Prediction of Soil colour using vis-NIR spectroscopy and machine learning
models

Abstract:

Soil colour is a critical indicator of soil properties and conditions, influencing various
agronomic and environmental factors. A total of 2216 surface soil samples (0-15 cm) were
collected from the Kymore Plateau and Satpura Hill zone of Madhya Pradesh, using Global
Positioning System (GPS) for precise location. Soil colour parameters were measured in the field
using the Munsell soil colour chart, while chemical analysis was conducted in the laboratory
following standard procedures. Additionally, spectra of the soil samples were recorded using a
spectroradiometer under laboratory conditions.

The results showed that the soil colour hues ranged from 10R, 10YR, 2.5Y, 2.5YR, 5Y,
5R, 5YR, to 7.5YR, Values and Chroma varied from 2 to 7 and 1 to 8, respectively. Correlation
analysis revealed negative correlations between the RGB components and organic carbon, with r
values of -0.114**, -0.071**, and -0.101* for R, G, and B, respectively. Polynomial models
showed the best fit for the relationship between the value and chroma of the colour parameters
and soil organic carbon (SOC), with equations Y = 0.086x2 - 0.860x + 7.528 (R? = 0.982) and Y
= 0.018x2 - 0.249x + 6.126 (R? = 0.948), respectively. A linear relationship was observed
between chroma and available phosphorus (P), with the equation Y = -0.873 + 13.92 (R? =
0.922).

In addition, machine learning models, including PLSR, SVM, Random Forest, ANN,
XGBoost, LightGBM, CatBoost, and ELM algorithms, were used to predict soil colour
parameters. Among these, the Random Forest and XGBoost models demonstrated the best
performance in predicting soil colour parameters (L*, a*, b*, R, G, and B), with model
accuracies of 83.6%, 80.9%, 83.0%, 84.3%, 83.7%, and 83.4%, respectively. soil colour
variation depicted in the maps generated using GIS can also serve as covariates for mapping,
offering comprehensive insights into the soil's properties.
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1.0 Introduction

The soil colour play crucial role in soil science, frequently documented in soil profile
descriptions due to its role as an initial indicator of various soil conditions and characteristics.
Observations made in field studies reveal that soil colour is not only readily discernible but also
closely associated with numerous other soil properties (Schmidt et al., 2021). It functions
effectively as a rapid assessment tool for parameters including drainage class, soil classification,
and organic carbon content, all of which may be influenced by the application of variable rate
fertilizers and pesticides, as indicated by Moritsuka et al. (2019). Established correlations have
been noted between soil colour and soil texture, water content, iron content, and organic carbon
levels. Generally, darker surface soils correlate with elevated organic matter content, which

implies fertile conditions that are conducive to plant growth. Such soils are often perceived to
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possess favorable qualities, including good drainage, adequate aeration, high nitrogen content,
and lower susceptibility to erosion. Conversely, lighter-coloured soils are typically associated

with contrasting characteristics.

The characterization of soil colour is commonly performed utilizing the Munsell colour
system, a method that has gained widespread acceptance among soil surveyors for classification
purposes, thereby serving as a fundamental tool in the field of soil descriptions. Although the
Munsell system remains dominant, alternative colour models, such as the RGB (Red, Green,
Blue) system, are frequently employed in digital contexts. The process of characterizing soil
colour through Cartesian systems can be conducted directly or achieved through the conversion
of Munsell data into these alternative systems via lookup tables or statistical regression, as
outlined by Dominguez Soto et al. (2012). Moreover, advancements in technology have
significantly improved the efficient and precise acquisition of digital soil colour data, facilitating

analyses that are more consistent and accurate in comparison to traditional visual methods.

Despite multiple attempts to compile regional maps of soil colour, a comprehensive map
of topsoil colour has yet to materialize, as noted by Poppie et al. (2020). Mapping initiatives
have encountered limitations, often relying on interpolations of point-based soil observations
from regions in Australia (Viscarra-Rossel et al., 2010), China (Liu et al., 2020), and other
locations (Soils, 2023). Due to the discrete nature of soil colour, it does not inherently reflect the
continuous spatial variability that exists within soils. As a result, interpolation maps generated
from point-based data heavily depend on field observations collected at specific times, possibly
failing to capture the broader and dynamic aspects of soil colour changes, as emphasized by Liu
et al. (2020). The absence of fine-scale mapping of surface soil colour within the study area

underscores the necessity for such efforts to effectively monitor ongoing soil conditions.

Soil colour is a fundamental property that provides insights into soil composition, organic
matter content, and overall health. The darker soils have higher SOC than lighter soils. This is
important for assessing carbon sequestration, managing and soil health (Liu et al. (2020).
Traditional soil analysis often requires sample collection, preparation, and laboratory testing,
which can be time-consuming and expensive. Vis-NIR spectroscopy offers a non-destructive,
rapid, and cost-effective alternative, enabling real-time or field-based soil analysis without the

need for extensive sample handling (Sawut et al. 2018 and Lin et al. 2019). Machine learning
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models can process large amounts of spectral data quickly, providing timely predictions of soil

colour and properties.
2.0 Materials and methods

2.1 Study area: The Kymore plateau and Satpura hills zone selected for study which comprise
of Rewa, Satna, Panna, Jabalpur, Seoni, Katni, Sidhi and Singrauli districts covering 49.97 lakh
ha (16.26%) area of the state. The region has a relatively high proportion of waste and
uncultivated lands-about 21%. Another about 22% of the land is under forest cover. Only 37% is
cultivated. Irrigation facilities are very poor as only about ten per cent of the cultivated land is
irrigated. Mixed red and medium black soils are mainly in the region. In this region, annual
rainfall is in the range of 1100 to 1400 mm and wheat and rice are main crops. GPS based 2216
surface soil samples (0-15 cm) were collected from from farmer's fields during the off season of
2022-2023.

