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Abstract. The impact of climate and human interaction has resulted in environmental degradation. 

Consistent observations of lakes in Indonesia are quite limited, especially for flood-exposure lake types. 

Satellite imagery data improves the ability to monitor water bodies of different scales and the efficiency of 
generating lake boundary information. This research aims to detect the boundaries of flood-exposure type 

lake water bodies from the detection model and calculate its accuracy in Semayang Melintang Lake using 

Sentinel-2 imagery data. The characteristics of water, soil, and vegetation objects were investigated based 

on the spectral values of the composite image bands from the Optimum Index Factor (OIF) calculation, to 

support the lake water body boundary detection model. The Object-Based Image Analysis (OBIA) method is 

used for water and non-water classification, by applying the machine learning algorithms random forest 
(RF), support vector machine (SVM), and decision tree (DT). Model validation was conducted by comparing 

spectral profiles and lake water body boundary model results. The accuracy test used the confusion matrix 

method and resulted in the highest accuracy value in the SVM algorithm with an Overall Accuracy of 95% 

and a kappa coefficient of 0.9. Based on the detection model, the area of Lake Semayang Melintang in 2021 

is 23392.30 ha. This model can be used to estimate changes in the area of the flood-exposure lake 

consistently. Information on the boundaries of lake water bodies is needed to control the decline in the 
capacity and inundation area of flood-exposure lakes for management and monitoring plans.   
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1 INTRODUCTION 

 Terrestrial water bodies make up only 
about 2.5-2.75% of the total amount of 
water on Earth. The water cycle plays an 
important role in the balance of processes 
on Earth (Berghuijs et al., 2021). Human 
activities increase the pressure on water 
and land (Faksomboon, 2022). 
 Water resources are becoming 
increasingly important for human 
consumption due to population growth 
and economic activities. However, 
environmental degradation has resulted in 
a decline in quantity and quality (Regasa 
et al., 2021) and extreme climatic 
conditions threaten the ecological 
functions of water bodies (Adrian et al., 
2009).  

 The size, shape, and freshwater 
distribution of lakes provide challenges in 
manual watershed assessment, namely in 
terms of labor, time, cost (Buma et al., 
2018), accuracy, and efficiency in 
extracting water bodies (Kang et al., 2021). 
Remote sensing technology can be an 
effective solution to assessing the quantity 
and quality indicators of lake water bodies 
(J. Li et al., 2022); (Julzarika et al., 2019). 
 The utilization of remote sensing 
satellite images for water body detection is 
highly recommended for large areas, 
difficult to reach, and short time (Kang et 
al., 2021); (Pekel et al., 2016). Mapping the 
spatial distribution of water bodies has 
proven to be cost-effective as well as an 
evolving and sustainable processing 
method (Craglia et al., 2012); (Trisakti et 
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al., 2014). Survey and mapping of water 
bodies are essential for water resource 
utilization, flood monitoring, and 
environmental protection (Kang et al., 
2021).  
 Data sources to generate water body 
information can be extracted from optical 
remote sensing and microwave radar 
remote sensing (Armi & Antom, 2021); 
(Liao & Wen, 2020); (Chulafak et al., 
2021). Conventional water body extraction 
methods can be categorized into threshold 
methods and machine learning methods. 
Threshold methods include single-band 
and multi-band methods. Among these 
methods, there are water body index and 
segmentation methods, including various 
water body indices NDWI, NDWI3, 
MNDWI, and even NDVI  (McFeeters, 
1996). 
 The current development is the use of 
machine learning methods to detect water 
bodies from remote sensing data by 
analyzing training samples which are 
divided into supervised and unsupervised 
methods, such as Support Vector Machine 
(SVM) (Liu et al., 2020); (Otukei & 
Blaschke, 2010), Decision Tree (DT) (Chen 
et al., 2022); (Setiawan et al., 2022), 
Random Forest (RF) (Purwanto et al., 
2022), and even deep learning (K. Li et al., 
2022) have been applied to detect lake 
water body boundaries.  
 While water bodies are distinguished 
based on the spectral characteristics of 
vegetation and soil objects, other methods 
can combine multiple characteristics to 
classify and identify these objects. The 
accuracy of each algorithm will be 
different. Comparison of multiple 
algorithms will produce the best accuracy 
value (Otukei & Blaschke, 2010). 
 The area of the water body in the lake 
will impact the determination of the 
boundary. There are no problems in 
determining the boundaries of lake edges 
in tectonic, volcanic, dam, and tecto-
volcanic types. Problems occur in flood-
exposure-type lakes due to the complexity 
of determining the fixed boundaries of 
their surface area (Julzarika et al., 2019).  

