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Abstract— The LAPAN-A3 is the third microsatellite generation developed by the Research Center for Satellite Technology. The 

satellite can be used for land classification, agriculture monitoring, drought monitoring, and land use change. This study aims to classify 

land use and land cover in the research area. The main image used is LAPAN-A3; the compared images are Landsat-8 and Sentinel-2. 

Three images were taken on the same day and selected on cloud-free terms. The classification process starts with determining the region 

of interest (ROI) and the class. The classification is divided into six classes: water, forests, rice fields, settlements, open land, and coastal 

areas. The classification technique uses supervised learning with the maximum likelihood method. This study used Landsat 8 and 

Sentinel-2 data to compare the results obtained from LAPAN-A3. The accuracy test results for the LAPAN-A3 and Landsat-8 are 

84.7042% and 0.783, respectively. While the accuracy test of LAPAN-A3 and Sentinel-2 is 72.2313%, the kappa value is 0.6394. The 

classification of two comparisons is quite accurate, with an accuracy of more than 70%. The LA3 classification successfully identifies 

water and coastal areas. The producer and accuracy is substantiated by comparing the results with both Landsat-8 and Sentinel-2 

satellite data, which exhibit an accuracy rate exceeding 85%. Finally, LAPAN-A3 has great potential for classifying land use and land 

cover when compared to Landsat 8 and Sentinel-2 images, but future research should increase the number of datasets and vary the 

research area to improve the results. 
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I. INTRODUCTION

LAPAN-A3 is a microsatellite developed by the Satellite 

Technology Center which has a resolution of 15 m and can be 

used for various purposes [1]. Since orbiting 2016, many 
parties have used it for monitoring rice fields, drought, oil 

spill detection, and hydrological analysis [2]–[4]. Most of the 

utilization is used in agriculture and land use, which is 

associated with the spectral that can be captured by the camera 

[5], [6]. Land use and land cover classification is among the 

most widely applied satellite images [7]–[9]. This data can be 

used for policy-making, administration, and business [10]. 

Classification can be done with supervised or unsupervised 

techniques. The supervised technique requires training data 

[11].  

Meanwhile, the unsupervised technique works with groups 

of image pixels into several classes based on certain statistical 

calculations without specifying the training data used by the 

computer as a reference for classifying [12]. Accuracy 

calculation is an important process in classification [13]. 

Overall accuracy compares each correct pixel from the data 

used with reference data [14]. The reference data is assumed 

to have the same information as the actual data on the surface. 
With this accuracy calculation, the error value in the data can 

be known, and the quality of the classification results can be 

revealed [15]. Landsat-8 and Sentinel-2 are remote sensing 

satellites widely used for earth monitoring [16]–[18]. The 

data, which can be downloaded for free, is widely used by 

various groups of people. Satellites that have medium-

resolution cameras (30 m for Landsat-8 and 10 m for Sentinel-

2) are widely used for land use and land cover classification
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[19], [20]. LAPAN-A3 satellite landcover classification has 

been carried out in research [21]. A tree algorithm was used 

in this research. The availability of sensors that can record 

wavelengths, more specifically, there is an added value in 

determining the number of classification classes. This study 

aims to classify land use and cover in the study area, namely 

Probolinggo, East Java. The main data used is the LAPAN-

A3 image. The classification results will be compared with 

the results of the Landsat 8 and Sentinel-2 classifications. The 

results are a classification map with the accuracy test results 
in the form of accuracy values and kappa values. 

II. MATERIAL AND METHOD 

A. Study Area 

The data for the study are LAPAN-A3 multi-spectral 

camera, Landsat 8, and Sentinel-2 satellites. Three images 

were taken on the same day, September 28, 2018. The study 

area is in the Probolinggo district, East Java, with the 

coordinates of latitude 7033’ S- 7051’S and longitude 
113016’E - 113030’E. Area of this study is shown in Fig. 1. 

 

 
Fig. 1  Map of the study area, Probolinggo (East Java) 

 

Data is selected on cloud-free terms and retrieved on the 
same day. The LA3 data was obtained by an independent 

acquisition by the LAPAN Center using the LAPAN-A3 

satellite. After creating an account, OLI and Sentinel-2 

images can be downloaded for free on the United States 

Geological Survey (USGS) website. Data information can be 

seen in Table 1. 

