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Abstract

The evaluation of soil properties under a century-old traditional rice-fallow practice in highly fragile topography (i.e., hill slopes and lowlands)
of North-east (NE) India in the Eastern Himalaya faces multiple challenges in conventional studies of soil properties. Alternatively, remote
sensing offers a viable solution. An attempt was made to study the soil organic carbon (SOC) under century old traditional rice-fallow practice
in highly fragile topography (i.e., hill slopes and lowlands) of Bhoirymbong, Meghalaya, NE India in Eastern Himalaya using remote sensing
indices derived from Sentinel-2. The objective was to develop a suitable regression model for rice-fallow systems across different hill slopes in
northeastern India in the Eastern Himalaya. A total of 100 composite soil samples from the 0-15 cm depth were collected from rice-fallow
areas on various slopes (nearly level: 0-3 %, gentle: 3-8 %, moderate: 8-15 %, steep: 15-30 % and very steep: > 30 %) during November 2020.
Each composite sample was prepared from 10 randomly collected soil samples within a 10 x 10 m area and analysed for SOC using standard
protocols in the analytical laboratory of School of Natural Resource Management, College of Post Graduate Studies in Agricultural Sciences,
Central Agricultural University, Imphal. Nearly synchronised, cloud-free (< 10 % cloud cover) Sentinel-2 data consistent with soil sampling
period were accessed from the US Geological Survey (USGS) official website to derive 15 indices. Results showed that brightness index (B), BI2
and the soil bareness index (SBI) were the most influential indices for SOC. The highest and lowest SOC values were found in gently undulating
topography (2-5 % slope) and rolling topography (10-15 % slope), at 2.86 % and 1.17 %, respectively. After rice crop harvesting, the red-NIR-
based indices did not show a significant difference, whereas the green-NIR-based indices were significantly different at p < 0.05. Hence, it is
concluded that green-NIR-based indices are the most suitable for SOC prediction in NE India in the Eastern Himalaya.
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Introduction (i.e,, natural farming) in difficult terrain may affect the soil organic
carbon (SOC) and nutrient content of the soil. The SOC is affected by
many factors, including climate (cold and wet), rates of chemical
reaction (i.e., decomposition rate), topography, vegetation and
management (4). Topography influences climate and the spatial and
vertical distribution of SOC as well as organic matter (OM)
decomposition (5). Mismanagement of land leads to erosion,
acidification, pollution and loss of soil fertility (6). The SOC is a key
indicator of soil health and also provides nutrients to plants,
improves soil structure and water storage capacity (7—9). Hence, a
precise estimation of SOC will be useful in understanding the
influence of agro-ecosystem on the production of the rice-fallow
system. However, conventional estimation in the laboratory is
labour-intensive, expensive and time-consuming (10). The regular
measurement of the SOC of hilly terrain with limited facilities is
challenging. Alternatively, remote sensing is an option for SOC
estimation and also has the advantage of covering large areas,
providing realtime data and is possible for continuous surface
information. This study estimates SOC from the combination of crop
statistics, forest inventories, soil geographic databases and remote

The Khasi tribe dwell in the fertile lowlands known as Bhois, who
settled in the north-west of Khasi Hills under a kingdom known as
the Nongpoh Syiemship between 1500 and 1600 A.D. The Bhois are
the natives of the Ri Bhoi district, according to
Rev. (Fr.) S. Sngi Lyngdoh. This Syiemship was relegated to the status
of a Sardarship in the seventies of the 19th century i.e., probably in
the years 1863—64 and thus came under the aegis of the Sixth
Schedule to the Constitution of India (1). The livelihood of the tribal
community, traditionally and customarily depends on rice as the
staple food and the cultivation of the rice-fallow system under
natural conditions without any addition of organic or inorganic plant
nutritions. The rice-fallow system covers about 104800 hectares (ha)
(37.84 % of the total cropped area) in Meghalaya, with an annual
average production of 135000.50 metric tonnes (2). The average
yield is 1290.6 kg ha?, which is 54 % lower than the national
productivity (2390 kg ha™) (3). The nutrients reserved in the Pinus
forest are the only source for nutrient supply to the crop. A long
period (> 200 years) of ricefallow in the traditional farming
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sensing derivatives (11-12). Remote sensing provides a
non-destructive, low-cost approach for monitoring spatio-temporal
changes in SOC over large areas on a repetitive basis and also
provides important environmental variables for determining SOC
variation with changing topography and climate (13). Researchers
have attempted to quantify SOC using remote sensing-derived
indices such as normalised difference vegetation index (NDVI),
modified soil-adjusted vegetation index (MSAVI), bare soil index
(BSI), brightness index (B), soil adjusted vegetation index (SAVI) and
renormalised difference vegetation index (RDVI). Statistical models
between SOC and remote sensing indices were established to obtain
SOC (14-15). The indices derived from Sentinel-2 are very useful for
soil properties, land management and agriculture studies (16-17).
Considering these advantages, this study aimed to map the SOC of
rice-fallow with the objectives of deriving different indices from
Sentinel-2 data and developing SOC prediction models using
remote sensing derivatives and the assumption that the
surrounding pine forest at different slopes restores depleted SOC
through crop-soil management.

