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Abstract—The decrease and reduction of vegetation land or forest area over time has become a serious and significant problem to be 

considered. Increasing the Earth’s temperature is a consequence of deforestation, which can contribute to climate change. The other 

issues that researchers face concern diversity and various objects in satellite imagery that may be difficult for computers to identify 

using traditional methods. This research aims to develop a model that can classify vegetation land cover areas on high-resolution images. 

The data used is sourced from the ISPRS (International Society for Photogrammetry and Remote Sensing) Vaihingen. The model used 

is a Convolutional Neural Network (CNN) with a VGG16-Net Encoder architecture. Tests were conducted on eight scenarios with 

training and test data ratios of 80:20% and 70:30%. The classifier method that we employed in this research is argmax and threshold. 

We also compared the performance of Neural Networks with two hidden layers and three hidden layers to investigate the impact of 

adding another layer on the Neural Network's performance in classifying vegetation land cover areas. The results show that using the 

threshold classifier method can save training time compared to the argmax method. By increasing the number of hidden layers in the 

neural network, model performance improves, as shown by increases in recall, accuracy, and F1-score metrics. However, there is a 

slight decrease in the precision metric. The model achieved its best performance with a precision (Pre) of 99.5%, accuracy (Acc) of 

83.3%, and F1-score (Fs) of 70.3%, requiring a training time (T-time) of 16 minutes and 41 seconds and an inference time (I-time) of 

0.1535 seconds. 
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I. INTRODUCTION

The decrease in vegetation land cover has an impact on the 
increase in the Earth's temperature. This can lead to climate 

change [1], [2]. On 26 July 2023, BPS (Badan Pusat Statistik) 

published data on Indonesia's net deforestation rate within and 

outside forest areas for the period from 2013 to 2022 [3]. The 

data showed that the annual total reforestation rate never 

exceeds the total deforestation rate in Indonesia. As a result, the 

deforestation rate is always higher than the reforestation rate. 

The data on deforestation in Indonesia is shown in Fig. 1. 

The reduction of forest area and vegetation land over time 

has become a serious and pressing problem to be addressed 

by both the government and Indonesian citizens. 
Deforestation can lead to reduced water catchment areas, 

resulting in flooding [4]. In addition, according to Abbass et 

al. [5] deforestation is also a cause of climate change that has 

a negative impact on the agricultural sector, human health 

levels, forestry sector, tourism sector, economic growth, 

increased greenhouse gas emissions, and loss of habitat and 

biodiversity. 

Fig. 1  Total deforestation per year 

The government is taking the issue of deforestation in 

Indonesia seriously. According to the Minister of 

Environment and Forestry of the Republic of Indonesia's 
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Regulation Number 1 of 2022, several government strategies 

are outlined to reduce the rate of deforestation through the 

Ministry of Environment and Forestry. Some of the efforts 

made by the Ministry of Environment and Forestry include 

rehabilitating forest areas, controlling forest and land fires, 

mitigating climate change, increasing the use of new 

renewable energy sources, and expanding the area of 

vegetation land cover. Furthermore, to monitor and anticipate 

deforestation, a system is needed that can effectively and 

efficiently classify vegetation areas using satellite images or 
high-resolution images. 

Convolutional Neural Network (CNN) is one of the 

methods in deep learning for computer vision tasks that uses 

images as input and optimizes and sets weight parameters 

through the learning process on the model, so that the model 

can distinguish between one object and another [6], [7], [8], 

[9], [10]. CNN is designed to be able to extract and detect 

significant features from an image without any human 

supervision [11]. The key to CNN is the convolution 

operation in which there is a kernel or filter applied to each 

image location. 
CNN is one of the best methods to understand the content 

of an image, extract the features from the image, and also 

performs well for tasks like segmentation, classification, 

object detection, and image retrieval [12]. In the context of 

processing and analyzing remote sensing or high-resolution 

images, CNN performance can surpass that of other machine 

learning methods in detecting objects or performing pixel-

wise classification of land cover classes. Then for remote 

sensing, CNN can be used for mapping areas, crop disease 

detection, agriculture, land cover change analysis, and 

forestry sectors [13], [14], [15]. 
While many image processing methods, such as edge 

