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Abstract: Salinity is the most important parameter for controlling the biological components of ecosystems, seas, and 

estuaries, which also control the components that make up an ecosystem. Conventional water quality monitoring is 

considered inaccurate and inefficient in terms of energy and time. Therefore, research is needed to predict sea surface 

salinity as a type of water quality monitoring using remote sensing reflectance or Remote Sensing Reflectance (RRS) 

from Landsat imagery. The Landsat image data used is level 2 Surface Reflectance (SR), which is ready to use without 

additional processing by the user, whereas previous research required corrections to the image data to obtain Surface 

Reflectance image data. This study aims to determine the performance of the prediction model produced by using 

five combinations of Landsat image bands. The data used are Landsat 8 OLI image data (recording date 05 August 

2024) downloaded from the USGS website and in situ salinity data in the Bangka Strait sea (09 March 2025), as 

many as 5 samples that can be used. The obtained data were processed using multiple linear regression analysis with 

Rrs as the independent variable and in situ salinity as the dependent variable. The salinity prediction model consisted 

of five band combinations. The analysis produced R² values for each model combination of 0.8166287408, 

0.935603228, 0.820745745, 0.869209652, and 0.574027060. The RMSE validity tests for combination 1, 

combination 2, combination 3, combination 4, and combination 5 were 2.41327, 1.43012, 2.38602, 2.03811, and 

3.67817. Then for the NMAE value, namely 10.10152205%, 5.32713015%, 9.58011308%, 8.8868031%, and 

14.51012574%. The combination rankings that have the best prediction performance are combination 2, 

combination 4, combination 3, combination 1, and combination 5. So the best model in predicting seawater salinity 

is the combination of the 2 prediction models, with its constituent band components being band 1, band 2, and 

band 4. 
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INTRODUCTION 

Among the relevant physical, chemical, and biological parameters of water, water quality is the 

primary measure of the sustainability of estuarine aquatic ecosystems. Salinity level is one of the criteria 

used to classify these environments (Lew et al., 2022). Salinity is the level of salinity or the number of 

grams of salt dissolved per liter of solution (Pasaribu et al., 2024). Therefore, salinity can be considered 

a water quality parameter that also controls the components of an ecosystem. 

To monitor water quality, this monitoring can be done conventionally or by utilizing technology. 

According to Wulandari et al. (2024), conventional water quality monitoring or observation means 

directly observing water quality at the water's location. However, this conventional method is still 

considered inaccurate and inefficient in terms of energy and time. Therefore, more efficient and effective 

methods are needed for water quality monitoring. 

According to Arafah et al. (2015), the technology that can provide information on water quality 

conditions is remote sensing technology. Several water quality parameters, such as suspended solids (SS) 

and chlorophyll-a (Chl-a), can be detected remotely because the spectral properties of reflected light are 

altered by optically active components (Sood & Zhu, 2024). Remote sensing techniques are more cost- 

and time-effective than traditional methods for observing and measuring water quality parameters in a 

body of water (Abdelmalik, 2018). Research by Octaviana et al. (2020) explains that remote sensing has 

been widely used as an alternative for monitoring water quality. This technology is less time-consuming 

or expensive, and water quality can be monitored regularly and effectively. Remote sensing solution 
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techniques can be used to collect data about the Earth's surface over a constantly changing spatial and 

temporal range. 

Parameters such as pH, conductivity, TDS, salinity, and turbidity are measured to determine 

water quality (Rusli et al., 2023). Water salinity can be analyzed using remote sensing technology 

(Nafizah et al., 2016). In their research, Muhsi et al. (2022) used Remote Sensing Reflectance (RRS) as a 

method for predicting seawater surface salinity. The data used were Landsat 8 OLI (Operational Land 

Imager) imagery, with five bands: Band 1 (433 nm-453 nm), Band 2 (450 nm-515 nm), Band 3 (525 

nm-600 nm), Band 4 (630 nm-680 nm), and Band 5 (845 nm-885 nm). 

