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Abstract
Land use and land cover (LULC) information is a fundamental component of 

environmental research related to urban planning, green infrastructure sustainability 
and natural hazards assessment. In particular, remote sensing technology has 
demonstrated a powerful capacity for LULC modelling with a corresponding increase 
in sensor number and type. The integration of many algorithms into the object - based 
classi򟿿cation�method�to�create�diৼerent�sets�of�machine�learning�algorithms�has�proven�
very�eৼective�for�image�feature�extraction�from�satellite�data.�In�this�study,�the�Random�
Trees model was used in combination with object - based image analysis (OBIA) to 
map LULC in Dak Nong UNESCO Global Geopark, Vietnam, using Landsat imagery 
data for the period from 2005 to 2022. The accuracy results show an overall accuracy 
(OA)�of�83.97�%�(2005),�85.38�%�(2015)�and�86.75�%�in�2022�while�the�results�of�the�
Kappa�coe৽cient�were�0.82�(2005),�0.83�(2015)�and�0.84�(2022).�Accordingly,�it�was�
concluded that the method proposed here is useful for LULC detection and can be 
applied to other areas with similar characteristics. The derived maps can also inform 
as a document to UNESCO and national - level decision making.
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1. Introduction

Land use and land cover (LULC) are 
separate but related concepts. Land cover 
refers to the surface cover on the ground, 
such as vegetation, urban infrastructure, 
water, bare land,…while the term land use 
describes the human use of the land for 
economic and social purposes. The change 

in Land use and land cover results from 
complex interactions between humans and 
the natural environment [1]. Land use and 
land�cover�change�over�time�can�signi¿cantly�
impact ecosystem processes, biological 
cycles and biodiversity [2]. Monitoring 
and evaluation regularly are essential and 
necessary in planning and managing to 
ensure environmental sustainability.
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Nowadays, remote sensing data 
are increasingly used for monitoring 
LULC, including changes in   forest land, 
industrial cropland and construction land 
in many related studies [3]. Medium and 
high spatial resolution remote sensing 
image data always dominate and image 
processing techniques are also constantly 
developed to serve this purpose. It is 
necessary to mention the development of 
algorithms for image enhancement, image 
mixing� and�LULC� classi¿cation� applied�
to data with medium and high spatial 
resolution [4, 5] the increasing population 
drives the spatiotemporal land use and 
land cover change (LULCC).

With high spatial resolution remote 
sensing images, the object - based 
classi¿cation�method�has� high� accuracy�
and� clear� classi¿cation� results� and� is�
better than traditional pixel - based 
classi¿cation�methods.�On�aspects�such�as�
multi - scale image analysis, minimizing 
the appearance of small object changes 
and confusion and detecting changes in 
overlay/using objects better soil [6, 7]. 
Therefore,� object� -� based� classi¿cation�
is often used to extract information 
about spectral features, shape and 
spatial relationships of the object for 
classi¿cation.

Recently, there has been an increasing 
interest in machine   learning algorithms 
used� for� classi¿cation.� Integration� of�
many algorithms in the object - based 
classi¿cation� method� to� create� di򯿿erent�
sets of machine learning algorithms. 
These algorithms have been proven to 

be� very� e򯿿ective� in� classifying� satellite�
images [8]. Based on performance 
comparisons in many studies, the Random 
Trees algorithm shows high accuracy 
compared to current supervised learning 
algorithms [9, 10]. This is an attribute 
classi¿cation�algorithm�developed�by�Leo�
Breiman at the University of California, 
Berkeley [11]. Random forest is applied 
for�classi¿cation�purposes�and�other�tasks�
by� building� decision� trees� on� di򯿿erent�
samples. Each decision tree itself will 
go from the top down according to the 
conditional nodes to get the predictions 
and based on the majority votes of 
predictions;�it�predicts�the�¿nal�output.

In this study, Landsat satellite image 
data�and�the�Random�Trees�classi¿cation�
algorithm were used to classify and 
evaluate changes in land use and land 
cover in the Dak Nong UNESCO Global 
Geopark area.