detection, can aid in examining satellite images, they may not 

always be sufficient for accurately classifying vegetation. To 

enhance edge detection in image analysis, Crysdian [16], [17]  

investigated ways to assess edge detector performance without 

ground truth. However, depending solely on spatial features 

like edges or shapes can be restrictive for complex tasks, such 

as classifying vegetation in satellite imagery. Color and other 

spectral information found in satellite photos are crucial in 

differentiating between different types of land cover. CNN 

models are effective for vegetation classification tasks in 

satellite imagery because, in contrast to edge-based methods, 
they can use both spatial and spectral information. By 

leveraging the rich spectral data available in multi-band satellite 

imagery, CNN can capture subtle differences in vegetation 

types that may not be visible from spatial features alone. 

Furthermore, satellite imagery is a picture of the shape of 

the Earth's surface obtained through one or more satellites 

operating in space to observe the Earth. According to 

Sussman et al. [18] the definition of satellite imagery is an 

image that comes from a satellite in Earth orbit. Researchers 

widely use satellite images to monitor various objects on 

Earth. For example, Yang et al. [19] used satellite imagery in 
agriculture to monitor the development of plants in rice fields. 

Then, in the field of geology, Eldosouky et al. [20] utilize 

ASTER satellite imagery to locate mining minerals. Next, in 

research conducted by Si et al. [21] satellite imagery is used 

to predict cloud movement. In addition, Mujetahid et al. [22] 

utilized satellite imagery from Sentinel 1 and 2 through 

Google Earth Engine to monitor the impact of illegal logging, 

which resulted in deforestation in the forest area of South 

Sulawesi Province. Next is research by Timilsina et al. [23] 

which utilizes the results of Quickbird satellite imagery and 

Google Earth to map changes in tree cover areas in the urban 

area of Hobart, Tasmania, Australia, using the CNN method. 

On the other research that has been done by Aldiansyah and 

Saputra [24] detecting land cover change in area of Southeast 

Sulawesi using Google Earth Engine to get the satellite 

imagery. Then the research by Yuh et al. [25] monitoring the 
land cover change in the northern portion of the Mayo Rey 

Department, which is located in the North Province of 

Cameroon, using data from Landsat 7 and Landsat 8. 

Research related to predicting pixel classes in high-

resolution digital images has been conducted in numerous 

previous studies using various methods. First research by 

Abdalla et al. [26], they modified the VGG16 Net model by 

incorporating an encoder for RGB image segmentation. They 

ran the model on a NVIDIA GeForce GTX 1080 Ti, equipped 

with 3458 CUDA cores and 16 GB of GPU memory. The 

strategy involved a learning rate of 0.001, 100 iterations, and 
the use of cross-entropy as the loss function. They utilized a 

dataset containing 400 images with a dimension of 400x500, 

which was divided into 60% for training, 20% for validation, 

and the remaining 20% for testing.  

In a study conducted by Yi et al. [27], they introduced the 

DeepResUnet method to perform urban building 

segmentation at pixel scale from VHR (Very High 

Resolution) remote sensing imagery. They conduct all steps 

of the experiment using Keras and TensorFlow with an 

NVIDIA GeForce GTX 1080 Ti GPU (11 GB RAM). They 

perform patching or split the image into patches with a size of 
256x256 dimensions. After that, they split the data into a 

training set and a testing set with a ratio of 80:20 %. They 

employed Glorot to initialize the network parameters and used 

cross-entropy loss during training. For the optimizer, they 

adopted the Adam optimizer to optimize the training loss with 

a learning rate of 0.001. Because of the limitation of the GPU, 

a batch size of 6 was chosen in the experiment. 