2.2 Sample collection and processing

At each sampling point, a 1-kilogram composite soil sample, which accurately represents the
area, was collected and recorded in a correctly labeled sample bag. The collected samples were
air dried in the shade, crushed using a wooden log to break up clumps and aggregates, and any
visible root fragments were removed. Each sample was then passed through a 2 mm sieve and
samples were air-dried, ach sample was divided into two portions, one for laboratory chemical
analysis and the other one for spectral measurements. The soil pH EC SOC P,K and S were

analsysed using standard procedures.

2.3 Soil colour

The colour parameters of soil (i.e., Hue, Value and Chroma) were recorded by Munsell
colour chart (1994 Revised Edition). By placing the sample directly behind the colour sheets
separating the nearest matching colour chips, the colour of the soil samples was matched. Hue,
Value, and Chroma were recorded and also converted from HVC to L* b* a* R G B colour

parameter as described by Kirillova et al., (2018).
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Fig. 1 Location map of study area

2.4 Spectral reflectance measurements

The spectra reflectance of soil samples recorded with the help of Spectroradiometer (RS-
3500). Air-dried samples were placed evenly on a rectangular black disk of 5 cm diameter and 2
cm depth by tapping the tray on a table to ensure a smooth surface. The soil-filled rectangular
black disk was kept on the dark background of a table and light reflectance was measured.
Reflectance measurements were taken under dark room conditions and colour estimates were

made in the 350 to 2500 nm wavelength region of the spectrum.
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Fig 2. Spectral signature of different soils

2.5 Model building
The hyperspectral data were analyzed to determine RGB and correlated with Munsell

Soil colour measurement using correlation techniques. The PLSR, SVR, ANN, Random Forest,
XGBoost, Light GBM, Cat Boost machine learning algorithms to develop the model for the
prediction of soil colour parameters, the whole data set (n=2217) was divided 1:5 ratios (every
fifth sample used for testing dataset) into two datasets viz., training dataset (n=1774) and testing
dataset (n=443) in the 80:20 ratios. The training dataset was used to derive the spectral model
and the testing dataset was applied to check the predictive performance of the newly developed
model. The model's performance was evaluated using testing dataset metrics such as R?, RMSE
and RPD values.Mapping of soil colour parameter mapped using GIS
3.0 Result and discussion
3.1 Variation of soil colour

The Munsell soil colour parameters specifically Hue, Value, and Chroma, in the study area,
as represented in Table 1 and depicted in Figures 3, 4, and 5, revealed significant variation across
the samples collected from different districts, such as Jabalpur, Ktani, Panna, Rewa, Satna,
Seoni, Sidhi, and Singrauli. The hues recorded were predominantly from the ranges of 10R,
10YR, 2.5Y, 2.5YR, 5Y, 5R, 5YR, and 7.5YR. The value ranged from 2 to 7, and chroma ranged
from 1 to 8. These observations are consistent with findings of Foth, 1990; Brady and Weil, 2008
who have noted considerable soil colour diversity in tropical and subtropical regions, often
influenced by factors such as mineral content, moisture, and organic matter.
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The distribution of Hue in the samples was as follows: 10R (0, 96, 241, 12, 0, 19, 3, and 8),
10YR (0, 86, 75, 4, 0, 0, and 48), 2.5Y (0, 82, 132, 22, 0, 10, 9, and 46), 2.5YR (0, 46, 200, 12,
0, 0, 6, and 20), 5R (0, 71, 151, 12, 3, 4, 8, and 51), 5Y (4, 89, 131, 28, 0, 0, 10, and 38), 5YR (1,
61, 84, 16, 0, 0, 5, and 43), and 7.5YR (0, 80, 60, 7, 0, 0, 18, and 57). The number of samples

observed within these ranges varied, with the majority of samples falling within the values of 2,

3, 4,5, 6, and 7, indicating a broad range of soil brightness and tonal variations across the

districts. This variability in soil colour, especially in relation to value and chroma, can be

attributed to several factors, including differences in soil texture, mineral composition, and

organic content Dinesh et al. (2017) and Arya et al. (2024). As noted by Schwertmann and

Taylor (1989), the chroma and value of soil colour are often associated with the presence of iron

oxides, which are influenced by the soil's drainage, aeration, and moisture content.

Table: 1 Spatial distribution of soil colour in Kymore plateau and Satpura hills zone

Kymore plateau Hue

a”dﬁﬁ‘ltf“ra "1 10r | 10YR | 25Y | 25YR | 5R | 5Y | 5YR | 7.5vR | Value | Chroma
Jabalpur 379 | 0 | 9 |241| 12 |0 |19]| 3 8 2-7 18
Katni 220 0 | 8 | 75 | 4 |0 |0 | 7 | 48 | 27 26
Panna 01| 0 | 8 | 132 | 22 |0 10| 9 | 46 | 257 | 18
Rewa 284 | 0 | 46 | 200 12 |0 | 0| 6 | 20 |256]| 16
Satna 300 0 | 71 | 150 | 12 |3 | 4| 8 | 51 | 27 18
Seoni 300 | 4 | 89 | 131 | 28 |0 | 0] 10 | 38 | 26 26
Sidhi 210 | 1 | 61 | 8 | 16 |0 |0 | 5 | 43 | 26 18
Singrauli 222 0 | 80 | 60 | 7 |0 0] 18 | 57 | 256 18
Total 2216 | 5 | 611 |1074| 113 | 3 | 33| 66 | 311 | 2-7 1-8
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Fig. 3 Frequency distribution of Hue in Kymore plateau and Satpura hills zone
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3.2 Status of physico-chemical properties under different colour parameters

