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Abstract

Soil organic carbon (SOC) is an importance aspect of soil quality and plays an imperative role in 

soil productivity in the agriculture ecosystems. The present study was applied to estimate the 

SOC stock using space-borne satellite data (Landsat4-5 Thematic Mapper (TM)) and ground 

verification in the Medinipur Block, Paschim Mednipur District, and West Bengal in India. In 

total, 50 soil samples were collected randomly from the region according to field surveys using a 

handheld Global Positioning System (GPS) unit to estimate the surface SOC concentrations in 

the laboratory. Bare Soil Index (BSI) and Normalized Difference Vegetation Index (NDVI) were 

explored from TM data. The satellite data derived indices were used to estimate spatial 

distribution of SOC using multivariate regression model. The regression analysis was performed 

to determine the relationship between SOC and spectralindices (NDVI and BSI) and compared 

observed SOC (field measure)to predict SOC (estimated from satellite images). Goodness fit test 

was performed to determine the significance of the relationship between observed and predicted 

SOC at p ≤ 0.05 level. The results of regression analysis between observed SOC and NDVI 

values showed significant relationship (R2 = 0.54; P<0.0075). A significant statistical 

relationship (r=-0.72) was also observed between SOC and BSI. Finally, our model showed 

nearly 71% of the variance of SOC distribution could be explained by SOC and NDVI values. 

The information from this study has advanced our understanding of the on-going ecological 

development that affects SOC dissemination and might be valuable for effective soil 
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management.

Keywords: Soil organic carbon; Satellite data; Bare Soil Index; Normalized Difference 

Vegetation Index, India  

1. Introduction

Sustainable land management requires reliable information on the spatial distribution of soil 

properties affecting both landscape process and services. The concepts of sustainable agriculture 

put emphasis on the management of soil organic matter for maintaining soil fertility (Shibu et al. 

2006). The Soil Organic Carbon (SOC) helps to maintain soil health and productivity. It provides 

a primary source of nutrients for plants, aids to aggregate particles, develops soil structure, 

increases water storage capacity, and provides a habitat for soil biota (Schoonover and Crim 

2015). Capturing and retaining additional SOC in soil can improve the quality and productivity 

of the soil to sustain food production and also mitigate the emissions of greenhouse gases 

(Viscarra Rossel et al. 2016). Maps of SOC is of much interest in agricultural management as 

well as environmental research related to terrestrial sequestration of atmospheric carbon. Digital 

mapping of SOC is also important for site specific crop management (Kumar, 2013; Dobermann 

and Ping 2004).

In conventional soil survey, soil properties are recorded at representative sites and 

assigned to entire mapping unit, which are delineated through physiographic, physiognomic, and 

geopedologic approaches. In soil science, vegetation types and condition may be most relevant, 

in that it reflects and modifies the land surface process such as energy or material exchange 

modeling (Liu et al. 2011).Although soil surveyors are very well aware of the spatial variability 

of soil properties, conventionally prepared soil maps do not reflect it as soil units are limited by 

boundaries (Jaber et al. 2012; Heuvelink and Webster 2001). Naturally, the properties of soil are 

highly variable (Shit et al. 2015; Burrough 1993) and for accurate estimation of soil properties, 

these continuous variability should be considered. In the 1970s a new geostatistical technique 

entitled kriging and its variants were widely recognized as an important spatial interpolation 

method in land resource inventories (Hengl et al. 2004; Bhunia et al. 2016). The traditional 

method of soil analysis and interpretation are laborious and time consuming; hence, becoming 
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expensive. Later in the 1990s, with the advancement of GIS and remote sensing (RS) 

technology, predictive soil mapping techniques were introduced. Recently, SOC was determined 

using the visible and infrared channels of hyperspectral images with a field spectrometer to 

match the spectra of field and satellite images (Gomez et al. 2008; Arrouays et al., 1996). It has 

also be used in the prediction of SOC (Gupta et al., 2014; Kumar et al. 2016), plant-available soil 

nutrients, and optimum soil conditions using various spectral indices (Gilabert et al. 2002; Gbolo 

et al. 2015). These indices are mathematical transformations involving reflectance from different 

spectral wavelengths.

In India, majority of soil maps were prepared by conventional methods and a very few 

work has been done so far using modern spatial prediction techniques (Juma et al. 2016; Filho  et 

al. 2013; Somasundaram  et al. 2000; Manchanda et al. 2002). The accurate estimation of spatial 

distribution of soil organic carbon is important in precision agriculture and is one of the bases for 

decision and policy making. Therefore, research in environmental monitoring, modeling, and 

precision agriculture need good quality and inexpensive soil data. 