 A flood-exposure lake is a natural 
water reservoir that is part of a river whose 
water level is directly affected by the river's 
water level (PUPR, 2015). The Mahakam 
cascade is a group of lakes with 3 large 
lakes in it, including Lake Jempang, 
Semayang, and Melintang (Muchlis et al., 
2021). The cascade lakes have a complex 
hydrological system, during floods these 
three lakes merge with the Mahakam 
River, but during the dry season the water 
recedes, and the lake banks become dry 
land or form deep and waterlogged 
furrows. Fluctuations in the water level of 
the Mahakam Cascade lakes are very high 
ranging from 1-12 m (Anwar et al., 2022). 
 Semayang Melintang Lake is located in 
Kutai Kartanegara, East Kalimantan. This 
lake is one of the 15 national priority lakes 
that is currently categorized as a critical 
lake.  Determining the water body 
boundaries of flood-exposure type lakes is 
quite difficult due to its complexity 
(Julzarika et al., 2019), so a water body 
boundary detection model with good 
accuracy is needed to support monitoring 
efforts for flood-exposure type lakes in 
Indonesia, especially Semayang Melintang 
Lake. 
 The study of  in the Mahakam Cascade 
produced water boundaries in flood 
inundation using ALOS PALSAR radar 
backscatter (Hidayat et al., 2012). 
(Julzarika et al., 2019) determined the 
boundaries of the lake edge of flood 
exposure with the harmonic modeling 
method using radar data on Sentinel 1 
imagery on Semayang, Melintang, and 
Jempang Lakes. 

This study aims to detect the 
boundary of a flood-exposed type lake 
water body from a detection model using 
the object-based image analysis method 
and calculate its accuracy from Sentinel-2 
satellite imagery. The spectral 
profileprofile is compared with the lake 
water body boundary model for validation 
and accuracy test. This research is to 
support the management of lake water 
resources based on remote sensing 
imagery.  
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2 MATERIALS AND METHODOLOGY 

2.1 Location and Data 

The study site is located in Semayang 
Melintang Lake, Kutai Kartanegara, East 
Kalimantan. Semayang Melintang Lake is 
called the Middle Mahakam Area (MMA), 
which is part of the Mahakam Cascade of 
lake complexes in the Mahakam River 
basin with low relief and 40 shallow lakes 
on either side (Hidayat et al., 2012). This 
lake regulates the discharge in the 
downstream area of the Mahakam, which 
functions as a buffer, storing water when 
the discharge is high and draining water 
when the flow is low (Hidayat et al., 2011). 

It is an inundated freshwater 
ecosystem and includes eutrophic-type 
floodplain waters with muddy and sandy 
floors. Eutrophic lakes are lakes that 
contain a lot of nutrients, especially 
nitrate and phosphorus, which cause the 
growth of algae and aquatic plants to 
increase 

Semayang Lake has an area of 13,000 
ha with an average depth of 3.5 m, while 
Melintang Lake has an area of 11,000 ha 
with an average depth of 2 m (Julzarika et 
al., 2019). The MMA is surrounded by 
peatlands as part of the kutai lowlands. 
The soil type is clay which can store water. 
Land cover conditions in the Mahakam 
Cascade Lake include water bodies 19,304 
ha, swamps 36,265 ha, shrubs 4,139 ha, 
and settlements 135 ha (Direktorat 
Pengendalian Kerusakan Perairan Darat., 
2019). 

