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Abstract: The aim of this study was to select the optimal deep learning model for land cover
classification through hyperparameter adjustment. A U-Net model with encoder and decoder
structures was used as the deep learning model, and RapidEye satellite images and a sub-divided
land cover map provided by the Ministry of Environment were used as the training dataset and label
images, respectively. According to different combinations of hyperparameters, including the size
of the input image, the configuration of convolutional layers, the kernel size, and the number of
pooling and up-convolutional layers, 90 deep learning models were built, and the model performance
was evaluated through the training accuracy and loss, as well as the validation accuracy and loss
values. The evaluation results showed that the accuracy was higher with a smaller image size and a
smaller kernel size, and was more dependent on the convolutional layer configuration and number
of layers than the kernel size. The loss tended to be lower as the convolutional layer composition
and number of layers increased, regardless of the image size or kernel size. The deep learning
model with the best performance recorded a validation loss of 0.11 with an image size of 64 × 64, a
convolutional layer configuration of C→C→C→P, a kernel size of 5 × 5, and five layers. Regarding
the classification accuracy of the land cover map constructed using this model, the overall accuracy
and kappa coefficient for three study cities showed high agreement at approximately 82.9% and
66.3%, respectively.

Keywords: deep learning; land cover classification; U-net; hyperparameter

1. Introduction

The use of remote sensing technology to acquire large-scale and periodic data for forest
resource monitoring has become widespread [1,2]. In particular, remote sensing-based
research in forestry is being actively conducted on forest carbon estimation and land-use
change prediction with medium resolution satellite images and high resolution images.

The classification of land cover involves pixel-based or segmentation-based supervised
classification, unsupervised classification, and object-based classification. Since 2010, land
cover classification research has also employed artificial intelligence techniques such as
machine learning and deep learning, with the former involving algorithms such as deep
learning, support vector machine, and random forest. The image processing using deep
learning is largely divided into the classification, localization, and segmentation of images.
Classification involves identifying what the image shows, whereas localization focuses
on detecting what is in the image and where it is located. Segmentation describes the
process of identifying and classifying objects within an image (in units of pixels) in a
more precise manner than that afforded by simple detection; this process is divided into
semantic segmentation and instance segmentation according to the presence or absence
of object separation [3]. Representative deep learning models that employ the semantic
segmentation method (e.g., U-Net, DeepLab, FCN, SegNet, and PSPNet) are configured in
the form of an encoder-decoder network, which exhibits high performance in the field of
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land cover classification. Here, an encoder and a decoder are connected as a pair, where
the encoder compresses the input data and summarizes the information, and the decoder
returns the compressed information passed by the encoder [4,5].

When determining land-use changes for the purpose of calculating national green-
house gas emissions, it is necessary to employ the statistical calculation methods suggested
by the Intergovernmental Panel on Climate Change to ensure a consistent representation
of land use. To achieve spatial and temporal consistency, sample-based and wall-to-wall
methods can be used. The former calculates the land cover area by sampling at regular
intervals, whereas the latter calculates the land cover area in units of space. Park et al. [6]
suggested that wall-to-wall methods, such as semantic segmentation, are effective for
advanced forest inventory calculation because of their spatial accuracy.

To ensure high accuracy in CNN models, it is necessary to set optimal hyperparameters.
The hyperparameter values must be precisely determined for each dataset. However,
previous studies have mainly focused on investigating hyperparameters related to learning
processes, except some cases related network architecture of deep learning models. In
addition, network architecture search (NAS) was designed as a new network architecture to
solve classification problems. Study on NAS is mainly conducted in the field of classification.
Application of NAS has been limited in the field of semantic segmentation [7–10]. In this
context, this research aimed to search hyperparameters for constructing an optimal network
architecture based on the U-net model and map a land cover map using the optimal model.