Xiong et al. [28] proposed TCU-Net by combining CNN 

and Transformer to extract shorelines from multispectral 

remote sensing images. All of the experiments are performed 

with NVIDIA GeForce RTX 3090 and using the PyTorch 

framework. They chose the Chinese coastline on the Yellow 
Sea as the designated study area and acquired the images from 

Gaofen-6 (GF-6) in February 2023. Due to the large size of 

the image, they cropped it and then divided it into ocean and 

land categories. Ultimately, they select only images that 

contain both ocean and land, resulting in 2100 images and 

2100 labels with a dimension of 512x512. The models were 

trained with a learning rate of 0.001 and the AdamW 

optimizer, using momentum of 0.9 and a weight decay of 

0.01. To speed up the training process, they set the batch size 

to 16 and the epoch number to 100. 

In the study by Yang et al. [29], the AD-HRNet model was 
developed, integrating HRNet with attention mechanisms and 

dilated convolution. Implemented in PyTorch on two 

NVIDIA GeForce RTX 2080Ti GPUs, it used the ISPRS 

Potsdam and Vaihingen datasets. The Potsdam dataset had 24 

training and 14 testing images, subdivided into 512x512 

patches, resulting in 5400 training and 3150 testing images. 
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The Vaihingen dataset had 16 training and 17 testing images, 

resulting in 479 training and 555 testing patches. They used 

the SGD optimizer with a 0.01 learning rate and weighted 

cross-entropy loss. The Potsdam dataset ran for 484 epochs, 

while Vaihingen ran for 100 epochs. 

Another study by Yu et al. [30] introduces a hybrid 

architecture called ICTANet, which incorporates 

convolutional and Transformer architectures to improve the 

segmentation performance on remote sensing urban imagery. 

All experiments were implemented using PyTorch on a single 
NVIDIA GeForce RTX 2080 Ti GPU with 11 GB of memory. 

They employed the AdamW optimizer with a learning rate of 

0.001 and momentum of 0.01 to train and optimize the model. 

They used the ISPRS Postdam and Vaihingen dataset. They 

patched or cropped the image into 512x512 using a sliding 

window approach. To improve the performance of models, 

image augmentation such as horizontal and vertical flipping, 

rotation, and scaling is employed. For ISPRS Vaihingen 

dataset, they split it into data training (45.5%), validation 

(3.0%), and testing (51.5%). Then, for the ISPRS Potsdam 

dataset, they split it into data training (57.9%), validation 
(2.6%), and testing (39.5%). 

Finally, Su et al. [31] proposed an improved U-Net 

architecture called AtrousDenseUDeconvNet, which 

combined DenseNet, dilated convolution, and DeconvNet. To 

train the model, they use an Intel i9-7900x processor with 

32GB RAM and GTX 1070, 1080, 3090 GPUs. All of the 

program is coded using the package TensorFlow 2.0 and 

Keras 2.3.1. They used the ISPRS Potsdam dataset for this 

research. They are augmenting the image data with random 

cropping, rotation, mirroring, exposure adjustment, contrast 

adjustment, chroma adjustment, and adding noise. The data 
was divided into training, validation, and test sets in a 4:1:1 

ratio. Cross-entropy loss function with Adam optimizer and a 

learning rate of 0.001 was used in the training process. 

According to the literature, numerous researchers have 

investigated high-resolution image segmentation using 

sophisticated models. However, this research focuses on 

simpler models and optimizing computational resources to 

train them by minimizing the number of model parameters, 

without significantly compromising performance. The 

implementation and research of image segmentation using 

complex architectures is the primary focus of earlier research 

by Abdalla et al. [26] and Dechesne et al. [32]. However, these 
studies did not consider the advantages of using classifiers at 

the end of the neural network (threshold and argmax), or the 

simplicity of alternative models. Furthermore, according to 

the literature review, no studies have examined how 

improving hidden layers in basic neural networks can aid in 

classifying vegetation and land cover. This study aims to fill 

the gaps by examining efficient training techniques and the 

benefits of simpler architectures. 

II. MATERIALS AND METHOD 

A. Research Stage 

The steps used in the research to classify vegetation land 

cover areas using CNN are shown in Fig. 2.  
 

Data Collecting

Preprocessing

Model Encoder 

VGG16-Net

Experiment

Result
 

Fig. 2  Research Stage 

 

In Fig. 2, there are several stages of the research process as 

follows: 

1) Collecting high-resolution image data from the 

International Society for Photogrammetry and Remote 

Sensing (ISPRS) Vaihingen. 