A study by Ansari & Akhoondzadeh (2020) used radiometric and atmospheric corrections to 

generate Surface Reflectance (SR) imagery. This study used Landsat 9 OLI level 2 SR imagery data. Landsat 

Collection 2 science products have been recognized as Analysis Ready Data (ARD) by the Committee on 

Earth Observation Satellites (CEOS). The satellite data has been organized in a way that allows for direct 

analysis with minimal user effort to obtain this certification. This also allows for collaboration with the 

data over time (USGS, 2024). Therefore, in this study, no correction was carried out to obtain the Surface 

Reflectance image as was done in previous studies. The problems arising from conventional water quality 

monitoring processes gave rise to the idea of conducting research in order to predict seawater surface 

salinity using remote sensing reflectance (Rrs) from Landsat 8 OLI imagery and how the prediction model 

performance is generated using five combinations of seawater salinity prediction models from Landsat 8 

OLI imagery bands. Five combinations of three bands were taken from the five bands in the Landsat 8 

OLI imagery as used in the study conducted by Muhsi et al. (2022), namely band 1 (Coastal/Aerosol), 

band 2 (Blue), band 3 (Green), band 4 (Red), and band 5 (Near Infrared). Previous studies used all five 

bands. Therefore, researchers will use three of them for one model combination and analyze the five 

combinations of salinity prediction models, then compare them to find the model with the best band 

combination. The Bangka Strait is located between Bangka Island and the east coast of South Sumatra 

Island. Large rivers on the east coast of South Sumatra, especially in Banyuasin Regency and Ogan 

Komering Ilir Regency, which flow along the Bangka Strait, carry large amounts of freshwater into the 

Bangka Strait. The dynamics and quality of the waters will be influenced by the mixture of freshwater 

masses from the upstream rivers with seawater masses (Surbakti et al., 2022). 

The combination of Remote Sensing Reflectance (RRS) from Landsat 8 OLI image bands 

downloaded from https://earthexplorer.usgs.gov/, along with in-situ salinity data, was analyzed to 

develop a salinity prediction model using a multiple linear regression algorithm. The results were then 

compared based on the coefficient of determination (R²), the Root Mean Squares Error (RMSE), and the 

Normalized Mean Absolute Error (NMAE). 

 

METHOD 

This research uses quantitative methods. According to Creswell in Berlianti, cited in Jauza & Albina 

(2025), quantitative research focuses on measurements, numbers, and statistical analysis. The research flow 

is explained in Figure 1. This research was conducted in the Bangka Strait. The Bangka Strait is a body of 

water located between Bangka Island and Sumatra Island (Rahma et al., 2024). The population in this 

study was the seawater of the Bangka Strait, and the sample (target) of the research was seawater salinity. 

 

Data Collection 

Seawater samples from the Bangka Strait were taken at 11 locations. These 11 sampling locations 

were then sorted based on salinity measurement results and the position of the downloaded image. Field 

(in situ) salinity measurements were made using a salinity refractometer, with measurement units in ppt 

(parts per thousand). The downloaded image data was Landsat 8 OLI Level 2 Surface Reflectance (SR) 

imagery. Sharaf El Din et al. developed an algorithm using Landsat 8 surface reflectance data to calculate 

turbidity and total suspended solids (Jin et al., 2023). Through the website https://earthexplorer.usgs.gov/, 

Landsat 8 OLI image data with recording and processing dates as described in Table 1 below: 

 

Table 1. Landsat 8 OLI Image Data 

Name Recording Date Processing Date 

LC08_L2SP_124061_20240805_20240808_02_T1 2024-08-05 2024-08-08 

             

 Considering that the image used is a level 2 surface reflectance image, no further processing, 

including filtering of cloud cover, was performed. Based on the metadata file information of the Landsat 

8 OLI image used, the overall cloud cover percentage is 5%, and the cloud cover for land is 10.82%. This 

https://earthexplorer.usgs.gov/
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is in accordance with the statement in the study (Li et al., 2018) regarding the difference in acquisition 

probability in Landsat observation cloud coverage; generally, previous studies have used a threshold of 

less than or equal to 30% CC (Cloud Cover). 

