
  

 

Abstract—LANDSAT TM 5; band 1-3-4 was used to predict 

soil organic matter contents in central plain of Thailand: 

Nakhon Pathom province as a representative area. There were 

135 plots from several agricultural land use; paddy fields, 

sugarcane and fruit orchard. Y=3.926+0.0176 X1-0.0117 

X3+0.0476 X4 (R
2
=0.357) was the result from the interpolation 

method at RMSE=0.95. The soil organic matter map was build 

up via Geoinformatics techniques with additional data sources. 

These techniques include organic matter models and qualitative 

methods. Finally, validation methods used to assess the 

accuracy of maps produced with image data are discussed. It is 

concluded that a general lack of validation data is a main 

concern. Validation is of utmost importance to achieve regional 

operational monitoring systems, and close collaboration 

between the image data and field-based soil scientists is 

therefore required. 

 
Index Terms—Geoinformatics, soil organic matter, inverse 

distance weighted. 

 

I. INTRODUCTION 

Thailand (total area: 513,115km2) covers much of the 

central, southern, and western parts of mainland Southeast 

Asia. Central of Thailand comprises the flat plains of the 

Chao Praya River Basin. An area ideal for paddy filed [1] in 

order that the soil resource is the important factor. Soil 

organic matter (SOM) is an extremely important component 

of soil. It provides nutrients for crops as it decomposes and 

contributes to the cation exchange complex necessary for 

holding applied nutrients in the soil. Soil aggregation is 

improved by increased organic matter content and hence has 

a role in maintaining soil structure, drainage and aeration all 

of which are necessary for good crop yields. SOM also plays 

a role in increasing moisture retention and consequently the 

drought tolerance of the crop [2]. The organic matter in soil 

derives from plants and animals. When the organic matter has 

broken down into a stable humid substances that resist further 

decomposition it is called humus. Thus SOM comprises all of 

the organic matter in the soil exclusive of the undecayed 

material. Therefore, sufficient SOM will help increasing 

yield of plants because organic matter acts as a major source 

in absorbing and releasing soil nutrients to plants during their 

growth stage. The organic matter was decreased by 

agricultural practice; mono crop; pesticide eradication; and 

economic growth. All causes influence to high and rapid loss 

of nutrients which are not renewable by the natural process. 

In addition, various technologies for plant production are 
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applied such as improvement of plant breeding for high crop 

production, short-term cultivation, all-season cultivation, and 

irrigated system management. These factors lead to more 

rapid loss of soil nutrients. However, utilization of fertilizer 

synthesized by human in various types and quantities 

according to their needs would lead to higher cost of 

production as well as affect the quality of the cultivation area 

[3]. Soil qualities in Thailand were loosed of such as organic 

matter and plant nutrients under different types of soil 

management [4]. Nakhon Pathom province is in central plain 

of Thailand that was many land use activities and also various 

agricultural land use type. Thus, this province was an 

interesting site to estimating soil organic matter. 

Geoinformatics is a science which develops and uses 

information science infrastructure to address the problems of 

geosciences and related branches of environmental 

management [5]. This research aimed to study soil organic 

matter contents to analyze spectral reflectance particularly of 

agricultural land by Geoinfromatics such as Global 

Positioning System/ GPS [6], Remote Sensing (satellite data: 

LANDSAT TM 5) and Geographical Information System/ 

was analyzed in relation to soil organic matter, which the data 

were interpolated by means of the Inverse Distance Weighted 

(IDW) [7] method for estimate soil organic matter. Beside, 

the Root Mean Square Error (RMSE) method was applied to 

validate the IDW. The results were illustrated by SOM maps 

of study area. 

 

II. METHODS 

A. Soil Property Analysis 

Nakhon Pathom was selected as sampling site of the 

central plain of Thailand. 135 plots (120 sampling plots, 15 

reference plots) were covered with paddy fields, sugarcane 

fields and fruit orchards. Each soil plot, 1 composite sample 

(0-30cm.) was collected soil properties analysis. We used 

LANDSAT TM 5 data in same date that collect the soil. The 

soil properties were analysis as follow color by USDA soil 

manual, texture by hydrometer method, soil reaction by pH 

meter (1:1), soil moisture by saturation percentage 

hydrometer method, and soil organic matter were analyzed 

by Walkley and Black Method [8]. 