Materials and Methods
Study area

Bhoirymbong, Ri Bhoi district, Meghalaya is the best representative
of different topographical settings including lowland slopes (nearly
level: 0-3 %), foothills (gentle slope: 3-8 %), mid-hills (moderate
slope: 8-15 %; strong slope: 15-30 %) and steep slopes (> 30 %). The
rice-fallow system is practised in all the slope positions and the
Government of India has also declared Ri Bhoi an Aspirational district
(Fig. 1and 2).

The study area is located between 92°2'0"-92°5'30" E
longitude and 25°43'-25°45' N latitude at an altitude of 1010 m
above mean sea level. The soils are sandy loam to loam, with
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Fig. 1. Physiography of study site.
Source: QGIS, version 3.40.

shallow to medium depth, excessive drainage and extremely acidic.
The soil taxonomic class is Typic Kandihumults (13). The average
annual temperature ranges from 10 °C in January to 32 °C in the
month of July and August. The monthly rainfall ranges from 0.9 cm
inJanuary to 23.9cmin July (18).

Soil sampling and processing

Atotal of 100 composite soil samples from the 0-15 cm depth were
collected from rice-fallow system at different slopes; lowland slopes
(nearly level: 0-3 %), foothills (gentle slope: 3-8 %), mid-hills
(moderate slope: 8-15 %, strong slopes: 15-30 %) and steep slopes
(>30 %) during 10-15 November, 2020. Each composite soil sample
was prepared from 10 randomly collected soil samples within a 10 x
10 m area. The soil samples were air-dried, crushed and ground to
pass through a 0.5 mm sieve for the determination of oxidisable
organic carbon (19). The coordinates of the sampling locations were
recorded using a handheld Global Positioning System (GPS) unit
(GERMIN GPSMAP-64) with an accuracy of + 3 m. About 75 % of the
samples were used for SOC prediction and the remaining 25 % were
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Fig. 2. Slope map of the study area generated from the Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) data.

Source: QGIS, version 3.40.

https://plantsciencetoday.online


https://plantsciencetoday.online

used for model validation.
Satellite image acquisition and processing

A cloud-free (< 10 % cloud cover) Sentinel-2 Multi Spectral
Instrument (MSI) Level-2A product, acquired on 7" November, 2020,
orthorectified in the UTM/WGS84 projection, with a 5-days revisit
time and a 290 km swath, was downloaded from the ESA
Copernicus Open Access Hub (formerly Sentinels Scientific Data
Hub) (20). Sentinel-2 Level-2A (L2A) products provide Bottom-of-
Atmosphere (BOA) reflectance, transformed from Level-1C
Top-of-Atmosphere (TOA) data using the Sen2Cor processor for
atmospheric correction. These images are fully orthorectified in the
UTM/WGS84 projection, 100 x 100 km tiles. Atmospheric correction
reduces the effects of aerosol scattering and absorption, ozone and
water vapour, with outputs including reflectance, Aerosol Optical
Thickness (AOT), Water Vapour (WV) and Scene Classification (SCL)
maps. Fifteen different indices were derived for developing
regression models of SOC estimation (Table 1). The bands B2
(490 nm; blue), B3 (560 nm; green), B4 (665 nm; red) and B8 (842 nm;
near-infrared) have a 10 m spatial resolution. The indices were
calculated using the raster calculator and extracted to each
sampling point using the multi values to points tool in spatial analyst.
The extracted values were stored in the attribute table and
subsequently exported to an Excel (.xls) file using the conversion tool
in ArcGIS 10.3. Slopes were derived from freely accessible 30 m
Shuttle Radar Topography Mission (SRTM) digital elevation model
(DEM) projected to WGS84 and EGM96, downloaded from the official
USGS EarthExplorer website (21). The slopes were classified into five
slope classes [nearly level (0-3 %), gentle slope (3-8 %), moderate
slope (8-15 %), strong slope (15-30 %) and steep slope (> 30 %)]
using the spatial analyst toolin ArcGIS (Fig. 2).