2. Materials and Methods
2.1. Study Site

Three cities in three different provinces of South Korea were chosen as the study sites:
Chuncheon, Gimcheon, and Suncheon. Chuncheon, Gimcheon, and Suncheon have a popu-
lation of 285,575, 140,065, and 280,478, respectively [11]. In terms of the distribution of land
use by city, based on the sub-divided land cover map (Sd LCM) provided by the Ministry
of Environment (2018), forest occupied the largest area of Chuncheon (approximately 73.3%
of the total area), followed by grass (approximately 7.8%) and agricultural land (approxi-
mately 6.1%). Owing to the abundance of lakes and rivers, water occupied approximately
5.5% of Chuncheon, representing the highest proportion of water among the three cities. In
Gimcheon, forest occupied the largest area (approximately 66.0%), followed by agricultural
land (approximately 17.2%), and grass (approximately 8.1%); Gimcheon had the highest
proportion of agricultural land among the three cities. In Suncheon, forest occupied the
largest area (approximately 61.2%), followed by agricultural land (approximately 14.5%),
and grass (approximately 13.3%); Suncheon had the highest proportion of grass among the
three cities (Table 1).

Table 1. Current land cover distribution in the three study cities based on Sd LCM (unit: ha).

Division Used
Area

Agricultural
Land Forest Grass Wet Land Barren Water Total

Chuncheon 3991
(3.6%)

6797
(6.1%)

81,739
(73.3%)

8662
(7.8%)

907
(0.8%)

3285
(2.9%)

6177
(5.5%) 111,559

Gimcheon 4266
(4.2%)

17,306
(17.2%)

66,367
(66.0%)

8104
(8.1%)

905
(0.9%)

2836
(2.8%)

770
(0.8%) 100,554

Sumcheon 5103
(5.6%)

13,190
(14.5%)

55,632
(61.2%)

12,120
(13.3%)

915
(1.0%)

1601
(1.8%)

2407
(2.6%) 90,968

2.2. Materials

RapidEye images with a spatial resolution of 6.5 m (Chuncheon: 21 May 2018, Gim-
cheon: 2 August 2018, Suncheon: 22 May 2019) were used as the satellite image data.
RapidEye images included the red-edge band as well as four other bands: red, blue, green,
and near infrared (NIR), which can be effectively used to acquire data for forestry and crop
monitoring [12]. RapidEye images are classified into Level 1B, 3A, and 3B according to the
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preprocessing level. In this study, we used 3A_Analytic image data (spatial resolution of
5 m), which were corrected with orthographic images according to the following processes:
radiation correction, sensor correction, and geometric correction.

To construct a deep learning model for land cover classification, labeled image data
that can be used as ground truth data for land cover are required. In this study, the Sd
LCM was used. Sd LCM (spatial resolution of 1 m) is a thematic map constructed by visual
interpretation of aerial orthographic images (spatial resolution of 0.25 m), which provides
information on 41 items.

2.3. Methods

For land cover classification using deep learning, the U-Net model was used as the
base model, and a deep learning algorithm was built by adjusting the convolutional layer
configuration, kernel size, and number of layers in the U-Net basic model. We then
constructed, compared, and evaluated a total of 90 deep learning models with different
combinations of input data size and deep learning architecture (Figure 1). These steps are
described in the following subsections.
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2.3.1. Base Model Selection

Among the major deep learning models that employ semantic segmentation for land
cover and forest classification, U-Net was selected as the base model in this study. Unlike
general CNN networks, U-Net models are trained by cutting images into patch units rather
than using a sliding window method to learn the images. As spatial pattern information can
be used for classification, this model has the advantage of being effective for high-resolution
video image classification [13].

A U-Net is a structure configured for the purpose of image segmentation, whose
network configuration resembles the letter “U”. The left side of the U-Net architecture is
divided into an encoder layer consisting of a convolution layer and a max pooling layer,
and a decoder layer consisting of a convolution layer and an up-convolution layer [14,15].
In addition, the skip-connection method and weighted cross entropy method used in the
U-Net model were judged to effectively extract the characteristics of objects in land cover
and forest classification. Therefore, we established an optimal deep learning model for
land cover and forest classification by selecting U-Net as the base model and adjusting the
hyperparameters.