The main objective of the study is to develop digital SOC map using remotely sensed 

environmental indices, included the use of several spectral bands like red, blue, green, and near-

infrared (NIR)bands of Landsat Thematic Mapper (TM)data for estimation of vegetation 

condition and bare soil characteristics. In both instances, multiple regression models were used 

to predict the digital SOC distribution in the study area.  

2. Materials and Method

2.1. Study area

The geographic extent of Medinipur Block is found between latitudes 22˚23´ 45˝ - 22˚ 32´ 50˝ N 

and longitudes 87˚05´40˝ - 87˚ 31´ 01˝ E (Figure 1), and has an area of 323.6 sq. km. The region 

is a part of residual Chota Nagpur Plateau with undulating relief having gentle slopes and laterite 

soil. The altitude of the region varies from 0-65m above the mean sea level. The climate of 

Medinipur is monsoonal type. The temperature of this area ranges from 9˚C - 43˚C with an 

average annual rainfall of 1470 mm (District Human Development Report: Paschim Medinipur. 

2011). The district is predominantly rural in terms population density and agriculture is the main 
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economic activity in the area.

 2.2. Soil sampling collection and analysis 

Soil samples were collected randomly at depth of 0-20 cm for the analysis of nutrient status. 

Coordinate systems of 50 soil sample sites were registered using a handheld Global Positioning 

System unit (GERMIN ETREX-10).Soil samples were collected from different land use/land 

cover categories including dense forest (6), degraded forest (5), open forest (5), paddy field (10), 

agricultural fallow (12), lateritic upland (5), dry fallow (4) and sandy area (3) at depth of 0 – 

20cm of the Midnapur Block. SOC concentration was estimated by Walkely-Black Wet 

oxidation method (Nelson and Sommers 1996; Bao 2000).

2.3. Data collection and processing

Training data set of SOCs were collected during field observations from the period between 

December 2014 to March 2015 and measurement of organic concentrations were collected 

through field surveys. Landsat 4-5 TM data (Path/Row: 139/44; Date of Pass: 12/06/2013 was 

used to estimate the soil carbon. Satellite image for the month of June, the productive month for 

crop growth was used in this study. This month indirectly provides information on soil properties 

of specific sites (Peng et al., 2015). Survey of India (SOI) topographical sheets (1:50,000-scale) 

were used for rectification of satellite data using ERDAS Imagine v9.0 software (Leica 

Geosystems GIS and Mapping, LLC, Atlanta, GA, USA). The image to map rectification was 

applied to correct geometrically the Landsat image to the Universal Transverse Mercator (UTM) 

projection system with World Geodetic System (WGS) 84 Datum and nearest neighbor 

algorithm. The total root mean square error (RMSE) for the rectification was 0.234 pixels. The 

linear contrast stretch function used to increase the contrast and clarity of the image. The flow 

chart of the procedures involved in the preparation of the digital SOC map is represented in 

Figure 2.

2.3.1. Bare soil index and NDVI

Bare soil refers to the soil uncovered by grass, other live ground covers, woodchips, gravelly and 

rocky surfaces, artificial turf and/or similar covering. The bare soil index (BSI) is a numerical 

indicator that combines blue, red, green and near-infrared channel to capture the soil variations. 
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The BSI value critically liable on the sun angle vicissitudes and soil background that they are as 

subtle to soil darkening as to vegetation growth. The BSI values of soil was designed to 

minimize the identified causes by normalizing sunlight and shaded soil differences and minimize 

the dry and wet soil conditions (Shabou et al., 2015; Kumar et al., 2016). The BSI is calculated 

from the satellite data using the following equation according to Jamalabad and Abkar (2004):

  (1)𝐵𝑆𝐼 =  
[(𝑅𝑒𝑑 𝑐ℎ𝑎𝑛𝑛𝑒𝑙4 +  𝐺𝑟𝑒𝑒𝑛 𝑐ℎ𝑎𝑛𝑛𝑒𝑙3) ‒ (𝑅𝑒𝑑 𝑐ℎ𝑎𝑛𝑛𝑒𝑙4 +  𝐵𝑙𝑢𝑒 𝑐ℎ𝑎𝑛𝑛𝑒𝑙1)]

[(𝑁𝑒𝑎𝑟 ‒ 𝑖𝑛𝑓𝑟𝑎𝑟𝑒𝑑5 +  𝐺𝑟𝑒𝑒𝑛 𝑐ℎ𝑎𝑛𝑛𝑒𝑙3) +  (𝑅𝑒𝑑 𝑐ℎ𝑎𝑛𝑛𝑒𝑙4 +  𝐵𝑙𝑢𝑒 𝑐ℎ𝑎𝑛𝑛𝑒𝑙1)] 𝑥 100 + 100

In the following equation, 100 were added for the elimination of ambiguity. Finally the BSI map 

was prepared through color tinting process in ArcGIS v9.0 software (Environmental Systems 

Research Institute, Inc. Redlands, CA, USA).

