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Abstract:  

In this paper the reflectance spectra of the agricultural soil is discussed. We have investigated different spectral signatures of soil 

derived by reflectance spectroscopy with field spec 4 Hi Resolution sensors in laboratory conditions. As government of Ind ia has also 

started the project to test the soil and use it for making SOC (Soil Health Card)[10]. SOC are helpful for monitoring soil and making 

soil fert ilizers. We have tested agricultural soil of Aurangabad, Maharashtra, India. W e have showed the comparison between 12 

agricultural soil sample’s contents of carbon, nitrogen, phosphor and water in Aurangabad district, India. Carbon in organic soil is a 

key soil property related with soil fert ility and the exchange of CO2 with the atmosphere and aggregate stability. So il tests can 

evaluate the nutrient supplying power of the soil and report phosphor(P), potassium (K), calcium (Ca), Magnesium (Mg), 

Nitrogen(N), Carbon (C), minor nutrients, percent organic matter and the soluble salt level and also soil pH. So il test results provides 

the foundation informat ion for build ing a fertilizer program and can also be used to diagnose problems related to nutrients and soil 

pH. We can also utilize it as an environmental protection tool.  Objectives of this paper were to know the suitability and sustainability  

of soil, to make soil fert ilizer for improving the soil quality and also to understand the soil spectral signatures taken by ASD 

spectroradiometer and compare those for different soil samples. We have found carbon, nitrogen, phosphor and water contents of soil 

and compared different soil samples of Aurangabad district using Princip le Component Analysis (PCA) in Unscrambler.   
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I. INTRODUCTION 

 

Organic matter affects both the chemical and physical properties 

of the soil and its overall health. Properties influenced by 

organic matter includes soil structure, moisture, holding 

capacity, diversity and activity  of soil organis ms, both those that 

are beneficial and harmful to crop production, poor productivity 

of soil and nutrient availab ility. It also influences the effects  of 

chemical amendments, fert ilizers, pesticides and herbicides. So il 

is the physical support for plants and the nutrients and the water 

storage. It receives organic matter primarily from dead roots and 

wastes, but also from secondary producer’s activity or fertilizers, 

added at the surface or buried. Soil is a  support for all the 

chemical and biological processes, having a solid, liquid  and gas 

composition. In the solid fraction, mineral and organic materials 

may be found and, regarding the soil texture, the mineral 

particles can classify the soil texture, among others, in sand, silt 

or clay. The organic matter in soil has carbon as the main 

constituent. The heterotrophic population uptakes the carbon in 

the soil uses the part of it for their growth. As the heterotrophic 

population needs specific proportion of these elements to grow, 

if the organic matter doesn’t have enough in its composition, 

they will have to immobilize the mineral forms. The decision 

about decomposition or immobilizat ion of the organic matter in 

the soil is depends on the CN and CP ratios. It’s interesting to 

note also, residues into simpler organic compounds and the 

second refers to the microbial conversion into mineral 

compounds. Nitrogen supply and demand is essential to improve 

the efficiency of nitrogen used in agriculture systems due to both 

economic and environment concerns. Phosphorus is second only 

to nitrogen as a mineral nutrient required by both plants and 

microorganis ms. Phosphorus in soils is immobilized or becomes 

less soluble either by absorption, chemical precipitation or both . 

Therefore the monitoring of soil is necessary so we have done it 

using reflectance spectroscopy with ASD Fieldspec 

spectroradiometer. 

   

II. MATERIALS AND METHODS  

 

Soil sampling  

 

Soil samples were collected from Aurangabad district, 

Maharashtra. Database is created by FieldSpec 4 

Spectroradiometer using RS3 software. The reflectance of each 

sample was calculated and the spectrum of the sample was the 

average of 5 successive scans of 60 samples. Soil samples were 

scanned with a spectral range of 350-2500 nm;   Soils were 

scanned using a high intensity source instrument FieldSpec 4 

and white reference of every sample were taken to avoid errors 

of reflectance spectra. 60 soil samples i e 5 samples of each site 

were collected. Therefore, each  soil sample was scanned 5 times 

and we got 12 soil samples of different area. Distance between 
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optical head and soil sample was 20 cm with a lamp mounted on 

distance 45 cm form sample. Room temperature was about 18 

°c. All spectral data were co llected by RS3 software  and post 

processing of data is done by view spec pro software. We got 60 

soil spectra’s for 12 samples. Then by taking mean of each 5 

samples collected by same site we have created the database of 

12 spectra’s. These spectral signatures  were in .ASD format. 

