
Available Online at SAINS TANAH Website: http://jurnal.uns.ac.id/tanah  

SAINS TANAH – Journal of Soil Science and Agroclimatology, 16(2), 2019, 159-168 

 RESEARCH ARTICLE 

STJSSA, ISSN p-ISSN 1412-3606 e-ISSN 2356-1424, DOI: 10.20961/ stjssa.v16i2.35395 

ESTIMATION OF SOIL ORGANIC MATTER ON PADDY FIELD                                    
USING REMOTE SENSING METHOD 

 
Luthfan Nur Habibi1*, Komariah2, Dwi Priyo Ariyanto2, Jauhari Syamsiyah2, and Takashi S.T. Tanaka3 

 
1 Undergraduate student, Department of Soil Science, Faculty of Agriculture, Sebelas Maret 

University, Surakarta 57126, Indonesia 

2 Department of Soil Science, Faculty of Agriculture, Sebelas Maret University 

3 Faculty of Applied Biological Sciences, Gifu University, Japan 

Submitted: 2019-11-03   Accepted: 2019-12-06 
 

ABSTRACT 
 

Soil organic matter (SOM) is one of the important parameters in agriculture management, thus 
estimating its distribution on the land will be essential. Remote sensing can be utilized to map the 
SOM distribution in the large-scale area. The objective of this research was to determine the 
estimation of SOM distribution on the paddy field in Sukoharjo Regency, Indonesia using Landsat 8 
OLI imagery. The sampling points were determined by purposive sampling based on an overlay of 
land use classification map of paddy field, NDSI (Normalized Difference Soil Index) map, and soil type 
map. The analysis method was used simple linear regression (SLR) and multiple linear regression 
(MLR) between SOM content and a digital number of Landsat 8 OLI imagery. The SLR analysis resulted 
that all band except band 1 and 5 of Landsat 8 OLI Imagery have the capability to estimating SOM. 
The MLR model based on best subset analysis resulted in the combination of bands 3, 4, 6, and 7 was 
the best model for estimating SOM distribution (R2=0.399).  The MLR model was used to create SOM 
distribution map on paddy field in Sukoharjo Regency and resulted in the SOM range of the area is 
distributed from very low (<1%) to moderate (2.1–4.2%) with the largest area was on low level (1–
2%) about 11,028 ha. The result indicates that Landsat 8 OLI Imagery could be used for mapping the 
SOM distribution.  
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INTRODUCTION 

The majority of the agriculture sector in 

Indonesia still cultivating wetland (lowland-

irrigated) paddy fields owned by small-holder 

or individual farmers (Agus, 2011; Syuaib, 

2016). The application of chemical fertilizer 

had increased after the “Green Revolution” 

program established in the late 1960s that  
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caused the increase of fertilizer consumption 

up to five-fold to increase crop productivity 

(Komatsuzaki & Syuaib, 2010). It might result 

in unbalanced soil nutrients and soil fertility 

decline to disturb plant growth. The decrease 

of soil organic matter (SOM) content is an 

indication of the decreasing soil fertility status 

(Supriyadi et al., 2014). SOM has an important 

role in agriculture soil especially for helping 

soil fertility sustainability, soil and water 

quality conservation, maintaining the nutrient 
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and biological cycles inside the soil, and also 

affecting plant growth directly and indirectly 

(Komatsuzaki & Syuaib, 2010; Lee et al., 2009). 

In general, the SOM content in soil can be 

maintained if crop residues are returned after 

harvesting and supplemented soil with 

nutrient inputs (Hutchinson et al., 2007). 

However, in conventional rice cultivation 

burning crop residue is a common practice in 

the field (Komatsuzaki & Ohta, 2007). The 

substitution of land-cultivation practices with 

sustainable agriculture systems is necessary to 

reduce the level of land degradation due to 

intensive agriculture. 

Precision agriculture is a management 

system of soil and crop that accesses the 

spatial variability data of soil properties to 

improve crop productivity by measuring the 

input of fertilizer, seedling, and other 

cultivation practices based on the within-field 

obtained information (Kim et al., 2009). The 

approximate distribution of organic matter in 

the soil can be used as information in 

precision agriculture practices on farmland. 