The study of soil properties such as pH, EC, and SOC across different Munsell colour
parameters (Hue, Value, and Chroma) revealed notable variations in soil chemistry across the
different districts
3.2.1pH, EC and SOC content in soils under different hue

Data presented in Table 2 showed that the pH ranged from 5.82 to 7.30, 4.86 to 8.17, 4.79
to 8.22, 5.00 to 8.02, 6.30 to 7.17, 5.56 to 8.10, 5.24 to 7.92 and 6.55 to 8.39 with a mean value
of 6.57, 6.64, 6.82, 6.53, 6.78, 7.02, 6.53 and 6.61at hue of 10R, 10YR, 2.5Y, 25YR, 5R, 5Y,
5YR and 7.5YR, respectively. The EC ranged from 0.14 to 0.29, 0.05 to 0.96,0.03 to 0.97, 0.05
to 0.54, 0.19 to .22, 0.08 to 0.66, 0.08 to 0.73 and 0.04 to 0.97 dS/m with a mean value 0.20,
0.25, 0.26, 0.21, 0.20, 0.25, 0.24 and 0.26 dS/m at hue of 10R, 10YR, 2.5Y, 2.5YR, 5R, 5Y, 5YR
and 7.5YR, respectively. However, the SOC ranged from 4.70 to 6.98, 1.50 to 12.45,1.50 to
10.95, 1.20 to 9.75,4.73 t0 6.03, 1.50 to 7.05, 2.10 to 11.70 and 1.05 to 10.65 g/kg with a mean
value of 5.56, 5.48, 5.64, 5.27, 5.55, 4.77, 5.43 and 5.35 g/kg at hue of 10R, 10YR, 2.5Y, 2.5YR,
5R, 5Y, 5YR and 7.5YR, respectively.

Soils with hues of 10YR and 5Y exhibited relatively higher pH levels, suggesting slightly
alkaline conditions, while soils with hues like 2.5Y and 2.5YR showed a more neutral to slightly
acidic pH range. EC values were low to moderate, ranging from 0.03 to 0.97 dS/m, with mean
values ranging between 0.20 and 0.26 dS/m. This indicates that the soils generally have low
salinity. SOC content showed a wide range, from 1.05 to 12.45 g/kg, with mean values varying
between 4.77 and 5.64 g/kg. Soils with hues such as 10YR and 2.5Y generally had higher SOC
content, reflecting better organic matter accumulation. These findings align with studies by
Brady and Weil (2008), which suggest that pH and EC are influenced by the mineral
composition and organic matter content of the soil. Additionally, soils with higher SOC typically
show better fertility and moisture retention capabilities.

3.2.2 pH, EC and SOC content in soils under different value

The result on pH EC and SOC under different value was presented in Table 2 showed
that the pH ranged from 5.95 to 7.81, 5.25 to 8.10, 5.00 to 8.10, 4.55 to 8.39, 4.79 to 8.22, 4.87
to 8.11 and 5.41 with a mean value of 6.94, 6.96, 6.70, 6.68, 6.72, 6.75 and 6.91 at value of 2,
2.5, 3, 4,5, 6 and 7, respectively. The EC ranged from0.09 to 0.92, 0.09 to 0.58, 0.05 to 0.85,
0.03 to 0.97, 0.05 to 0.97, 0.05 to 0.91 and 0.07 to 0.53 dS/m with a mean value of 0.24, 0.26,



0.24, 0.25, 0.26, 0.25 and 0.26dS/m at value of 2, 2.5, 3, 4, 5, 6 and 7, respectively. The SOC
ranged from 2.70 to 11.25, 1.95 to 10.65,1.50 to 12.45, 1.05 to 10.9, 1.05 to 10.95, 2.25 to 10.35
and 4.42 to 9.30 g/kg with a mean value of 6.20, 5.89,5.66, 4.49, 5.40 5.47 and 5.71 g/kg at value
of 2,25, 3, 4,5, 6 and 7, respectively. The pH values in soils across different value categories
ranged from 4.55 to 8.39, with mean values from 6.68 to 6.96, suggesting that soil pH was
generally neutral to slightly alkaline. EC ranged from 0.03 to 0.97 dS/m, with mean values
ranging between 0.24 and 0.26 dS/m, consistent with low salinity levels in the soils. The SOC
content across the different value categories ranged from 1.05 to 12.45 g/kg, with mean values
ranging from 4.49 to 6.20 g/kg. The higher SOC content was found in soils with lower value
(more intense colour), supporting the idea that darker soils may have more organic matter
(Schmidt et al., 2011).

3.2.3 pH, EC and SOC content in soils under different chroma

Result from the Table 2 showed that the pH ranged from4.95 to 8.10, 4.79 to 8.22, 4.55 to
8.15, 4.94 to0 8.12 and 5.79 to 7.695.14 to 8.39 with a mean value of 7.00, 7.85, 6.73, 6.62, 6.63
and 6.93 at chroma of 1, 2, 3, 4, 6 and 8, respectively. The EC ranged from 0.03 to 0.92, 0.05 to
0.73, 0.07 to 0.82, 0.04 to 0.97, 0.05 to 0.96 and 0.09 to 0.43 dS/m with a mean value of 0.25,
0.26, 0.25,0.25, 0.25 and 0.28dS/m at chroma of 1, 2, 3, 4, 6 and 8, respectively. The OC ranged
from 1.50 to 12.45, 1.50 to 10.95, 1.65 to 10.80, 1.05 to 11.70, 1.05 to 9.30 and 3.60 to 7.95g/kg
with a mean value of 5.84, 5.79, 5.53,5.44, 5.26 and 5.36 g/kg at chroma of 1, 2, 3, 4, 6 and 8,
respectively. Soil pH varied from 4.55 to 8.39 across different chroma values, with mean pH
values ranging from 6.62 to 7.85, indicating slight alkalinity. The EC values ranged from 0.03 to
0.97 dS/m, with mean values ranging from 0.25 to 0.28 dS/m, suggesting that the soils were
mostly non-saline. SOC content ranged from 1.05 to 12.45 g/kg, with mean values from 5.26 to
5.84 g/kg. Soils with higher chroma (more vivid colour) had slightly lower SOC values,
indicating that chroma might be less correlated with OC content but could be influenced by