 

  
 

Figure.1. Statistics mean s pectral signature of 12 soil 

samples 

 

Data Preprocessing 

 

It is a hyperspectral data which is non imaging data and able to 

predict the soil properties. ViewSpec Pro software was used for 

pretreatment and each spectral signature transformed into ASCII 

format by using the ViewSpecPro software. The wavelength 

bands for carbon is 2040-2260 nm, n itrogen 1702 nm, 1870 nm 

and 2052 nm, phosphor 2021-2025 nm, 2240-2400 nm and 

water 1400 nm, 1900 nm, 2200 nm. Figure 1 shows the 

reflectance of all soil samples[17]. Mean reflectance value of 

soil is calculated for statistical analysis which is shown in fig 1. 

Smoothing operation is done by using Savitzky Golay method 

using unscramble for preprocessing[17]. 

TABLE.1 .AVERAGE OF CARBON, NITROGEN, 

PHOSPHOR AND WATER CONTENTS IN 12 SOIL 

SAMPLES  

 

Soil Carbon Nitrogen Phos phor Water 

1 0.164 0.161 0.158 0.15 

2 0.119 0.13 0.115 0.118 

3 0.139 0.163 0.143 0.157 

4 0.387 0.384 0.368 0.352 

5 0.231 0.221 0.213 0.2 

6 0.229 0.226 0.203 0.188 

7 0.23 0.228 0.203 0.246 

8 0.321 0.294 0.256 0.331 

9 0.371 0.388 0.342 0.301 

10 0.299 0.294 0.279 0.267 

11 0.329 0.328 0.31 0.295 

12 0.248 0.248 0.217 0.217 

 

Descriptive statistics 

 

It shows the similarity between all soil samples as well as the 

behavior and tendency of the data. 

 

In variance value we can see the spread of observations 

around the mean values. The Standard Deviation is a measure of 

spread, given in the same units as the original observations 

(variance observations). The Range of a data set is defined as the 

highest observed value minus the lowest observed value in a 

data set, it is a non-parametric method of describing dispersion. 

The Skewness of a distribution is a measure of its asymmetry 

and is referred  to as the third  central moment  of the distribution. 

The degree of this asymmetry is determined by the coefficient of 

skewness. The Kurtosis of a distribution is a different type of 

departure from normality compared to skewness. It describes the 

extent of the degree of flatness (or alternatively, the peakedness) 

of the center of a distribution. A value o f the coefficient of 

kurtosis of around 0 indicates that the distribution is normal. 

When it is greater than 0, it indicates that there are more 

observations around the mean, i.e . the d istribution is peaked. If 

the coefficient is less than 0, this indicates that the curve is 

flatter than normal. The Median represents the point in a data set 

that splits it into two equal parts. Quartiles take this idea further 

by splitting the data into four equal parts. These parts are labeled 

Q1, Q2. 
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TABLE. 2. S TATIS TICS OF DATA 

Statistics Carbon Nitrogen Phos phor Water 

Max 0.25558 0.25542 0.23392 0.23517 

Min 0.387 0.388 0.368 0.352 

Range 0.119 0.13 0.115 0.118 

Std 

Deviation 
0.268 0.258 0.253 0.234 

Variance 0.0878 0.08442 0.07907 0.07554 

RMS  0.00771 0.00713 0.00625 0.00571 

Skewness 0.26905 0.2679 0.24586 0.24604 

Kurtosis -0.0624 0.22897 0.28075 0.0379 

Median -1.0347 -0.8782 -0.8038 -1.1857 

Q1 0.2395 0.238 0.215 0.2315 

Q3 0.21275 0.2065 0.19175 0.18025 

 

Principle Component Analysis 

 

Each component of a PCA model is characterized by three 

complementary set of attribute, Variances are error measures 

they tell us how much information is taken into account by the 

successive PCs. Loadings describes the relationships between 

variables and scores describes the properties of the samples [11]. 