Statistical analysis

Pearson’s correlation coefficient (1) between SOC and the fifteen
indices were calculated to generate a correlation matrix. The
strength of the correlation was classified as weak when 0 < | <0.3,
moderate when 0.3 < |{ < 0.7 and strong when 0.7 < || < 1.0.
Regression analyses namely multiple linear regression-stepwise
(MLR-stepwise) and partial least squares regression (PLSR) were
performed. In MLR-stepwise, the indices were used as predictor
variables and tested for their significance, while non-significant
variables were removed. This process was repeated until no variable
could be selected or rejected (22). Partial least squares regression
was performed for datasets with multicollinearity, in which the
dependent and independent variables were transformed into a new
set of latent variables before ordinary linear regression was applied.
Principal component analysis regression (PCA-R) is a combination of
principal component analysis and linear regression. It is based on
dimensionality reduction of highly correlated variables into principal
components (PCs), which are determined by the highest eigenvector
values and their corresponding eigenvectors. The performance of
the regression models was evaluated by calculating the coefficient of
determination (R?) and the root mean square error (RMSE). The
best-performing regression model was used for SOC prediction and
mapping using the raster calculator tool in ArcGIS 10.5. One-way
analysis of variance (ANOVA) was performed to test the significance
of the predicted SOC among different slope classes using Gabriel’s
post-hoc test (p < 0.05), as the number of observations within each
factor was not equal. All the statistical analyses were performed
using XLSTAT (2022.1), Microsoft Excel and IBM SPSS Statistics
version21.0.

Model validation

The laboratory-analysed SOC (actual SOC) was cross-validated with
the model-estimated SOC using R2and RMSE. The model with the
lowest RMSE and highest R? values was considered the best and
selected (15, 23). A lower RMSE value indicates that the observed
data are closer to the line of best fit, thereby indicating a lower
prediction error (24).
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Where yi is the actual SOC, ¥ is the predicted SOC, y is the
mean of the actual SOC and nis the number of samples. The
schematic diagram of the detail work plan is presented in Fig. 3.

Results and Discussion
Slope effect on remote sensing indices

The statistical description of the remote sensing (RS) indices is
presented in Table 2. The mean values of the indices are almost
similar to the median values, indicating a normal distribution of data,
which is mandatory for regression analysis. The SOC values of the
study area varied from 1.17-2.88, with a mean of 2.22 and a standard
deviation of 0.27. The highest and lowest SOC values were observed
in gently undulating topography (2-5 % slope) and rolling
topography (10-15 % slope), at 2.86 % and 1.17 %, respectively. The
crop health indices namely NDVI, GNDVI, GRVI, EVI, WDVI and RDVI
varied from 0.28-0.89 with a mean of 0.54, 0.40-0.77 with a mean of
0.53, 0.14-0.37 with a mean of 0.02, 0.52-2.78 with a mean of 1.23,
15-1156 with a mean of 415.10 and 16.99-49.31 with a mean of
31.78, respectively. The soil brightness indices such as Bl, BI2 and soil
bareness index (SBI) varied from 200.24-922.10, 135.81-615.51 and
1995.80-44490.6 with mean + standard deviation values of
586.53 + 118.24, 391.82 + 78.68 and 2839.80 + 406.38, respectively.
Theoretically, the NDVI value ranges from -1 to +1; values from -1 to 0
indicate no vegetation to poor vegetation whereas +1 indicates very
good vegetation. The surrounding forest of rice-fallow system at
steep slope (> 30 % slope) resulted in the high NDVI value of 0.89
(Fig. 4), Bl of 381.7, BI2 of 856.5 and SBI of 2742.5 (Table 3). Most of the
rice-fallow system on steep slopes is less than 100 m? i.e., smaller
than the 10 x 10 m spatial resolution of Sentinel2. Therefore,
spectral mixing of energy occurs in these small areas. The areas
located on nearly level (0-3 %) land and foothills (gentle slope, 3-8
%) had an NDVI value of approximately 0.28 after rice harvesting. The
moisture absorbed by the standing stubbles after harvesting at
these slope positions resulted in lower NDVI values compared with
those of the surrounding pine forest at the mid hills (moderate slope:
8-15 %, strong slope: 15-30 %) and steep slopes. The SBI value
ranged widely from 1995.80-44490.6, with a mean of 2839.80,
attributable to the wide variation in soil conditions, from exposed
soil after crop harvesting to native forest. The SAVI and MSAVI
minimise the effect of bare soil on vegetation health indices, i.e.,
NDVI. The SAVI and MSAVI2 after rice harvesting varied from
0.42-1.33 with a mean of 0.80 and from 0.88-1.88 with a mean of
1.39, respectively. After rice harvesting, the red-NIR-based indices
were not significantly different and green-NIR-based indices were
significantly different at p <0.05. The absorption of the red spectrum
and the reflection of NIR after crop harvesting were comparatively
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Table 1. Various remote sensing indices used for development of soil organic carbon (SOC) prediction model

