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Perimeter-Area Soil Carbon Index (PASCI): modeling and estimating soil 
organic carbon using relevant explicatory waveband variables in machine 
learning environment
Eric Ariel L. Salas and Sakthi Subburayalu Kumaran

Agricultural Research Development Program (ARDP), Central State University, Wilberforce, USA

ABSTRACT
Soil Organic Carbon (SOC) is the most important indicator of soil health and determines long- 
term crop productivity. Here, we applied the Random Forest regression model to soil hyper
spectral data to determine the important spectral bands and regions for SOC retrieval. Multiple 
existing studies already identified specific wavelength bands that could be good indicators of 
SOC. However, there is no hyperspectral-based method that is currently available to simulta
neously investigate these identified specific wavelength regions for SOC. To help fill this gap, 
we developed the Perimeter-Area Soil Carbon Index (PASCI) that utilized optimal SOC spectral 
bands and then evaluated its robustness for SOC prediction and retrieval against other existing 
indices. The results of regression analysis between SOC and PASCI values showed a significant 
relationship (r2 = 0.76; p < 0.05). A significant statistical relationship (r2 = 0.73) was also 
observed between SOC and the sum indices. The results from this study have advanced our 
understanding of the optimal spectral bands for SOC. Finally, the PASCI could be applied to 
hyperspectral and multispectral images to remotely quantify, predict, and map SOC.
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1. Introduction

Soil carbon is regarded as a critical soil quality char
acteristic that determines soil health for long-term 
crop productivity (Oldfield, Bradford, and Wood  
2019). The quantity of Soil Organic Carbon (SOC) 
impacts various soil qualities and activities, including 
aggregate stability, water-holding capacity, microbial 
activity, and soil nutrient fertility, all of which are 
important for long-term crop development. SOC esti
mation, assessment, and monitoring allow for the 
creation of effective site-specific crop management 
methods that will sustain crop output and assure glo
bal food security (Brown and Funk 2008; Kaya et al.  
2022).

To estimate SOC, the use of Hyperspectral Sensors 
(HS) is the more contemporary approach. Compared 
to the traditional approach, the HS approach uses 
empirical calibration equations that relate the findings 
of traditional analysis to soil spectrum chromophores 
displaying the soil attribute of interest. One of the 
characteristics of HS is its capability to characterize 
a physical soil property, such as SOC, in a high spectral 
resolution. The contiguous spectral bands of HS could 
provide a vast amount of information that are useful 
for precision agriculture (Khanal, Fulton, and Shearer  
2017), estimation of net primary productivity (Ruimy, 
Dedieu, and Saugier 1996) and monitoring the effects 

of management and land use practices on soil organic 
matter content (Selige, Böhner, and Schmidhalter  
2006). In carbon cycle assessment, hyperspectral 
reflectance signatures from soil have been shown to 
contain a wide range of physical and chemical infor
mation (Cozzolino and Moron 2003).

Reflectance spectra from the remote sensing dataset 
could provide possible Soil Carbon Indices (SCI) 
because of the presence of absorption characteristics 
in the visible, near-infrared (NIR) and mid-infrared 
(MIR) portions of the electromagnetic spectrum. 
These SCIs typically are derived using the ratio and 
difference of wavelength bands that are inherent in the 
remote sensing data. The optimal wavebands that 
could offer a good measure of the SOC are roughly 
approximated to be 700 nm to 950 nm and 1097 nm to 
2183 nm (Sorenson, Quideau, and Rivard 2017). 
Other specific spectral positions for soil carbon have 
also been identified occurring in the visible region: 
587 nm and 585.9 nm (Islam, Singh, and McBratney  
2003), 540 nm and 550 nm (Brown et al. 2006); and 
the SWIR region: 1940 nm and 2180 nm (Vågen, 
Shepherd, and Walsh 2006).