Building and using a PCA model involved 3 steps: 

 

 Implemented an appropriate pre-processing method that 

is smoothning with Savitzky Golay method and taken 

1st derivative. 

 

 Run the PCA algorithm and diagnose the model.  

 

 Interpreted the loadings and scores plots. 

 

III. RES ULT AND DISCUSS IONS 

 

In line p lot of soil samples we can easily  see the contents of 

carbon, nitrogen, phosphor and water are varying in different 

soil samples. 

 
 

Figure.2. Line plot for all 12 soil samples  

Each component of a PCA model is characterized by three 

complementary sets of attributes 

 

Variance : Th is plot gives an indication of how much of the 

variation in the data is described by the different components. 

Total residual variance is computed as the sum of squares of the 

residuals for all the variables, divided by the number of degrees 

of freedom. Calibration variance is based on fitting the 

calibrat ion data to the model.  

 

 
Figure.3. Variance of soil samples 

 

Validation variance is computed by testing the model on data 

that were not used to build the model. Compare the two 

variances if they differ significantly, there is good reason to 

question whether either the calibration data or the test data are 

truly representative. If the two residual variance curves are close 

together the model is representative. Therefore, here we can say 

that the PCA model for these soil samples is representative. 

 

Loadings:  loadings describe the relationships between variables 

and the data structure in terms of variable correlat ions. 

 

 
 

Figure. 4 . Loadings of data 

 

Loadings for the components are as follows: 

 

 Water: water has positive loading. It means that all samples of 

water with positive scores have higher than average values for 

that variable. A ll samples with negative scores have lower than 

average values for that variable.  

Carbon, Nit rogen and Phosphor: all have negative loadings. It 

means just the opposite. All samples of carbon with positive 

scores have lower than average values for that variable. A ll 
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samples with negative scores have higher than average values 

for that variable. 

Scores: Scores describe the data structure in terms of sample 

patterns, and more generally show sample differences or 

similarities. Each sample has a score on each PC. It reflects the 

sample location along that PC. It is the coordinate of the sample 

on the PC. The closer the samples are in the scores plot, the 

more similar they are with respect to the two components 

concerned for example soil sample 6, 8, 12 are having similar 

contents of carbon, nitrogen, phosphor and water. Conversely, 

samples far away from each other are different from each other 

for example soil sample 3 and 7. The plot can be used to 

interpret differences and similarities among samples. Look at the 

scores plot together with the corresponding loadings plot, for the 

same two components. This can help determin ing which 

variables are responsible for differences between samples. 

 

 

 

Figure.5. Scores of data 

 

For example, samples to the right of the scores plot will usually 

have a large value for variables to the right of the loadings plot, 

and a small value for variables to the left of the loadings plot. 

 

IV. CONCLUS ION 

 

Figure II shows the min, max, standard deviation, variance, 

kurtosis, skewness, median  and range of different soil samples. 

Using line plot in figure II we can get the idea of suitability of 

soil and it is easy to decide which production we can take by that 

soil type. We can check sustainability by the same way. We can 

see the separate contents of each organic matter and make 

fertilizer accord ing to that. Using soil spectroscopy we can make 

soil health card for different farms as there is  also a government 

scheme in  India which is making soil health cards for improving 

soil quality. In future scope soil spectroscopy can also be used to 

check live organisms in soil. We can check the score, loadings 

and variance plots above to know the difference and similarities 

between soil samples. In  score plot for example soil sample 6, 8, 

12 are having similar contents of carbon, nitrogen, phosphor and 

water. Conversely, samples far away from each other are 

different from each other for example soil sample 3 and 7. 

Positive loading shows that samples are having higher than 

average value and negative loading shows lower than average 

values available in  that sample. Variance graph shows that this 

data can be represented using PCA model.  
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