2.3.2. Dataset Construction According to Spatial Resolution

The U-Net model is a supervised learning method. The training data for the U-Net
model must be built as a dataset that includes the ground truth value, called a labeled
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image, in the input image data [16]. RapidEye images were used as the input image data,
and the Sd LCM was used to set the labeled images. Forty-one items of the Sd LCM were
regrouped into major land cover classification categories according to the spatial resolution
of the training data. That is, the labeled images were configured as used area, agricultural
land, forest, grass, wet land (waterside vegetation), barren, and water images. The labeled
images were rasterized with the same resolution (5 m) and the same pixel size as the
RapidEye images. Binary values were set for each classification category, with seven bands
equal to the number of categories.

Finally, three datasets with sizes of 64× 64 pixels, 128× 128 pixels, and 256 × 256 pixels
were constructed to evaluate the effect of the deep learning model according to image size.
The model was trained using 7% of the constructed dataset and validated using 3% of the
dataset, determined by random sampling.

2.3.3. Hyperparameter Selection for Deep Learning Model Architecture

Deep learning CNN models have multiple hyperparameters that need to be de-
fined [17], including parameters that affect learning, such as the number of training times,
training rate, and batch size, and parameters that affect the architecture of the model, such
as kernel size and convolutional layer configuration. As it was difficult to consider all
hyperparameters, a total of 30 deep learning architectures were constructed in this study by
combining three convolutional layer configurations (C→P, C→C→P, and C→C→C→P),
two kernel sizes (3 × 3 and 5 × 5), and five pooling and up-convolutional layers (1, 2, 3,
4, and 5). We then compared the accuracy of the model according to the parameters that
affect the model architecture. As for the parameters that affect the learning of the model,
the number of training times was fixed at 200 times, the training rate was fixed at 0.01, and
the pooling and up-convolution filter size was fixed at 2 × 2. The default U-Net value was
used for the number of channels per layer (Figure 2).
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Figure 2. Construction of the deep learning model by adjusting the input image size and hyperpa-
rameters.

2.3.4. Training and Validation of Deep Learning Models

A total of 90 deep learning models, constructed by combining three datasets and 30
model architectures, were trained and validated. In the training process, gray-scale images
were used in the input layer of the original model, whereas five bands (red, green, blue,
red-edge, and NIR) were used in this study, requiring the number of input channels to be
changed from one to five. Deep learning models were trained using training images and
labeled data. When the first training image was input to the deep learning architecture,
the image was classified through a convolutional layer, and the parameters were adjusted
by comparing the classification results with the labeled data, which contained the ground
truth value. Training images were sequentially input to the deep learning architecture, and
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parameters were adjusted repeatedly until all training images were input. Once all training
images were input, the parameters were fixed. When the validation images were input, the
model output the classification results, and the accuracy and loss were calculated through
a comparison with the labeled data of the validation image to evaluate model performance.
Each cycle of the training and validation process is called an epoch; to develop the deep
learning model, model training and validation were performed for up to 200 epochs. The
performance of the trained model was evaluated by calculating the training accuracy,
training loss, validation accuracy, and validation loss.

2.3.5. Evaluation of Deep Learning Model for Land Cover Mapping

After training, the training rate and training loss value of the deep learning model
were calculated. Then, the validation accuracy and validation loss value were calculated
using the validation dataset. Evaluating the performance of a deep learning model based
on the training rate and training loss may lead to selection of a model that is overfitted to
the training data; however, evaluating model performance based on the validation accuracy
and validation loss may lead to selection of a model with a low training rate. Therefore, in
this study, the optimal deep learning model was selected by considering all four parameters.
Models in the top 10% of all 90 deep learning models in terms of training accuracy, training
loss, validation accuracy, and validation loss were selected as the optimal models.

2.3.6. Consistency between Deep Learning-Based Land Cover Map and Sd LCM

To evaluate the classification accuracy of the deep learning-based land cover map,
we evaluated its consistency with the Sd LCM. Specifically, the accuracy was evaluated
by calculating the overall accuracy (OA) and kappa coefficient using a confusion matrix
(Table 2) [18,19].