'il;. Index Definition
. . L NIR — RED
1 Normalised difference vegetation index (NDVI) _—
NIR + RED
NIR — GREEN
2 Green normalised difference vegetation index (GNDVI) _—
NIR + GREEN
~ NIR—RED
3 Soil adjusted vegetation index (SAVI) (1 + Lj * NIE —RED + 1L
L= soil brightness correction factor (L=0.5)
GREN — RED
4 Green red vegetation index (GRVI) _—
GREEN + RED
G NIR — RED
"NIR+( 1*RED —Cp*=BLUE)+ L
5 Enhanced vegetation index (EVI) C:and C,= aerosol resistance coefficients;
G= gain factor;
L=canopy background adjustment
Here, L=1, C1=6, C2=7.5 and G=2.5
AT NIR — RED
( ) NIR —RED +L
6 Modified soil adjusted vegetation index (MSAVI) L=1-2*a* NDVI * WDVI
NIR
a=—
RED
WDVI = NIR—C =RED
7 Weighted difference vegetation index (WDVI) c= NIR
~ RED
C=soil line of bare soil
’ Brghtness indx (81) /(RED + RED) + (GREEN * GREEN)
2
9 Second brightness index (BI2) \-f(RED = RED) + (GREEN = GREEN) + (NIR = NIR)
3
RED = RED
10 Redness index (RI)
GREEN = GREEN * GREEN
NIR
11 Vegetation index (V) _—
RED
12 Soil brightness index (SBI) \,’r(REDjl—F (NIR)?
NIR — RED
13 Renormalised difference vegetation index (RDVI) r—
v NIR + RED
14 Second modified soil adjusted vegetationir.  x 2 NIR+1-— 1J(E = NIR + 1)* — 8 = (NIR — RED)
(MSAVI2)
2
RED — GREEN
15 Colour index (Cl) _—
RED + GREEN
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Fig. 3. The soil organic carbon map created using the predicted soil organic carbon of ordinary least square regression, partial least square
regression and principal competent regression.

OLS: ordinary least square regression; PLSR: partial least square regression; PCR: principal competent regression.

Source: QGIS, version 3.40.

Table 2. The statistics of Sentinel-2 data derived indices

Indices Minimum Maximum Mean * Std. deviation Median Skewness Kurtosis
NDVI 0.28 0.89 0.54 +£0.09 0.52 0.98 6.86
GNDVI 0.40 0.77 0.53+0.06 0.52 1.45 7.42
SAVI 0.42 1.33 0.80+0.13 0.79 0.98 6.86
GRVI 0.14 0.37 0.02+0.07 0.01 1.73 9.04
EVI 0.52 2.78 1.23+0.33 1.16 2.04 9.72
MSAVI 0.42 1.33 0.80+0.13 0.79 0.98 6.86
WDVI 15.00 1156.00 415.10+277.19 381.00 0.37 2.13
Bl 200.24 922.10 586.53+118.24 577.86 0.32 4.98
Bl2 135.81 615.51 391.82£78.68 385.98 0.33 4.97
\Y 1.00 16.00 3.08+1.77 3.00 4.84 32.48
SBI 1995.80 4490.60 2839.80 +406.38 2793.20 1.00 4.98
RDVI 16.99 49.31 31.78 +5.59 30.85 0.67 4.54
MSAVI2 0.88 1.88 1.39+0.14 1.38 0.13 6.28
Cl 0.37 0.14 -0.02 +0.07 -0.01 -1.73 9.04