TABLE I 

RESEARCH DATA 

Satellite 
Date 

(yyyy/mm/dd) 
Resolution 

Cloud 

cover 

(%) 

LAPAN-A3 
(LA3) 

2018/09/28 15 m 0 

LANDSAT-8 
(OLI) 

2018/09/28 30 m 0 

SENTINEL-2 2018/09/28 10 m 0 

B. Preprocessing 

The preprocessing stage at LA3 (Level L0) is done by 

correcting the vignetting so that an image with uniform 

brightness is obtained radiometric [22]. Followed by a co-

registration process that produces a blur-free image [23][24]. 

Then, proceed with the georeferencing process [25]. The 

image is projected onto the WGS 84 datum, the Universal 

Transverse Mercator. The georeferencing process was carried 

out between LA3 and OLI, with OLI as a reference. The LA3 

data that is ready to be processed is the L1B level data.  

 

(a). L0 Level (b). L1 Level 

Fig. 2  LAPAN-A3 (LA3) image 

The image processed in the next step is formed into the Nir-

Red-Green band formation. The preprocessing stage for the 

OLI composite band was made on band 543. Meanwhile, for 

Sentinel-2, a composite is made on band 843. Furthermore, 

the OLI image is used for reference during the georeferencing 

process on LA3 and Sentinel-2. The differences between L0 

level and L1B level can be seen in Fig. 2. 

C. Workflow Study 

The first step in this research is to choose the Region of 

Interest (ROI) for the Probolinggo area. Classes are 

determined by using high-resolution image data from Google 

Earth as a reference. Six categories of water, forest, rice fields, 

settlements, open land, and coastal areas are used to 

categorize the land that is utilized. The next step is to create 

training data, which is necessary when using supervised 

classification techniques. Thirty-eight training data sets have 
been created with polygons that are spread throughout the 

image data. The placement and number of polygons are 

assumed to represent the entire research area. Data training 

and data validation are only carried out with visual 

interpretation on Google Earth without surveying the field 

because the data used is archive data. The methodology of 

research is shown in Fig. 3. 

 

 

Fig. 3  Research Methodology 
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D. Classification Using Maximum Likelihood 

Maximum likelihood is a method of estimating the 

probability distribution parameters by maximizing the 

probability function so that, based on the statistical model, the 
assumptions of the observed data are most likely. Maximum 

likelihood classification is based on the probability that a 

pixel belongs to a certain class [26]–[28]. Based on the 

Bayesian Equation, an Algorithm to calculate the weighted 

distance or likelihood A of the unknown X vector 

measurement based on the known class ��. 

� = �����	 − |0.5 ���|����|	|

− �0.5�� − ��	�������
− 1	�� −��	 

(1) 

� is the weighted distance, c is a specific class, �is the 

measurement vector of the candidate pixels, �� is the average 

vector of the sample class c, ��  is the possible percentage of 

several candidate pixels that are members of class c , ���� is 
the covariance matrix of the pixels in the class c sample, 
|����| is the determinant of ����, ����-1 is the inverse of 

����, �� is the natural logarithm of the function, and T is the 

transpose function. 

E. Accuracy Testing 

The accuracy test is a crucial stage. This stage can tell the 

user how accurate the classification results are. In general, 

accuracy is displayed in the form of an error matrix. An error 

matrix is a square array of rows and columns containing pixel 

information, a collection of pixels or polygons [29]–[31]. The 

column shows the reference data, while the row shows the 
classification results from the remote sensing data. Overall 

accuracy is obtained from the correct number of pixels 

divided by the total pixels [32]–[34]. Producer accuracy is the 

number of correct pixels in a category divided by the number 

of pixels in the reference data (column total) category. This 

accuracy producer calculates the probability that the reference 

pixel is correctly classified and is a measure of the omission 

error. User accuracy is obtained from the number of correct 

pixels in a category divided by the number of pixels classified 

in the category (total rows) [35]–[37].  