 

Sea Surface Salinity (SSS) Prediction Equation  

Salinity prediction calculations using the RRS method use the following bands in Landsat 8 OLI 

imagery: Band 1 (433 nm-453 nm), Band 2 (450 nm-515 nm), Band 3 (525 nm-600 nm), Band 4 (630 

nm-680 nm), and Band 5 (845 nm-885 nm) (Muhsi et al., 2022). An evaluation of the consistency of 

Landsat-8 data for high-spatiotemporal inland and coastal water quality monitoring shows that Landsat-

8, including the use of Band 1, can be consistently used quantitatively and qualitatively for monitoring 

coastal, inland, and nearshore waters (Hafeez et al., 2022). Research conducted by Quynh et al. (2024) 

evaluated surface water salinity indicators from Landsat-8 OLI imagery using machine learning, where the 

results of the analysis using the BMA (Bayesian Model Averaging) technique showed that the band 2 (B2) 

variable from Landsat 8 imagery was ranked and the variable weight was better than band 5 (B5). Then 

for band 3, or the green band, research by Mamun et al. (2024) showed that the ratio of red/blue bands 

and green bands in Sentinel-2 MSI and Landsat 8 OLI had the highest predictive performance of SD (Secci 

Depth). Secchi depth interacted significantly with maximum specific conductance, where the interaction 

occurred slightly but significantly increased the negative effect of Secchi depth; this indicates that the impact 

of warming is amplified in high salinity (Loewen & Jackson, 2024). Bands 3 and 4 were found to be the 

most suitable spectral data for estimating chlorophyll-a (Chl-a) (Mohan et al., 2025). Sea surface salinity 

(SSS) has a moderate and negative relationship with chlorophyll-a (Chl-a)(Hidayat et al., 2023). This 

means that if the concentration of chlorophyll-a in water increases, salinity decreases, and vice versa. The 

Landsat 8 OLI Near-Infrared (NIR) reflectance band values combined with other bands were used in the 

EC calculation formula, resulting in R² of 0.894 and 0.960, respectively (Abdul Wahid & Arunbabu, 2022). 

The highest correlation was found in EC (Electrical Conductivity) and EVI (Enhanced Vegetation Index) 

measurements, with R² = 0.736 (Tran et al., 2020). 

Field salinity is the dependent variable and Rrs is the independent variable. Rrs (Remote Sensing 

Reflectance) is defined as the ratio of the outgoing water radiation (Lw) to the incoming sky radiation 

(Ed) (Mobley et al., 2016). According to Novoa et al. (2017) the Rrs equation can be expressed as follows. 

 

𝑅𝑟𝑠 =  
𝜌

𝜋
      (1) 

 

 Rrs is the remote sensing reflectance value, ρ is the water reflectance value in a dimensionless 

space. In determining PI (π), Archimedes (287–212 BC) found an estimated value of 3.14159 (Dewangan, 

2023). The Rrs value obtained together with the in-situ salinity data were then analyzed to obtain a 

salinity prediction model. In this study, there was a limitation in the number of in situ salinity samples, of 

the 11 sample points taken, only 5 points could be used for analysis for reasons that will be explained in 

the next section. The added value of multiple linear regression is that the method and resulting equations 

are simple and easy to understand (Dimitriadou & Nikolakopoulos, 2022). The multiple linear regression 

prediction equation according to Sahbeni (2021): 

 

Y = A0 + A1 . x1+ A2 . x2+ A3 . x3+... An . xn   (2) 

 

where: Y is dependent variable; A0 is intercept; Ai is coefficient of variable i; and Xi is explanatory variable. 

 

Prediction Model Performance 

Three different methods can be used to test hypotheses in multiple linear regression analysis: the 

individual parameter significance test (t), the simultaneous significance test (F), and the coefficient of 

determination (R²) test (Fitri et al., 2024). The classification of coefficients of determination is presented 

in Table 2. 