Estimate distribution of SOM accurately is 

very important, because SOM is one of the soil 

properties that play a role in the availability of 

soil nutrients (Wu et al., 2009). Analysis of 

SOM distribution can be carried out by the 

conventional method through field survey and 

intensive sampling, but it required time and 

cost that makes this practice seems 

impractical (Kim et al., 2009). Another 

alternative method that can be used to 

estimate the distribution of SOM is through 

remote sensing technology. Remote sensing 

has been widely used as a tool for estimating 

the distribution of SOM (Chen et al., 2000; 

Nocita et al., 2013), primarily using Landsat 

imagery (Rahmati et al., 2016; Ahmed & Iqbal, 

2014; Sukojo & Wahono, 2002; Wu et al., 

2009). Remote sensing can increase the speed 

of monitoring soil properties across the field 

and reducing the fieldwork significantly 

because with it we can easily monitoring 

without directly survey the field  (Ahmed & 

Iqbal, 2014). 

Landsat imagery is multispectral 

imagery released by the United States 

Geological Survey (USGS) and records the 

Earth’s surface periodically (every 16 days) 

(Department of the Interior USGS, 2015). The 

multispectral band sensor of Landsat imagery 

can be used to studying soil attributes by the 

reflectance spectra as long as the soil is fully 

exposed and not covered by dense plants or 

canopy trees (Ahmed & Iqbal, 2014). Previous 

research is still using long-standing Landsat 

TM and ETM+ (Rahmati et al., 2016; Ahmed & 

Iqbal, 2014; Sukojo & Wahono, 2002; Wu et 

al., 2009). The use of Landsat 8 OLI 

(Operational Land Imager) which has a new 

sensor and free from sensor damage as 

Landsat 7 ETM+ (SLC OFF) have, is expected to 

allow to estimate the SOM more accurately. 

Similar research about monitoring soil 

properties especially SOM with satellite 

imagery is hard to find in Indonesia, even 

though this research is crucial since Indonesia 

holds a large area of agriculture field and 

needs to develop a better agriculture system 

in the future. Therefore, the purpose of this 

research is to estimate the distribution of soil 

organic matter by using Landsat 8 OLI imagery 

in a paddy field at Sukoharjo Regency, 

Indonesia. 

MATERIALS AND METHODS 

The study area is Sukoharjo Regency, 

Central Java, Indonesia. The study area lays at 

7o 32’ 17” – 7o 49’ 32” South and 110o 57’ 

33.7” – 110o 42’ 6.79” East with a total area of 

46,666 ha. The landscape of the study area is 

dominated by the plains, with some hilly areas 

in the east and south. Paddy field is located in 

a plain area and has a total area of 28,296 ha. 

The study area is classified as a tropical 

monsoon climate (Am) according to Koppen 
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classification and B2 climate type according to 

Oldeman with two seasons in one year, i.e. 

rainy and dry season. The average 

temperature in this region ranges from 23–

34 °C with an average annual rainfall of 1,766 

mm in the past 5 years (BPS Statistic of 

Sukoharjo Regency, 2015). The main 

agriculture cultivation in this region is irrigated 

and upland paddy fields. 

A total of 28 soil samples (0–20 cm) 

were taken from paddy fields spread in the 

study area from March to April 2017. Soil 

samples were taken with purposive sampling 

based on the land unit. The content of SOM 

was measured by the Walkey and Black 

method (Balai Penelitian Tanah, 2005) at 

Chemical and Soil Fertility Laboratory, Faculty 

of Agriculture, Sebelas Maret University. The 

land unit was from an overlay of land use 

classification map, soil type map of the study 

area, and Normalized Difference Soil Index 

(NDSI) based on Landsat 8 OLI Imagery. The 

Landsat 8 OLI Imagery we used in this research 

was recorded on October 10th, 2014. Land use 

classification map and soil type map were 

used to determine all samples taken from 

paddy fields and all types of soil available in 

the study area. The land use classification map 

was based on the analysis of Landsat 8 OLI 

Imagery using the Support Vector Machine 

method to derive the Land Use Land Cover 

(LULC) of the research area (Al-doski et al., 

2013; Singh et al., 2014). Google Earth 

imagery also used to ensure the land use of 

the study area did not have any major change 

from 2014 to 2017. 

The NDSI imagery which was from 

image interpretation and classification based 

on Band 3 and 7 of Landsat 8 OLI Imagery. The 

NDSI was used to identify open land or 

minimal vegetation cover so the image 

recorded the soil condition. Classification of 

NDSI as follows: Positive NDSI values (0.0 - 0.3) 

were dominant in the study area, which 

indicates most of the land is in a fallow state 

when the imagery is recorded. In addition, 

lover values of NDVI (below 0.0) are classified 

as vegetation or water surface, and higher 

NDVI values (over 0.3) can be classified as 

concrete surface (Deng et al., 2015). 