Most studies have investigated the visible to 
mid-infrared reflectance to correctly determine 
SOC. Murray and Williams (1987) found a broad 
region from 400 to 2498 nm, Reeves (1996) found 
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the range 4000 – 400 cm−1, and Kooistra et al. 
(2003) indicated important wavelength on 530 nm, 
1970 nm, 2180 nm, 2280 nm, and 2360 nm. More 
recent studies found significant wavelength regions 
associated with SOC: Qiao et al. (2017) (417 nm, 
1853 nm, 1000 nm, and 2412 nm); Sorenson, 
Quideau, and Rivard (2017) (700 nm–950 nm and 
1097 nm–2183 nm); Sun, Li, and Niu (2018) (750  
nm–2450 nm); Šestak et al. (2018) (670 nm–710 nm 
and 730 nm–770 nm). However, there is no hyper
spectral-based index that is currently available to 
simultaneously investigate these identified wave
length regions for SOC. Therefore, we propose to 
develop a novel approach that would simultaneously 
use various important spectral regions to characterize 
SOC effectively. In this work, we sought to establish 
a novel spectral index by using hyperspectral data that 
could guide SOC predictions. The aims of this study 
were (1) to determine the important spectral bands and 
regions for SOC retrieval, (2) to develop a hyperspectral 
soil carbon index using important spectral bands, and 
(3) to evaluate the robustness of the new index for SOC 
prediction and retrieval against other existing SOC 
indices. We expect that the new index would be useful 
in generating a map of SOC using open-access airborne 
and satellite images. While the new index would be 
useful for hyperspectral images, we also see its applica
tion for multispectral sensors such as Sentinel imagery 
from the European Space Agency (ESA) and Landsat 
series from the National Aeronautics and Space 
Administration (NASA).

2. Methods

Figure 1 provides the overall flow of the adopted meth
odology, which is divided into eight important steps.

2.1. Soil carbon and spectral dataset

We utilized the soil carbon and spectral datasets 
that are publicly available for download from the 
Natural Resources Conservation Service’s (NRCS) 

Soil Science Division, Rapid Carbon Assessment 
(RaCA) project website (Soil Survey Staff 2013). 
The RaCA was initiated to provide a scientifically 
and statistically defensible inventory of soil carbon 
stocks across different U.S. regions and further 
stratified by a combination of soil groups and 
land use/land cover classes (Wills et al. 2014). 
More than 300 soil scientists participated in sample 
collection and analysis, with assistance from 24 
universities. We used a total of 672 SOC samples 
from the upper 1 m soil profiles that also have 
available pairs of laboratory Visible-Near Infrared 
(VNIR) spectra. The VNIR spectra have a range of 
350 nm to 2500 nm, acquired at 1 nm increments. 
We used these SOC and VNIR spectra data pairs to 
build a SOC predictive model. Specific details of 
the methods and sampling used in the collection of 
the RaCA dataset could be found in Wills et al. 
(2014). As part of the pre-processing, we formatted 
the dataset for use as input to our modeling algo
rithm by deleting data columns that we did not 
need and kept only the spectral bands and the 
SOC records.

2.2. Random forest regression model and 
assessment

We used the Random Forest (RF) regression model to 
quantify the relationship between SOC samples and 
their corresponding spectral reflectance (Biau and 
Scornet 2016). RF is a non-parametric machine learn
ing approach that combines a large number of deci
sion trees, resulting in a smaller variance (Breiman  
2001; Keshavarzi et al. 2022). Each RF tree is con
structed using the Classification and Regression Tree 
(CART) technique and the Decrease Gini Impurity 
(DGI) as the splitting criterion, using a bootstrap sam
ple taken at random from the original dataset. The RF 
model works by partitioning the space of the input 
VNIR spectral variables into regions such that the 
variation in SOC within the same region is relatively 
small. The analysis produces two independent 

Figure 1. A general flowchart of the methodology, starting from preprocessing the dataset to analysis, and finally plotting the 
results.
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partitions of the space of variables. CART works by 
allowing for all possible splits on all potential expla
natory spectral variables. One of the outputs of the 
regression model is a ranking of spectral variable 
importance (Van der Laan 2006).