Table 2. Summary of accuracy metrics used in the object detection, where TP is true positive, TN is
true negative, FP is false positive, and FN is false negative.

Accuracy
Metrics Equation

Overall
accuracy (OA)

TP+TN
TP+FP+TN+FN

Precision (P)
TP

TP+FP

Recall (R)
TP

TP+FN

F1 2× P×R
P+R

Kappa TA−Pe
1−Pe

, where pe =
(TP+FN)×(TP+FP)(FP+TN)×(FN+TN)

(TP+FN+TF+FP)2

3. Results and Discussion
3.1. Deep Learning Model Architecture

Thirty deep learning model architectures were developed according to the convolu-
tional layer configuration, kernel size, and number of layers. According to the U-Net base
model, the models were composed of 64 layers with 23,382,663 parameters. The model with
the shallowest structure among the developed architectures was that with a convolutional
layer configuration of C→P, a kernel size of 3 × 3, and one layer, which consisted of nine
layers with 127,687 parameters. The model with the deepest structure among the developed
architectures was that with a convolutional layer configuration of C→C→C→P, a kernel
size of 5 × 5, and five layers, which consisted of 87 layers with 79,860,999 parameters.

3.2. Evaluation of Training and Validation Accuracies
3.2.1. Comparison of Training Accuracy and Training Loss

The training accuracy increased as the image size and kernel size decreased, but was
more affected by the convolutional layer configuration and number of layers than the
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kernel size. The training accuracy was greatest with an image size of 64 × 64, whereas
the training accuracies for image sizes of 128 × 128 and 256 × 256 were similar. When the
overall convolutional layer composition was C→C→C→P or C→P, the training accuracy
increased as the number of layers increased. The influence of the number of layers seemed
greater than that of the convolutional layer configuration. Similar to the training accuracy,
the training loss increased as the image size and kernel size decreased. Moreover, the
training accuracy was greatest with an image size of 64 × 64, and approximately 0.2 higher
than that for image sizes of 128 × 128 and 256 × 256. When the overall convolutional layer
composition was C→P, the training loss decreased as the number of layers increased. The
difference in training loss according to the number of layers was greater than that according
to the convolutional layer configuration.

Sameen et al. [20] reported that the classification performance increased as the input
data size increased. However, the opposite trend was found in this study. Sameen et al. [20]
used high resolution aerial photos as the input images, which had relatively small sizes
(3 × 3, 5 × 5, 7 × 7, 9 × 9, 11 × 11, and 13 × 13). When training a model based on high
resolution aerial photos, the features of each object in images as small as 3 × 3 may not
be extracted well. Conversely, the 64 × 64 input images used in this study, with a spatial
resolution of 5 m, corresponded to a width of approximately 300 m; therefore, they were
more effective for extracting the features of each object in the training images than the
256 × 256 images, which corresponded to a width of approximately 1.3 km. The larger the
image size, the more likely it is to contain the forest area object with the highest distribution
within the study site. If the forest object is widely distributed in the image, the amount of
training for each object could differ as the forest will be learned to a much greater extent
than objects in the other land categories. Therefore, the best training was observed in this
study when the size of the image was 64 × 64.

3.2.2. Comparison of Verification Accuracy and Verification Loss between Hyperparameter
Combinations

Similar to the training accuracy, the verification accuracy tended to increase as the
image size and kernel size decreased; however, the verification accuracy was lower than
the training accuracy. The average difference between the training accuracy and validation
accuracy of models with an image size of 64 × 64 and five layers was 0.02, whereas
the average difference for models with an image size of 256 × 256 and one layer was
approximately 0.15, that is, approximately seven times greater.

The verification loss decreased as the number of layers increased, regardless of the
image size or kernel size, and the verification loss was higher than the training loss. In
particular, when the number of layers was three or less, the verification loss increased by
an average value of 0.2 or more. Thus, to ensure consistent accuracy, four or more layers
should be used in the model.