NDVI: normalised difference vegetation index; GNDVI: green normalised difference vegetation index; SAVI: soil adjusted vegetation index; GRVI:
green red vegetation index; EVI: enhanced vegetation index; MSAVI: modified soil adjusted vegetation index; WDVI: weighted difference
vegetation index; BI: brightness index; BI2: second brightness index; V: vegetation index; SBI: soil brightness index; RDVI: renormalised

difference vegetation index; MSAVI2: second modified soil adjusted vegetation index; Cl: colour index.
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Fig. 4. The rice-fallow system, vegetations and topographical effect on various remote sensing indices.

NDVI: normalised difference vegetation index; SBI: soil bareness index; SAVI: soil adjusted vegetation index; MSAVI: modified soil-adjusted

vegetation index.

Table 3. Effect of slope on soil organic carbon and remote sensing (RS) indices

Slope (%) SOC (%) NDVI GNDVI  SAVI GRVI EVI MSAVI wbvI Bl Bl2 SBI RDVI MSAVI2
Nearly level (0—3 %) 2.19 0.52 0.52 0.78 0.01 1.18 0.78 4358 602.6 402.5 2815.5 30.88 1.36
Foot hill (3—8 %) 2.13 0.58 0.56 0.87 0.04 1.39 0.87 366.2 543.9 363.5 2918.1 34.56 1.46
Mid hills (8—15 % &

strong slope, 15—30 %) 1.99 0.68 0.60 1.02 0.16 1.95 1.02 273.9 426  690.3 2721.3 37.98 1.60
Steep slope (> 30 %) 1.86 0.72 0.63 1.09 0.21 2.07 1.09 241.2 381.7 856.5 2742.5 40.36 1.67

SOC: soil organic carbon; NDVI: normalised difference vegetation index; GNDVI: green normalised difference vegetation index; SAVI: soil
adjusted vegetation index; GRVI: green red vegetation index; EVI: enhanced vegetation index; MSAVI: modified soil adjusted vegetation index;
WDVI: weighted difference vegetation index; Bl: brightness index; BI2: second brightness index; SBI: soil brightness index; RDVI: renormalised

difference vegetation index; MSAVI2: second modified soil adjusted vegetation index.

low whereas there was a wide difference between the reflection of
green and NIR i.e., GNDVI (0.40-0.77, with a mean of 0.53) and GRVI
(0.14-0.37, with a mean of 0.02), resulting in significance at p <0.05.

Prediction of soil organic carbon using remote sensing indices

The SOC content showed a significant negative correlation with
slope (r = -0.303) and RS indices such as NDVI (r = -0.01), GNDVI
(r=-0.09), SAVI (r=-0.01), EVI (r=-0.07), MSAVI (r=-0.01), V (r=-0.11),
MSAVI2 (r=-0.004) and Cl (r=-0.03) (Table 4). This may be due to the
exposure of land after rice harvesting. At these locations, which are
normally situated on strong to steep slopes, direct seeding is
practised and plants grow sparsely; consequently, the stubble
remaining after harvesting is insufficient to cover the soil

The indices, namely BI (r = 0.28), BI2 (r = 0.26), Rl (r = -0.27) and
SBI (r = 0.33) were significantly correlated with SOC at p < 0.01,
whereas the other indices were poorly correlated with SOC. Previous
study showed that, the coarse-sand (2000-200 pm) and clay (<2 um)
fractions increased with prolonged rice cultivation, whereas the
aggregate size fractions were dominated by fine-sand (200-20 pm)
and silt (20-2 um) fractions across the chronosequence (25). The
SOC was highly enriched in the coarse-sand fractions (40-60 g kg?)
and moderately enriched in the clay fractions (20-25 g kg*) but was
depleted in the silt fractions (10 g kg?). This is associated with the
high reflection of the red wavelength and low NIR reflection at crop
harvest, while humus, clay and moisture content also affect spectral
reflectance. The soil of the study site belongs to the Typic
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Table 4. Pearson correlation among the soil organic carbon (SOC) and remote sensing indices