We chose RF among other models for several 
advantages: (1) simplicity in model parameterization 
(Pal 2005), (2) control of predictor variables (Evans 
et al. 2011), (3) a robust method for the selection of 
hyperspectral bands (Genuer, Poggi, and Tuleau- 
Malot 2010), and (4) low correlation among trees 
and avoids over-fitting (Salas and Subburayalu 2019). 
Also, RF regression performed best when compared to 
other regression approaches (Couronné, Probst, and 
Boulesteix 2018). RF has also been shown to be effec
tive for mapping SOC using Sentinel 2 images (Albert 
and Ammar 2021; Urbina-Salazar et al. 2021). The 
model was implemented in the R statistical environ
ment using the packages randomForest, caret, plyr, and 
e1071 (Liaw and Wiener 2002).

We assessed the performance of the model by 
using leave-one-out cross-validation instead of the 
train/test split validation method since the former 
is more robust to confounding model effects (Saeb 
et al. 2017). We trained the model n times, where 
n is the number of samples, with one sample dis
carded for testing each time. This method produced 
model performance estimates that are similar to 
out-of-bag error and mean of squared residuals 
(Liaw and Wiener 2002). Model performance 
metrics include r2, Root Mean Squared Error 
(RMSE), and m, Mean Absolute Error (MAE) 
(Salas et al. 2022).

2.3. Perimeter-Area Soil Carbon Index (PASCI)

From the ranking of spectral variable importance, we 
used the optimal spectral bands previously identified 

for SOC to develop a new index. The unitless 
Perimeter-Area Soil Carbon Index (PASCI) 
(Equation (1)) takes advantage of the multiple optimal 
spectral bands by calculating perimeters and areas 
based on the gradient principle. PASCI is the normal
ized ratio of the perimeter and area circumscribed by 
it that is under the straight line connecting the spectral 
maxima of each optimum band (see hypothetical 
Figure 2).

PASCI ¼
P
A � min P

A
max P

A � min P
A

(1) 

where P represents the total outer perimeter of the 
shaded polygon, represented by a dashed line. 
A represents the total area of the shaded polygon. 
Variables b1 to b6 represent reflectance values. b1 is 
the average of all reflectance values from 370 to 390  
nm; b2 is the average of all reflectance values from 
400 to 410 nm; b3 is the average of all reflectance 
values from 1120 to 1125 nm; b4 is the average of 
all reflectance values from 1400 to 1410; b5 is the 
average of all reflectance values from 1540 to 1545  
nm; and b6 is the reflectance value of band 
2315 nm.

The total area, A, is computed by summing up the 
areas of small trapezoids (Figure 3). To compute the 
area of one trapezoid (Equation (2)) and the total area 
(Equation (3)):

Ai ¼ 0:5 Δx1ð Þ Δy3ð Þf g þ Δy1ð Þ Δy2ð Þf g (2) 

A ¼
Xn

i¼1
Ai (3) 

where Δx and Δy are the dimensions of the trapezoid, 
Ai is the area of each trapezoid, A is the total area of 
the polygon.

The total outer perimeter, P, is computed by sum
ming up the lengths of all dashed lines or boundaries 

Figure 2. A sample diagram to visualize the components of the Perimeter-Area Soil Carbon Index (PASCI). b1 is the average of all 
reflectance values from 370 to 390 nm; b2 is the average of all reflectance values from 400 to 410 nm; b3 is the average of all 
reflectance values from 1120 to 1125 nm; b4 is the average of all reflectance values from 1400 to 1410; b5 is the average of all 
reflectance values from 1540 to 1545 nm; and b6 is the reflectance value of band 2315 nm.
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(Figure 2). For inclined lines, the Pythagorean theo
rem is applied (Equation (4)). 

h ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Δy3ð Þ
2
þ Δy1 � Δy2ð Þ

2
q

(4) 

where h is the length of the inclined line, Δy represents 
the dimension of the trapezoid (could also mean the 
reflectance values or difference of reflectance values) 
(Figure 3).

The PASCI algorithm includes all optimal spectral 
bands for SOC to address the limitations of other 
current SOC indices, which only use two or three 
ideal bands. PASCI is designed to identify the small 
variations of the area that are caused by absorption 
features within the periphery bounded by all bands. 
The PASCI differentiates itself from the continuum 
removed function (Grove, Hook, and Paylor 1992) in 
that the former includes the P component, which is 
influenced by the shape and size of A (shaded poly
gon). While the inclusion of multiple bands could 
increase model calculation times, the PASCI is con
structed to ensure that the A and P could detect as 
much as relevant spectral variations necessary to pre
dict SOC. Currently, there is no index available to 
investigate these multiple spectral bands for SOC 
simultaneously.

