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ABSTRACT 

 
Land use analysis can provide a foundation for successful and efficient regional planning and environmental 

monitoring. The application of machine-learning on a cloud computing platform (Google Earth Engine, GEE) in land 
use analysis enables efficient and rapid processing of spatial data on a wide scale. It overcomes the constraints 
inherent in conventional approaches. The purpose of this study was to identify land use and estimate its level of 
accuracy using GEE and a Random Forest machine-learning method. The data utilized were the administrative 
boundaries of Bangkalan Regency (1:25,000) and Landsat 8 SR L2 C2 T1 satellite images from 2022. Satellite image 
analysis using the Random Forest algorithm on the GEE platform with the JavaScript API, including masking, cloud 
masking, class and sampling, training, and testing sample data. Land use study using the Random Forest algorithm 
yielded the following results in order of area: vegetation 65,040.39 ha (49.98%), agricultural land 31,817.16 ha 
(24.45%), settlements 20,578.05 ha (15.81%), open land 6,683.94 ha (5.14%), and water bodies 6,021.09 ha (4.63%). The 
accuracy test in GEE revealed an overall accuracy (OA) of 91.39% and a kappa score of 88.39%, or 0.88. At the same 
time, validation in the field gave an OA of 88.68% and a Kappa of 85.53%. The findings of this study can be applied to 
land use evaluation and fundamental decision-making.  
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INTRODUCTION 
 

Land is a resource that can change function due to 
a variety of reasons, including population expansion, 
terrain changes, land value, and community 
socioeconomic conditions (Susanti et al. 2020). Thus, 
land use analysis can be useful in regional planning 
and environmental monitoring (Zulfajri et al. 2021). 
Proper land use analysis is critical for understanding 
patterns and changes to promote more effective, 
efficient, and sustainable planning. Land use is defined 
as human activities that are directly tied to land and 
may be easily understood through mapping land use 
classification (Lestari and Arsyad 2018). Land use 
classification can be done using either conventional 
methods or remote sensing. Remote sensing utilizing 
satellite imagery is more effective and efficient than 
previous methods (Firmawan and Nirmala 2021). 

Remote sensing is commonly utilized in land use 
analysis, but it has not been widely integrated with 
cloud computing platform-based machine-learning 
algorithms like Google Earth Engine (GEE). The 
platform provides efficient and rapid processing of 
spatial data at scale, overcoming the limits of traditional 
methods that necessitate high-performance 
equipment, substantial data storage, and sophisticated 

analytic processes. Arifin (2017) conducted research 
on land use changes following the construction of the 
Suramadu bridge in Bangkalan District, and Rahman 
and Adiputra (2022) studied the conversion of 
agricultural land into settlements in Bangkalan 
Regency, both using conventional methods that require 
high-specification devices, satellite imagery, and 
manual interpretation for a long time. The GEE platform 
is more convenient than traditional methods of 
processing data from various satellites in terms of 
speed, flexibility, and cost, and it includes machine-
learning algorithms such as Random Forest (RF) to 
speed up the classification process (Febriani et al. 
2022; Suryono et al. 2022).  

The purpose of this study was to categorize land 
use and determine the accuracy of classification results 
using GEE and a Random Forest machine-learning 
algorithm. The findings of this study can serve as a 
reference for future land use planning that is faster, 
low-cost, more effective, and efficient.  
 
 

METHODS 
 

Research Site 
The study focused on land use analysis using GEE, 

and the findings were validated by fieldwork in 
Bangkalan Regency, one of the districts on Madura 
Island's western tip. The district's coordinates are 1120 
40'−1130 08' E and 60 51'−7 0 11' LS, with an area of 
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1,260.15 km² and elevation of 2−100 m above sea level 
(Central Statistics Agency 2023). 
 
Tools and Materials 

This investigation was conducted using Lenovo 
laptops (8 GB of RAM), digital cameras, Avenza Maps, 
stationery, and Google Maps. Data was processed and 
analyzed using the GEE platform, followed by QGIS 
and Microsoft Office. The administrative map of 
Bangkalan Regency, which comes from the Indonesian 
Terrain Map (RBI) on a scale of 1:25,000 from 
https://tanahair.indonesia.go.id; and Landsat 8 Surface 
Reflectance Level 2 Collection 2 Tier 1 satellite imagery 
from January 1 to December 31, 2022, with a spatial 
resolution of 30 m and a temporal resolution of 16 d 
from the GEE platform.  
 