DN of Landsat 8 OLI imagery was used 

as auxiliary data in estimation modeling to 

predict the distribution of soil organic matter 

in the study area. In this study, we took DN 

sampling from 6 bands of Landsat 8 OLI 

imagery, i.e. Band 2 - Blue (0.43–0.45 μm), 

Band 3 – Green (0.53–0.59 μm), Band 4 – Red 

(0.64–0.67 μm), Band 5 – NIR/Near InfraRed 

(0.85– 1.88 μm), Band 6 – SWIR 1/ Short-wave 

InfraRed 1 (1.56–1.66 μm), and Band 7 - SWIR 

2/ Short-wave InfraRed 2 (2.10–2.30 μm). 

Estimation of soil organic matter distribution 

was performed by using the resulting model 

from simple linear regression (SLR) analysis 

and multiple linear regression (MLR) analysis.  

The analysis of SLR and MLR was 

performed to build a SOM prediction model 

based on data from 28 soil samples as the 

criterion variable with the DN sampling data 

from Landsat 8 OLI imagery as the predictor 

variable. The purpose of SLR analysis is to 

know the relationships and potential of each 

Band of Landsat 8 OLI imagery in predicting 

SOM. Meanwhile, MLR analysis is performed 

to obtain all possible models of DN band 

Landsat to predict the SOM by using the best 

subset analysis. Best subset analysis is one 

method for selecting predictor variables that 

will be included in the regression analysis so 

that all possible sub-models will be obtained 

and the most optimal models can be selected 

to be used (Gatu & Kontoghiorghes, 2006). 

The best subset analysis will form the best 

combination of DN Landsat 8 imagery to 

estimate the SOM with the criteria of the 

model having high R2 (R-sq) and Adjusted R2 

(Adj R-sq), low S, and Mallows’ Cp value close 

to the number of predictor variable and the 
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constant. All of the statistical analysis is 

performed using Minitab 17 software (Minitab 

Inc., USA). 

MLR analysis using remote sensing data 

Landsat imagery often appear multicollinearity 

in the model. Multicollinearity is a condition 

where several predictor variables in multiple 

regression analysis have a high correlation 

(Sunaryo & Siagian, 2011). The 

multicollinearity test was performed on the 

model-based by best subset analysis and 

multicollinearity symptoms indicated by the 

high variance inflation factor (VIF) value of the 

predictor variable. Multicollinearity symptoms 

are common in Landsat imagery data (Sukojo 

& Wahono, 2002). Multicollinearity greatly 

affects the model's ability to estimate the soil 

organic matter content because the model will 

be unstable and unadjustable. Principal 

component analysis (PCA) was used to 

eliminate multicollinearity in the model. 

Several studies (Idris et al., 2014; Sukojo & 

Wahono, 2002) suggest that PCA can be used 

to reduce multicollinearity symptoms in 

multiple regression analyses using DN data of 

Landsat imagery. Calculation of the estimated 

area of SOM in the study area was performed 

using the ENVI 5.1 (Harris Geospatial 

Solutions, USA) by applying the established 

model into Band Math calculation. The 

distribution of SOM maps was created in 

ArcGIS 10.1 (Esri, USA) software. All statistical 

analyses were considered significant at P < 

0.05. The accuracy of the models was tested 

by using the standard error of estimate (SE) 

analysis as presented in Equation [1]. 

SE =  √
Σ(y′−𝑦)2

𝑛−1
                                                 [1] 

where: 

SE   = Standart error of estimate 
y’     = value of soil organic matter from the 

model 
y  = value of soil organic matter from 

laboratory results 
n  = number of samples 

 

RESULTS  

Table 1 are shown the correlation 

analysis between DN data of Landsat 8 

imagery (Bands 2–7) as predictor variables and 

SOM content as criterion variables obtained 

from all sample points were taken in the 

research area and satellite imagery. The value 

of DN of Band 7 has the strongest correlation 

with SOM with a correlation coefficient (r) of -

0.558 and P-value of 0.002 (significant), 

followed by Band 2, 3, 4, and 6 respectively 

which also had a significant correlation to 

SOM. Different results were obtained from the 

Band 5 variable which has a correlation value 

of -0.288 with a P-value of 0.138 which means 

that this variable has no significant correlation 

on SOM. 

