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Abstract: Recently we see the rapid development in Remote Sensing and Data Mining .It has free various real 

life applications in several domains such as Urbanization &transportation, National Resource Management, 

National Security and Agriculture is one of them. This review highlights the precedence of Remote Sensing, and 

Data Mining techniques for examining the soil properties .As we know soil is a vital part of the environment, 

survival and humanistic welfare .Soil is formed by minerals, organic matter and living organism components. 

Soil prediction is dependent on the soil substances. Soil physical, Biological and chemical properties plays a 

very significant role in agricultural field. Accelerated low cost and predictable assessment of soil quality under 

agricultural management is necessary to accomplish convenient observation of the effects of various 

management practices on soil conditions to avoid soil degradation and ensure feasible soil productivity and 

also soil security. Here we represent all remote sensing and data mining techniques for analysis of soil 

characteristics and data classification.
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I. Introduction 
Remote Sensing is nothing but the acquire information about earth surface features without physical 

contact with it. Whereas Data Mining is a study of investigating extensive previous available databases in order 

to propagate new information. Observing soil quality is a vital question for a sustainable evolution of economy. 

Soil is a natural resource it is linked with human life .The definition of Soil is a living, breathing, naturally 

occurring dynamic system at the interface of air and rock. Soil forms in response to forces of climate and 

organisms that act on parent material in a specific landscape (topography) over a period of time. soil quality 

presenters are Physical, Biological and Chemical properties. Which are used to monitor advances in soil. Soil 

quality presenters are important to evaluate soil management practices and techniques, it predicts the future 

valu8e of soils for agricultural, forestry and also describe soil quality to that of other resources. Soil is composed 

of minerals (Sand, Silt and Clay), water, air, organic matter, and countless organisms that are the decaying 

remains of once-living things. Soil is a critical part of successful agriculture and is the original source of the 

nutrients that we use to grow crops. Soil is having need of Macronutrients& Micronutrients for crop production. 

The nutrients required by the plants in substantial volume. These are Carbon, Hydrogen, Oxygen, Nitrogen, 

Phosphorus, Sulphur, Calcium and Potassium are obtained from air sodium are present which are required by 

higher plants .A lack of any one of the micronutrients in the soil can limit growth, even when all other nutrients 

are present in adequate amounts.[1]So to predict available nutrients percentage or also efficiency of nutrients we 

required some classification techniques which are available in remote sensing ,GIS and data mining. Remote 

Sensing and GIS gives us hyper spectral non-Imaging spectroscopy technique which is low cost ,time 

consuming ,fast ,and easy to use .It can be used to resolve soil nutrient status ,available soil balance property, 

maintain soil fertility ,decrease nutrient loss, and also helps in to reduce the environmental pollution. The 

ultraviolet (UV), visible (VIS), near infrared reflectance (NIR), and mid infrared (MIR) spectroscopy techniques 

used to determine the phosphorus in soil samples .New various approaches in spectroscopy have provided 

modern approaches to resolve the absorption of components in a discrete scope of agricultural 

products.[2]Various algorithms are present for the measures of near infrared spectra in soil study .It is 

successfully predict the Carbon and Nitrogen derived from various sources in soil .Reflectance wavelength 400-

1300 nm is sensitive for organic C. In this they used VIS-NIR Spectroscopy as an alternative technique to 

predicting the soil aggregate stability indexes. It is similar to the some basic properties of soil. It is study of 

various soil types which are correlated to organic carbon content for soil aggregate stability indexes. The utility 

and applicability of Lab VIS-NIR Spectroscopy as an alternative method for soil aggregate stability indexes 

estimates.[3]They suggested that the soil of the oasis-desert ecosystem has low soil water, high concentrations 

of salt and a structuralizes soil with very low organic matter, but concentrations of soil nutrients increased and 

improvement occurred after land use shifts from natural land uses to cultivation.. The four natural lands have 

distinct soil characteristics, which should be considered during the process of soil reclamation.[4]In this study 
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they introduces a tractor-driven me reflectance spectroscopy (Vis–NIRS) encounter preliminary and carefulness 

agriculture requirement , where the SOC variability among the experimental plots was pointedly induced.[5] 

 

 
Fig1: Soil Profile 

 

This study underscores the potential application of reflectance spectroscopy as a reliable diagnostic 

screening tool for assessing soil quality. Classification of soils into spectrally characterizes substances produce a 

support for partially accurate and denotative interpretation for developing SSQI. This study proposes a 

framework for the use of VIS–NIR–SWIR spectroscopy as a tool for assessing soil quality. [6]The carbon (C) 

and nitrogen (N) in soils are crucial to a number of natural processes related to soil health and fertility. 