In the accuracy test, the Kappa value is usually displayed 
as the result of a statistical KHAT analysis, although there are 

other ways to show the accuracy results. Kappa values range 

from 0 to 1, indicating total disagreement, and 1 indicating 

total agreement [38]–[40]. The analysis results will be 

meaningless if the matrix is not generated correctly. Factors 

that need to be considered in the accuracy test are surface data, 

classification scheme, spatial autocorrelation, sample size, 

and sampling scheme [41]–[43].  

III. RESULTS AND DISCUSSION 

A. Land Use and Land Cover Classification 

The images used in this study are LA3, OLI, and Sentinel-

2, taken on the same day, September 28, 2018. This study uses 

data on the same day to minimize differences in atmospheric 

effects that can affect data quality [44]. The LA3 data has 

gone through the radiometric and geometric correction stages. 

The LA3, OLI, and Sentinel-2 data used the Nir-Red-Green 

band for classification. Fig. 4. shows the research area. 

 
Fig. 4  Images used for land use and cover classification. 

 

Fig. 5. shows a map of land use and cover classification 

results on LA3, OLI, and Sentinel-2 images. Classification 

using the maximum likelihood method. Visually, the 

classification results are not so far between LA3 and OLI. 

Waters, coasts, and rice fields have a similar pattern. 

Meanwhile, forests, settlements, and open land have similar 

patterns, although there are differences in some areas. The 

classification results on sentinel-2 waters, coastal and open 
land have a pattern like other images. The paddy fields that 

dominate the LA3 and OLI images do not occur in the results 

of the sentinel-2 classification because the results of the 

classification of residential and forest areas are wider. 

 

 
Fig. 5  Land cover and Land use Classification Map 

 

The results of the LA3 classification show that most of the 

research area is rice fields, with an area of 222.5057 km2. 

Water is the second dominating land cover, with an area of 

160.3319 km2. The rest of the land cover is forest, settlements, 

open land, and coastal areas with an area of 46.5162 km2, 
21.3582 km2, 36.9741 km2, and 22.0980 km2, respectively. 

The total research area itself is 509.7841 km2. More details 

can be seen in Table II. 
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TABLE II 

LAND COVER AREA AS A RESULT OF LA-3, OLI AND SENTINEL-2 BY CLASS 

Land use 
LA3 Area 

(Km2) 

OLI Area 

(Km2) 

Sentinel-2 

Area (Km2) 

Absolute 

Difference 

A3-Oli 

(Km2) 

Absolute 

Difference 

A3-

Sentinel2 

(Km2) 

 

Water 160.3319 161.6383 161.2624 1.3064 0.9305 

Forest 16.5162 54.2612 94.8379 7.7450 48.3217 

Ricefield 222.5057 206.0667 116.1646 16.4390 106.3410 

Settlement 21.3582 34.6251 72.1113 13.2669 50.7531 

Open Land 36.9741 31.6892 43.4275 5.2849 6.4534 

Coastal 22.0980 21.5036 21.9804 0.5944 0.1176 

Total 509.7841 509.7841 509.7841   

 

The results of the OLI classification have the same area as 

the LA3 and Sentinel-2 area, i.e., 5,097,841 km2. Rice fields 

dominate the land, covering an area of 2,060,667 km2. The 

waters have a wide coverage of 1,616,383 km2. Followed by 
forests, settlements, open land, and coastal areas with an area 

of 542,612 km2, 346,251 km2, 316,892 km2, and 215,036 km2.  

The difference in area between LA3 and OLI obtained the 

lowest value, namely the coastal area of 0.5,944 km2. This 

illustrates that the results of the classification of coastal areas 

on LA3 also mostly produce coastal classifications in OLI. 

The highest area difference is rice fields with 164,390 km2, 

which illustrates an area of 164,390 km2, resulting in the 

classification of rice fields in LA3, but in OLI, the 

classification is not rice fields. 

The results of the Sentinel-2 classification show that the 

total water area is 1,612,624 km2, as is the land cover that 
dominates the research area. Followed by rice fields with an 

area of 1,161,646 km2. Forests, settlements, and open land 

have an area of 948,379 km2, 721,113 km2, and 434,275 km2, 

respectively. The coast has the narrowest area, with a value of 

219,804 km2.  