2.4. Other existing indices

We compared the performance of PASCI as a SOC 
predictor against existing SOC hyperspectral indices. 
The sum indices measure the size of SOC absorption 
features on specific absorption bands: 1/Sum(top 5 
bands) and 1/Sum(top 10 bands) (Grove, Hook, and 

Paylor 1992). The slope indices measure the change of 
reflectance between important SOC absorption feature 
bands: Slope (308 to 405 nm) and Slope (400 to 600  
nm) (Bartholomeus et al. 2008). The Moment 
Distance Index Normalized (MDIN) is a shape index 
that highlights shape differences in spectral curves 
(Salas and Subburayalu 2019). Finally, we assessed 
the quality of the fit for all indices using the r2-value 
with a confidence level of 0.95.

3. Results

The list of optimal spectral bands in the VIS, NIR, and 
SWIR electromagnetic (EM) regions for SOC is shown 
in Table 1. Among the three EM regions, the VIS had 
the most important predictor bands for SOC, ranging 
from 370 to 390 nm (>10% increase in Mean Square 
Error) and 400 to 410 nm (8% to 10% increase in Mean 
Square Error). Between 370 and 410 nm, bands 380 nm 
and 390 nm were the most important for SOC. The 
important bands in the NIR included those in the 
spectral range 1120 to 1125 nm and 1400 to 1410 nm. 
The SWIR also registered important SOC predictors, 
the spectral range 1540 to 1545 nm, and a single band 
2315 nm. The RF model obtained an RMSE of 5.16 and 
MAE of 3.98.

The comparative strengths of the correlations 
between PASCI and the SOC could provide insights 
into the effectiveness of the newly developed index. 
The prediction equations of the models are shown in 
Table 2. We plotted PASCI as a function of the SOC 
and found a much higher linear correlation (r2 = 0.76) 
when compared against other indices. In general, 
PASCI had the best model than 1/Sum (top 5 bands) 
(r2 = 0.73) and 1/Sum (top 10 bands) (r2 = 0.73). The 
MDIN displayed a lower linear correlation than 
PASCI (r2 = 0.36), however, it is comparable to the 
index Slope (308 to 405 nm).

Figure 4 illustrates the trends of the soil carbon as 
plotted against the existing indices and PASCI. The 
slope-based indices are exponentially correlated with 
SOC, while PASCI, MDIN, and Sums are linearly 
correlated with SOC.

4. Discussion

4.1. PASCI vs sum indices

The PASCI is effective at estimating SOC because it 
captures changes in the reflectance at specific 
important wavelength regions for SOC. The integra
tion of P and A into PASCI enabled the tracking of 
the variations of SOC concentrations, such that high 
values of SOC correlates to high values of PASCI. 
The equivalent findings of the PASCI and Sum 
indices demonstrated that using multiple bands in 
the index could benefit in identifying as many 

Figure 3. A sample magnified trapezoid from Figure 2, shows 
the dimensions and the peripheral area. There are five (5) 
small trapezoids like this that compose the total area in 
Figure 2.
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important spectral differences required to predict 
SOC. However, good correlations found in Sum 
indices may only be caused by the higher amounts 
of SOC. In lesser concentrations, the Sum indices 
may be unable to discern SOC spectral absorption 
characteristics because absorption from other bio
logical components may predominate (Stoner and 
Baumgardner 1980). Furthermore, because the 
PASCI uses P and A, the index removes the limita
tion of the Sum indices. PASCI measures the object 
shape, in this case, the size of A (shaded polygon) 
(Figure 2). By focusing on the shape of A, we elimi
nated other absorptive features (Oparin et al. 2012), 
in this case, those features unrelated to SOC. We 
also reduced the spectral data to the polygon-under- 
the-curve factor, which is defined only by the opti
mal bands for SOC. Finally, by concentrating on the 
shape of A, we captured the subtle variations of 
spectra so that our model could isolate the local site- 
specific SOC variations.