2) Data preprocessing is a stage that prepares images to 

be included in the model. This stage provides normalization 
to scale the pixel value and patching to divide high-resolution 

images into the same dimension. 

3) Implementation of modeling using Encoder VGG16-

Net to classify the pixel image (pixel-wise classification). 

4) In the experiment stages, we define testing scenarios, 

such as splitting data for training and testing, varying the 

number of hidden layers in the neural network to perform 

pixel-wise classification, and the classifier method that 

determines the pixel class. 

5) Obtain the results from pixel-wise classification of 

vegetation land cover. 

B. Work Environment 

The work environment in this study is Python 3.9.16 with 

a Notebook on Visual Studio Code. The training and testing 

are conducted on a laptop with an AMD Ryzen 5 5500U 

processor with Radeon Graphics, running at 2.1GHz (12 

CPUs) and 16GB of RAM. 

C. Data Collecting 

This study uses high-resolution images and ground truth 

data from the ISPRS website (https://www.isprs.org) to 

classify vegetation land coverage areas. The primary data is 

from Vaihingen, Germany, taken using UAVs. The study 

utilizes 18 images, comprising nine high-resolution images 

and nine corresponding ground truths, categorized into six 

classes: waterproof surfaces, backgrounds, trees, buildings, 

low vegetation, and cars. The vegetation class consists of trees 

and low vegetation, while the non-vegetational class includes 

waterproof surface, background, building, and car classes. 
The study presents examples of high-resolution and ground 

truth images in Table 1.  

The ground truth part of images is represented by different 

colors, with white representing the waterproof surface class, 

red representing the background, green representing trees, old 

blue representing buildings, cyan representing low vegetation, 

and yellow representing automobiles. The study aims to 
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provide a comprehensive understanding of vegetation land 

coverage areas using digital images. 

TABLE I 

EXAMPLE HIGH-RESOLUTION IMAGE AND GROUND TRUTH 

Number High-Resolution Image Ground Truth 

1 

 

 

 

 
 

2 

 

 

 

 
 

3 

 

 
 

 

 
 

D. Data Preprocessing 

There are two stages in image preprocessing on this study, 

namely normalization and patching. The first process that 

occurs in the image preprocessing phase is normalization. The 

purpose of doing the normalization of the image is to ease the 

computational [33]. Normalization is done by dividing each 

pixel value of the image by 255. The normalization equation 

is as follows: 

 ����� ��	
 � �
��� ��
�
���
���  (1) 

where pixel norm is normalized pixel values in the range 

between 0 and 1, pixel original is the original pixel value in 

the image.  
The following process involves splitting or patching high-

resolution images with ground truth into small pieces, i.e., 

patching them into 128x128 pixels. This is because the 

Vaihingen image dataset has extensive and varied dimensions 

(see Table 1, which displays the sample data); therefore, it is 

necessary to break down the dimensions into smaller pieces 

to facilitate model learning. After patching, the number of 

images is 2526 for both high-resolution and ground truth 

images, resulting in a total of 5052. Examples of patching 

results are shown in Fig. 3 and Fig. 4. 

E. Pixel-wise Classification 

Pixel-wise classification is the last layer in the VGG16-Net 

Encoder architecture before the output. The pixel-wise 

classification process runs in several stages. The first step is 

to train the neural network using the input data, which are 

feature maps from the last convolutional layer. These feature 

maps are the result of a feature extraction from an image that 

has gone through a series of convolutions, max pooling, and 

unpooling within the VGG-16 Net encoder architecture. The 

VGG-16 Net encoder architecture is described in Fig. 6. 

For the entire convolution process, we used the Gaussian 

kernel, based on the research carried out by S. Bhairannawar 

et al. [34] that are shown in Fig. 5. 

 
Fig. 5. Gaussian Kernel 

 

Each image will generate one feature map. The dimension 

of the feature maps is the same as that of the image before the 
feature extraction was performed, and the dimension of this 

feature map is also the dimension of the ground truth of the 

extracted image. 