The difference in area between LA3 and Sentinel-2 has a 

large enough difference for forest land cover, rice fields, and 

settlements with an area of 483,217 km2, 1,063,410 km2, and 

507,531 km2, respectively. This shows an area of 483,217 

km2, which is classified as forest in Sentinel-2, but in LA3 it 

results in a non-forest classification. An area of 106.3410 km2 
is classified as rice fields in LA3, but Sentinel-2 results in a 

non-rice field classification. An area of 507,531 km2 is a 

settlement classification in Sentinel-2, but on LA3, it results 

in a non-settlement classification. 

B. Accuracy Statement 

Tables III and IV present the results of the accuracy 

calculation in the research area. The calculation of accuracy 

uses a confusion matrix approach by comparing the LA3 

image with the reference image (OLI and Sentinel 2). The last 
column shows the reference data. The row shows the 

classification results from the remote sensing data. The 

diagonals show the correct classification results. Pixels that 

are not classified in the correct class are not on the diagonal 

and assign values to different classes between the reference 

and remote sensing data classes. 

Table III shows the accuracy of LA3 against OLI. This 

study's accuracy value is above 85% in the water, rice fields, 

and coastal classes. In that class, only a few errors were read 

into another class. Forest and open land have 65.81% and 

63.97% accuracy, respectively. Most of the errors in this class 

are read as rice fields. 

This indicates confusion in classifying forest and open land 

so that they are read in OLI as rice fields. The smallest 

accuracy in settlements was with a value of 39.28%. The error 

in this class is read as 40.47% rice fields and 19.91% open 

land. There are errors in settlements because the residential 

pixels are too small, so they are read into another class 

adjacent to the residential pixels. 

A blur effect on LA3 causes the ability to separate spectra 
in the classification process to be less than optimal. The 

calculation results show an overall accuracy of 84.70425% 

with a kappa coefficient of 0.783. The number of classes in 

the classification was made due to the limitations of the 

existing bands in LISA. 

TABLE III 

CALCULATION OF ACCURACY LA3 AGAINST OLI FORM LAND USE AND LAND 

COVER CLASSIFICATION IN PROBOLINGGO – EAST JAVA 

Class Water Forest Rice 

filed 

Settlem

ent 

Open 

Land 

Coastal Total 

Water 98.68 0.00 0.00 0.00 0.00 3.86 31.45 

Forest 0.00 65.81 4.42 0.23 5.11 0.00 9.12 

Rice field 0.14 31.77 88.83 40.57 21.97 4.52 43.65 

Settlement 0.03 1.29 2.01 39.28 8.96 0.12 4.19 

Open 

Land 

0.00 1.12 4.46 19.91 63.97 0.03 7.25 

Coastal 1.15 0.00 0.28 0.02 0.00 91.47 4.23 

Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 

Table IV shows the accuracy of LA3 against Sentinel-2. 

This study found more than 85% accuracy in the water, rice 

fields, and coastal classes. In that class, only a few errors were 

read into another class. Forest and open land have an accuracy 

of 44.30% and 55.33%, respectively. The error in this class is 

read as rice fields. This is due to confusion in classifying 

forest and open land so that it is read in Sentinel-2 as rice 

fields. Settlements have an accuracy of only 19.73%. The 
majority of them read as rice fields, with a value of 67.71%, 

and open land, with a value of 11.22%.in settlements, because 

residential pixels are too small, they are read into another class 

adjacent to residential pixels. The overall accuracy of LA3 

against Sentinel-2 shows a value of 72.2313% with a kappa 

value of 0.6394. 

A previous study showed a moderate value in the spectral 

correlation between LA3 and Sentinel-2. Radiometric 

correction to eliminate atmospheric effects has not been 

applied to the image, resulting in uneven illumination in LA3. 

This results in reducing the accuracy of the classification 

results. 