OC(%) NDVI GNDVI SAVI GRVI EVI MSAVI WDVI _ BI BI2 RI ] SBI RDVI MSAVIZ Cl
oC (%) 1
NDVI  -0.01 1
GNDVI -0.09 092" 1
SAVI  -0.01 1.00° 0.927 1
GRVI  0.03 0.90° 069" 090" 1
EVI  -0.07 096 087" 096" 0927 1
MSAVI -0.01 1.00° 092" 1.00° 090" 0.96° 1
WDVI 0.1 -0.36" -0.31" -0.36" -0.32" -0.32" 0.36"
Bl 026" -0.65" -0.74" -0.65" -0.46" -0.69" -0.65" 033" 1
BI2 026" -0.65° -0.74" -0.65" -0.46" -0.69" -0.65" 033" 100" 1
Rl -027° -043 -0.12 -0.43" -0.64" -0.38" -043" 0.3 -0.30" -0.30" 1
vV  -011 085" 083" 085 085" 088" 085" -041" -0.59" -0.59" -0.34" 1
SBI 033" 0267 012 026" 033" 015 026" 006 054" 054" -075" 0.16 1
RDVI 0.3 0927 079" 0.92° 0.86° 083" 092" -027" -032" -0.32" -0.64" 073" 062° 1
MSAVI2 -0.004 0.99" 0.89" 0099 0.88" 093" 099" -0.38° -0.64" -0.64" -0.44" 079" 027" 0927 1
cl 003 -90" -0.697 -907 -1.0° -0.92° -0.90" 0.327 046" 046" 064" -0.85° -0.33" -0.86" -0.88" 1

OC: organic carbon; NDVI: normalised difference vegetation index; GNDVI: green normalised difference vegetation index; SAVI: soil adjusted
vegetation index; GRVI: green red vegetation index; EVI: enhanced vegetation index; MSAVI: modified soil adjusted vegetation index; WDVI:
weighted difference vegetation index; BI: brightness index; BI2: second brightness index; RI: redness index; V: vegetation index; SBI: soil
brightness index; RDVI: renormalised difference vegetation index; MSAVI2: second modified soil adjusted vegetation index; Cl: colour index.

Kandihumults. The SOC content of 2 : 1 clay-type soils was
significantly higher (14 £ 0.5 g kg* dry soil) than that of 1: 1 clay type
soils (10 + 0.7 g kg) (26). Clay minerals have a high electric charge,
which plays a special role in stabilising the organic compounds (27).
The values of some indices decreased because of strong absorption
and low reflectance. The thick pine forest on steep slopes provides
resistance to soil erosion and protects soil aggregates, resulting in
SOC accumulation. In addition, the waxy coated, needle shaped
pine leaves have a high cellulose and lignin content and do not
decompose quickly under favourable climatic conditions. Earlier
studies reported that root C/N ratios play animportantrole in a large
proportion of SOC (28). Differences in rooting systems contribute
more carbon to the soil and high SOC accumulation depends on
supplementing crop nitrogen requirements through the
surrounding vegetation cover (deposition from the pine forest). The
effect of indices followed the order SBI > Rl > Bl > BI2 for SOC (29).
Areas with a high SBI had low SOC, whereas those with a low SBl had
high SOC. Similar trends for SBI were identified previously, which
agrees with the present findings (30).

Prediction of soil organic carbon

Using the most influential indices, SOC prediction models were
constructed (Table 5). All the prediction models had very weak
coefficients of determination (k) i.e., 0.123,0.142,0.122 and 0.137 for
SLR, MLR, OLS and PLS, respectively, with a similarly low RMSE of
0.06. The models explained between 12.3 % and 14.2 % of the
variation in SOC, indicating very poor predictability. The adjusted R
of the MLR model (0.106) differed from the corresponding R* (0.142)
by approximately 4 % and the root mean square error (RMSE) was
0.066 which is very good compared with the range of the data
studied (23). The adjusted R? for the stepwise regression (OLS) model
was 0.118 which was only 0.142 % lower than its corresponding R
value (0.122), indicating no significant difference between R* and
adjusted R2 The SOC accumulation at different slope positions was
found in the following order; nearly level (0-3 %) (2.19 % SOC) >
foothills (3-8 %) and mid-hills (8-15 % and strong slope, 15-30 %) >
steep slopes (> 30 %) (1.86 % SOC) (Table 3). Very labile and labile
carbon may be transported from hilltops and sloppy lands and
accumulate in the low-lying areas, thereby increasing the SOC
content (31). At higher altitudes, SOC may decrease through runoff,

