiDAR points used to construct UAV-based databases for a target area of 1 km2 or larger [46].
Remedying such shortcomings will enable wide-ranging applications of this new approach, not only
in improving the efficiency of forest monitoring, but also in the development and implementation of
sustainability plans for forests.

The following tasks are needed to further increase the possibility of using drones in the assessment
of effective vegetation conservation classification. The range of the target area is set in consideration
of the available time of the current UAV flight. Considering the density of LiDAR points, it uses
a scanning method that follows the terrain. Considering the permeability of UAV-based LiDAR,
UAV photography should be carried out in each season (Summer: Tree height, location. Winter-terrain,
tree trunk, etc.), and various databases should be constructed according to regional and temporal
characteristics. Based on this, if the analysis results of vegetation type and vegetation layer structure
and field survey results (DBH, rare and important species habitat) are integrated and used, it is
considered that effective vegetation protection grade classification can be carried out.
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