Table 2. Classification of Statistical Index (R²) 

R² Value Range Criteria 

R² ≤ 0.25 Deviate 

0.25 < R² ≤ 0.50 Bad 

0.50 < R² ≤ 0.60 Moderate 

0.60 < R² ≤ 0.75 Good 

0.75 < R² ≤ 1.00 Very Good 

                                                Source: Fitri et al. (2024) 
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 The hypothesis H₀ is that Rrs has no significant effect on salinity, and Ha is that Rrs has a significant 

effect on salinity. Validity tests can be carried out to determine the performance of the salinity prediction 

model. Validity tests can use RMSE (Root Mean Square Error). The RMSE equation can be represented by 

Equation (3) (Hodson, 2022) as follows: 

 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

1      (3) 

 

n is the number of data, yi is the observed value in the validation data set (actual value), and yi is the 

predicted value (Li, 2017). In addition to using RMSE to assess the performance of the prediction model, 

the NMAE (Normalized Mean Absolute Error) validity test is also used. The NMAE number is calculated 

using the following formula: 

 

NMAE = 
1

𝑛
 ∑

|𝑌𝑖−𝑌′𝑖|

√𝑌𝑖 .𝑌′𝑖

𝑛
𝑖=1       (4) 

 

Yi is the actual value, and Y’i is the predicted value in time period i, where n is the test data set (Zhao et 

al., 2022). 

 

 

 

 

 

 

 

 

 

 

 

  

 

Figure 1. Research Design. 

 

RESULTS & DISCUSSION 

In-situ Data and Landsat 8 OLI Imagery 

In-situ salinity was measured at 11 points. Due to signal interference during the recording of the 

water sampling coordinates, 10 seawater samples were taken to measure salinity using a salinity 

refractometer. The unit of salinity measurement using this instrument is parts per thousand (ppt). The 

summary of the field salinity measurements in the Bangka Strait waters is as following Table 3. 

The results of field salinity measurements as shown in Table 3, STA 10 with coordinates 2°10'37"S 

and 104°57'47"E (located in the ocean), the salinity measurement results are 0. This deviation is likely due 

to an error in taking seawater samples at that point. Therefore, the seawater salinity at the STA 10 

coordinate point is not used in the next process. So, in the calculation of Rrs (Remote Sensing Reflectance), 

9 salinity sample points are used. Field salinity data, as shown in Table 4, as many as nine points are 

analyzed using linear regression analysis. 

 

Landsat 8 OLI data 

(Surface Reflectance) 

Rrs 

Combination 1 

 
In-situ Data 

 
Multiple Linear 

Regression Analysis 

 

Prediction Model 

 

R² 

Seawater Salinity 

Prediction 

 

Rrs 

Combination 5 

Rrs 

Combination 2 

Rrs 

Combination 3 

Rrs 

Combination 4 
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Figure 2. Coordinate Points of Salinity Sampling Stations in the Study Area. 

 

 

Table 3. Salinity of Bangka Strait Seawater Salinity (Coordinate Selection) 

STA  Latitude Longitude 
Time 

Capture  

Salinity 

(ppt) 

1 2°20’58”S 104°54’25”E 11:32:56 5 

2 2°22’9”S 104°48’13”E 13:01:54 14 

3 2°19’51”S 104°49’24”E 14:17:16 15 

4 2°21’56”S 104°50’39”E 15:24:11 7 

5 2°11’56”S 104°55’40”E 16:07:41 15 

6 2°9’34”S 105°0’34”E 16:32:52 20 

7 2°5’1”S 105°7’56”E 18:29:21 30 

8 2°6’14”S 105°7’20”E 19:32:31 25 

9 2°8’9”S 105°2’55”E 20:15:21 16 

10 2°10’37”S 104°57’47”E 21:08:09 0 

 

Table 4. Salinity of Bangka Strait Seawater Salinity (Salinity Selection) 

STA  Latitude Longitude Latitude Longitude 
Salinity 

(ppt) 