Understanding of the processes which are responsible for soil carbon and nitrogen changes with respect to land-

use change and land management activities requires frequent measurement The Evaluation potential of near-

infrared reflectance (NIR) spectroscopy used to resolve the carbon and nitrogen content in soils and also the 

efficacy of NIR spectroscopy on the prediction of carbon and nitrogen content in Indian soils is highly reliable 

or Water content in soil samples could affect the NIR absorbance spectra and it affects the quantification of 

carbon and nitrogen.[7]This study evaluated the efficiency of VIS–NIR spectroscopy and chemo metric analysis 

for rapid and cost-property evaluation of soil quality indices. VIS–NIR spectroscopy can be used as a 

reproducible approach for observing the goods of agricultural management on soil quality and there is no good 

reason to progress to the development of field instrument methods to permit large area, high density monitoring 

to address soil threats related to agricultural production. and also reported results of Carbon(C),Moisture 

content(MC) ,pH and Phosphorous.[8]They examine the ability of reflectance spectroscopy to predict some of 

the most important soil specification for irrigation such as field capacity (FC), wilting point (WP), clay, sand, 

and silt content. The raw reflectance data gave better results for FC and WP; while first order derivative data 

gave They select the wavelengths according to the highest positive and negative correlations between soil 

property and raw reflectance or first order derivatives. predicting soil properties using spectral reflectance data 

.Aim of this was the models which are developed by infrared spectroscopy could be use to evaluate organic 

carbon content(C) ,total nitrogen content (N) and the C:N ratio in the particulate organic matter (POM) and 

particle size fraction samples of Brookston clay loam. So that the results demonstrate that both MIR and NIR 

techniques can be used as different techniques for supposing organic C and total N in the POM and particle size 

fractions of soil elements . Anyhow ,the NIR model is more appropriate for supposing organic C and N in POM 

ad sand fractions than the MIR model ,When the MIR model is exclusive to the NIR model for estimating 

organic C in silt and clay fractions and N in clay fractions.[10]This study estimated an in-field near infrared 

(NIR)instrument to forecast the contents of total nitrogen (TN) ,organic carbon (OC) ,potassium (K), sulphur 

(S), phosphorus (P), pH, and electric conductivity (EC) in soil vineyard data . Soil data were study estimated an 

in-field near infrared (NIR) instrument to forecast the contents of total nitrogen (TN) ,organic carbon (OC) 

,potassium (K), sulphur (S), phosphorus (P), pH, and electric conductivity (EC) in soil vineyard data . Soil data 

were investigated using a portable NIR spectrophotometer (ASD Field Spec III, 350–1800 nm). [11]As we see 

Mid-infrared diffuse reflectance spectroscopy can provide very rapid, cheap and approximately specific 

prognosis for a number of soil characteristics . Maximum studies have established that it is probable to evaluate 

chemical properties which are related to surface and solid material composition. They concluded that the 

physical and mechanical properties can be related back to the fundamental soil properties such as clay content, 



Remote Sensing and Data Mining Techniques Applied on Soil Characteristics Data Classification 

International Conference On Recent Advances In Computer Science, Engineering And Technology       85 | Page 

carbon content, cat ion exchange capacity and bulk density and also NIR spectroscopy used to predict 

Nitrogen(N),Phosphorus(P),Potassium(K),Organic Matter(OM) and pH content in a loamy mixed soil data.[12] 

 

1.1. Accessing Reflectance Information From Soil 

To acquire reflectance information from the VNIR-SWIR region, several sensors, methods, protocols 

and platforms are used. Basically, the VNIR-SWIR sensors contained tools these are filters, grating, prisms, 

interferometer, etc. they divide the measured radiation into specific wavelengths, certain detectors which are 

sensitive to various regions, and various other optional optical components such as lenses, collimators, beam 

splitters, integrating spheres, optical fibers, etc... The radiation source is particularly us as a tungsten halogen 

light bulb at the time of recording spectra under laboratory conditions, and the sun when recording spectra in the 

field. These sensors are mostly regularly calibrated to provide the radiance values but in practice, the reflectance 

is calculated against a white reference target (Spectral on) that is assumed to reflect 100% of the radiation in the 