2. Material and methods

2.1. Study area
Dak Nong Geopark covers 4,760 

km2 and stretches over 1/6 districts of Dak 
Nong province, namely the districts of 
Krong No, Cu Jut, Dak Mil, Dak Song, Dak 
Glong and Gia Nghia town. On July 7th, 
2020, Dak Nong Geopark was recognized 
by UNESCO as a Global Geopark, with 65 
geological heritage sites, of which seven 
are world - class geological heritage sites. 
Dak Nong Global Geopark converges 
all typical values in terms of geological, 
archaeological, cultural and biodiversity.
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Figure 1: Location map of the study area

2.2.�Data�and�classi򟿿cation�method�using�Random�Trees�algorithm

Figure 2: Flowchart of the methodology
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Figure 2 illustrates the overall 
Àowchart�used�in�this�study.�Technically,�
this framework consists of three key 
components: (i) Preprocessing of 
satellite data; (ii) Land use and land 
cover� (LULC)� Classi¿cation� into�
Residential area (RA), Natural Forest 
(NF), Plantation Forest (PF), Growing 
industrial crops (GIC), Agricultural land 
(AGRL), Water surface (WS) and other 
lands (OL); and (iii) Assessment of 
LULC change detection.

2.2.1. Data sources and pre - 
processing 

The study used Landsat multi - 
temporal remote sensing data collected 
from the US Geological Survey 

website (https://earthexplorer.usgs.
gov/). Selected data with less than 10 
% cloud cover for the period from 2005 
to 2022: Landsat-7 (2005), Landsat-8 
(2015) and Landsat-9 (in 2022) (Table 
1).�Atmospheric/� radiation� e򯿿ects� were�
removed through the COST (Cosine of 
the Solar Zenith Angle) method. These 
images were projected into the WGS-84/
UTM zone 48N projection and ensured 
DEM achieved a geometric correction 
accuracy of approximately ± 0.5 pixels. 
These� data� were� ¿nally� spectrally�
equalized to the same time point to 
eliminate� environmental� di򯿿erences� in�
spectral irradiance values   for variability 
assessment purposes.

Table�1.�Sensor�characteristics�of�multi�-�spectral�temporal�images�ancillary�data

2.2.2.� Object-based� classi򟿿cation�
method using random trees algorithm

(1) Image segmentation: The process 
of segmenting objects is done based on 
customizing parameter values   of shape, 
compactness and scale - the important 
factors�that�directly�a򯿿ect�the�size�of�each�
interpreted object. The data is merged 

into a single data set (including 2005, 
2015 and 2022 images). After many tests, 
the image fragmentation results have 
selected the parameters Scale (20), Shape 
(0.85) and Compactness (0.65) to become 
the optimal parameters for minimizing 
confusion between objects on the image.
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Figure 3: Experimental site selection of parameters during image segmentation

(2) Using Random Trees machine 
learning algorithm: Based on 
segmented data, conduct sampling 
and classification using Random Trees 
machine learning algorithm. Sample 
data were selected by the method of 
random sampling with replacement 

(Bootstrapping) and LULC was divided 
into seven classes (Table 2): Residential 
area (RA), Agricultural land (AGRL), 
Water surface (WS), Natural Forest 
(NF), Growing industrial crops (GIC), 
Plantation Forest (PL) and other lands 
(OLS).

Table�2.�Types�of�LULC�in�Dak�Nong�UNESCO�Global�Geopark

Agricultural land
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The algorithm builds decision trees 
from the training sets (Bootstrap) and 
then divides recursively based on the 
best - selected attribute. The results from 
decision� trees� can� be� di򯿿erent� because�
each decision tree is built of a randomly 
selected subset of the data.

(1)

Where  is the predicted value 
of decision tree i at query point x. M is the 
number of decision trees generated and n 
is the number of training samples. After 
aggregating the results from the decision 
tree (Decision tree), the algorithm will 
rely on majority voting to produce the 
¿nal�classi¿cation�result.

(2)

Figure�4:�Simpli򟿿ed�diagram�of�a�random�tree

(3) Manual editing and evaluate the 
accuracy�of�the�classi򟿿cation�results

The process of evaluating the 
classi¿cation�results�is�carried�out�through�
the statistical process of the number of 
confusion points between the individual 
LULC. It is assumed that the subjects of 
the test samples were evenly distributed 
throughout the study area and tested 
using the overall accuracies (OA) and 

the�Kappa�coe൶cient�(K).�In�addition,�to�
increase�the�accuracy�of�the�classi¿cation�
results, the discrete fragments are further 
screened and compared with the decoding 
key points on the image to correct some 
confusion between the classes.