B. Data Manipulation 

Co-ordination sampling site data from filed sampling and 

soil properties analysis were in put to Geospatial Image 

processing with ERDAS IMAGINE which LANDSAT TM 5 

for find out the relationship between spectral reflectance and 

SOM content. Multiple regression analysis method was use 

to find the relationship between digital number value from 
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Image data (band 1-5 and band 7) and OM. Geostatistical 

Analysis Extension of ArcGIS was manipulated Spatial 

Interpolation Method: Inverse Distance Weighted (IDW) for 

estimating of SOM and illustrated by SOM maps. Root Mean 

Square Error (RMSE) method was applied to validate the 

IDW for estimate soil organic matter. 

 

III. RESULTS AND DISCUSSIONS 

A. Soil Properties 

Soil representative of this study as show below: 

1) soil organic matter: fruit orchard and sugarcane field 

were medium while paddy filed was moderately high, 

2) soil reaction: fruit orchard and sugarcane field were 

neutral but paddy filed was slightly to medium acidic, 

3) soil color: all land use were very dark brown to black, 

4) soil moisture: sugarcane field and paddy filed was 0-10 

% of soil moisture while fruit orchard was 0-10 % and 

10-20 % of soil moisture, 

5) soil texture: fruit orchard and paddy filed were 

fine-texture while sugarcane field was fine-texture and 

coarse-texture. 

The landform of study area was divided into 3 types; 

former tidal flats, flood plains, and alluvial terraces. The 

materials have high uniformity of texture (clay, silt and sandy 

clay) covering the majority of the fields and affecting soil 

fertility. Paddy field soil was found to be suitable for plant 

growth as same as fruit orchard which have a moderately 

high level of soil organic matter content. Sugarcane soil was 

different from the other two areas, because sugarcane 

cultivation absorbs more nutrients. However, some soil 

samples of each of land use had low values because of 

lacking of land improvement and mono-crop rotation. 

B. Relationship between Spectral Reflectance Factors and 

Soil Organic Matter Content 

Multiple regression analysis method was use to find the 

relationship between organic matters and digital number 

value from LANDSAT TM 5 data (Fig. 1). Six independent 

variables and soil organic matter content revealed a negative 

correlation (R=-0.257, -0.158, -0.074, -0.274, -0.268 and 

-0.208, respectively), with quite low rates of relationships 

among independent variables and the dependent variable. 

Correlation coefficient value between soil organic matter and 

band 4 was -0.274. The relationships were low because the 

distortion of spectral reflectance value was due to the plants 

coverage over the area and researchers could not collect soil 

samples after harvest period due to 3 agricultural land use 

(paddy fields, sugarcane fields, fruit orchards) are different 

harvest periods. This point affect to the inaccurate value of 

spectral reflectance. Finally, Normalized Difference 

Vegetative Index (NDVI) found that values indicated 

non-vegetated as 43.2 % and values indicated vegetated as 

56.8 % with spectral confusion. 

C. Soil Organic Matter Content Forecasting Models 

The independent variables were used in stepwise 

regression analysis, the output showed the frequency of band 

1 (X1), band 3 (X3) and band 4(X4) which is employed into 

the model with statistical significant level at 0.05 (F < 0.05) 

as shown in (1): 

 

         Y=3.926+0.0176 X1-0.0117 X3+0.0476 X            (1) 

 

From mathematic model, multiple correlation coefficients 

(Table I) were 0.570 (R) while coefficient of determination 

(R2) was 0.325. Soil organic matter content (Y) could be 

explained through independent variables band 4 (X4), band 1 

(X1) and band 3 (X3) by 32.5 percent. The error of model was 

1.08631. 

 

 
Fig. 1. LANDSAT TM 5 data covered paddy field, sugarcane field, and fruit 

orchard areas. 

 

TABLE I: STATISTICAL OUTPUT OF REGRESSION MODEL (1) 

Model Independent 

variable 

Unstandardized 

Coefficients 

Standardized 

Coefficients 

Significant 

(Constant) B Stand 

error 

Beta T 

No.  3.926 1.908 - 2.058 0.042 

1 Band 1(X1) 1.760E-02 0.037 0.084 0.476 0.635 

2 Band 3(X3) -1.17E-02 0.021 -0.094 -0.549 0.585 

3 Band 4(X4) -4.76E02 0.007 -0.572 -6.420 0.000 

R = 0.570, R2 = 0.325, F = 15.431, Sig. of F = 0.000 

 

According to the result found that remote sensing 

capabilities and their application for detecting soil organic 

matter can related in general soil reflectance was low but 

increases monotonically with wavelength through the visible 

and near-infrared portions of electromagnetic spectrum [9] 

which soil organic matter has been correlated with visible 

and NIR reflectance in many studies [10], [11]. Soil organic 

matter has been related to reflectance data collected over 
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agricultural fields in several studies [3], [12], [13]. 