The SOM estimation model by SLR 

analysis was used field data of SOM as the 

criterion variable and DN Landsat imagery that 

significantly correlated with SOM as the 

predictor variable. The results of the analysis 

(Tabel 2) indicated that the best model was 

the model with variable Band 7 with a 

coefficient of determination (R2) value of 

0.310.

Table 1. Pearson correlation between soil organic matter (SOM) content and digital number (DN) of 
Landsat 8 OLI imagery. 

 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 

SOM -0.556 -0.553 -0.543 -0.288ns -0.509 -0.558 
P-Value 0.002 0.002 0.003 0.138 0.006 0.002 

Remarks: All correlation coefficient listed are significant (except Band 5) at P < 0.05 level, ns: non-significant  
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Table 2. Linear regression model of soil organic matter content (SOM) and digital number (DN) of 
Landsat 8 OLI imagery. 

Band  Model R2 SE 

B2 SOM = 5.85 – 29.02 B2 0.309 0.49 
B3 SOM = 4.95 – 23.35 B3 0.305 0.48 
B4 SOM = 3.60 – 12.61 B4 0.294 0.48 
B6 SOM = 3.46 – 6.33 B6 0.259 0.46 
B7 SOM = 3.30 – 8.91 B7 0.310 0.44 

Remarks: B2= Band 2; B3= Band 3; B4= Band 4; B6= Band 6; B7= Band 7; SE= Standart Error of Estimate 

The model with Band 6 variable has the lowest 

R2 value of 0.259. The coefficient of 

determination can reflect how strong the 

influence of the dependent variable on the 

independent variable, and it is divided into 5 

categories based on the strength of the 

relationship (Ratner, 2009). The coefficient of 

determination (R2) from the resulting models 

has low-value categories ranging from 0.259 - 

0.310. SE value was generated based on 

Equation [1] in the estimation model is ranging 

from 0.44 to 0.49 with the lowest coming from 

the Band 7 model. 

Table 3 shows the result of the 

combinations of MLR analysis that was based 

on the best subset analysis in the Minitab 17 

application. Through this analysis, a total of 9 

combinations with several band Landsat 8 OLI 

Imagery variable models can be used to 

estimate SOM in the research area. The best 

model of best subset analysis was obtained 

with the combination of 4 predictor variables 

including Band 3, 4, 6, and 7, and it produced 

an R2 value of 39.9, R2 (adj) of 29.5, S value of 

0.51282, and Mallows' CP 4.0 which are 

valued according to the criteria. Based on the 

combination of variables from the Best Subset 

analysis the model is obtained by Equation [2]. 

SOM = 3.79 - 32.5 B3 + 29.3 B4 + 20.7 B6 - 

43.2 B7           [2] 

Table 3. Results of the Best Subset analysis of digital number (DN) Landsat 8 OLI imagery. 

Vars R2 R2 (adj) 
Mallows 

Cp 
S 

Band 

2 3 4 6 7 

1 0.311 0.284 1.3 0.51657     X 
1 0.309 0.283 1.3 0.51726 X     
2 0.359 0.308 1.5 0.50810    X X 
2 0,321 0.266 2.9 0.52307 X    X 
3 0,368 0.289 3.2 0.51476  X  X X 
3 0.367 0.287 3.2 0.51547   X X X 
4 0.399 0.295 4.0 0.51282  X X X X 
4 0.384 0.277 4.6 0.51928 X  X X X 
5 0.400 0.264 6.0 0.52395 X X X X X 

Remarks: X= Variable included in the model; S= Square root of the mean square error (MSE) 

Table 4. Principal Component Analysis (PCA) of 4 predictor variables* MLR Model. 

 PC1 PC2 PC3 PC4 

Eigenvalue 3.9017 0.0594 0.0318 0.0071 
Proportion 0.975 0.015 0.008 0.002 
Cumulative 0.975 0.990 0.998 1.000 

Remarks: * Predictor variable= Band 3, Band 4, Band 6, Band 7 
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The coefficient of determination (R2) of 

the resulting model has a better result than 

the SLR analysis (R2=0.399). Hence, the model 

cannot be used to estimate SOM yet and must 

be followed by PCA analysis to clear the 

multicollinearity that appears in the model. 