The average daily temperature around 
Semayang Melintang Lake is 24-29 ºC, 
humidity is 73-99%, and rainfall averages 
2300 mm/year. Water level fluctuations 
are extreme at 1-12 m. The Mahakam 
Cascade Lake recorded the highest flood 
reaching 14.54 m (Anwar et al., 2022). 

The study site can be seen in Figure 
2-1.  

 
Figure. 2-1: Study site Semayang Melintang 

Lake, East Kalimantan 

The data used in this study is the 
Sentinel-2 Level 2 satellite image recorded 
on October 12, 2021. This data was 
obtained from the Research Center for 
Remote Sensing, BRIN as the official 
institution in image data acquisition in 
Indonesia.  
 

2.2 Optimum Index Factor (OIF) 

The Optimum Index Factor (OIF) 
calculation is performed to find the right 
combination of channels to visualize 
significant differences between water and 
non-water. The OIF results in one selected 
channel composite that will be used to 
extract the observed object and used for 
visual detection of water bodies. 

The OIF calculation process is 
conducted using the matrix correlation 
method with the following equation 2-1: 

 

𝑂𝐼𝐹 =  
∑ 𝑆𝑘

3
𝑘=1

∑ 𝐴𝑏𝑠 (𝑟𝑗)3
𝑗=1

   ……………………………………….…(2-1) 

Description : 
Sk : Standard deviation of spectral values in the 

channel 
Abs (rj) : The absolute value of the correlation 

coefficient between each two of the three 
channels 

(Chavez et al., 1982) 

 
2.3. Transect line 

Drawing transect lines aims to 
obtain spectral values that represent 
water and non-water objects. The 
boundary of the lake water body can be 
seen on the spectral profile through 
changes in the graph pattern in each 
band. Spectral profiles are used for model 
validation and help in testing the accuracy 
of the flood exposure lake water body 
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boundary detection model. Transect lines 
were taken twice vertically and once 
horizontally. secara horizontal.  
 
2.4. Segmentation 

There are two processing stages in 
the object-based image analysis (OBIA) 
method, namely segmentation, and 
classification. The segmentation process is 
done to build objects/segments from 
pixels into the same object/segment. The 
method used is multiresolution 
segmentation with the following equation 
(Baatz & Schäpe, 2000) berikut: 

 
𝑆𝑓 =  𝑤𝑐𝑜𝑙𝑜𝑢𝑟  ×  ℎ𝑧𝑐𝑜𝑙𝑜𝑢𝑟 +  (1 − 𝑤𝑐𝑜𝑙𝑜𝑢𝑟  ×  ℎ𝑠ℎ𝑎𝑝𝑒 )………(2-2) 

Description : 

Sf   : segmentation function 
wcolour   : color parameter weight 
hcolour   : color parameter 

hshape   : shape parameter weight 
wshape   : shape parameter 

 
2.5. Classification 

The classification technique 
performed to detect lake water bodies uses 
object-based classification. The OBIA 
method is developed with the process of 
segmentation and object analysis. The 
classification process is based on spatial, 
spectral, and temporal scale 
characteristics, resulting in image objects 
or segments that are then used for 
classification (Purwanto et al., 2022); 
(Mastu et al., 2018). 

 Classification aims to group 
segmented image objects into various 
types of classes into one commonality with 
a certain system. The classes used in lake 
water body boundary detection are water 
and non-water.  

The classification method is carried 
out by applying several machine learning 
algorithms, including random forest (RF), 
support vector machine (SVM), and 
decision tree (DT). The classification 
results of each algorithm will be compared 
based on the accuracy value. The formula 
of each classification algorithm used is as 
follows: 
 
 
 

Random forests (Phan et al., 2020); 
(Breiman, 2001): 
 
𝑓𝑜𝑟𝑒𝑠𝑡 =  {ℎ (𝑥, 𝛩𝑘), 𝑘 = 1, …  }…………………………… (2-3) 
Description : 
h : Hypothesis atau classifier (decision tree) 
x : Input vector 