1 2°20'58"S 104°54'25"E -2.34944 104.90694 5 

2 2°22'9"S 104°48'13"E -2.36917 104.80361 14 

3 2°19'51"S 104°49'24"E -2.33083 104.82333 15 

4 2°21'56"S 104°50'39"E -2.36556 104.84417 7 

5 2°11'56"S 104°55'40"E -2.19889 104.92778 15 

6 2°9'34"S 105°0'34"E -2.15944 105.00944 20 

7 2°5'1"S 105°7'56"E -2.08361 105.13222 30 

8 2°6'14"S 105°7'20"E -2.10389 105.12222 25 

9 2°8'9"S 105°2'55"E -2.13583 105.04861 16 

 
 Calculation of Remote Sensing Reflectance (Rrs) of Landsat 8 OLI imagery using the QGIS version 

3.40 Bratislava Long Time Release Raster Calculator tool. The Rrs calculation uses a raster calculator, 

namely the image band divided by 10000 then divided by the π value because the scale factor for Landsat 

imagery is 0.00001 (https://usgs.gov/). According to Table 1, the data used is Landsat 8 OLI imagery for 

recording on August 5, 2024. The calculated Rrs image in geotiff (raster) format is as follows. 

https://usgs.gov/
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(a) (b)           (c)   (d)        (e)  

Figure 3. Rrs display in geotiff format of GQIS Rrs calculation results: (a) Rrs band 1; (b) Rrs band 

2; (c) Rrs band 3; (d) Rrs band 4; (e) Rrs band 5: (a) Rrs band 1; (b) Rrs band 2; (c) Rrs band 3; (d) 

Rrs band 4; Rrs band 5. 

   

  The Rrs raster extraction was performed to obtain the Rrs values for the field salinity sample 

coordinates. Four empty sampling points were marked with NULL. Therefore, only five sampling 

coordinate points were used for analysis using multiple linear regression analysis. The Rrs and in situ salinity 

levels were analyzed to obtain several parameters that form the elements of the salinity prediction 

equation. Microsoft Excel version 2021 with Data Analysis Regression as a tool used to help perform 

analysis. 

 

Table 5. Recapitulation of Rrs extraction results for each image band against sampling points 

 

Data Analysis Results 

 Multiple linear regression analysis using five combinations of Landsat 8 OLI image bands for each 

band's RRS values is shown in Table 6 below. 

 

Table 6. Rrs Calculation Band Combination 

Combination Band Composition 

1 Band 1, Band 2, Band 3 

2 Band 1, Band 2, Band 4 

3 Band 1, Band 2, Band 5 

4 Band 2, Band 3, Band 4 

5 Band 2, Band 3, Band 5 

 

Table 7. Recapitulation of Data Analysis Results 

Parameter 
Combination 

1 

Combination 

2 

Combination 

3 

Combination 

4 

Combination 

5 

Constant (α) 0.94438 15.12139 96.01550 - 42.19642 - 6.87629 

β band 1 971.26747 407.44901 - 466.66195   

β band 2 -1656.23108 - 816.42411 5.427086 115.92997 134.86625 

β band 3 839.12975   297.11385 - 32.65655 

β band 4  480.26739  - 206.16677  

   162.89213  4.06643 

R² 0.816628741 0.935603228 0.820745745 0.869209652 0.574027060 

Latitude Longitude Salinity Rrs band 1 Rrs band 2 Rrs band 3 Rrs band 4 Rrs band 5 

-2.19900 104.92800 15 0.237937 0.257322 0.302777 0.3009622 0.241279 

-2.15900 105.00900 20 0.242139 0.262988 0.288357 0.2451943 0.233258 

-2.08400 105.13200 30 0.331997 0.344507 0.373569 0.3847097 0.559844 

-2.10400 105.12200 25 0.223040 0.248346 0.279317 0.2301382 0.219602 

-2.13600 105.04900 16 0.232685 0.246754 0.258181 0.2310613 0.229215 
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  Several parameters obtained from the analysis results are then entered into equation (2), namely 

the multiple linear regression equation, namely the salinity prediction equation. Calculations of seawater 

salinity predictions are grouped based on combinations of image bands, namely combination 1, 

combination 2, combination 3, combination 4, and combination 5.  