The analysis of PCA was performed on 4 

predictor variables of model-based by 

Equation [2] resulted in 4 main components 

(PC) as presented in Table 4. It shows 97.5% of 

data can be accommodated by PC1 

(proportion = 0.975) which means that PC1 

can be used to analyze SOM. This is also 

supported by the highest eigenvalue (3.9017). 

Therefore, a new MLR model is established 

based on the PCA analysis and presented as 

Equation [3]. 

SOM = 3.87 - 5.81 B3 - 3.23 B4 - 1.72 B6 - 

2.22 B7  [3] 

This model has the same capability to estimate 

SOM, which was done by Equation [2]. Both 

equations have the same R2 value but 

Equation [3] has no multicollinearity of the 

predictors. SE value was generated based on 

Equation [1] in the estimation model about 

0.46. 

Table 5 is presented the extent of SOM 

distribution in the study area based on the 

estimation results from the SLR models as 

shown in Table 2. Models using visible light 

bands (Band 2, 3, and 4) and Short-wave 

InfraRed/SWIR bands (Band 6 and Band 7) 

produced an estimation of SOM from very low 

(<1%) to moderate (2.1 - 4.2%). Each model 

resulted from SLR models were produced very 

diverse and different extents each other. For 

instance, invisible light bands the area was to 

be dominant at low-level and moderate-level 

content in a balanced percentage. Whereas by 

the short-wave InfraRed band, SOM was found 

predominantly in low-level content. 

 
Figure 1. The map of soil organic matter (SOM) distribution at Sukoharjo Regency, Indonesia 
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Table 5. Soil organic matter (SOM) distribution by single linear regression (SLR) models in the study area  

Model 
Band 

The distribution area of SOM (ha) 
Total (Ha) Very low-level  

(< 1%) 
Low-level            

(1-2%) 
Moderate level            

(2.1-4.2%) 

B2 118 9,001 8,783 17,901 

B3 117 9,412 8,358 17,887 

B4 78 10,231 7,601 17,910 

B6 1 13,247 4,588 17,836 

B7 15 12,936 4,965 17,916 

Remarks: B2= Band 2; B3= Band 3; B4= Band 4; B6= Band 6; B7= Band 7 

Table 6. SOM distribution by MLR model in study area. 

Band 
Combination 

The distribution area of SOM (ha) 
Total (Ha) Very low-level 

(< 1%) 
Low-level            

(1-2%) 
Moderate level            

(2.1-4.2%) 

B3, B4, B6, B7 70 11,028 6,799 17,897 

Remarks: B3= Band 3; B4= Band 4; B6= Band 6; B7= Band 7 

Based on the MLR analysis model by 

Equation [3], the estimated distribution of 

SOM is presented in Figure 1 and Table 6. The 

estimated SOM content (Table 6) ranged from 

very low (<1%) to moderate (2.1–4.2%), and 

the largest area (11,028 ha) showed low (1–

2%). Figure 1 clearly shows that SOM with 

low-level content area dominates throughout 

the study area, while areas with moderate 

level SOM content are seen to spread, and 

very low-level SOM content areas are hardly 

visible on the map due to the very small 

extent. 

 

DISCUSSION 

This study was demonstrated that the 

SOM content in Sukoharjo Regency can be 

estimated by the DN value of Landsat 8 OLI 

imagery and field data through MLR analysis in 

a moderate reliability fit model. The 

established MLR model determined is 

presented as Equation [3], produced a similar 

result to Sukojo & Wahono (2002) were 

conducted in South Malang using all bands in 

Landsat 7 ETM Imagery to estimating SOM by 

MLR analysis. Another study by Kongapai 

(2007) in Nakhonpratom Province, Thailand, 

also found that the ability of several Landsat 7 

ETM imagery bands (Band 1, 3, and 4) to 

estimating the SOM using MLR analysis.  