3.2.3. Comparison of Accuracy and Analysis Time for Each Model

In terms of the validation loss, which is widely used for model evaluation and selec-
tion, the lowest value (0.11) was obtained for the model with an image size of 64 × 64,
convolutional layer configuration of C→C→C→P, kernel size of 5 × 5, and five layers, and
the highest value was obtained for the model with an image size of 128× 128, convolutional
layer configuration of C→P, kernel size of 3 × 3, and two layers (Table 3). According to a
comparison of the training time of each model, the training time required for construction
was shortest for the model with an image size of 256 × 256, convolutional layer configu-
ration of C→P, and kernel size of 3 × 3, and approximately 23% shorter than that for the
model with an image size of 64 × 64, convolutional layer configuration of C→C→C→P,
and kernel size of 5 × 5 (Table 4).
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Table 3. Distribution of accuracy and loss values for the training and validation data of the deep learning model.

Image
Size

Kernel
Size

Convolutional
Layer

Configuration

Training Accuracy Training Loss Verification Accuracy Verification Loss

Number of Layers Number of Layers Number of Layers Number of Layers

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

64 × 64

3 × 3
C→P 0.83 0.86 0.89 0.91 0.91 0.12 0.10 0.08 0.06 0.07 0.81 0.83 0.86 0.87 0.88 0.33 0.18 0.26 0.19 0.16

C→C→P 0.85 0.87 0.89 0.88 0.88 0.11 0.09 0.08 0.09 0.08 0.82 0.85 0.86 0.84 0.86 0.19 0.15 0.18 0.23 0.17
C→C→C→P 0.86 0.87 0.87 0.87 0.87 0.10 0.09 0.09 0.09 0.09 0.71 0.82 0.84 0.84 0.84 0.80 0.21 0.19 0.16 0.17

5 × 5
C→P 0.84 0.86 0.91 0.92 0.91 0.12 0.10 0.07 0.06 0.07 0.82 0.85 0.87 0.86 0.87 0.15 0.15 0.21 0.25 0.19

C→C→P 0.85 0.88 0.88 0.87 0.87 0.10 0.08 0.08 0.09 0.09 0.84 0.86 0.85 0.80 0.85 0.14 0.15 0.20 0.25 0.14
C→C→C→P 0.86 0.88 0.88 0.87 0.86 0.10 0.09 0.08 0.09 0.10 0.77 0.83 0.86 0.83 0.86 0.30 0.21 0.13 0.18 0.11

128 × 128

3 × 3
C→P 0.83 0.85 0.85 0.87 0.86 0.12 0.11 0.10 0.09 0.10 0.77 0.63 0.63 0.84 0.82 0.26 1.41 1.22 0.18 0.26

C→C→P 0.84 0.85 0.86 0.85 0.86 0.11 0.10 0.10 0.11 0.10 0.71 0.83 0.81 0.82 0.80 0.33 0.19 0.22 0.32 0.24
C→C→C→P 0.85 0.86 0.85 0.86 0.85 0.10 0.10 0.10 0.10 0.10 0.84 0.83 0.71 0.75 0.83 0.26 0.17 0.53 0.33 0.16

5 × 5
C→P 0.84 0.84 0.86 0.87 0.86 0.12 0.11 0.10 0.09 0.10 0.72 0.65 0.79 0.81 0.85 0.43 0.65 0.26 0.22 0.13

C→C→P 0.84 0.86 0.86 0.86 0.85 0.12 0.10 0.10 0.10 0.11 0.61 0.82 0.81 0.83 0.82 0.80 0.18 0.22 0.24 0.19
C→C→C→P 0.85 0.85 0.85 0.85 0.85 0.11 0.10 0.10 0.10 0.11 0.81 0.83 0.69 0.75 0.84 0.19 0.16 0.47 0.29 0.13