factors such as soil texture and moisture.



Table 2: Physico-chemical parameter of soils under different Munsell colour parameters

H EC (dSm™) OC (g kg™")
Parameter n Min | Max | Mean | CV | Min|Max |Mean| CV |Min| Max | Mean| CV
(%) (%) (%)
10R 51582| 730| 657| 883|014 | 0.29| 0.20| 3546 |4.70| 6.98| 556 | 15.73
10YR | 611|486 | 8.17| 6.64| 10.27 | 0.05| 096 | 0.25| 4952|150 | 12.45| 5.48 | 23.49
25Y | 1074|479 | 822| 6.82| 9.20|0.03| 097| 0.26| 49.82 | 1.50 | 10.95| 5.64 | 22.86
25YR| 113 |(5.00| 802| 653| 9.61|005| 054| 0.21]| 4568 |1.20| 9.75| 5.27| 23.01
5R 3|1630| 7.17| 6.78| 6.52|0.19| 0.22| 020| 751|4.73| 6.03| 555| 12.86
5Y 33|/536| 810| 7.02| 891|008 | 066 | 0.25| 51.76 | 1.50 | 7.05| 4.77 | 24.10
5YR 66 | 524 | 792 | 6.53| 949|008 | 0.73| 0.24| 58.25|2.10|11.70 | 5.43| 28.70
75YR| 311 |455| 839| 661| 9.95|0.04| 097| 0.26| 58.07 | 1.05| 10.65| 5.35| 20.93
2 30(595| 781| 694 | 7.13(0.09| 092| 0.24| 7412 |270|11.25| 6.20| 26.18
2.5 71|525|810| 6.96| 870|0.09| 058| 0.26 | 41.37|1.95|10.65| 5.89| 26.94
3 448 | 5.00 | 810| 6.70| 9.35|0.05| 0.85| 0.24| 4999|150 |1245| 5.66| 23.67
Value 4 738 455| 839| 6.68| 9.79|0.03| 097| 0.25]| 51.72|1.05|10.95| 5.49| 23.16
5 691 | 479 | 822 | 6.72| 9.68|0.05| 097| 0.26| 51.15|1.05| 10.95| 5.40| 22.80
6 218 | 487 | 8.11| 6.75| 11.02 | 0.05| 091 | 0.25| 52.99 | 2.25| 10.35| 5.47| 19.10
7 20 (541|782 | 6.91| 9.06|0.07| 053 | 0.26| 48.48|4.42| 930 | 5.71| 22.85
1 204 | 495| 8.10| 7.00| 837|0.03| 092| 0.25]| 50.86 | 150 | 12.45| 5.84 | 27.58
2 356|479 822| 6.85| 936|005| 0.73| 0.26| 47.20| 1.50 | 10.95| 5.79 | 24.34
Chroma 3 444 1514 | 839 | 6.73| 9.61|0.07| 0.82| 0.25| 4796 | 1.65|10.80| 5.53| 22.43
4 800 | 455 | 815| 6.62| 9.89|0.04| 097| 025| 54.75|1.05|11.70 | 5.44| 21.98
6 400|494 | 812| 6.63| 987 |0.05| 09| 0.25| 5249 |1.05| 9.30| 5.26| 20.41
8 12579 | 769 | 693| 835|009| 043 | 028 36.17|360| 7.95| 5.36| 19.15

3.3 Status of macro nutrients in soils under different colour parameters

The availability of P, K and S varied significantly in soils based on their Munsell colour
parameters, including Hue, Value, and Chroma.
3.3.1 Availability of P, K and S in soils under different Hue

Data given in Table 3 revealed that the available P ranged from 13.59 to 40.79, 1.44 to

74.02,1.15t0 117.17, 1.19 to 74.02, 5.17 to 7.77, 3.43 t0 29.22, 1.73 t0 26.32 and 1.11 to 67.12
kg halwith a mean value of 20.65, 10.22, 11.20, 10.59, 6.32, 9.97, 8.74 and 9.86 kg ha*at hue of
10R, 10YR, 2.5Y, 2.5YR, 5R, 5Y, 5YR and 7.5YR, respectively. The available K ranged from
290.08 to 386.40, 116.48 to 715.68, 105.28 to 974.40, 122.08 to 611.52,244.16 to 324.80, 126.56
to 557.76, 147.84 to 611.52 and 145.60 to 750.40 kg ha'with a mean value of 343, 344, 366,
340, 293, 355, 324 and 327 kg ha™at hue of 10R, 10YR, 2.5Y, 2.5YR, 5R, 5Y, 5YR and 7.5YR,
respectively. The available S ranged from 3.12 to 8.79, 0.43 to 33.60, 0.57 to 30.77, 0.57 to
19.00, 5.10 to 7.66, 2.55 to 19.99, 0.99 to 20.84 and 0.71 to 18.29 mgkg ‘with a mean value of
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7.34,7.71, 8.21, 6.95, 6.57, 9.04, 6.82 and 6.78 mg kg*at hue of 10R, 10YR, 2.5Y, 2.5YR, 5R,
5Y, 5YR and 7.5YR, respectively. The available P in soils varied widely across different hues,
ranging from 1.11 to 117.17 kg/ha, with mean values varying between 6.32 and 20.65 kg/ha. The
highest P availability was observed in soils with hues of 2.5Y, 10R, and 2.5YR. The K
availability ranged from 105.28 to 974.40 kg/ha, with mean values from 293 to 366 kg/ha. Soils
with hues like 10YR and 5Y showed the highest potassium levels. The S availability ranged from
0.43 to 33.60 mg/kg, with mean values between 6.57 and 9.04 mg/kg. Soils with hues such as
10YR and 5Y exhibited the highest sulfur availability. These results align with findings by
Conklin et al. (2013) who highlighted that soil colour can be an indirect indicator of nutrient
content due to the relationships between soil organic matter, mineralogy, and nutrient
availability.