 

Table 8. Salinity Prediction Recapitulation 

 

  Based on the salinity prediction results, it is known that the salinity predictions of combination 1, 

combination 2, combination 3, and combination 4 are close to in situ salinity. This is supported by the R² 

generated by each combination in the analysis. The prediction models of combination 1, combination 2, 

combination 3, and combination 4 are considered very good in predicting salinity because the average R² 

value is above 0.75. Meanwhile, the prediction model of combination 5 shows a significant difference 

from in situ salinity because this combination has the smallest R² number, namely 0.574027059677348. 

Based on the statistical index classification in Table 2, the prediction model of combination 5 is in the 

medium or moderate performance in salinity prediction because the R² value is in the range of 0.50 < R² 

≤ 0.60. Table 9 compiles the results of the hypothesis test: 

Table 9. Hypothesis Test Results 

Hypothesis Testing 

Parameters 

Combination 

1 

Combination 

2 

Combination 

3 

Combination 

4 

Combination 

5 

R² 0.81662874 0.93560323 0.82074575 0.86920965 0.57402706 

Sig. F 0.52807055 0.31960178 0.52250108 0.45022224 0.76750089 

P-value (α) 0.97921554 0.58727863 0.62068992 0.36031530 0.97035222 

P-value (Rrs band 1) 0.43592000 0.21946066 0.74492661   

P-value (Rrs band 2) 0.53578856 0.24471550 0.99016083 0.66863653 0.91225763 

P-value (Rrs band 3) 0.58117000   0.49214084 0.94218788 

P-value (Rrs band 4)  0.31071186  0.37381092  

P-value (Rrs band 5)   0.57195507  0.98822125 

  Simultaneous significance test (F test): namely, the significant F value in Combination 1, 

Combination 2, Combination 3, Combination 4, and Combination 5 is 0.528070550170780, 

0.319601776451194, 0.522501076065491, 0.450222243534862, and 0.767500894038141, which 

means the model is not feasible (Sig > α (5%)). Likewise, the value produced in the individual parameter 

significance test (t-test), each variable Rrs band 1, Rrs band 2, Rrs band 3, Rrs band 4, and Rrs band 5, 

produces a p-value > 0.05; this indicates that there is no partial influence between the independent 

variable and the dependent variable, and the multiple linear regression model is not suitable for measuring 

independent variables and dependent variables interacting with each other. However, in the study by 

Andrade (2019), it explains that if the P-value > 0.5 is obtained, it does not reject H0, but it can be 

interpreted in this study that it cannot be concluded that Rrs has no significant effect on salinity, meaning 

Rrs has no effect on salinity at all. Thus, based on the data, there is an effect of Rrs on salinity, but this 

effect is not large or consistent enough to meet the statistical requirements, namely a P-value ≤ 0.05. This 

occurs because the amount of in situ data is limited, as Muff et al. (2022) suggest a range for translating 

the P-value into evidence language is more appropriate than the significance test, as in Figure 4. 

Meanwhile, the coefficient of determination (R²) test in each prediction model of Combination 1, 

Combination 2, Combination 3, Combination 4, and Combination 5 produces a number close to one; in 

other words, almost all the data needed to predict the variation of the dependent variable is provided by 

the independent variables. To find out how much of the percentage change (variance) in the dependent 

variable (Y) can be explained by the independent variable (X) in the population as a whole, not just in 

In-situ 

Salinity 

(ppt) 

Salinity Prediction 

Combination 

1 

Combination 

2 

Combination 

3 

Combination 

4 

Combination 

5 

15 15.6281 14.4654 14.3724 15.5456 18.9213 

20 16.7495 22.183 22.288 23.4157 20.1237 

30 29.5728 30.0291 29.8769 29.4204 29.6632 

25 23.9436 22.7888 20.942 22.1364 18.3886 

16 20.1061 16.5337 18.5207 15.4819 18.9033 
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the sample, the adjusted R² is used (Karch, 2020). The calculation of adjusted R² (Ohtani & Tanizaki, 