Consequently, the Normalized Difference Vegetation Index (NDVI) value was estimated using 

the NIR(Band 4) and red channel (Band3) of TM data to determine the condition of vegetation 

and is an extent of monitoring changes in vegetation. NDVI was calculated through the 

following equation (Yongnian et al. 2010):

NDVI = (B4 – B3) / (B4 + B3)                                                                              (2)

Where, B4 is the reflectance of NIR radiation and B3 is the reflectance of red radiation of Landsat 

TM data.  The value of NDVI is varied from+1 to -1, with positive values indicating vegetative 

or high reflective surface while negative values indicate non-vegetative or non-reflective 

surfaces (Gbolo et al. 2015). Negative values can also be associated with the presence of clouds 

and water. Bare soils, senesced, dry or non-photosynthetic vegetation have lower values due to 

the equal or almost equal reflectance of both red and NIR radiations. Healthy green vegetation 

have high values due to the high reflectance of the NIR radiations. The NDVI derived from the 

Landsat4-5 TM data was used in the prediction of the SOC. 
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2.4. Statistical analysis and Digital soil mapping

The descriptive statistics values were analyzed using SPSS 17.0 for three variables such as SOC, 

NDVI, and BSI. We explored the relations between the two explanatory variables (NDVI and 

BSI) and the independent variable (SOC) by calculating the Pearson’s correlation co-efficient in 

the ‘r’ environment. Student’s t-test (2-tailed) was employed to measure the significance 

between variables. General linear regression and multivariate regression models were applied to 

estimate SOC concentration. A goodness fit test was used to determine significant differences 

between observed and predicted SOC at P ≤ 0.05 level. The multivariate regression model was 

fit based on the coefficient of determination R2 and the residual plots according to the observed 

and predicted SOC variables. Parameter estimations were calculated by least squares and R2 

values to evaluate the goodness of fit of the built model. For generating the digital SOC map, the 

formula of multivariate regression analysis was performed in ArcGIS software v9.0 by raster 

calculator tool for the preparation of the digital SOC map. Multivariate regression analysis was 

performed to determine the significant predictor variables that affect the distribution of organic 

carbon.

2.5 Validation analysis:

Prediction accuracy was evaluated according to the RMSE and the R2 values. The model with the 

lowest RMSE and highest R2valueswas considered to be the most applicable or ideal model 

(Jaber et al. 2012). 

3. Results and Discussion

3.1. Descriptive statistics of the SOC, BSI, and NDVI

The descriptive statistics obtained from the three variables SOC, BSI, and NDVI in the study 

area are presented in Table 1. The mean of BSI, NDVI, and SOC contents were 125.82, 0.32, and 

5.02, respectively. The highest and lowest SOC content in the study area was observed in dense 

forest land and sandy areas, respectively. The NDVI map of the study area is illustrated in Figure 

3a. The NDVI values varied from 0.49 to -0.25, with a mean and standard deviation of 0.37 and 

0.36, respectively. The NDVI results also showed vigorous vegetation in north-western and 

central portions of the area while the eastern part is characterized by lower NDVI values (Figure 
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3). The spatial distribution of SOC observed in the central and northwestern parts of the area 

correspond to forest cover (Figure 5).The eastern and north-east parts of the study site had 

medium SOC values, with fallow land and bare surfaces having lower values. The small patches 

of the southern and eastern parts of the study sites are covered with grass land, alluvium and 

scrub land, which had minimum SOC values similar to Bhunia et al. (2016).

The BSI map of the study area is illustrated in Figure 3b. It has been calculated that when BSI 

value is lesser that means, it has a lesser amount of vegetation or the vegetation is negligible. If 

BSI value is greater that means, there is more bare soil (Kumar et al. 2016). BSI values varied 

from 9.26 to 254.01, with a mean and standard deviation of 131.98 and 70.88, respectively. The 

high BSI values were recorded in the central and south-west regions of the study area, whereas 

low values were recorded in the eastern parts. The Pearson’s correlation coefficient (r) between 

NDVI and BSI showed significant negative relationship (r = -0.67, P<0.005). Therefore, low 

BSI value is related to soil concealed with high vegetation vigor (high or positive NDVI). 

Conversely, high BSI values were associated with more open and bare soil, senesced or dried 

vegetation (low NDVI values greater than zero).