3.3.2 Availability of P, K and S in soils under different VValue

From the result presented in Table 3 showed the available P ranged from 1.73 to 50.05,
1.44 10 67.12, 1.44 10 61.62, 1.19 t0 96.30, 1.11 to 117.7, 1.44 to 74.02 and 2.89 to 28.64 kg ha™*
with a mean value of 15.32, 13.56, 10.35, 10.23, 10.61, 11.05 and 10.83 kg ha* at value of 2,
2.5, 3, 4,5, 6 and 7, respectively. The available K ranged from 136.64 to 624.96, 178.08 to
750.40,116.48 to 678.72, 125.44 to 738.08, 122.08 to 848.96, 160.16 to 974.40 and 105.28 to
468.16 kg ha with a mean value 0f376, 388, 355, 349, 348, 354 and 301 kg ha™ at value of 2,
2.5,3,4,5, 6 and 7, respectively. The available S ranged from 2.13 to 33.60, 2.55 to 30.77, 0.57
to 29.77, 0.43 to 30.34, 0.57 to 26.23, 0.85 to 27.51 and 2.41 to 18.57 mg kgwith a mean value
of 8.69, 7.96, 7.66, 7.84, 7.62, 8.03 and 8.02 mg kglat value of 2, 2.5, 3, 4, 5, 6 and 7,
respectively.

The P ranged from 1.11 to 117.7 kg/ha, with mean values between 10.23 and 15.32
kg/ha. Higher P levels were found in soils with lower value (darker soil colours). The K
availability ranged from 105.28 to 848.96 kg/ha, with a mean value from 301 to 388 kg/ha. The
S availability varied from 0.43 to 33.60 mg/kg, with mean values ranging from 7.62 to 8.69
mg/kg. The increase in phosphorus and sulfur content in soils with lower values (more intense
colours) could reflect higher organic matter content, which can influence nutrient release
(Wiesmeier et al., 2019).
3.3.3Availability of P, K and S in soils under different chroma

Data on available P, K and S in Table 3 indicated that the available P ranged from 1.44 to
96.30, 1.44 t0 95.18, 1.11 to 74.02, 1.15 to 55.84, 1.19 t0 117.17 and 2.02 to 11.28 kg ha'with a
mean value 0f13.73, 12.32, 10.22, 10.05, 9.30 and 6.94 kg ha*at chroma of1, 2, 3, 4, 6 and 8,
respectively. The available K ranged from 136.64 to 848.96, 126.56 to 750.40, 116.48 to 721.28,
114.24 to 743.68, 105.28to 974.40 and 252.00 to 543.20kg halwith a mean value of 397, 376,
348, 341, 329 and 389 kg hatatchroma of1, 2, 3, 4, 6 and 8, respectively. The available S ranged
from 1.13 to 33.60, 0.71 to 30.34,0.85 to 29.77 0.43 to 25.38, 0.57 to 23.25 and 2.98 to 22.12 mg
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kgwith a mean value of 8.69, 8.51, 7.82,7.54, 7.07 and 7.40 mg kg*at chroma of 1, 2, 3, 4, 6
and 8, respectively. The availability of P ranged from 1.11 to 117.17 kg/ha, with mean values
varying between 6.94 and 13.73 kg/ha.

The highest P availability was found in soils with higher chroma (more vivid colours),
particularly those with chroma of 1 and 2. Potassium (K) availability ranged from 105.28 to
974.40 kg/ha, with a mean value between 329 and 397 kg/ha. Sulfur (S) availability varied from
0.43 to 33.60 mg/kg, with mean values between 7.07 and 8.69 mg/kg. Higher chroma soils
exhibited relatively higher K and S levels, possibly due to differences in soil texture and mineral
composition (Ibafiez-Asensio et al., 2013). The availability of P, K, and S is strongly influenced
by soil colour parameters, soils with darker hues (lower value) and higher chroma tend to have
higher nutrient availability, likely due to better organic matter content, which enhances nutrient
retention and release. The high variability in phosphorus and sulfur availability in soils with
different hues, values, and chromas underscores the need for targeted soil management strategies
based on soil colour to optimize nutrient availability.
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Table 3: Macro-nutrients status under different Munsell colour parameters