𝛩𝑘: Independent and identically distributed (IID) random 
vectors 
 

�̂�𝑟𝑓 = 𝑚𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑣𝑜𝑡𝑒 {�̂�𝑛(𝑥)}𝑛
𝑁 = 1 ……………………… (2-4) 

Description : 

�̂�𝑟𝑓: Random forest result class. The hat operator in �̂�  

indicates that the class is an estimated class  
x : Input vector 

�̂�𝑛: Prediction class of the nth tree in a random forestt 

 
SVM (Tzotsos, 2006): 

 …………….…………….. (2-5) 
Description : K is a kernel function, yi and xi represent 

training samples, ⋋i are Lagrange multipliers, part of 
the training sample corresponding to a non-zero 
Lagrange multiplier, and w0 is a hyperplane parameter 

 

DT (Bradski & Kaehler, 2008): 

……………….….… (2-6) 
Keterangan: This method uses the notationP(ωj) to 
denote the fraction of patterns at node N that are in 
class ωj. 

 
2.6. Accuracy Test 

The accuracy test uses the 
confusion matrix method. The confusion 
matrix is a table used to measure the 
relationship between two categorical 
variables where the table summarizes the 
joint frequency of observations in each 
variable category(Dong et al., 2022). The 
equation used for the accuracy test is as 
follows: 

 
overall = (aA+bB)/N ………………………….……….….(2-7) 
produser = aA/ ∑A …………………………….……..… (2-8) 
user = aA/ ∑ a ………………………………….……..… (2-9) 

𝑘𝑎𝑝𝑝𝑎 =
∑ 𝑎 𝑥 ∑ 𝐴

𝑁
+

∑ 𝑏 𝑥 ∑ 𝐵

𝑁

𝑁
 ……………………………….......(2-10) 

 
The research flowchart can be seen in 
Figure 2-2. 
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Figure. 2-2: Research flow chart 

 

3  RESULTS AND DISCUSSION 
3.1. Water Body Detection 

Optimun Factor Index (OIF) 
The focus of this research is Lake 

Semayang Melintang, Kutai Kartanegara, 
East Kalimantan. This lake is a type of 
Floodplain Lake. The process of detecting 
water bodies is done visually and digitally. 
Visually, the OIF calculation is performed 
and the transect line is drawn. The results 
of this process are used to validate the 
detection model and assist in testing the 
accuracy of the model. 

OIF calculations are performed to 
determine the best combination of 
composite bands in detecting water bodies 
and non-water bodies for determining the 
boundaries of water bodies in floodplain 
lake types. 

The data used in the OIF 
calculations is sentinel-2A imagery 
recorded on October 12, 2021. The bands 
used are blue, green, red, red edge, NIR, 
and SWIR. OIF produces the best 
composite by calculating the standard 
deviation and correlation coefficient of the 

band combinations used (Purwanto & 
Setiawan, 2019). 

The results showed that the 
composite combination 2(blue), 4(red), 
8(NIR) had the highest OIF value for 
Sentinel-2A imagery. Interpretation of 
water bodies can be done effectively by 
using RGB 248 composite images. 

The OIF value on RGB 248 is 
9415.41, with a total standard deviation of 
1725.32. Table 3-1 presents OIF values 
and ratings for Sentinel-2 images. 

 
Table 3-1: OIF Value and Citra Sentinel-2 Combined 

Rating 

No Combination Total Sd OIF Rating  

1 248 1725.32 9415.41 Rating 1 

2 348 1677.88 5496.11 Rating 2 

3 238 1652.35 4854.36 Rating 3 

4 4810 1526.25 4752.9 Rating 4 

5 2810 1500.72 4259.25 Rating 5 

6 458 1619.81 3619.61 Rating 6 

 Based on the OIF value and the 
combined Sentinel-2 imagery rating, the 
highest standard deviation will result in 
the highest OIF value. The results of the 
study (Purwanto & Setiawan, 2019),  show 
that the channel combination that 
produces the highest OIF value will have a 
high standard deviation value and a low 
correlation coefficient, and vice versa. 