The neural network blocks mentioned in Fig. 7 analyze 

each pixel in the feature maps, which the neural networks 

would then evaluate to determine the most significant 

prediction value for the vegetation or non-vegetation class. 

The prediction results of the class would then be compared to 

the ground truth on the same pixel index.  

Two classifier methods are used in this study. The first 

method is with argmax. The way argmax works is by 

obtaining the index with the greatest value between the 
neurons on the output layer, where the neuron O1 represents 

a non-vegetational class, and the neuron O2 represents the 

vegetational class. If the O1 neuron (��������0�) has a higher 

predictive value compared to the O2 neuron (��������1�), then 

the predicted class is class 0 or non-vegetation. So is the 
opposite. The argmax equation is as follows: 

 

 
Fig. 3  Patching a high-resolution image into 128x128 dimensions 

 

 
Fig. 4  Patching ground truth into 128x128 dimensions 

 � � !01
 �"  ��������0� # ��������1�
�" ��������1� # ��������0�  (2) 

where y  is index result with largest prediction value in �������, ��������0� is the value on the first index (neuron O1) 

representing the class of non-vegetation, and ��������1� is is 

the value on the first index (neuron O1) representing the class 

of vegetation.  
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The second method is thresholding. The working method 

of thresholding is to set threshold values as class definers. In 

this study the threshold value used is 0.5. If the O1 neuron 

(��������0�) has a predictive value higher than the threshold 

value, then the predicted class is class 0 or non-vegetation. 

And the other way around. The argmax equation is as follows: 

 z � !01   if  ��������0� # 0.5
  if ��������1� # 0.5  (3) 

where z  is index result with largest prediction value in �������, ��������0� is the value on the first index (neuron O1) 

representing the class of non-vegetation, and ��������1� is the 

value on the first index (neuron O1) representing the class of 

vegetation.

 
Fig. 5  VGG16-Net Encoder architecture 

 

 
Fig. 6  Pixel-wise classification process 

 

F. Proposed Neural Network Architecture 

This study uses two different neural network architectures. 
The first neural network architecture had two hidden layers 

with details 1 input layer, 2 Hidden Layers, and 1 output.  

Neural network architecture with 2 hidden layers shown in 

Fig. 7. 

 
Fig. 7  Neural network 2 hidden layers 

 

The first layer of the three hidden layer neural network 

architecture is an input layer with 3 neurons (X1, X2, X3) each 

receiving the RGB (Red Green Blue) value of the pixel of the 

image accessed. The second and third hidden layers have the 

same number of neurons. The number of neurons in each of 

these hidden layers is two, meaning that the class of pixels to 

be classified is vegetative and non-vegetative. Then on the 

third layer there's one output neuron. This output neuron 

serves to accommodate the calculations of the classifier 
method that determines the class of the accessed pixel index. 

The second neural network architecture has three hidden 

layers with details 1 input layer, 3 hidden Layers, and 1 

output. Neural network architecture with 3 hidden layers 

shown in Fig. 8.The first layer of the two hidden layer neural 

network architecture is an input layer with 3 neurons (X1, X2, 

X3) each receiving the RGB (Red Green Blue) value of the 

pixel of the image accessed. Then on the second hidden layer 

has three neurons, which means the same as the input layer. 

That is, three neurons represent the number of channels of 
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images that enter the neural network. The third and fourth 

hidden layers have the same number of neurons. The number 

of neurons in each of these hidden layers is two, meaning that 

the class of pixels to be classified is vegetative and non-

vegetative.  

 
Fig. 8  Neural network with three hidden layers 

 

Then, on the fifth layer, there is one output neuron. This 

output neuron serves to accommodate the calculations of the 

classifier method that determines the class of the accessed 

pixel index. 

G. Loss Function 

From the comparison of the ground truth with the pixel 

class prediction, the total error is obtained. The error 

calculation is done using the binary cross-entropy function. 