sample geometric configuration. There are two types of sensors one is point and another is image sensors. The 

point sensor records a single spectrum of the target with a line-array detector although averaging the mixed 

information of all components within the sensor’s field of view. The size of the single pixel being measured 

depends upon the optics and the distance from the target. The image sensor provides data similar to the point 

sensor except that an area-array detector is used that enables the acquisition of spectral-cube information 

constructed from spatial and spectral views of the area (target) in question. Image sensors usually have lower 

spectral resolution as well as lower signal-to-noise ratio, as the integration time over the targets is less than in 

the point spectrometer measurements. Laboratory sensors are more accurate, with higher spectral resolution and 

a better signal-to-noise ratio: the integration time is long and the geometric scheme is constant. They usually 

include a sample holder and a stable light source. Field sensors are generally battery-operated and are less 

accurate than laboratory sensors. [8][13] 

 

 
Fig2: Working of ASD Spectrometer 

 

II. Reflectance Spectroscopy To Achieve Heavy Metals In Soil 
To monitor the enlargement of heavy metals effectively and escape the illness to the health of 

agricultural soils, a favorable access is to presume low concentrations of heavy metals in soils using visible and 

near infrared (VNIR) reflectance spectroscopy coupled with calibration techniques. The objective of this is 

compare the performance of a combination of partial least squares regression with genetic algorithm (GA-

PLSR) against general PLSR for predicting low concentrations of four heavy metals (i.e., As, Pb, Zn and Cu) in 

agricultural soils.[14]The distinguishing attribute of the original reflectance data were correlated with models 

borrowed from first and second derivatives of the reflectance data. The results indicate that the models copied 

from the first derivative of the reflectance data evaluate heavy metals extremely more precisely than model 

derived from the original reflectance. It was also found in this study that there is no need to use second 

derivative for modeling heavy metal soil contamination. Finally, the results indicate that assessment were of 

greater efficiency for arsenic and lead compared to other heavy metals, while the assessment for silver was 

found to be the most specious.[15] Reflectance spectroscopy Visible –Near Infrared (VIS-NIR)is used to 
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estimate soil heavy metals such as concentration of Cobalt present in certain samples of soil .[16]also VNIR 

ranges are used to evaluate Content of arsenic in soil fragment.[17] For recognition of content value of arsenic 

in soil samples we used Normalized Difference Spectral Index .[18][22]NIRS and DRIFT are useful to 

successfully evaluate Iron, Cd, Cu, Ni, and Zn .[19]This discovery is consistent with Cr ,Cu Zn and As have 

important correlations with Fe2O3,Al2O3 and TOC but Cd ,Pb and Hg only display a powerful correlation with 

TOC.[20] Concentration for As,Cd,Cu,Fe,Hg ,Pb,S,Sb and Zn predicted using VNIR.[21]Reflectance 

Spectroscopy is a tool to study Concentration of Iron (Fe) ,As and Cu in soil fragments from the field .[23] 

Range of reflectance spectroscopy (400-2500) estimate the impurity for Mn ,Pb, and Zn for Ni and Cr but not 

give the result for Fe ,Cu ,Cd,Ec,and pH.[24] 

 

III. Quantitative Measurement Of Spectroscopic Data 
The data which is collected by spectroscopy called as Spectroscopic data. It is present in multivariate in nature. 

There are two approaches are available to study spectroscopic data those are 

1) Supervised, and 

2) Unsupervised  

 

Therefore the first approach is valid for the IR region by using selected wavebands and pre-treatment to 

inhibit saturation, the second represents the case of reflectance spectroscopy across the VNIR-SWIR region. For 

that purpose, multivariate statistical techniques (also called chemo metrics) are required to abstract the 

information about the quality attributes that is invisible within the spectral information. Especially, this involves 

regression techniques coupled with spectral pre-processing. 

 

3.1 Preprocessing 

Spectral pre-processing techniques are used to extract any inappropriate information which cannot be 

handled properly by the modeling techniques. The pre-processing techniques include averaging, centering, 

smoothing, standardization, normalization and transformations, among others. Some of the most common pre-

processing techniques are presented here. 

 

3.2 PLSR (Partial Least Square Regression) 

Introduced in 1983 by Wold et al., partial least squares regression (PLS) is similar to PCR, but in PLS 

the PCs are constructed such that they include the chemical reference (Y variables, dependent data) in the 

calculation process. This technique orders the PCs according to their relevance for predicting the dependent 

variables, rather than to their description of the most variance of the spectral data. This method excels when the 

For the PLS analysis the wavelengths contributing most to the prediction model are found in the VIS (maximum 

at 650 nm), around the water absorption features (1400 nm and 1900 nm), and in the SWIR region (2212 nm). 