4.2. PASCI optimal bands

Our findings on a number of the optimal band loca
tions are consistent with those found by Vohland et al. 
(2017). The VIS region produced more optimal bands 
than NIR and SWIR regions. However, the two most 
important bands for SOC in the visible are 380 nm and 
390 nm. These bands have not yet been specifically 
identified in recent SOC models. Instead, Islam, 
Singh, and McBratney (2003) and Brown et al. 
(2006) both acknowledged bands around 500 nm as 
SOC indicators. Results from Sarkhot et al. (2011) and 
Qiao et al. (2017) were the closest findings that we 
could compare our results to, at wavelengths 358 nm 
and 417 nm, respectively. Similar to Sarkhot et al. 
(2011), we did not consider a priori the collinearity 
between bands, because we needed to identify the 
optimal subset of bands for SOC in the visible, NIR, 
and SWIR regions. The important NIR band we iden
tified for SOC at 995 nm is consistent with previous 
studies by Laamrani et al. (2019), located at 998 nm. 
The bands we identified at 1540 to 1545 nm and 2315  
nm that have a large contribution to the SOC predic
tion model were also within the wavelength ranges 
presented by Viscarra Rossel and Behrens (2010), 
Sarkhot et al. (2011), and Laamrani et al. (2019). 
These parallels in literature findings suggested that 
the optimal bands identified here could be powerful 
analytical wavelength bands for determining SOC 
levels.

4.3. Applicability of PASCI

The PASCI could easily be applied to hyperspectral 
and multispectral images, where wavelengths in the 
SWIR region are available, to remotely quantify, pre
dict, and map SOC. When the PASCI equation is used 
on a multispectral image, the closest waveband that is 
available should be applied, while missing wavebands 
could be skipped. The applicability of PASCI on 

Table 1. A summary of the specific important wavelength 
regions and optimal spectral bands for prediction and retrieval 
of SOC.

Optimal Bands in Specific EM Regions

VIS (nm) NIR (nm) SWIR (nm)

370–390 
400–410

815 
995 

1120–1125 
1400–1410

1540–1545 
2315 

2485–2500

Table 2. These are the generated regression models and the 
correlation coefficients between the soil carbon (dependent 
variable) and the indices (independent variables).

Independent Variables Model r2

PASCI y = 54.315x − 4.8365 0.76
Slope (308–405 nm) y = 9.6004e−2992x 0.36
Slope (400–600 nm) y = 31.83e−2239x 0.19
1/Sum(top 5 bands) y = 63.556x − 11.09 0.73
1/Sum(top 10 bands) y = 126.62x − 10.98 0.73
MDIN y = 6.1346x − 6.734 0.36

Figure 4. Scatter plots of the SOC against. (a) PASCI; (b) Slope (308 to 405); (c) Slope (400 to 600); (d) 1/Sum(top 5 bands); (e) 1/ 
Sum(top 10 bands), and (f) MDIN.
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multispectral images is being tested in ongoing 
research. Creating large-format SOC maps is espe
cially useful for researchers, stakeholders, and policy
makers in the agricultural sector. The development of 
PASCI is timely, with the technological advances in 
sensors and equipment. PASCI could provide 
a framework for linking field-based SOC with air
borne or satellite remote sensing data. To back up 
the findings of this study, PASCI should be evaluated 
utilizing remote sensing data collected from fields with 
varied management strategies and soil types.

5. Conclusions

In this study, we used 672 samples from the RaCA 
dataset for the prediction of SOC using the RF regres
sion model. The major conclusions drawn from this 
study are as follows.

● Non-linear models, such as RF, performed satis
factorily in the SOC band prediction with an 
RMSE of 5.16 and MAE of 3.98.

● Among all identified optimal spectral bands for 
SOC, those located in the VIS region have the 
highest contributions to the SOC model, followed 
by those in the NIR, and then the SWIR.

● The new PASCI was designed to utilize all the 
important SOC bands. It showed higher accuracy 
than other existing SOC indices when we evalu
ated its robustness for SOC prediction and 
retrieval.

● The PASCI could be applied to hyperspectral and 
multispectral images to remotely quantify, pre
dict, and map SOC.
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