2004) is as follows : 

 

(5) 

 

Description: 

R²: Adjusted R² 

n: Number of data 

k: Number of independent variables (predictors) 

R²: Coefficient of determination 

 

Table 10. Adjusted coefficient of determination (R̅2) per combination 

Combination n k R²  

1 5 3 0.816629 0.633257 

2 5 3 0.935603 0.871206 

3 5 3 0.820746 0.641491 

4 5 3 0.86921 0.738419 

5 5 3 0.574027 0.148054 

 

  The coefficient of determination used in regressions using more than two independent variables 

is the adjusted R². The adjusted coefficient of determination, or adjusted R-squared, may have a negative 

value and is always smaller than R-squared (Enggal et al., 2019). Table 10 shows something in line with 

the previous statement, so in this study the adjusted R² was used. Interpretation of the R̅2
 value refers to 

Zaka & Sutopo (2017). The adjusted coefficient of determination (R̅2
) in combination 2 is 0.871206, 

meaning that the independent variable (Rrs) is able to explain the variation that occurs in the dependent 

variable (salinity) by 87.1206%, while the remaining 12.8794% is by other variables outside the variables 

used in this study. 

 

 

 

Figure 4. Recommended intervals for translating estimated P-values into the language of evidence 

Source: (Muff et al., 2022). 

 

 The calculation of RMSE and NMAE as a validity test uses equations (2) and (3). Then together 

with R² and R̅2
are presented in the following Table 11: 

 

𝑅̅2 = 1 −  
𝑛 −1

𝑛 −𝑘
 (1 - R²) 

R̅2 
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Table 11. Performance Metrics per Combination 

Combination R² R̅2
 RMSE NMAE (%) 

1 0.816628741 0.633257 2.41327 10.10152205 

2 0.935603228 0.871206 1.43012 5.32713015 

3 0.820745745 0.641491 2.38602 9.58011308 

4 0.869209652 0.738419 2.03811 8.88680310 

5 0.574027060 0.148054 3.67817 14.51012574 

 

The numbers resulting from the RMSE validity test for the five prediction model combinations, 

namely combination 1, combination 2, combination 3, combination 4, and combination 5, are 2.41327, 

1.43012, 2.38602, 2.03811, and 3.67817. The NMAE values are 10.10152205%, 5.32713015%, 

9.58011308%, 8.8868031%, and 14.51012574%. The RMSE and NMAE charts in Figure 5 provide an 

overview of the relationship between the five combinations. 

 

Figure 5. Validity Test Results Chart. 

 From the validity test results chart, it can be interpreted that the RMSE and NMAE figures, which 

are the results of testing the five prediction model combinations, have a directly proportional relationship. 

This means that the higher the RMSE number, the higher the NMAE number will also be. Conversely, the 

lower the RMSE number, the lower the NMAE number. The lower the number resulting from the validity 

test, the better the performance of a model. However, the coefficient of determination (R²) states the 

opposite; the higher the R² value, the better the performance of a model. If depicted through a chart as 

shown in Figure 4, the R² number will be inversely proportional to the RMSE and NMAE numbers. 

Combination 2, as the best model in salinity prediction, produces the lowest RMSE and NMAE, namely 

1.43012 and 5.32713015%, and produces the highest R² number, namely 0.935603228. 

 

Figure 6. Chart of Validity Test Results, Determination Coefficient (R²) and Adjusted Determination 

Coefficient (R̅2). 
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A study by Muhsi et al. (2022) found an NMAE value of 0.47% and an RMSE value of 0.17, 

indicating that the developed algorithm model is adequate for estimating seawater surface salinity. The 

average NMAE and RMSE in this study differ significantly from the previously mentioned studies. The 

lowest RMSE and NMAE obtained in this study were 1.43012 and 5.32713015%, respectively. This shows 

the difference in RMSE values between the two studies of 1.26012, indicating that the RMSE of this study 

is very large, making the prediction model inadequate for salinity prediction. Because this study only used 