3.2. Relation between NDVI and SOC

NDVI showed a statistically significant relationship with observed SOC (r = 0.74, P<0.0075, F = 

57.91), as presented in Figure 4a and Table 2. The model defining this relationship is given 

below:

SOC = 0.161 + 0.029 * NDVI                                                                       (3)

3.3. Relation between BSI and SOC

The relationship between observed SOC and BSI is represented in Figure 4. The results show a 

showed a statistically significant relationship between SOC and BSI (r=-0.72; F = 51.51; 

P<0.0000). A regression analysis was performed between SOC and BSI obtained from the 

Landsat image is indicated below:
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SOC = 10.11 - 0.04*BSI                                                                                     (4)

The detail of the regression analysis is represented in Table 3. The adjusted R2 of the linear 

regression model is 0.50, indicating that nearly 50% of the variance of SOC could be explained 

by this variable.

 3.4. Prediction of SOC

The regression coefficients and significance of the relationship between the variables analyzed 

are shown in Table 4. The final model used to assess the SOC distribution is as follows:

SOC = 4.26 + 11.91*NDVI - 0.02*BSI                         (5)

  The final model was highly significant (F = 57.65; P<0.0001), which showed that NDVI and 

BSI are associated with SOC concentration. The adjusted R2 = 0.71 indicated that nearly 71% of 

the variance of SOC distribution could be explained by these two variables. The outcomes also 

indicated that SOC increases with increasing NDVI and decreasing BSI. Finally, the multiple 

regression models were fitted into ArcGIS to generate the digital SOC map using raster 

calculator (see Figure 5). The maximum value of digital SOC map was recorded as 14.83. 

However, the high concentrations of organic carbon were distributed in the north-west region 

and some small pockets in the central part of the study area. The region covered by water bodies 

and sand showed negligible SOC values, approximately zero, distributed in some small pockets 

in the central and southern part. The SOC concentration in the eastern part was moderately 

distributed.

3.5. Validation of model 

The statistical correlation between predicted and observed SOC values were calculated (R2= 

0.81, P<0.001). The model was found to be 81% accurate in predicting the SOC based on 

conducive or optimum soil condition. The RMSE of the predictive model was 1.11 with amean 

error of 0.005. Hence, using the linear model, positive correlation between fields estimated SOC 

values and predicted digital SOC values were detected. The residual plot between the observed 
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and predicted SOC were diagrammed and the outcome presented that all samples were randomly 

scattered between both of them (Figure 6). The descriptive statistics obtain from observed and 

predicted SOC are presented in Table 5. The goodness fit test results revealed there is no 

significance difference between observed and predicted SOC at p ≤ 0.05 level of significance. 

Therefore, the predicted digital SOC map aids to estimate the SOC for each pixel of the satellite 

image, thus conforming to the points in the fields.

4. Discussion

Nature of land use, intensity of agriculture, and fertilizer sources are key factors accountable for 

soil characteristics alteration (Kumar et al. 2016). Several intrinsic soil characteristics such as 

texture and soil pH as well as climatic surroundings might also have important influences on soil 

characteristics alteration (Mondal et al. 2016). Our primary aim was to use the satellite derived 

indices (NDVI and BSI) as proxies for vegetation condition and top surface layer for SOC 

distribution. In the present study, medium resolution satellite data was used to measure different 

aspect of environmental measure of SOC concentration. In previous studies (Jaber et al., 2012), 

the concentration of SOC was determined through field surveys and geostatistical modeling 

(Bhunia et al. 2016; Shit et al. 2016). Most of these earlier studies were based on field 

observation and conventional survey conducted to measure digital soil map (Marchetti et al. 

2012; Ismail & Yacoub 2012; Abdel-Kader 2011). 

Organic carbon controls several soil characteristics together with color, nutrient holding 

capacity, and nutrient turnover and can assist improve soil composition (Ismail and Yacoub, 

2012).SOC is a significant source of nutrients for plants. In this circumstance a direct link was 

established between NDVI and SOC, such that NDVI may be used as a proxy for the prediction 

of SOC. In our findings, positive and linear relationship between the NDVI and SOC observed; 

therefore, supporting the hypothesis that green biomass would respond to the same 

environmental triggers as SOC. Similar observation has been reported by Mondal et al. (2016); 

Vargas et al. (2008); and Meyfroidt and Lambin (2008).

  The complexities of BSI determination may be pertinent to soil scientist when cast-off as a 

proxy in environmental modeling to delineate areas with favorable SOC concentrations. 
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Determination of the spatial and temporal variability in BSI may be used as correlative index of 

SOC meditation (Mondal et al. 2016). However, we found that SOC values were significantly 

associated with BSI index. High BSI areas were associated with low SOC areas and vice-versa. 