Data Engineering and Analysis 

 Google Earth Engine 
GEE is a cloud computing platform that processes 

data. The data processing procedure began with the 
upload of Bangkalan Regency's administrative map to 
GEE assets. The map was presented on the map panel 
by making a Landsat 8 Surface Reflectance Level 2 
Collection 2 Tier 1 satellite request with JavaScript API 
programming. 
 

 Masking and cloud masking 
Masking is a filter that mixes satellite photos from 

various time periods (Novianti 2021). At this point, it 
mixes Landsat 8 satellite imagery with January 1–
December 31, 2023. Cloud masking is a technique for 
reducing cloud cover and obtaining cloud-free satellite 
images (Rizaldi et al. 2023). Through cloud masking, 
the study region of Bangkalan Regency was achieved 
with minimal or no cloud cover. 
 
Class creation, sampling, and classification 
process 

Class creation determines land use classes by 
modifying existing formulae. This study looked at five 
types of land: water bodies, agricultural land, 
settlements, vegetation, and open ground. Each land 
class was sampled by marking it with points and 
polygons. The collected samples passed through the 
process training area before being divided into 70% 
training samples and 30% testing samples. The next 
step was to classify land use using supervised machine 
learning and the random forest technique. This 

technique worked by generating several decision trees 
that forecast the sample class based on the most 
mergers of each tree (Rizaldi et al. 2023). 
 
Test accuracy  

Correctness tests were used to assess the 
correctness of land use classification results (Marlina 
2022). The GEE platform included a script for doing 
overall accuracy and Kappa analysis; thus, the results 
were available instantly after running the script. 
Mathematically, the OA and kappa values can be 
derived using the confusion matrix generated by GEE's 
land use analysis results. The kappa analysis can be 
calculated using the equations below: 

Kappa (K) = 
𝑁 ∑ Xii− ∑ (Xi+x+1)𝑟

i=1
𝑟
i=1

𝑁2 − ∑ (Xi+x+1)𝑟
i=1

 

 
where: 
N  = number of validated land closure points  
Xi+  = number of points of validation results in the 

 type of land closure i 
X+i  = number of points of interpretation results in 

 the type of land closure i 
Xii  = number of types of land cover i–i 

 interpretation result (diagonal row) 
r  = number of land use types 
 

The values in the Kappa analysis range from 0 to 1, 
with the interpretation of the Kappa values presented in 
Table 1. 
 
Field Check Validation Test 

The validation test was carried out by comparing the 
categorization findings and directly seeing the field 
conditions. The validation process was carried out at 
53 places throughout the Bangkalan Regency. The 
validation criteria included classified places such as 
water bodies, agricultural land, settlements, vegetation, 
and open land. The validation test results were also 
used to compare the GEE classification results to the 
validation results in terms of OA and Kappa values. In 
addition to validation, the researcher visualized the 
processed data by comparing satellite sightings, 
categorization results using Random Forests, and field 
sightings.  
 
Map Overlay  

The map overlay concluded this set of 
investigations. At this point, spatial data analysis was 

Table 1 Kappa values (Landis and Koch 1997) 

K value Interpretation  

< 0.00 Very Poor 
0.00–0.20 Poor 
0.21–0.40 Fair 
0.41–0.60 Moderate 
0.61–0.80 Good 
0.81 1.00 Very Good 
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performed, including land use analysis using the 
Bangkalan map visuals and colors of categorization 
results in QGIS 3.32 2023 software. The application did 
data modeling and map layout based on the findings of 
land categorization, resulting in a map of land cover 
and its attributes. In addition, the area of each land use 
class could be calculated using QGIS. 
 
Research Flow Chart 

This study followed a systematic procedure (Figure 
1) for creating a land cover map of Bangkalan Regency 
with Landsat 8 satellite imagery and the GEE platform. 
The technique included cloud masking, class 
formation, and sample collecting, followed by Random 
Forest classification. A field check validated accuracy, 
which was then verified using the Kappa coefficient. If 
the classification accuracy exceeds 80% (Kappa > 0.8), 
the result advances to the overlay step and culminates 
in the creation of a land coverage map. This method 
provides accurate, data-driven land cover classification 
with geographical validation.  