D. Interpolation Method and Validation 

Soil organic matter was estimated by spatial interpolation 

method using inverse distance weighting (IDW) and Spatial 

Analyst Extension. Based on the Inverse distance weighting, 

the nearby values contribute more to the interpolated values 

than distant observations. In other way, the influence of a 

known data point was inversely related to the distance from 

the unknown location that was being estimated. The 

advantage of IDW is that it is intuitive and efficient. 

Selecting an appropriate spatial interpolation method is 

important [14]. The appropriate equation from multiple linear 

regression models was build grid point for manipulate the 

digital number and interpolate organic matter map (Fig. 2). 

The final grid point can refer to soil organic matter and map 

(Fig. 3). 

 

 
Fig. 2. Grid point in field study. 

 

Finally, the validation test was the last step of interpolation 

in order to ensure accuracy before using map. The 

interpolations were a cross validation for methods where the 

interpolation error, root mean square error (RMSE) that will 

judge the effectiveness of method in reproducing the original 

data set. The least root mean square error (RMSE) could 

prove that the model result was correct. Statistical evaluation 

methods, such as regression parameters and root mean 

squared error (RMSE) represented as a percentage of the 

observed mean values. The RMSE value was 9.98. The 

results show that, with some ground truthing, aerial hyper 

spectral imagery can provide useful information for SOM 

estimation. Result estimating validation could be verified by 

the reference. It found that RMSE = 0.95 which the least 

value it means that interpolating surfaces in ArcGIS Spatial 

Analyst Inverse Distance Weighting. 

 

IV. CONCLUSION AND RECOMMENDATIONS 

The relationship between spectral reflectance and soil 

organic matter content were from band 1 (X1), band 3 (X3) 

and band 4 (X4). It found that there are 3 independent 

variables at significant statistical level 0.05 (F<0.05). The 

multiple correlation coefficients was 0.570 (R), while 

adjusted R2 was 0.325. 

This model had predicted an error of 1.08631 which 

related to soil reflectance in remote sensing theory. In general 

soil reflectance was low but increased moronically with 

wavelength through the visible and near-infrared portions of 

electromagnetic spectrum. Thus, the study result found that 

the bands that could reflect organic matter are band 1 (X1) 

and band 3 (X3) in visible wavelength and band 4 (X4) in 

near-infrared wavelength which matched the theories. 

It was found that relationship between spectral reflectance 

and soil organic matter content for soil reflectance in the 

agricultural area were not high because the digital number of 

image processing each pixel had moderately high intensity 

value (represented by a digital number), which caused 

spectral confusion, masking different organic matter level, 

where, the type and abundance of vegetation cover. 
 

 
Fig. 3. Map of SOM in study area by IDW method. 

 

The lesson learns from this research were 1) lack of 

specific absorption bands of some soil properties and 

occurrence of spectral confusion, and 2) low spectral 

resolution of satellite bands. Soil organic matter represents an 

increasing environment, especially in pain area. This calls for 

estimating to support timely decision making on land 

management, reclamation, and rehabilitation. Estimating soil 
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organic matter is greatly enhanced when using multispectral 

Remote sensing data and Geoinformatics, which however 

need transformation before being used for Identification and 

change detection. Detecting and assessing change between a 

current and a past situation involve uncertainties about 

likelihood, nature, and magnitude of the changes, which can 

be solved using expert knowledge. The best estimating 

results are obtained when integrating Geoinformatics with 

filed and laboratory data. In this regard, Geoinformatics offer 

the advantage of integrating data of diverse nature in terms of 

scale time, source, and structure. It is the research’s challenge 

to identify the most appropriate ground and Geoinformatics 

techniques can be applied to extract information in an 

accurate and cost-effective manner [15]. Therefore, the next 

research should be consider in soil properties which are used 

as factors in the equation, because soil reflectance properties 

depend on numerous soil characteristics, such as mineral 

composition, texture (particle size), structure (surface 

roughness), percentage of organic matter, and moisture 

contents [16]. These factors are complex, variable, and 

interrelated. Mineral composition, organic matter and 

moisture content which are the main factors governing 

spectral absorption of radiation and collection of the soil 

samples should be widely distributed with more areas of 

sample collection because interpolation method makes 

assumptions of how to determine the estimated values for 

more accuracy and reliability. 
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