This is in accordance with 
research(Debdib, 2013) which explains 
that the higher the total standard 
deviation of the 3 bands used indicates the 
more information is generated, while the 
smaller the total correlation coefficient 
between the 2 bands indicates the less 
duplication is generated. 

Figure 3-1 shows the composite 
band 248 combination which has the 
highest OIF value from the Sentinel-2A 
image so that it provides the best and most 
informative view compared to other 
combinations. RGB 248 provides a good 
display in distinguishing water bodies and 
non-water bodies. RGB 248 results show 
water bodies displayed in bright yellow 
and non-water bodies in dark blue. 
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125 356 

  

156 345 

Figure. 3-1:  Sentinel-2 Imagery OIF Calculation 

Channel Composite 

 

 

Spectral profile 
 The spectral profile describes the 
characteristics of each band against 
objects that pass through it. Spectral 
profile are used for model validation and 
help test the accuracy of the water body 
boundary detection model. 

The selected band is based on the 
results of the OIF calculation, namely RGB 
2 (blue), 4 (red), 8(NIR). Transect 1 is 
drawn vertically from top to bottom and 
produces a spectral profile, where the blue 
line is band 2(blue), the green line is band 
4(red), and the red line is band 8(NIR). 

 
 

  

 
 

 
 

Figure 3-2: Sentinel-2A RGB 248 Image Spectral Profile 

 

 

 Based on Figure 2-3, the boundary 
between water and non-water can be seen 
very clearly through the graphic pattern. 
When it encounters a water object, the 
spectral value in bands 2 (blue) and 4 (red) 
will increase, while in band 8 (NIR) it will 

decrease. These results are also supported 
by research (Asriningrum et al., 2022), 
passing through water objects in the 
lagoon, the spectral value in the NIR band 
is very small when compared to the blue 
and green bands.  
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3.2. Image Classification and Water 
Body Boundaries of Lakes  
Segmentation 

The segmentation process 
produces segments based on pixel values 
and objects in the image. The 
segmentation process is carried out in 2 
stages. The composite image used is RGB 
248. The segmentation process greatly 
influences the classification results, so the 
appropriate segmentation parameters are 
needed. This statement is supported by 
research (Purwanto et al., 2022). 

The level 1 segmentation process 
uses a scale parameter with a value of 100, 
shape with a value of 0.2 and compactness 
with a value of 0.7. The results of the first 
segmentation can be seen in Figure 3-3. 
While the level 2 segmentation process is 
based on pixel values and objects from the 
image with the parameter used is the 
maximum spectral difference (100) (Figure 
3-4). 
 

 
Figure 3-3 : Level 1 Segmentation 

 
Figure 3-4 : Level 2 Segmentation 

 
Multilevel segmentation produces 

segments that are more general and 
produce better shape objects according to 
the pixel values in the image. Level 1 
produces 15.493 segments, while level 2 
produces 8.440 segments. 
 
Image Classification 
 The classification process produces 
classes of water and non-water objects. 
Sample training was taken for each class. 
The Object Based Image Analysis method 
is applied with machine learning random 
forest algorithms, support vector 
machines, and decision trees. 

Classification of water and non-
water produces the boundaries of lake 
water bodies. Next, a calculation of the 
area of Semayang Melintang lake is 
carried out for image recording in 2021. 
The last step is to calculate the accuracy 
of the results of the lake water body 
boundary detection modeling. 

Based on the classification results, 
lake information is generated as shown in 
Figure 3-5.

  
 

  
RF SVM 
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DT 

Figure 3-5: Results of Lake Detection the Object-Based Classification Process (Green box 

is settlement between two lakes; Red box ismodel differences at the outlet of the lake) 

 Based on the classification results, 
the blue color indicates the detected water 
body from the image. While the white color 
is non-water including vegetation and soil 
objects. The detected water bodies include 
lakes, main rivers, seasonal bodies, and 
inundations. Based on the classification 
results, the OBIA method with the 
application of machine learning 
algorithms can detect water bodies in 
images quite well. This detection model 
can be applied to other image recordings, 
in an effort to manage Lake Semayang 
Melintang. 