Parameter N P (kg hat) K (kg hat) S (mg kg?)
Min | Max | Mean | CV (%) | Min | Max | Mean | CV (%) | Min | Max | Mean | CV (%)
10R 5[1359 | 40.79 | 20.65 56.22 | 290 | 386 | 343 11101 3.12| 879 | 7.34 32.49
10YR | 611 | 144 | 74.02| 10.22 75.02 | 116 | 716 | 344 28.730.43|33.60| 7.71 48.35
25Y |1074| 1.15|117.17 | 11.20 85.06 | 105| 974 | 366 29.89 | 0.57 | 30.77 | 8.21 48.71
Hue 25YR | 113 | 1.19| 74.02| 10.59 86.10 | 122 | 612 | 340 29.79 | 0.57 | 19.00 | 6.95 45.25
5R 3| 5.17 777 | 6.32 2097 | 244 | 325 | 293 1472 | 510 | 7.66 | 6.57 20.05
5Y 33| 3.43| 29.22| 9.97 57.03 | 127 | 558 | 355 29.64 | 255|19.99 | 9.04 44.90
5YR 66| 1.73| 26.32| 8.74 63.87 | 148 | 612 | 324 30.17 | 0.99 | 20.84 | 6.82 43.32
75YR| 311| 1.11| 67.12| 9.86 74.13 | 146 | 750 327 26.77 | 0.71 | 1829 | 6.78 44.80
2 30| 1.73| 50.05| 15.32 81.44 | 137 | 625 | 376 3422 | 2.13|33.60| 8.69 71.93
2.5 71| 144 | 67.12| 13.56 86.10 | 178 | 750 | 388 30.43 | 2.55|30.77 | 7.96 49.82
3 448 | 144 | 61.62 | 10.35 65.95| 116 | 679 | 355 27.46 | 0.57 | 29.77 | 7.66 45.45
Value 4 738 | 1.19| 96.30| 10.23 8150 | 125| 738 | 349 3041|043 |30.34| 7.84 50.37
5 691 | 1.11|117.17| 10.61 84.10 | 122 | 849 | 348 28.68 | 0.57 | 26.23 | 7.62 46.02
6 218 | 1.44| 74.02 | 11.05 88.82 | 160 | 974 | 354 30.90 | 0.85|27.51| 8.03 48.82
7 20| 2.89| 28.64| 10.83 59.63 | 105| 468 | 301 30.61 | 2.41 | 1857 | 8.02 55.19
1 204 | 1.44| 96.30| 13.73 91.37 | 137 | 849 | 397 30.13|1.13|33.60 | 8.69 54.51
2 356 | 1.44| 95.18 | 12.32 82.47 | 127 | 750 | 376 29.37 | 0.71 | 30.34| 851 47.97
Chroma 3 444 | 1.11| 74.02 | 10.22 76.45| 116 | 721 348 29.64 | 0.85 | 29.77 | 7.82 46.52
4 800 | 1.15| 55.84 | 10.05 69.30 | 114 | 744 | 341 28.43|0.43| 2538 | 7.54 45.45
6 400 | 1.19|117.17| 9.30 85.99 | 105 | 974 329 2756 | 0.57 | 23.25 | 7.07 49.14
8 12| 2.02| 11.28| 6.94 4745 | 252 | 543 | 389 2415|298 | 22.12 | 7.40 67.05
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3.4 Correlation findings

The correlation results between soil colour parameters (CIE Lab and Munsell) and
various soil properties. These correlations provide insights into how colour characteristics can
be used as indicators for soil fertility and nutrient availability. Correlation result showed in
Table 4 indicated that the CIE lab parameters i.e., L* was significantly correlated with SOC
(r=-0.088**) and K (r= -0.062**). Further, a* and b* parameters were found significantly
correlated with all the parameters except EC which was showed non-significant correlation
with b*.. The SOC was significantly related with R, G and B with r value of -0.114**, -
0.071**) and-0.051*) but EC showed non-significant correlation with R, G and B colour
component, respectively. Munsell parameters i.e., Value showed significant relation with OC
(r=-0.82**) and available K (r=-0.51*). This finding is in line with previous research
indicating that darker soils often contain higher amounts of organic carbon and nutrients
(Bohn et al., 2001). In contrast, Chroma was chroma was negatively correlated with OC (r=-
0.141**), available P (r=-0.143**), K (r=-0.173**) and S (r=-0.134**). Soils with higher
chroma (more vivid colour) tended to have lower nutrient availability, which could be due to
higher soil mineralization and less organic matter retention in these soils Minh et al., (2023).
Djama et al., (2023) and Kang et al., (2024) also found negatively significant correlation
between SOC and soil colour component (RGB). The correlations observed between colour
parameters and soil properties confirm the utility of soil colour as an indicator of fertility.
Lighter soils (higher L* values) tend to have lower organic content and nutrient availability,
while darker soils (lower value) are generally more fertile, with higher organic carbon and
potassium content. The negative correlation of chroma with several soil nutrients suggests
that soil colour, particularly in terms of chroma and value, can be a helpful tool for predicting
soil fertility and guiding soil management practices.

Table 4: Correlation between soil colour and soil chemical properties

Parameters Munsell CIE-Lab RGB
parameters colour space parameters

Value | Chroma L* a* b* Red Green Blue
pH -0.002 | -0.149** -0.015 -0.160** -0.120** | -0.065** | 0.004 0.056**

EC 0.028 -0.013 0.019 -0.058** -0.016 0.002 0.029 0.017
ocC -0.082** | -0.141** | -0.088** -0.115** -0.105** | -0.114** | -0.071** | -0.101**
Avalil. P -0.015 | -0.143** -0.019 -0.095** -0.106** -0.053* -0.002 0.055*
Avail. K -0.051* | -0.173** | -0.062** -0.148** -0.117** | -0.098** | -0.045* -0.003
Avail .S -0.000 | -0.134** -0.001 -0.158** -0.089** -0.042 0.017 0.048*