The value of R2 of the best model (Band 

3, 4, 6, and 7) was 0.399 (Table 3), which 

indicated that the model can predict the SOM 

content with moderate accuracy (Ratner, 

2009). The moderate-level of accuracy might 

have resulted from the ability of Landsat 

Imagery in predicting the SOM content. As 

stated by Shonk et al. (1991), the ability of 

satellite imagery to examine soil properties 

based on spectral reflectance is strongly 

influenced by several factors including soil 

moisture, soil texture, soil organic matter, 

mineral composition, and the inclination angle 

of satellite sensors. Wu et al. (2009) added 

that a variety of parent material and 

vegetation cover in the research area also 

influence the appearance of errors in the 

estimation results. The condition of the 

research area which is very diverse in terms of 

soil types, vegetation, cultivation systems, and 

a very large observation area might result in a 

decrease in the accuracy of the model in 

estimating SOM. Moreover, Landsat 8 OLI 

Imagery only has 30 m2 spatial resolution that 
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classified as a moderate scale, which also 

contributes to the decreased value of the 

accuracy, even though it is still acceptable for 

measuring SOM distribution on a regional 

scale.  

 The results of the SOM distribution 

based on the MLR model indicated that the 

paddy field area at Sukoharjo Regency was 

placed dominantly on land with low-level SOM 

(Table 6) and exist in all research area as 

shown in Figure 1. The combination of Band 3, 

4, 6, and 7 of Landsat 8 OLI Imagery produced 

the best MLR models for predicting the SOM 

content. This is compatible with the previous 

research from Summers et al. (2011) who 

stated that the SOM content can be easily 

identified through the wavelength of the 

visible light spectrum (Band 2–4) using a soil 

color approach. Several literatures also stated 

that Short-wave InfraRed (SWIR) wavelengths 

(Band 6–7) are commonly used to estimate 

the SOM content of less than 2% (very low-

level and low-level) to avoid confusion of soil 

color caused by soil moisture (Nocita et al., 

2013; Stephens et al., 2004). The SWIR 

wavelength spectrum (1.4–2.5 μm) is more 

sensitive to soil moisture; thus it is more 

widely used in organic material estimation 

(Nocita et al., 2013). Band 2 was not included 

as a significant variable in the estimation 

model because according to the results of the 

best subset analysis (Table 3) the Band 2 

variable reduces the level of accuracy 

(adjusted R2) from the estimation results. 

According to (Department of the Interior 

USGS, 2015) Band 2 of Landsat 8 OLI Imagery 

is mainly used for water surface observation 

and not intended for advanced soil 

observation. 

Each DN value of a Landsat image 

basically has the potential to be used as a 

SOM estimation model using the SLR analysis 

as presented in Table 2. However, each SLR 

model was produced different variations in 

the distribution area of SOM (Table 5). The 

result is indicating the difference of each band 

in estimating the SOM content because the 

sensors of Landsat satellite have different 

sensitivity to brightness level and reflectance 

from an object on the surface of the earth. 

Light soil color (high brightness in the image) 

indicates the low SOM content, whereas dark 

soil color (low brightness in the image) 

indicates the high SOM content (Chen et al., 

2000). The model of MLR analysis to estimates 

SOM content was carried out to obtaining a 

combination of the Landsat 8 bands. So, the 

model can estimate SOM more accurately and 

eliminate the shortcomings of the SLR model. 

Ahmed & Iqbal (2014) revealed that a various 

range of wavelength spectrum is needed to 

access the soil properties characteristics. 

Daendoro (2012) reported that Landsat 8 OLI 

Imagery is multispectral imagery with several 

bands, and each band is complementary in 

providing information.  

Although our model from the MLR 

analysis can perform estimating the SOM 

content in Sukoharjo Regency, it might not be 

practical because Landsat Imagery is not a 

high-resolution imagery (30-m resolution); 

thus it is very difficult to visualize the SOM 

distribution in detail as in Indonesia the 

average of the farmers only own 250m2 paddy 

field area. We might be able to detect within-

field spatial variability in the SOM content by 

using high-resolution imageries including 

PlanetScope (3-m resolution) and SkySat 

(0.72-m resolution). However, attention 

should be paid to the estimation accuracy 

because of the differences in the available 

bands. Therefore, there must be further 

research on the estimation model constructed 

from high-resolution imageries whether they 

are suitable if applied at a different place and 

time from the time of observation.  
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CONCLUSION 

The SOM distribution in the paddy field 

of Sukoharjo Regency, Indonesia, can be 

estimated using the combination of bands 3, 

4, 6, and 7 from Landsat 8 imagery through 

Multiple Linear Regression analysis. The 

estimated SOM content ranged from very low 

(<1%) to moderate (2.1–4.2%), and the largest 

area (11,028 ha) showed low (1–2%). These 

results of the research might be useful for 

enhancing precision agriculture farming 

systems and assist other scientists with a basic 

method that could be improved to get more 

better results. 
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