3. Result and discussion
The� LCLU� classi¿cations� were�

conducted by using the object-based 
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The process of assessing the 
variability of land use objects on the 
image is determined by comparing multi-
temporal land use information. Based 
on using initial time data as a basis, the 
subsequent� classi¿cation� results� are�
used to analyse the change of land use 
objects. In this way, the overall accuracy 

of� the� land�use�classi¿cation� is�achieved�
at a higher level than usual. The object-
based� classi¿cation� approach� focuses�
only on locations where the segmentation 
changes, improving the volatility 
assessment process in accuracy and 
e൶ciency;�Especially�in�urban�land�areas�
(where there is a big change in land use).

Random� Trees� classi¿er� algorithms�
(Fig.5). The proposed approach 
produced overall accuracies (OA) of 
83.97 %, 85.38 % and 86.75% for LULC 
classi¿cations� of� 2005,� 2015� and� 2022�
images respectively while the Kappa 
coe൶cient�was�0.82�(2005),�0.83�(2015)�
and 0.84 (2022). The overall accuracy 

(in percentage) for all the classes is 
shown in Table 3. In general, the overall 
classi¿cation�accuracy�of�most�classes�is�
over 80%, especially WS with the highest 
accuracy, followed by NF, AGRL, GIC, 
NF and RA. The accuracy of OLS is 
lower than other land use classes because 
of�confusion�in�the�classi¿cation�process.�

Figure�5:�Land�use/cover�classi򟿿cation�results�for�the�period�2005�-�2022

Table�3.�Accuracy�of�classi򟿿cation�results�of�each�class�(Unit:�%)
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The�LULC�classi¿cation�results�will�
be the input for the calculation of LULC 
volatility and will be analysed in the 
following three periods: (i) Period (2005 - 
2015); (ii) Period (2015 - 2022); (iii) Phe 
entire period (2005 - 2022).

(i) Period (2005 - 2015): The area of 

growing industrial crops (GIC) increased 
by 108,468.25 ha, converted mainly from 
the area of   natural forest (108,012.77 
ha),� the� area� of� ��di򯿿erent� types� of� land.�
The� remainder� is� insigni¿cant� (ha).� The�
conversion matrix between LULC types 
is shown in Table 4.

Table�4.�Matrix�of�area�conversion�between�types�of�LULC�in�the�period�of�2005�-�2015

(ii) Period (2015 - 2022): The area of   
growing industrial crops (GIC) continued 
to increase by 16,997.68 ha converted 
from the NF (11,801.48 ha), PF (4,159.83 

ha) and 1036.37 ha from the remaining 
land area (GIC, AGRL, RA, WS and 
OLS). The area conversions between 
LULC types are shown in Table 5.

Table�5.�Matrix�of�area�conversion�between�types�of�LULC�in�the�period�2015-2022

(iii) Period (2005 - 2022): In 
summary, the GIC have increased 
rapidly from 122,369.51 ha (2005) to 
246,516.68 ha (in 2022) over this period. 
The table of the area conversion matrix of 
LULC types in the   Dak Nong UNESCO 
Global Geopark (Table 6) shows that the 
increased RA was obtained from the NF 

(2,755.82 ha), GIC (2,291.83 ha), OLS 
(156.3 ha) transferred. Meanwhile, the 
area of   natural forest (NF) has decreased 
sharply. This shows that the local forest 
allocation policy is not appropriate. In 
addition, illegal deforestation has resulted 
in a serious decrease in the natural forest 
area.
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Table�6.�Area�conversion�matrix�between�types�of�LULC�in�the�period�2005�-�2022

4. Conclusion
The purpose of this study has been to 

LULC�classi¿cation�using�object�-�based�
Random� Trees� classi¿er� algorithms� in�
Dak Nong UNESCO Global Geopark by 
Landsat images. The result of OA values 
obtained was over 80 %. Furthermore, 
the� Kappa� coe൶cient� and� index-based�
analysis also show variations in the 
accuracy� of� each� LULC� classi¿er.�
Regarding� classi¿cation� accuracy,� the�
Random Trees algorithm performed 
better for water surface and forest land 
cover. This study can be useful to change 
the detection of LULC through time in 
Dak Nong UNESCO Global Geopark 
and similar regions for monitoring and 
management purposes.
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