*= significant at 5%, **= significant at 1%,

Further, the Fig. 6, 7 and 8 depicted the relationship between soil colour parameter
value and chroma. The best fitted with the models were polynomial relationship between the
value and Chroma of colour parameter and SOC, equation of Y=0.086x2-0.860x+7.528 with
a R? is 0.982 and Y=0.018x2-0.249x+6.126 with a R? is 0.948, respectively. However, the
linear relationship was found between the chroma and available P, Y=-0.873+13.92 with a R?
is 0.922. This is supported by research by Nair et al., (2009), which suggests that soils with
higher chroma often have better P availability due to higher microbial activity and organic
matter content. The strong polynomial correlations between soil colour (value and chroma)
and SOC emphasize the potential of using soil colour as an indicator of organic matter
content. The linear correlation between chroma and available phosphorus further supports the
use of colour as a quick diagnostic tool for assessing phosphorus levels in soils.
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3.4 Prediction of soil colour parameters using spectroscopic and different machine
learning models

The performance of various machine learning models in predicting soil colour parameters
(L*, a*, and b*) was evaluated based on the coefficient of determination (R?), root mean
square error (RMSE), and residual prediction deviation (RPD) for both the training and
testing datasets (Figure 9)

3.5.1 CIE-Lab colour space

The performance results presented in the Table 5 showed the PLSR, SVR, ANN,
Random Forest, XGBoost, LightGBM, CatBoost and ELM models showed the R? of 0.24,
0.18, 0.28, 0.84, 0.84, 0.84, 0.83 and 0.38; 0.32, 0.28, 0.38, 0.81, 0.81, 0.81, 0.81 and 0.31
and 0.20, 0.12, 0.23, 0.83, 0.83, 0.83, 0.82 and 0.20 with a RMSE and RPD of 9.43, 9.79,
9.14, 5.25, 5.28, 5.26, 5.30 and 9.46; 3.99, 4.40, 3.83, 2.37, 2.37, 2.38, 2.35 and 4.04; 8.48,
9.03, 8.32, 4.85, 4.82, 4.84, 4.86 and 8.50 and 1.14, 1.10, 1.18, 2.06, 2.05, 2.05, 2.04 and
1.14; 1.22, 1.10, 1.27, 2.04, 2.05, 2.04, 2.07 and 1.20 and 1.12, 1.05, 1.14, 1.96, 1.97, 1.96,
1.95 and 1.12 for L*, a* and b* for a training dataset. However, PLSR, SVR, ANN, Random
Forest, XGBoost, LightGBM, CatBoost and ELM models showed R? of 0.33, 0.29, 0.36,
0.36, 0.36, 0.35, 0.36 and 0.35; 0.37, 0.33, 0.35, 0.31, 0.31, 0.32, 0.32 and 0.32 and 0.30,
0.22, 0.24, 0.36, 0.37, 0.37, 0.36 and 0.31 with a RMSE and RPD of 7.23, 7.41, 7.11, 7.10,
7.07, 7.17, 7.11 and 7.14; 3.17, 3.41, 3.27, 3.33, 3.33, 3.29, 3.29 and 3.30 and 6.36, 6.72,
6.72, 6.05, 6.03, 6.06, 6.08 and 6.31 and 1.22, 1.19, 1.24, 1.24, 1.25, 1.23, 1.24and1.23; 1.25,
1.16,1.21,1.21,1.19,1.20,1.20 and 1.20 and 1.19, 1.12, 1.12, 1.25, 1.25, 1.25, 1.24 and 1.20
for the testing dataset, respectively. Overall the XGBoost, Random Forest and XGBoost
model gave the best prediction of soil colour parameter of L*, a* and b*.

For the training dataset, models such as XGBoost, Random Forest, and LightGBM
demonstrated the highest R? values of 0.84, 0.84, and 0.84, respectively, for predicting L*,
a*, and b* values. These models exhibited relatively low RMSE and RPD values (around
5.25 to 5.30 and 2.04 to 2.07, respectively), indicating strong predictive performance. In
contrast, models like PLSR, SVR, and ANN had lower R2 values (ranging from 0.18 to 0.28)
and higher RMSE and RPD values, suggesting poorer model performance. On the testing
dataset, XGBoost, Random Forest, and LightGBM again outperformed other models,
achieving R? values of 0.36, 0.36, and 0.35, respectively, across the L*, a*, and b* colour
components. These models also had lower RMSE and RPD values (around 7.07 to 7.17 and
1.19 to 1.24, respectively), indicating robust generalization capabilities. The performance of
these models was consistent, supporting their suitability for predicting soil colour parameters.
Conversely, other models such as PLSR and SVR exhibited lower R? values (ranging from
0.29 to 0.33) and higher RMSE and RPD values, highlighting their limitations. The superior
performance of the XGBoost, Random Forest, and LightGBM models. These models
effectively capture the non-linear relationships between soil colour and properties such as
organic carbon and nutrient content, which is critical for soil management and precision
agriculture. In contrast, traditional models like PLSR and SVR, although simpler, struggle
with the complexity of soil data, resulting in lower prediction accuracy.