256 × 256

3 × 3
C→P 0.83 0.85 0.86 0.86 0.88 0.12 0.10 0.09 0.09 0.08 0.81 0.84 0.82 0.81 0.85 0.36 0.15 0.24 0.23 0.16

C→C→P 0.85 0.85 0.86 0.87 0.86 0.10 0.10 0.10 0.09 0.10 0.64 0.8 0.78 0.84 0.82 0.45 0.34 0.28 0.15 0.19
C→C→C→P 0.85 0.85 0.86 0.86 0.85 0.10 0.10 0.09 0.10 0.10 0.66 0.83 0.84 0.81 0.82 0.36 0.14 0.14 0.25 0.15

5 × 5
C→P 0.83 0.86 0.87 0.87 0.86 0.12 0.10 0.09 0.09 0.09 0.81 0.67 0.84 0.83 0.83 0.17 0.43 0.15 0.17 0.2

C→C→P 0.85 0.85 0.86 0.85 0.86 0.10 0.10 0.09 0.10 0.09 0.65 0.76 0.82 0.81 0.84 0.64 0.48 0.21 0.19 0.14
C→C→C→P 0.85 0.85 0.85 0.85 0.85 0.10 0.10 0.10 0.10 0.10 0.62 0.83 0.79 0.61 0.83 0.6 0.19 0.2 0.57 0.15
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Table 4. Analysis of training time in deep learning model with hyperparameter combinations (unit:
min).

Image Size Kernel Size
Convolutional

Layer Configuration
Number of Layers

1 2 3 4 5

64 × 64

3 × 3
C→P 183 185 187 189 193

C→C→P 185 196 200 203 204
C→C→C→P 185 204 209 214 215

5 × 5
C→P 178 185 189 193 204

C→C→P 181 196 203 213 218
C→C→C→P 186 209 213 233 243

128 × 128

3 × 3
C→P 174 177 179 180 180

C→C→P 177 179 182 184 184
C→C→C→P 178 182 185 188 188

5 × 5
C→P 172 175 178 180 182

C→C→P 174 178 184 188 189
C→C→C→P 177 182 192 197 200

256 × 256

3 × 3
C→P 161 167 168 169 170

C→C→P 167 172 174 176 175
C→C→C→P 169 175 181 184 187

5 × 5
C→P 163 173 174 177 181

C→C→P 171 179 183 189 189
C→C→C→P 175 185 190 210 223

Compared to the verification loss for an image size of 64 × 64, the average verification
loss for image sizes of 256 × 256 and 128 × 128 increased by 0.68 times and 1.28 times,
respectively. Moreover, the time required for analysis decreased by approximately 19%
for an image size of 256 × 256. The average verification loss according to the kernel size
was 0.03, showing no significant difference in accuracy. Kim et al. [21] conducted a crop
classification analysis by constructing deep learning CNN models according to kernel
size (2 × 2, 3 × 3, and 5 × 5), and reported that classification accuracy increased as the
kernel size decreased. Moreover, in their study, more detailed feature information could be
extracted from the input data when the kernel size was smaller. However, in our study, the
kernel size did not affect the classification performance in the 5-m images. Considering
that the required time increased by approximately 1.04 times when the kernel size was
5 × 5, a kernel size of 3 × 3 is most appropriate in terms of cost and efficiency. The average
validation loss according to the convolutional layer configuration showed a difference of up
to 0.05. With each convolution layer added, the average loss decreased by approximately
1.1 times. When the convolutional layer configuration was C→C→C→P, the required time
increased by approximately 1.1 times compared to that of C→P. Furthermore, the average
validation loss decreased as the number of layers increased. With each additional layer, the
verification loss was approximately 0.2 smaller than that with one layer applied. However,
when five layers were applied, the time required increased by approximately 1.12 times
from that with one layer applied. Therefore, considering both the efficiency and accuracy,
the optimal number of layers is four or more (Figure 3).
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3.2.4. Consistency between the Deep Learning-Based Land Cover Maps and Sd LCM