The binary cross-entropy (BCE) equation is as follows: 

*+, � - 1
. / / 01
2

3
245 . log9:
2;

<


45 = 91 - 1
2;. log 01 - :
2>> 

(4) 

where *+, is error value from the calculation, ? is height of 

the image, @ is width of the image, . is the total number of 

pixels . � ? A @>, 1
2  is the ground truth value on pixels i, 

j, where 1
2  can be 0 (non-vegetation) or 1 (vegetation), and 

:
2  is the probability of a pixel class prediction at pixel 

location i, j. 

III. RESULTS AND DISCUSSION 

To find the best model performance for a pixel-wise 

classification task. In this study, we conduct several model 
scenario configurations on the splitting data ratio for training 

and testing, the classifier on the layer-wise pixel of the neural 

network, and the size of the hidden layer in the neural 

network. This study implements VGG16-Net Encoder with a 

custom neural network architecture on the pixel-wise 

classification layer. There are eight experimental scenarios in 

this study, namely scenarios 1-A-J, 1-A-K, 1-B-J, 1-B-K, 2-

A-J, 2-A-K, 2-B-J, and 2-B-K. The proposed model scenarios 

are shown in Table 2. 

All scenarios use epoch 20, batch size 128, learning rate 

0.001, and error tolerate 0.1. These model scenario settings 

are the approach to achieving optimal performance and 
minimizing the potential for overfitting or under fitting issues 

 

 

TABLE II 

PROPOSED MODEL SCENARIOS 

Scenario Ratio Classifier Hidden Layer 

1-A-J 80:20 Argmax 2 
1-A-K 80:20 Argmax 3 
1-B-J 80:20 Threshold 2 
1-B-K 80:20 Threshold 3 
2-A-J 70:30 Argmax 2 
2-A-K 70:30 Argmax 3 

2-B-J 70:30 Threshold 2 
2-B-K 70:30 Threshold 3 

A. Scenario 1-A-J 

This scenario uses 80% training data split (2021 images) 

and 20% testing data. (505 images). For the classifier method 

used is argmax. Then the architecture is NN with two hidden 

layers. Fig. 9 shows the loss or error graph of the training 

results. 

 
Fig. 9  Loss graph of scenario 1-A-J 

 

The training time duration to reach 20th epoch is 14 

minutes and 51 seconds. From this training process the loss 

value obtained is 0.260902. Optimal weight and bias values 

used in testing process. Tests conducted in 1-A-J scenarios 

yielded a precision of 99.7%, F1-Score of 63.4% accuracy of 

75.6% with inference time 0.1873 seconds. 

B. Scenario 1-B-J 

This scenario uses an 80% training data split (2021 images) 

and a 20% testing data. (505 images). The classifier method 

used is a threshold. Then the architecture is NN with two 

hidden layers. Fig. 10 shows the loss or error graph of the 

training results. 

 
Fig. 10  Loss graph of scenario 1-B-J 
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The training time duration to reach the 20th epoch is 14 

minutes and 31 seconds. From this training process, the loss 

value obtained is 0.260971. Optimal weight and bias values 

are used in the testing process. Tests conducted in 1-B-J 

scenarios yielded a precision of 99.7%, an F1-score of 63.2%, 

and an accuracy of 75.4% with an inference time of 0.1816 

seconds. 

C. Scenario 2-A-J 

This scenario uses a 70% training data split (1769 images) 

and a 30% testing data. (757 images). The classifier method 

used is argmax. Then the architecture is NN with two hidden 

layers. Fig. 11 shows the loss or error graph of the training 

results. 

 
Fig. 11  Loss graph of scenario 2-A-J 

 

The training time duration to reach the 20th epoch is 13 

minutes and 12 seconds. From this training process, the loss 

value obtained is 0.263995. The optimal weight and bias 

values of the training results are stored and then used in the 

testing process. Tests conducted in 2-A-J scenarios yielded a 

precision of 99.7%, an F1-score of 59.9%, and an accuracy of 

79.2% with an inference time of 0.1910 seconds. 

D. Scenario 2-B-J 

This scenario uses a 70% training data split (1769 images) 

and a 20% testing data. (757 images). The classifier method 

used is a threshold. Then the architecture is an NN with two 

hidden layers. Fig. 12 shows the loss/error graph of the 

training results. 