 
 

RESULTS AND DISCUSSION 
 

Land Use Conditions in 2022 
Land use analysis from Landsat 8 satellite data in 

2022 using a Random Forest method yielded the 
following percentage area results: vegetation 
(49.98%), agricultural land (24.45%), settlements 
(15.81%), open land (5.14%), and water bodies 
(4.63%). Vegetation can occur in main forests, 
secondary forests, plantations, and land uses other 
than those included in this study. The district's 
vegetation was evenly dispersed. Except for the 
western, northern, and a portion of the south and 
southeast, Bangkalan's land usage consisted of water 
bodies. The Bangkalan area was evenly distributed in 
terms of agricultural land, settlements, and open 
ground, except for the outer (water body) and the 
middle, which was also a mountainous area (Figure 2). 

According to Table 2, the land use in Bangkalan 
Regency in 2022 was dominated by vegetation and 
agricultural land. According to Nuraida et al. (2022), 
vegetation is a collection of many tree varieties that 
coexist and interact in a given location. The vegetation 

 
Figure 1 Research flow chart. 
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section, which results from land use classification, is 
divided into forests and plantations. The vegetated 
area was 65,040.39 ha, or 49.98% of the total area of 
the Regency. Agriculture was the second major land 
use, accounting for 31,817.16 ha (24.45%). Climate, 
soil, water, and vegetation all play a role in determining 
agricultural land use. There were two types of 
agricultural land: wetland farming land and dry land. 
The classification of agricultural area in Bangkalan 
Regency in 2022 included wetland agriculture, such as 
rice fields, marshes, and mangrove forests. Dryland 
agriculture included fields, gardens, and rain-fed rice 
fields. 

Residential areas classified using the Random 
Forest algorithm land use have a total area of 
20,578.05 ha (15.81%), which included homes in towns 
and villages, industrial estates, built land, and public 
facilities. In general, settlements are regions where 
humans live. These locations can be found in towns, 
villages, or industrial zones (Tosiani et al. 2020). 
Meanwhile, open land and water bodies covered 
6,683.94 ha (5.14%) and 6,021.09 ha (4.63%), 
respectively. The classification included open ground 
at Jaddih Hills, a former mining site, as well as open 
regions throughout Bangkalan Regency. Open land 
appeared without vegetation, whether naturally or 

because of human activities (Tosiani et al. 2020). 
Meanwhile, the map's water bodies represent wetlands 
such as rivers, marshes, and ponds. A body of water is 
the appearance of water or waters in a certain location, 
such as rivers, oceans, ponds, reservoirs, and lakes 
(Tosiani et al. 2020).  

 
Accuracy and Validation  

The accuracy of land use analysis results in 
Bangkalan Regency was tested using a Random 
Forest algorithm and a confusion matrix in the form of 
Overall Accuracy (OA) and Kappa. Both were used to 
assess the effectiveness of the random forest method 
classification model against a basic metric table. OA 
was calculated by adding the percentage of correct 
classifications. Kappa (K) was a measure of agreement 
between actual observations and forecasts of future 
land use classification. These statistics are useful for 
evaluating model performance, measuring 
classification agreement, and comparing alternative 
land-use models. 

Based on the accuracy test results from GEE, the 
score has an overall accuracy of 91.39% and a Kappa 
value of 88.39%, or 0.88 (Table 3). The Kappa score 
suggests that Bangkalan Regency's land use 
classification results are 88.39% accurate. The kappa 

 

Figure 1 Land use map of Bangkalan Regency in 2022. 
 
Table 2 Land use in Bangkalan Regency in 2022 

Types of land use Area (ha) Percentage (%) 

Water bodies 6,021.09 4.63 
Farmland 31,817.16 24.45 
Settlement  20,578.05 15.81 
Vegetation 65,040.39 49.98 
Open land 6,683.94 5.14 

Total 130,141 100 
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index ranges between 0.81 to 1.00, indicating an 
excellent predicate (Susanti et al. 2020). This denotes 
a classification model using a Random Forest algorithm 
capable of avoiding 88% of random classification 
errors, implying that the results of its interpretation are 
adequate for analysis (Zulfajri et al. 2021). The findings 
of land use classification using the Random Forest 
classification algorithm were evaluated to determine 
visual truth in the field. This is accomplished through a 
field survey or by visiting the observation site 

personally. Fifty-three observation sites (Figure 3) were 
utilized to compare the visual appearance to the 
classification findings in the GEE.  