The optimal balance between model complexity and predictive power was found for 2 latent variables. 

Dependent data (X variables) express common information, as usually happens in spectral data. The required 

number of PCs is typically smaller than that in a PCR calibration model for similar model performance [16]][22] 

[24][25][26][27] 

 

3.3 MSC (Multiplicative Scatter Correction) 

Multiplicative scatter correction (MSC) is one of the most commonly used normalization techniques. In 

MSC, the light scattering is estimated for each sample relative to an ideal sample obtained by averaging the 

complete wavelength range of the data set. Each spectrum is then corrected such that all samples appear to have 

the same scatter level as the reference spectrum.[13] 

 

3.4 Continuum Removal 

The continuum is the background absorption on which other absorption features are superimposed. The 

spectrum is divided by a convex hull that is fitted over it. Straight-line segments were fitted to these points and 

the continuum-removed (CR) spectrum was calculated by dividing the original reflectance values by the 

corresponding values of the continuum line. [26] [27] 

 

3.5 Derivatives 

Derivation is often used to remove baseline shifts and superposed peaks. Second-derivative spectra can 

correct for both additive and multiplicative effects (like MSC). Takes the first derivative of the data. The 

algorithm uses a specified gap distance to skip that number of points to take the differences instead of adjacent 

data point. They are usually calculated according to the Savitzky-Golay algorithm the parameters of the 

algorithm (interval width, polynomial order) should be carefully selected to avoid amplification of spectral 

noise. [10][29] 
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3.6 Spectral Mixture Analysis 

Spectral mixture analysis (SMA) is a widely used method to determine the sub-pixel materials that 

fundamentally contribute to the spectral signal of mixed pixels. This is of particular importance for obtaining 

quantitative estimates of distinct materials, a typical application of remote sensing hyper spectral data. SMA 

aims to decompose the measured reflectance spectrum of each pixel into the proportional spectral contribution 

of so-called end members (EMs). In recent years, many authors have proposed and used a more complex model, 

in which both the number and the set of EMs vary dynamically on a per-pixel basis; this has become known as 

multiple EM SMA (MESMA). The idea consists of restricting the large set of possible EMs to a small set of 

better suited EMs, which can be different for each pixel, thereby allowing an a EMs. An improved strategy, 

called variable MESMA (VMESMA), allows segmentation of the image to increase flexibility and accuracy 

curate decomposition using a virtually unlimited number of EMs. An improved strategy, called variable 

MESMA (VMESMA), allows segmentation of the image to increase flexibility and accuracy.[13] 

 

3.7 Modeling 

Modeling refers to relating a set of spectral parameters that are derived from the spectral information 

(before or after the aforementioned pre-processing treatment), to the real chemistry of the material in question. 

This is done by using a set of well-known samples as a training group. The data are divided into three groups: 

training, validation and test. The relationship between the chemistry and the spectroscopy data is found via the 

training group and simultaneously cross-validated by the validation group. Finally, the model is applied to the 

test group, independent of the training and validation process. Multivariate regression techniques are modeling 

methods that search for the relationship between two matrices: the spectral data matrix that can be very complex 

due to large amounts of data (X variables, the independent data), and a specific chemical reference value data 

matrix (Y variables, the dependent data).[10][28] 

 

3.8 MLR (Multiple Linear Regressions) 

Multiple linear regressions (MLR) are a classical method that creates a linear combination of the 

spectral values at every single wavelength to correlate as closely as possible to the dependent reference values. 

The regression coefficients are estimated by minimizing the error between predicted and observed response 

values in a least squares sense. MLR models typically do not perform well with spectral data because spectral 

data usually exhibit high co-linearity, noise and more variables, i.e. more spectral bands, than measured 

samples.[21] 

 

3.9 PCR (Principal Component Regressions) 

Principal component regression (PCR) is a combination of principle component analysis (PCA) and 

MLR. The independent data matrix (spectral data) is transformed by PCA, and the first few principal 

components (PCs), which represent most of the independent data variance, are used as inputs for the MLR 

model instead of the original spectral data. The advantage over standard MLR is that PCs are uncorrelated, and 

the noise is filtered. The first few PCs are usually sufficient for a robust model and over-fitting issues can be 

eliminated. Although PCR consists of the two most studied multivariate methods (PCA and MLR), the major 

criticism against it is that the PCs (several first PCs) selected for the MLR input are not necessarily the best 

predictors for the reference data. There is no guarantee that the first PCs will include the spectral data related to 

the specific dependent variable that needs to be modeled.[10] 