5 in-situ data sets, while the previous study used around 20 data sets, this is supported by Hoffman (2021), 

where, of the 6 tables listing RMSE, 4 tables show the highest RMSE values obtained from a small number 

of observational data. However, the average R² value of this study for combination 1 to combination 4 is 

0.8, which is in accordance with the range of R² values from studies predicting oil palm yields using Landsat 

7 satellite data where neural networks with wider, basic, and deeper topologies produce the highest 

overall prediction accuracy, namely 0.79, 0.77, and 0.85 (Ang et al., 2025). Then the R̅2
 produced for 

the four models is still in the range of 0.633257 to 0.871206 with good to very good criteria. Based on a 

series of data processing that has been done, the results of the validity test (RMSE and NMAE) and the 

coefficient of determination (R²) and R̅2
, as well as the components of the bands in each combination of 

salinity prediction models, can be summarized as in Table 12.  

 

Table 12. Summary of Validity Test Results and Determination Coefficient (R²) 

Combination Band Combination RMSE NMAE (%) R² R ̅2 

1 Band 1, Band 2, Band 3 2.41327 10.10152205 0.816628741 0.633257 

2 Band 1, Band 2, Band 4 1.43012 5.32713015 0.935603228 0.871206 

3 Band 1, Band 2, Band 5 2.38602 9.58011308 0.820745745 0.641491 

4 Band 2, Band 3, Band 4 2.03811 8.88680310 0.869209652 0.738419 

5 Band 2, Band 3, Band 5 3.67817 14.51012574 0.574027060 0.148054 

Judging from the ranking of the best model combinations for predicting salinity, the top two are 

combinations 2 and 4. These two prediction model combinations contain band 2 (blue band) and band 

4 (red band). Therefore, these two bands, band 2 (blue band) and band 4 (red band), are the best for 

salinity prediction. 

 

Table 13. Summary of Salinity Prediction Model Combination Rankings 

Rank Model Band Combination RMSE NMAE (%) R² R ̅2 

1 Combination 2 Band 1, Band 2, Band 4 1.43012 5.32713015 0.935603228 0.633257 

2 Combination 4 Band 2, Band 3, Band 4 2.03811 8.88680310 0.869209652 0.871206 

3 Combination 3 Band 1, Band 2, Band 5 2.38602 9.58011308 0.820745745 0.641491 

4 Combination 1 Band 1, Band 2, Band 3 2.41327 10.10152205 0.816628741 0.738419 

5 Combination 5 Band 2, Band 3, Band 5 3.67817 14.51012574 0.574027060 0.148054 

 

 From the data analysis, especially after conducting several tests on the prediction model, both 

hypothesis testing and validity testing, this research can be used as a pilot study with limited observation 

data, so that the general application of the results in other regions must be carefully considered. 

 

CONCLUSION 

The processing and analysis of image data and field salinity data in modeling salinity prediction 

provides information that the best combination of prediction models in predicting salinity is the 

combination prediction model 2, which consists of components of band 1, band 2, and band 4. Then the 

second-best ranking in salinity prediction is combination 4, consisting of bands 2, 3, and 4. Thus, it is 

known that band 2 and band 4 are the best bands in salinity prediction. Therefore, it is highly 

recommended to include these two bands in the salinity prediction model. By using sensing technology, 

the salinity prediction model will be easier to monitor water salinity levels. This will also help in seawater 

management, such as planning desalination installations to use seawater as a raw water source. Despite 

the results of the hypothesis test (F test and t test) and validity test (RMSE and NMAE), which do not meet 

statistical requirements and do not meet previous research standards, the prediction model shows the 

potential to predict salinity provided that observation data is added. 

 

ADVANCED RESEARCH 

 Further research is needed to determine other combinations of Landsat 8 image bands in 

predicting salinity, the need to use non-linear learning models, and the need to enrich the amount of in 
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situ data in order to obtain the best combination of salinity prediction models and improve model 

performance. 
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