TABLE IV 

CALCULATION OF ACCURACY LA3 AGAINST SENTINEL-2 FORM LAND USE 

AND LAND COVER CLASSIFICATION IN PROBOLINGGO – EAST JAVA 

Class Water Forest 
Rice 

filed 
Settlement

Open 

Land 
Coastal Total 

Water 98.97 0.00 0.00 0.00 0.00 3.29 31.45

Forest 0.00 44.30 2.39 0.51 3.12 0.00 9.12

Rice field 0.00 51.49 93.40 67.71 33.48 6.24 43.65

Settlement 0.00 1.64 1.76 19.73 8.07 0.14 4.19

Open 

Land 
0.00 2.12 2.44 11.22 55.33 0.05 7.25

Coastal 1.03 0.00 0.00 0.83 0.00 90.28 4.23

Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 
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Table V shows the producer accuracy and user accuracy 

values. The producer accuracy value is inversely proportional 

to the omission error. The producer accuracy value indicates 

the probability that the actual land cover has been correctly 

assigned to the land cover category. The user accuracy value 

is inversely proportional to the commission error. The user 

accuracy value indicates the perspective of the user’s map, 

referring to the truth in the field. 

It can be seen that the LA3-OLI producer accuracy for 

water, paddy, and coastal classes is quite high, with a value 
above 85%. Accuracy between 85% and 50% is in forest and 

open land classes. While the accuracy is below 50%, that is 

the settlement class. Producer accuracy for residential classes 

is low due to the error pixels being read into the paddy field 

and open land classes in the reference image. Regarding user 

accuracy, LA3-OLI above 85% is water and coastal class. 

Accuracy ranges between 85% and 50% in the forest, paddy 

fields, settlement, and open land classes. 

TABLE V 

CALCULATION OF PRODUCER ACCURACY AND USER ACCURACY  

Class Producer 

Accuracy 

La3-Oli (%) 

User 

Accuracy 

La3-Oli (%) 

Producer 

Accuracy La3-

Sentinel (%) 

User Accuracy 

La3-Sentinel (%)

 

Water 98.68 99.48 98.97 99.55 

Forest 65.81 76.77 44.30 90.33 

Ricefield 88.83 82.27 93.40 48.76 

Settlement 39.28 63.68 19.73 66.61 

Open Land 63.97 54.82 55.33 64.98 

Coastal 91.47 89.01 90.28 89.80 

 

For LA3-Sentinel accuracy, producer accuracy above 85% 

is found in water, rice fields, and coastal classes. Open land 

grade accuracy ranges between 85% and 50%. While the 

accuracy in the forest and settlement classes is less than 50%, 

in terms of user accuracy, LA3-Sentinel is above 85% in 

water, forest, and coastal. Accuracy between 85% and 50% is 

based on settlements and open land. The accuracy below 50% 

is in the rice field class. The accuracy value obtained is caused 

by the specifications and quality of each image and the user’s 
factor in creating the training area. The formation of an over-

segmented area causes a decrease in the accuracy value. 

The process of creating training data is required for 

supervised classification techniques. Training data sets have 

been generated using polygons distributed across image data, 

assuming that these polygons represent the entire research 

area. The training and validation process involves visual 

interpretation on Google Earth. However, it is suggested to 

incorporate survey data from the field to validate the actual 

conditions on the ground.  

IV. CONCLUSION 

Classification of land use and land cover in the study area, 

namely Probolinggo, East Java, has been carried out using 

LAPAN-A3 image data as the main data. The results of the 

classification match the results of the Landsat 8 and Sentinel-

2 classifications. The LA3 classification successfully 

identifies water bodies and coastal areas. The producer and 

user accuracy are substantiated by comparing the results with 

both OLI and Sentinel-2 satellite data, exhibiting an accuracy 
rate exceeding 85%. The results of the LAPAN-A3 and 

Landsat 8 overall accuracy tests are 84.7042%, and the kappa 

value is 0.783. While the overall accuracy test of LAPAN-A3 

and sentinel-2 is feasible at 72.23%, the kappa value is 

0.6,394. The limited number of bands in LA3 causes the 

classification list to be limited.  

The lack of accuracy in LA3 is caused by several factors: 

the absence of a corrective atmosphere, a blur effect, and the 

training area. The classification of two comparisons is quite 

accurate, with an accuracy of more than 70%. Finally, 

LAPAN-A3 has great potential for classifying land use and 

land cover compared to Landsat 8 and Sentinel-2 images, but 

future research should increase the number of datasets and 
vary the research area to improve the results. 
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