 

3.10 ANN (Artificial Neural Networks) 
These are based on their ability to “learn” during a training process where they are presented with 

inputs and a set of expected outputs. The basic structure of an ANN consists of three layers of “nodes” or 

“neurons”: an input layer (i.e. spectral data or PCs), a hidden layer (which can consist of one of more nodes), 

and an output layer (which combines the outputs of the hidden layer into a single output). The node is a 

fundamental processing unit; each node has a series of weighted inputs, either from an external source or the 

output from other nodes. The inputs to the node are analogous to synapses, and the weights correspond to the 

strength of the synaptic connection. The sum of the weighted inputs is transformed with linear or nonlinear 

transfer functions, a popular nonlinear transformation function being the sigmoid function. The learning (or 

training) is an iterative process in which the resultant output is compared to the provided expected output, and 

an algorithm adjusts the weights accordingly. This method was first tested in the field of spectroscopy on 

simulated data. [21] 

 

3.11 Stepwise Regression Results 

Stepwise regression analysis methods commonly used to identify the wavebands sensitive to a certain 

chemical constituent, and to demonstrate these wavebands has a good correlation with the concentration of a 
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certain chemical constituent. Accordingly, we can use these determined locations of the wavelength (band 

values) to estimate the concentration of a certain chemical composition. However, there are two aspects of 

deficiency: firstly, there exists over fitting phenomenon in establishment of regression model. This phenomenon 

mainly appears while the sample size is less than the amount of wavebands. Then spectral reflectance values 

may not correlated with certain chemical composition while its noise pattern may be related to certain chemical 

composition.[29] 

 

IV. Analysis Of Soil Elements Using Data Mining 
Data mining is the technique to disclose impressive knowledge from huge amounts of data. It is the 

procedure which gives its results in exploration of new patterns in vast data set. The important objective of the 

data mining procedure is to abstract knowledge from a current data set and reconstructs it into a people 

intelligible evolution for further use. Data mining work can be classified into two categories: 

 

1] Descriptive data mining and 2] Predictive data mining. 

Descriptive data mining tasks represent the general characteristics of the data in the database although 

Predictive data mining is used to describe precise value based on patterns resolved from well-known results. As 

we know soil is a crucial element. Beyond it we wouldn´t be capable to grow plants, which are used as basic 

need or food for both humans and animals for living life. Most of the peoples are depends on agriculture for its 

livelihood. It Means agricultural development are increase day by day .Quantity of data are increased means it 

requires spontaneous techniques to extract the useful information when it needed. As we see very less farmers 

are known or using the new approaches, devices, tools, techniques of framing for prominent production. A very 

few farmers are actually using the new methods, tools and technique of farming for better production. Data 

mining can be used for predicting the future trends of agricultural processes. So, for the predicting future trends 

we have need for some classification techniques which are presented in below. 

4.1 Bayesian classification is used for soil texture classification, it measures the relationship between soil 

science and data mining classification technique .These classifiers are statistical classifiers. It is used to 

conclude class membership probabilities like just as the probability which given tuple belongs to a particular 

class .the classification which used in this that is naïve Bayesian Classifier .It is equivalent in performance with 

decision tree and other selected classifiers such as neural network. [30] 

 

4.2 This Rule-Based classification technique is used to classify soil texture such as coarse-grained soils (2) 

fine-grained soils and (3) highly organic soils. This technique represented as a set of IF-THEN rules .In this we 

firstly examine how these rules are used for classification then also study the approaches in which they can be 

generated that is either from a decision tree or precisely from the training data using a sequential covering 

algorithm.[35] 

 

4.3 The decision tree algorithms consist of Genetic Algorithm, The decision tree induction is the study of 

decision trees from class –labeled training tuples, It is a just like as flowchart tree structure, where each internal 

node means non –leaf node which represent a test on an attribute, each branch denotes an result of the test, and 

each leaf node or terminal node control a class label. Genetic Algorithm is a method used for expansion and 

also it called research technique which uses techniques based on biological transformation .such as mutation, 

selection and inheritance .There are variety of applications in which genetic algorithms have been widely used 

for development and knowledge diagnosis. such as agriculture .In agriculture it is used for are used to 

investigate soil characteristics such as Depth, Sand, Silt, Clay, Sandbysilt, Sandbyclay, Sandbysiltclay, Texture 