 
Fig. 12  Loss graph of scenario 2-B-J 

 

The training time duration to reach the 20th epoch is 12 

minutes and 36 seconds. From this training process, the loss 

value obtained is 0.263652. The optimal weight and bias 

values of the training results are stored and then used in the 

testing process. Tests conducted in 2-B-J scenarios yielded a 

precision of 99.7%, an F1-score of 60.6%, and an accuracy of 

79.5% with an inference time of 0.2134. 

E. Scenario 1-A-K 

This scenario uses an 80% training data split (2021 images) 

and a 20% testing data. (505 images). The classifier method 
used is a threshold. Then the architecture is NN with three 

hidden layers. Fig. 13 shows the loss or error graph of the 

training results. 

 
Fig. 13  Loss graph of scenario 1-A-K 

 

The training time duration to reach the 20th epoch is 20 

minutes and 41 seconds. From this training process, the loss 

value obtained is 0.243704. The optimal weight and bias 

values of the training results are stored and then used in the 

testing process. Tests conducted in 2-B-J scenarios yielded a 

precision of 99.5%, an F1-score of 70.1%, and an accuracy of 

79% with an inference time of 0.1993 seconds. 

F. Scenario 1-B-K 

This scenario uses an 80% training data split (2021 images) 

and a 20% testing data. (505 images). The classifier method 

used is a threshold. Then the architecture is an NN with three 

hidden layers. Fig. 14 shows the loss or error graph of the 

training results. 

 
Fig. 14  Loss graph of scenario 1-B-K 

 

The training duration to reach the 20th epoch is 19 minutes 

and 5 seconds. From this training process, the loss value 
obtained is 0.240046. The optimal weight and bias values of 

the training results are stored and then used in the testing 
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process. Tests conducted in 2-B-J scenarios yielded a 

precision of 99.5%, an F1-score of 70.1%, and an accuracy of 

79% with an inference time of 0.2223 seconds. 

G. Scenario 2-A-K 

This scenario uses a 70% training data split (1769 images) 

and a 30% testing data. (757 images). The classifier method 

used is argmax. Then the architecture is an NN with three 
hidden layers. Fig. 15 shows the loss or error graph of the 

training results. 

 
Fig. 15  Loss graph of scenario 2-A-K 

 

The training duration to reach the 20th epoch is 20 minutes 

and 41 seconds. From this training process, the loss value 

obtained is 0.243704. The optimal weight and bias values of 
the training results are stored and then used in the testing 

process. Tests conducted in 2-B-J scenarios yielded a 

precision of 99.5%, an F1-score of 70.3%, and an accuracy of 

83.3% with an inference time of 0.1611 seconds. 

H. Scenario 2-B-K 

This scenario uses a 70% training data split (1769 images) 

and a 20% testing data. (505 images). The classifier method 

used is a threshold. Then the architecture is an NN with three 

hidden layers. Fig. 16 shows the loss or error graph of the 
training results. 

 
Fig. 16  Loss graph of scenario 2-B-K 

 

The training time duration to reach 20th epoch is 20 

minutes and 16 seconds. From this training process the loss 

value obtained is 0.255468. The optimal weight and bias 

values of the training results are stored and then used in the 

testing process. Tests conducted in 2-B-K scenarios yielded a 

precision of 99.5%, F1-Score of 70.2%, and accuracy of 

83.3% with inference time 0.1536 seconds. 

The results of testing each scenario are collected into a 

single table to make it easier to compare the performance of 

each scenario. The results are presented in Table 3. 
Comparison of the fastest training time in this study was 

obtained by the 2-B-J scenario of 12 minutes and 36 seconds, 

whereas for the longest training duration in the study the 1-A-

J script of 20 minutes and 41 seconds. By comparison, the 

difference between the fastest and the longest training time is 

likely to be large, with a difference of 8 minutes and 5 

seconds, or 64.15%. The fastest inference time in this study 

was obtained by scenario 2-B-K, at 0.1536 seconds. A 

summary of the duration of the training time of each scenario 

is visually presented in Fig. 17, and the inference time of each 

scenario is visually presented in Fig. 18. 
 