This result is also in agreement with the earlier study by Kumar et al. 2016 and Mondal et al. 

2016.

The linear model was observed to be the ideal model based on the biomass and digital carbon 

maps produced (Clerici et al. 2016). Linear relationship between predicted and reference values 

were created and used as models for practical applications (Abdullah 2015). Therefore, the 

models hinge on linearly on their indefinite parameters to regulate the forecaster variables. 

Finally, the digital SOC map created was validated using remotely-sensed data with similar 

reference field observations. However, a vital limitation of our study was sampling of SOC once 

during single season. Further, future research needs the incorporation of long-term multiple 

environmental factors to confirm the strength of the SOC assessment using geospatial 

technology.

5. Conclusion

In this study, we estimated the amount of organic carbon in topsoil using remote sensing images 

with field data and multivariate regression model. The present study suggested that these two 

factors (NDVI and BSI) are imperative for the fruitful determination of SOC concentrations. In 

future, multi-temporal satellite data are required to improve the prediction accuracy of SOC, 

specifically, when integrated with remote sensing data and ground based observation. Another 

drawback in this study is the large pixel size (30m) and wide spectral bands. Despite these 

drawbacks, results of this study supports the hypothesis that remotely-sensed data can be 

beneficial for investigating indigenous environmental condition where NDVI and BSI can be 

used as proxies in determining SOC. The information from this study has advanced our 

understanding of the on-going ecological development that affect SOC dissemination and might 

be valuable for effective soil management policy implementation.
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Table 1 Descriptive characteristics of SOC, NDVI and BSI in Midnapur block

Parameters Observed SOC NDVI BSI
Mean 5.02 0.31 125.82
Standard Error 0.36 0.01 6.44
Median 5.20 0.32 111.00
Mode 4.20 0.15 78.00
Standard Deviation 2.60 0.10 45.96
Kurtosis -0.71 -1.08 -1.13
Skewness -0.01 -0.38 0.50
Range 9.60 0.37 148.00
Minimum 0.30 0.12 65.00
Maximum 9.90 0.49 213.00

Table 2 Model output of SOC prediction based on NDVI

Variables Coefficient (β) SE 95% CI p>|z
Intercept 0.161 0.021 0.12 – 0.20 <0.001
NDVI 0.029 0.004 0.02 – 0.04 <0.0001
CI - Confidence Interval, SE – Standard Error
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Table 3 Model output of SOC prediction based on BSI

Variables Coefficient (β) SE 95% CI p>|z
Intercept 10.11 0.75 8.59 – 11.62 0.000
BSI -0.04 0.01 -0.05 – -0.03 0.000

Table 4 Model output of SOC prediction using NDVI and BSI

Variables Coefficient (βs) 95% 
CI SE T-statistics p>|z

Intercept 4.26 (0.98 - 7.53) 1.63 2.61 <0.001
NDVI 11.91(5.81 - 17.99) 3.03 3.93 <0.0001
SOC -0.02 (-0.04 - -0.009) 0.01 -3.41 <0.0001
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Table 5 Comparative assessment between observed and predicted SOC in relation to different 
land use/land cover characteristics

Observed SOC Predicted SOC
Land use category

Mean SD Mean SD
P-Value

Dense forest 8.46 1.11 6.16 1.77 0.002

Degraded forest 5.05 0.95 4.38 1.35 0.04

Open forest 3.51 0.62 3.63 1.07 0.03

Paddy field 2.88 1.19 2.89 1.53 0.07

Agricultural fallow 2.54 0.63 3.19 1.27 0.01

Lateritic upland 1.32 0.65 1.23 0.52 0.06

Dry fallow 0.94 0.62 1.07 0.39 0.03

Sand area 0.36 0.06 0.79 0.13 0.05
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Fig. 1 Location of the study area and sampling sites
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Statistical Modeling and 
analysis

Remote sensing 
data

Image 
processing

Land use/ land 
cover

NDVI

BSI

Spectral 
library

Ground truth data

Soil sample 
collection with GPS

Laboratory 
analysis

Digital SOC Map

Model validation and 
error checking

Final Output

Fig. 2  Flow chart of the methodology 
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Fig. 3 Spatial distribution of NDVI (a) and BSI maps (b).
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Fig. 4 (a) Association between SOC and NDVI and (b) Relationship between SOC and BSI
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Fig. 5 Digital SOC map of Medinipur Block
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Fig. 6 Residual plot based on the observed and predicted SOC.
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