erosion, oxidation and distortion of the ratio of carbon fractions. The
SOC ligand exchange bonding of SOC with Fe** and AP* (cation
bridges) in acid soils is very strong. The SOC storage was influenced
by site factors (mainly bulk density and soil type), land use and
climate, which contributed to the variance explained by the models
(32). The remote sensing indices such as WDVI, BI, BI2, Rl and SBI,
showed higher values in hilly areas (> 30 % slope) than in nearly level
areas (<2 %slope), reflecting higher SOC under hilly conditions.

Table 5. Pearson correlation between the soil organic carbon (SOC)
and slope (%) of the topography

SOC (%)
0C (%) 1
Slope (%) -0.303
Model validation analysis

The accuracy of these models was evaluated using RMSE of
cross-validation and the R? as the performance indicators (Table 6
and Fig. 5). The RMSE and R? values varied from 0.170-0.198 % and
0.533-0.563, respectively, across all models. A smaller RMSE value
and a greater R? for the predictive model indicate a better-suited
model for prediction. The presence of mixed pixels from rice and the
surrounding vegetation on steep, sloping land reduces spectral
information and model predictability. Mixed pixels from rice and the
surrounding grasses affect the accuracy of the analysis (32, 33). The
PLSR chooses the optimal latent variables (LVs) and extracts the
number of indices equal to the number of LVs. The R2and RMSE of
the regression methods indicated the equivalence of PLSR.

_2?21 (f’i_}’ijz
X, (vi—yi)?
| n
E
RMSE = —Z (wi— ¥i)
,Jn:':l

R =1

Where, y;: actual value; yi: predicted value at site i; n: number
of samples; yi: mean of the dependent variable.
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Table 6. The soil organic carbon (SOC) prediction models

Sl. no. Indices Model R? Adjusted R? RMSE
1 SLR 0OC (%) = 1.535+0.0002 x SBI 0.123
2 MLR 0C (%) =2.05+0.26 x Bl - 70.89 x Rl + 0.01x SBI - 0.39 x BI2 0.142 0.106 0.066
3 OoLS 0OC (%) = 1.66 +2.90E - 04 x Bl - 42.69 x Rl + 1.36E - 04 x SBI 0.122 0.118 0.261
4 PLSR OC (%) =1.41 + 5.82E - 04 x BI-13.29 x Rl + 1.42E - 04 x SBI 0.137 0.261

SLR: simple linear regression; MLR: multiple linear regression; OLS: ordinary least square regression; PLSR: partial least square regression;

OC: organic carbon; RMSE: root mean square error.
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Fig. 5. Validation of model (multiple linear regression) predicted soil organic carbon with actual soil organic carbon.

SOC: soil organic carbon.
Conclusion

It is concluded that digital data, including remote sensing or
space-borne data, are an alternate solution for soil organic carbon
(SOC) mapping and estimation, considering the topological
complexity of the study area. Fine spatial resolution data (< 10 m) are
recommended for SOC mapping to support the sustainable
management of rice-fallow systems in the highly fragile complex
terrain of the Himalayan range. After rice harvesting, the absorption
of red spectrum and reflection of NIR are comparatively low whereas
the reflection of green spectrum is high. Therefore,
green-band-based remote sensing (RS) indices such as the soil
brightness indices (Bl and BI2), the green red vegetation index (GRVI)
and the green normalised difference vegetation index (GNDVI) are
suitable for SOC estimation. The developed regression models had
very low predictive power due to the non-uniformity of the sample
size. The minimum sample size from the steep slope (> 30 %)
position was due to the unavailability of long-duration rice-fallow
system areas at steep slope positions, their very small and scattered
distribution and the inaccessibility of soil sampling sites in the
difficult terrain of the Himalayas. Therefore, for similar complex
landscapes, simple spectral index-based regression models may not
be sufficient and future work should explore the fusion of multiple
datasets using artificial intelligence and machine learning-based
algorithms. Among the models, the Multiple Linear Regression (MLR)
model was the best predictor of SOC under Eastern Himalayan
conditions:

SOC (%) =2.05+0.26 x Bl - 70.89 x RI +0.01 x SBI - 0.39 x BI2
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