 
Fig. 17  Visualize the training time of each scenario 

 

 

Fig. 18  Visualize the training time of each scenario 

TABLE III 

TESTING RESULTS OF EACH SCENARIO 

Scenario Pre Acc Fs T-time I-time Parameters 

1-A-J 99.7% 75.6% 63.4% 14m 51s 0.1873s 

98381 
1-A-K 99.5% 79% 70.1% 20m 41s 0.1993s 

1-B-J 99.7% 75.5% 63.2% 14m 31s 0.1861s 

1-B-K 99.5% 79% 70.1% 19m 5s 0.2223s 
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Scenario Pre Acc Fs T-time I-time Parameters 

2-A-J 99.7% 79.2% 59.9% 13m 12s 0.1910s 

98393 
2-A-K 99.5% 83.3% 70.3% 17m 6s 0.1611s 

2-B-J 99.7% 79.5% 60.6% 12m 36s 0.2134s 

2-B-K 99.5% 83.3% 70.3% 16m 41s 0.1536s 

For the best scenario, we conclude that scenario 2-B-K is 

the best scenario. Based on the Precision, F1-Score, 

Accuracy, and Inference Time, scenario 2-B-K achieves the 

best result compared to other scenarios. The visualization of 

Precision, F1-Score, and Accuracy of each scenario is shown 

in Fig. 19. 

 

 
Fig. 19  Comparison of the metrics of all scenarios 

 

Then we compared the performance based on the duration 

of training time between scenario 2-A-K and 2-B-K. The 

fastest training time between the two comparisons is on 

scenario 2-B-K with a training time duration of 16 minutes 

and 41 seconds. Scenario 2-B-K has a different 25 seconds 

compared to 2-A-K. In detail, we also compare the 
performance results of the best model scenario (scenario 2-B-

K) with those of previous research. A comparison with the 

existing method is presented in Table 4 and Fig. 20. 

 
Fig. 20  Comparison with existing method 

 

The proposed method's overall performance has a good 

result, achieving a precision of 99.5%, an accuracy of 83.3%, 
and an F1-score of 70.3%. The performance results of the 

proposed method are comparable to those of previous models. 

Furthermore, it excels in training efficiency, with a training 

time of 50.05 seconds per epoch and a parameter count of 

98.393, making it more manageable than other models, such 

as DeepResUnet, which achieves an accuracy of 92.8% but 

incurs a significantly longer training time of 2520 seconds per 

epoch. The efficiency of the proposed method in terms of 

training time, inference time, and computing resources makes 

it a compelling choice for applications that require rapid 

training and effective performance.  

TABLE IV 

COMPARISON WITH EXISTING METHOD 

Method Pre (%) Acc (%) Fs (%) T-time(s) /epoch I-time (s) Parameters 

Proposed 99.5 83.3 70.3 50.05 0.153 98393 
VGG16-Net Encoder 93 92 93 46.8 0.23 14.7 M 
DeepResUnet 91 92.8 91.9 2520 0.069 2.79 M 
TCU-Net - 97.5 96.6 88.8 14.63 1.72 M 
AD-HRNet 85.3 88.18 85 - 0.052 8.73 M 
ICTANet - 92 93.4 138 7.24 14.02 M 
AttrousDenseUDconvNet 88.3 86.2 89 - 1.574 18.35 M 

IV. CONCLUSION 

By analyzing different architectures and approaches to 

classifying vegetation land cover in high-resolution imagery 

using neural networks, this study explores the challenges 

associated with it. With a precision of 99.7%, an accuracy of 

83.3%, and an F1-score of 70.3%, the proposed models 

demonstrate excellent performance, as shown by the study, 

through various testing scenarios. These results demonstrate 

the benefits of deeper networks and the use of threshold 

classifiers for effectively classifying the pixels of high-

resolution images, while maintaining a competitive training 

duration of 12 to 20 minutes. Finally, this study presents 

insightful information to improve classification methods for 

environmental management, highlighting the need to conduct 

classifier selection and to upgrade model architecture for 

performance improvement. 
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