A land cover map was constructed by applying the model with the best performance
among the evaluated model with an image size of 64 × 64, convolutional layer config-
uration of C→C→C→P, kernel size of 5 × 5, and five layers. According to this map, in
Chuncheon, forest occupied approximately 74.9% of the total area, followed by grass (ap-
proximately 7.0%) and agricultural land (approximately 5.8%). A comparison with the Sd
LCM and the area distribution by category indicated similar distribution results for each
category, with overestimation of the forest area by up to approximately 1.6% by the deep
learning land cover map. As for Gimcheon, forest occupied the largest area (approximately
70.4%), followed by agricultural land (approximately 14.9%) and grass (approximately
5.5%). The forest area was overestimated by up to approximately 4.4%, representing the
largest difference among the three cities. In Suncheon, forest occupied the largest area
(approximately 61.2%), followed by grass (approximately 15.3%) and agricultural land
(approximately 14.2%), and the area of grass was overestimated by approximately 2.0%
(Figure 4).

1 

 

 
Figure 4. The deep learning—based land cover map in this study for (a) Chuncheon, (b) Gimcheon,
and (c) Suncheon.

Figure 5 is more detailed information on the results of this study. Each detailed land
cover map is generated by merging 320 of the classified results. As seen Figure 5, the
performance of the land cover map was well generated except for some misclassification,
including small object classification, such as a narrow road within the agricultural land.
This misclassification was occluded due to the difference in resolution between the labeled
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data and the satellite image. Thus, pre-processing is highly required. On the other hand,
there was a part where the boundary part did not match in the process of merging the
images. Therefore, we need additional research about a post-processing method in the
process of merging output images using a deep learning model.

As for the consistency between the land cover map constructed by applying the
optimal model and the Sd LCM, the OA and kappa coefficient for the three cities indicated
high agreement of approximately 82.9% and 66.3%, respectively (Figure 6). Kim et al. [22]
reported an accuracy of 65% when single-temporal images were applied to the U-Net
model, which was improved by up to 82.6% by applying multi-temporal images. In this
study, the results were obtained by using multi-temporal images after performing model
training with single-temporal images of three regions to improve the architecture of the
model. The classification performance was higher than the classification accuracy standard
based on land cover map preparation guidelines (75%). However, the accuracy of the
model varied with the study area, with Chuncheon exhibiting higher classification accuracy
than the other two cities. Thus, the distribution of land cover by category, along with the
difference in area by region, clearly affects the model construction.

As for model accuracy according to land cover category, the model classified the largest
forest area with a high accuracy (F1-Score over 90%), regardless of the area. The F1-score
of the entire water area also showed high accuracy of approximately 89.5%; however, the
F1-score for wet land area was only 16.2%, representing the lowest accuracy among the
seven land cover categories. The wet land category includes mosses, lichens, and riparian
vegetation around rivers, as well as small streams, with similar spectral characteristics
to the water category. The accuracy was likely low because the distribution of lichens
may vary depending on the time of each image. The agricultural land and used area
categories showed an accuracy score of approximately 67.5% and 59.4%, respectively,
with similar F1-scores among the three cities (within approximately 3%), indicating high
consistency. However, the grass and barren classification showed lower accuracy than the
other categories, of approximately 43.4% and 32.3%, respectively. Gimcheon showed the
lowest classification accuracy. Here, river side and riparian vegetation, which would be
classified as wet land areas in the other cities, were classified as grassland or barren in the
Sd LCM, which was used as the label image. Moreover, logging areas corresponding to
forest were classified as grass, contributing to the low accuracy for grass or barren.