The quite extreme fluctuations in 
Lake Semayang Melintang due to the 
influence of the seasons make it very 
difficult to determine the boundaries of the 
lake's water bodies. This statement is 
supported by research (Muh Fakhrudin, 
2020), where the Mahakam Cascade Lake 
during the rainy season several lakes will 
merge with the Mahakam River, but 
during the dry season only deep grooves 
remain. 

 
Figure 3-6: Community Settlements 

(Source : Dinas Pariwisata Kalimantan 

Timur, 2022 

In extreme conditions, flooding 
during the rainy season can occur around 

the lake, submerging the settlements 
between Lake Semayang and Melintang, 
shown by the green box. This is in 
accordance with research (Anwar et al., 
2022), where the Mahakam Cascade 
recorded the highest floods in 2007 
reaching 15.54 m. The vulnerability of the 
people of Melintang Village to the Lake 
Melintang flood disaster is only 45% 
(moderate). Figure 3-6 shows the location 
of community settlements in the green 
box. 

 
Water Body Boundaries 
 Figure 3-7 presents a subset of the 
extracted water bodies obtained from 
several locations on Sentinel-2 imagery 
from the test data. The first column shows 
the differences in the results of the 
detection of water body boundaries in each 
of the machine learning classification 
methods which are quite varied. Water 
bodies are detected in the SVM algorithm. 
While the DT and RF algorithms are not 
detected. 
Based on the third and fourth columns, 
the SVM algorithm accurately describes 
isolated bodies of water, while RF and DT 
do not classify some objects in detail. 
Overall, the results of the water body 
boundaries detection model with the SVM 
algorithm provide quite detailed and good 
results. The SVM algorithm provides 
detailed and sensitive classification 
results for isolated water objects. The 
boundaries of settlement objects and 
sedimentary waters can be fairly well 
distinguished.
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Citra DT RF SVM 
Figure 3-7: Comparison of Image and Results Water body boundaries at several locations 

The Area of Lake Semayang Melintang
 The results of processing the 
Sentinel-2 Image recorded on August 12, 
2021, resulted in the area of Lake 
Semayang Melintang using several 
algorithms. The area results show that the 
distribution of water in Lake Semayang 
Melintang is quite wide. 

Figure 3-8 The red lines show the 
results of the DT algorithm, the red lines 
show the RF results, and the green shows 
the SVM. The results of calculating the 
area of each algorithm are shown in Table 
3-2.

 

 
Figure 3-8: Semayang Melintang Lake Boundary from Citra Sentinel-2 
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 There are wide differences of 
processing results. The area of Lake 
Semayang Melintang for the SVM 
algorithm is 23392.30 ha, while RF is 
22477.61 ha, and DT is 22548.78 ha. The 
SVM algorithm produces the largest area 
of all the algorithms used. 

Research conducted by (Julzarika 
et al., 2019) namely processing with 
Sentinel 1 and Landsat 8 image data in 
2018, resulted in an area of Lake 
Semayang Melintang of 24901 ha and 
24949. Meanwhile research conducted by 
(M Fakhrudin et al., 2004) producing an 
area of 16580 ha. TKPSDA WS Mahakam 
and the Ministry of PUPR recorded that 
the area of Lake Semayang Melintang in 
2017 was 24,000 ha. 

Based on the results of modeling 
and literature, there has been a change in 
area from 2004, 2017, 2018 and 2021. 
The trend of the area of Semayang 
Melintang Lake water bodies has 

increased until 2018, and decreased in 
2021. 

 
Table 3-2: Area of Lake Semayang Melintang 

on Several Algorithms 
No Data Area (ha) Area (km2) 

1 SVM 23392.30 233.92 

2 RF 22477.61 224.78 

3 DT 22548.78 225.49 

 
3.3. Accuracy and Validation of Water 
Body Detection 

Model validation is done by 
comparing the results of the transect line 
drawing with the results of the model 
being carried out. The results of the 
spectral profile 1 show that the boundary 
value between water and non-water has a 
spectral value of 0.14%. Based on model 
validation, it appears that the model can 
detect lake water body boundaries well. 
Figure 3-9 shows the validation of the 
model on one of the transect lines in Lake 
Semayang. 