Class .GA gives some unique features other than other tree algorithms and also it gives prominent results on 

various difficult problems.[40] 

 

4.4 The technique Fuzzy Classification Rules are used to represent soil chemical properties like pH.,EC,it is a 

technique which was proposed to represent management of data and information preparation ,non statistical 

unpredictability. It is statistically used to represent unpredictability, ambiguity and also provide prescribe tools 

for dealing with the impression intrinsic to various problems. [36][40] 

 

4.5 The unsupervised classification algorithm Fuzzy C – Means are used to evaluate soil macro nutrients and 

soil micronutrients like Phosphorous ,Potassium, Iron, Zinc, Manganese, Copper, Boron. In this technique class 

labels are unknown. It is used to deal unsupervised data with unpredictability. the main motive of this algorithm 

is to group the objects into clusters which are based on their observable features in that each cluster contains 

objects which contribute some of the important properties.[31][32][33]In data mining domain various 

techniques or decision algorithms are available to use for solving different problems related to soil data 
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classification. These techniques and decision algorithm are discussed by various researchers are presented at 

below in Table 1. 

 

Table01. Different Techniques Used By Different Authors For Soil Data Analysis 

 Sr.No  Author, Year & Reference  Data Mining Classification Technique, Algorithm 

    ID         

 1   PremKumar Chandrakar, Sanjay    Bayesian Logistic Regression, ayes HNB, Naïve  

    Kumar and Dewashish    Bayes,Tree:classifiers.trees.Id3,classifiers.trees.NBTree,classifie  

    Mukherjee,2011    rs.trees.J48,classifiers.trees.Decision,classifiers.trees.BFTree,cla  

    [30]    ssifiers.trees.RandomTree,andRule:classifiers.rules   

 2   P.Bhargavi,Dr. S. Jyothi  GATree,  Fuzzy  Classification  Rules,  Fuzzy  C  –  Means 

        [31]2011b  Algorithm       

 3   Jay Gholap, Anurag Ingole, Jayesh    Naive Bayes, J48 (C4.5), JRip     

    Gohil, Shailesh Gargade, Vahida           

    Attar,2012a           

    [32]           

4              

    Jay Gholap,2012b  J48 (C4.5),NBTree,SimpleCart     

   [33]           

     5   Rashmi Arora, Savneet Kaur,    K-Means algorithm      

    Shweta Taneja,2012c           

    [34]           

6   Vrushali Bhuyar,2014a  J48 decision tree classifier, Naïve Bayesian classifier, Random 

   [35]    forest       

     7   Velide Phani kumar , Lakshmi    Naïve Bayes,J48 (C4.5), JRip     

    Velide,2014b           

    [36]           

8   M.C.S.Geetha,2015a  Association   Rule   Mining-Apriori   Algorithm,   Clustering, 

   [37]    Regression, Classification     

      9   Dr. S.Hari Ganesh,    Naive Bayes, JRip, J48(C4.5)     

    MrsJayasudha,2015b           

    [38]           

10   M.Suriyapraba,S.Sasikala,  NB  Tree,  Simple  Cart,  Navie  Bayes,  GA  Tree,  Fuzzy 

   2016    Classification, Fuzzy C-Means Algorithm, J48, JRip   

   [39]           

 

V. Conclusion 
Day by day the need to maintain the health of the soil resource base as an important for sustainable 

development is progressively being identified. Science and technological developments in Remote Sensing and 

Data Mining are producing the new opportunities for low cost and efficient applications for characterizing and 

monitoring the health of the soil resource base. It is important that we learn more about soil to sustainably 

maintain and protect it for future generations. The Remote Sensing gives us various hyper spectral privileges to 

do rapid and cost effective analysis of soils that could provide new opportunities and also various different 

quantitative measurement techniques for farmers, land managers, local authorities and researchers in assessing 

and managing soil quality. Soil is a critical part of successful agriculture and is the original source of the 

nutrients that we use to grow crops. Nutrients are also a part of the food of animals. At the end, we benefit from 

healthy soil. The healthiest soils produce the healthiest and most abundant food supplies. According to the 

literature here we concluded that Data mining and Remote Sensing domain provides various algorithms and 

prognosis techniques for classification of soil characteristics data. 
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