Karra et al. [23] conducted land cover classification analysis using a U-Net model
based on a Sentinel-2 image with a spatial resolution of 10 m. In the study site with the
highest classification accuracy, they reported high accuracy of approximately 85% or more
for used area, forest, agricultural land, and water categories. Conversely, grass, wet land,
and barren categories showed low accuracy of less than approximately 20%. In addition,
Lee and Lee [24] constructed a classification map using the U-Net model, which classified
coniferous forests and rice paddies/fields with a high accuracy of approximately 87.4%
and 77.3%, respectively, but classified buildings, cemeteries, grass, and wet lands with an
accuracy of less than 50%. Therefore, in this study, the classification accuracy for forest
and water categories were similarly high compared to previous studies, whereas that for
agricultural land and used areas, such as buildings and streets, was lower than that of
previous studies. Agricultural land classified on the Sd LMC (the labeled image) included
facilities such as plantation sites and greenhouses; however, the deep learning model
classified these regions as used areas, which reduced the classification accuracy. Also, the
classification accuracy for grass and barren is generally low in previous studies. Moreover,
as cultivated land with active growth after rice planting has similar spectral characteristics
to herbaceous plants in the growing season image, the classification accuracy for grass
was low. There have also been many previous cases of misclassifying barren as shrubland
and grass. Similarly, in this study, barren was the most likely land cover category to be
misclassified as grass or forest. Specifically, according to the Sd LCM, riverside and wet
land areas were classified as barren, and areas where buildings were being built were
classified as used areas or barren. There were also many cases in which barren, such as



Forests 2022, 13, 1813 11 of 14

rocky and stony fields, were classified as forests; therefore, the training data should be
carefully reviewed when using this model.
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3.2.5. Effectiveness of Training Data for Deep Learning Model Applications

As the training data used in this study were reclassified into major land cover classi-
fication categories, a Sd LCM was used. The forest practice areas were then divided into
various categories, such as barren, grass, and forest. As the forest practice areas used as the
training data had the most labeled data classified as forest land, the deep learning model
was deemed to have effectively classified these forest practice areas as forest. In future, it
will be necessary to clearly define the training data categories and construct correct labeled
images. Moreover, grass areas such as urban trees, small gardens in apartment complexes,
and fences made of shrubs may have been incorrectly classified as used areas in this study.
The Sd LCM used as the label image in this study was constructed by visual interpretation
of a 25-cm high-resolution aerial photograph; thus, it was capable of classifying street trees,
fences, and gardens as grass. However, for the RapidEye images (spatial resolution of 5 m)
used as the input image, where these areas were distributed as mixed pixels, they may
have been classified as used areas.

4. Conclusions

In this study, we explored the optimal parameters of a U-Net-based deep learning
model for land-use classification using RapidEye images. Determining the classification
accuracy and required time of the deep learning model according to the hyperparameter
combination enabled us to select an optimal model that simultaneously considers the cost,
efficiency, and accuracy. The optimal model exhibited high classification accuracy for forest
land; thus, it could be used to prepare a land-use change matrix that ensures a spatially
and temporally consistent representation of land use according to the wall-to-wall method
of the Intergovernmental Panel on Climate Change.

As well as U-Net, various other deep learning models have been developed to solve
semantic segmentation problems in land cover mapping. Thus, when constructing a land
cover map based on the deep learning model developed in this study, the following specific
points should be considered. First, pre-processing is required when using datasets from
pre-built data. In U-Net-based models, the labeled image required for training, called
the ground truth, was a major factor affecting model performance. In this study, the
Sd LCM was used as the ground truth and satellite images were used as the input data.
With satellite images, the learning training accuracy will be reduced unless the clouds
or shadows are removed through preprocessing. Moreover, as the training data must
be acquired easily for each land cover category, even if the training data are randomly
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selected, applying the hierarchical sampling method by region and category is expected to
improve model performance. Second, when constructing a land cover map based on deep
learning, a loss of location information occurs because of the nature of the deep learning
algorithm. As training is performed in units of images of a certain size, the accuracy may
change at a specific location in the image. Therefore, applying the smoothing method
when synthesizing structural changes of the convolutional layer and the classification result
output as an image of a certain size should improve the results of land cover mapping.
Third, land-use categories with similar reflective characteristics, such as forest practice
areas, grasslands, and agricultural land, were difficult to classify accurately, even when
using the deep learning model. In this model, only digital number values were used as the
input data; however, it may be beneficial to enhance the model using texture information or
topographic information. Furthermore, with the recent development of ensemble models,
it will be necessary to review combinations of models with high classification accuracy
according to land-use categories.
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