 

  

Results of the Lake Water Body Detection Model 

 
Transect Spectral profile 1 

Figure 3-9: Validation of the result og the SVM method detection model 

 

 

 Evaluate the performance of 
several algorithms used to detect Lake 
Semayang Melintang water bodies by 
calculating producer, user, overall 
accuracy, and kappa coefficient accuracy. 
Sentinel-2 imagery recorded on August 

12, imagery from Google Earth, and the 
spectral chart drawn from the transect 
line are used as a reference to assess the 
accuracy of the lake water body detection 
model. The accuracy calculation results 
for the SVM, RF, and DT algorithms can 
be seen in Tables 3-4, 3-5, and 3-6.  
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Comparison between pixels is 
performed to produce an error matrix. The 
error matrix produces producer and user 
accuracy values, overall accuracy, and the 
kappa coefficient. SVM has an overall 
accuracy of 95%, a kappa coefficient of 
0.9, producer and user accuracy for water 
is 90% and non-water is 100%. The model 
can distinguish water very well. Based on 
the accuracy calculation results, the SVM 
algorithm gives the best results. 

 
Tabel 3-3: SVM Accuracy Test Calculation Results 

SVM Kappa: 0.9 

C
la

s
s
if

ic
a
ti

o
n

 

  Water 
Non 

Water Total User 

Water 20 0 20 

100

% 
Non 

Water 2 18 20 90% 

Total 22 18 40   

Producer 90% 100%   95% 

 

Tabel 3-4: RF Accuracy Test Calculation Results  

RF Kappa: 0.9 

C
la

s
s
if

ic
a
ti

o
n

 

  Water 

Non 

Water Total User 

Water 19 1 20 95% 
Non 
Water 1 19 20 95% 

Total 20 20 40   

Producer 95% 95%   95% 

 

Tabel 3-5: DT Accuracy Test Calculation Results 

DT Kappa: 0.9 

C
la

s
s
if

ic
a
ti

o
n

 

 Water 

Non 

Water Total User 

Water 19 1 20 95% 
Non 

Water 1 19 20 95% 

Total 20 20 40   

Producer 95% 95%   95% 

 
 DT and RF have an overall 
accuracy of 95% and a kappa coefficient of 
0.9. Producer and user values for water 
are 95% and non-water are 95%. Based on 
the calculation results, the accuracy 
values of the 3 algorithms are relatively 
stable and all algorithms can detect bodies 
of water with an overall accuracy greater 
than 94%. The user and producer 
accuracy values in the SVM algorithm are 
higher than other algorithms.  

This result is also corroborated by 
research (J. Li et al., 2022), water bodies 
can be detected properly, when compared 
to the water index, the SVM algorithm 
provides greater accuracy, namely OA: 
97% and Kappa: 0.95. While research 
(Purwanto et al., 2022) detect benthic 
habitat objects and produce an accuracy 
value for SVM of 75%, research (Liu et al., 
2020) detecting bodies of water produces 
an accuracy value of 98% in the SVM 
algorithm. When compared to the water 
index, detection using the OBIA algorithm 
SVM method provides more detailed and 
accurate results. 

 
4 CONCLUSIONS 

Based on the results obtained, it can 
be concluded that goba detection based on 
the results of OIF calculations produces a 
composite RGB248 image (which can 
visually detect lake water bodies well. 
Based on the water body boundaries 
detection model, the SVM algorithm has 
good results (OA: 95%, kappa : 0.9, area 
23392.30 ha. The SVM algorithm provides 
detailed and sensitive classification 
results for isolated water objects. The 
boundaries of settlement objects and 
sedimentary waters can be quite well 
distinguished. Model validation from 
spectral profile results in lake water body 
boundaries in the range of values 0.13- 
0.14%.Based on a comparison of research 
results, the trend of the area of Lake 
Semayang Melintang increased from 
2004-2018 and decreased in 2021 (model 
results).This model can be used to 
estimate changes in the area of Floodplain 
lakes consistently. 
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