The field validation yielded an overall accuracy 
score of 88.68% and a Kappa of 0.85, representing 
85.53%. The Kappa number falls between 0.81 to 1.00, 
indicating that the Kappa analysis produced excellent 
results. These data also show that the classification 
and interpretation results are appropriate because they 
passed the recommended level of accuracy, which is 

Table 3 Process results of confusion matrix using Google Earth Engine 

Land class Water bodies Farmland Settlement Vegetation Open land Total 
 

Water bodies 128 2 0 3 0 133  
Farmland 4 15 3 4 2 28  
Settlement 0 3 136 3 5 147  
Vegetation 1 4 1 232 1 239  
Open land 0 6 3 2 18 29  

Total 133 30 143 244 26 576  

OA 91.84  

Kappa 88.39  

 

 

Figure 2 Validation point distribution. 

 
Table 4 Process results of confusion matrix through field validation tests 

Land class Water bodies Farmland Settlement Vegetation Open land Total 

Water bodies 5 0 0 0 0 5 
Farmland 1 15 0 0 0 16 
Settlement 0 1 9 0 1 11 
Vegetation 1 0 1 10 1 13 
Open land 0 0 0 0 8 8 

Total 7 16 10 10 10 53 

OA 88.68 

Kappa 85.53 
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85%. (Asra et al. 2020) The overall accuracy and 
Kappa values derived from processing using GEE and 
field check validation have the same predicate, which 
is very good. Both were separated by differences in 
scores of 3.16 for overall accuracy and 2.86 for Kappa 
analysis (Table 4).  

Validation of land use classes was also 
accomplished by comparing satellite sightings and 
classification findings to GEE and field observations. 
The satellite sighting was represented by a depiction of 
bands 4, 3, and 2 in natural hues. This band 
combination was used to get classification results using 
a Random Forest technique, which identifies pixels of 

the same color. The classification findings were 
displayed in the form of colors representing the land 
use classes in Bangkalan Regency. Meanwhile, the 
appearance in the field takes the form of images 
obtained while validating and monitoring directly. Table 
5 shows a comparison between satellite sightings, 
categorization results, and field sightings.  

The results of land use analysis employing remote 
sensing methods combined with machine learning and 
cloud computing platforms can aid with environmental 
monitoring, natural resource management, and 
regional planning in a timely, cost-effective, and 
efficient manner. The findings of this study could also 

Table 5 Land use class visualization 

Land Class 
Visualization 

Landsat 8 Classification Results Field 

Water 
bodies 

   

Has a dark green color Represented by dark blue 
Representing rivers, ponds, and 

reservoirs 

Farmland 

   

Has a pastel green color Represented by light green 
Guardian agricultural areas such as rice 

fields 

Settlement 

   
Has a light brown to dark 

brown color 
Represented by red 

Representing urban, residential, and 
industrial areas 

Vegetation 

   
Has a dark green color similar 
to a body of water but more 

concentrated 
Represented by dark green 

Representing vegetation areas such as 
forests and moorlands 

 
Open land 

   

Has a white to cream color 
Represented by the color 

brown 
Represents an area of open land without 

vegetation or settlements on it 
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help sustainable development that preserves natural 
functions while increasing economic value. This 
platform could also provide accurate and current 
information for a variety of applications, including  

precision agriculture, protected area monitoring, 
and degraded land rehabilitation. Overall, land use 
identification using remote sensing is critical to 
promoting sustainable natural resource management 
and development. The information gained can also be 
used to make current and future land-use decisions.  

 
 

CONCLUSION 

 
It is possible to utilize machine-learning random 

forest methods for land use analysis in Bangkalan 
Regency in 2022 using the Google Earth Engine 
platform, and the interpretation is suitable for analysis. 
The Kappa accuracy test for random forest yields 0.88 
and 0.85 from validation 0.85, indicating a flawless 
prediction (nearly perfect). In 2022, vegetation and 
agricultural land account for 65,040.39 ha (49.98%) 
and 31,817.16 ha (24.45%), respectively, followed by 
settlements of 20,578.05 ha (15.81%), open land of 
6,683.94 ha (5.14%), and water bodies of 6,021.09 ha 
(4.63%). The findings of this study could be used to 
evaluate land use and to guide current and future land 
use decision-making. 
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