Table 5: Results of different model for prediction of soil colour parameter (L*, a* and b*)
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Training (80%) Testing data (20%0)

Property Model RZ |RMSE [RPD | RZ | RMSE | RPD
PLSR 024 | 943 | 114 |033| 7.23 | 1.22

SVR 018 | 9.79 | 1.10|0.29| 741 | 1.19

ANN 028 | 914 | 118 |0.36| 7.11 1.24

L RandomForest 084 | 525 | 206 |036| 710 |1.24
XGBoost 0.84 | 528 |205(036| 7.07 | 1.25

LightGBM 084 | 526 | 205|035| 7.17 | 1.23

CatBoost 0.83 ] 530 | 204|036 | 711 | 1.24

ELM 0.23 | 9.46 114 | 0.35| 7.14 | 1.23

PLSR 032 ] 399 | 122 |037| 317 | 1.25

SVR 028 | 440 | 110 [033| 341 | 1.16

ANN 038 | 383 | 127 |035| 327 | 121

- RandomForest 0.81| 237 |204 031| 333 |1.21
XGBoost 081 | 237 |205|031| 333 | 1.19

LightGBM 081 | 238 | 204 |032| 329 | 1.20

CatBoost 081 | 235 | 207 [032| 329 | 1.20

ELM 031 | 404 |120|032| 330 | 1.20

PLSR 020 | 848 | 112 |0.30| 6.36 | 1.19

SVR 012 | 9.03 | 105 |0.22| 6.72 | 1.12

ANN 023 | 832 | 114 (024| 6.72 | 1.12

b* RandomForest 083 | 485 |196 |036| 6.05 | 1.25
XGBoost 083 | 482 | 197 |037| 6.03 | 1.25

LightGBM 083 | 484 | 196 |037| 6.06 | 1.25

CatBoost 082 | 486 | 1.95|0.36| 6.08 | 1.24

ELM 020 | 850 | 1.12 |031| 6.31 | 1.20

3.5.2 Spectral colour-R, G, B

The performance results presented in the Table 6 indicated that the PLSR, SVR,
ANN, Random Forest, XGBoost, LightGBM, CatBoost and ELM models showed the R? of
0.25, 0.18, 0.37, 0.84, 0.85, 0.84, 0.84 and 0.0.25; 0.23, 0.16, 0.29, 0.84, 0.84, 0.84, 0.84 and
0.22 and 0.16, 0.08, 0.16, 0.84, 0.83, 0.83, 0.84 and 0.15 with a RMSE and RPD of 25.60,
26.77, 23.60, 14.05, 14.01, 14.12, 14.04 and 25.67; 22.18, 23.22, 21.43, 12.41, 12.32, 12.38,
12.40 and 22.30; 19.96, 20.93, 20.08, 11.38, 11.37, 11.38, 11.34 and 20.12 and 1.15, 1.10,
1.25, 2.10, 2.11, 2.09, 2.11 and 1.15; 1.14, 1.09, 1.18, 2.04, 2.06, 2.05, 2.04 and 1.14 and
1.09, 1.04, 1.09, 1.92, 1.92, 1.92, 1.92 and 1.08 for R, G and B for a training dataset.
However, PLSR, SVR, ANN, Random Forest, XGBoost, LightGBM, CatBoost and ELM
models showed R? of 0.37, 0.37, 0.31, 0.45, 0.45, 0.45, 0.45 and 0.38; 0.39, 0.34, 0.41, 0.43,
0.43, 0.43, 0.43 and 0.42 and 0.23, 0.16, 0.09, 0.30, 0.31, 0.29, 0.30 and 0.22 with a RMSE
and RPD of 17.89, 17.83, 19.96, 16.74, 16.68, 16.72, 16.78 and 17.69; 15.23, 15.68, 15.25,
14.70,14.71, 14.74, 14.68 and 14.85 and 13.61, 14.06, 16.06, 12.98, 12.88, 13.06, 13.03 and
13.70 and 1.25, 1.26, 1.12, 1.34, 1.35, 1.34, 1.34 and1.27; 1.27, 1.24, 1.27, 1.32, 1.32, 1.31,
1.32 and 1.30 and 1.13, 1.09, 0.95, 1.18, 1.19, 1.17, 1.18 and 1.12 for the testing dataset,
respectively.

In the training dataset, XGBoost, Random Forest, and LightGBM models
demonstrated the highest R2 values for predicting the R, G, and B parameters, ranging from
0.83 to 0.85, with RMSE values between 14.01 and 14.12 and RPD values of approximately
2.04 to 2.11. These results indicate a strong predictive ability of these models for soil colour
parameters. On the other hand, simpler models like PLSR, SVR, and ANN showed lower R?2
values (0.18 to 0.37) and higher RMSE values, suggesting less accurate predictions. For the
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testing dataset, Random Forest, XGBoost, and LightGBM continued to perform well,
achieving R? values of 0.45 across all RGB components, with RMSE values ranging from
16.68 to 16.78 and RPD values between 1.30 and 1.35. These models exhibited low RMSE
and relatively high RPD, demonstrating their robustness and accuracy in predicting soil
colour parameters. In contrast, models like PLSR and SVR again showed lower R2 values
(ranging from 0.16 to 0.37), with higher RMSE and lower RPD, indicating a weaker
performance.

The consistent outperformance of Random Forest, XGBoost, and LightGBM models
aligns with recent studies highlighting the effectiveness of ensemble learning techniques in
predicting soil properties, including soil colour (Silvero et al. 2021 and Pegalajaret al. 2020).
These models can capture complex non-linear relationships between soil characteristics and
spectral data, making them ideal for predicting soil colour. In contrast, simpler models like
PLSR and SVR struggle with the non-linearities inherent in the data, resulting in poorer

prediction accuracy. Overall, the Random Forest, Random Forest and XGBoost model gave
the best prediction of soil colour parameter of R, G and B. Al-Najiet al. (2022), Ramos et al.
(2020), and de Souzaet al. (2022) also used machine learning algorithms for rapid assessment
and prediction of soil colour parameters and found some similar trends and supporting
finding.

Table 6: Results of different model for prediction of soil colour parameter (R, G and B)

Training data(80%) | Testing data (20%)

Property Model RZ |RMSE | RPD | R? | RMSE | RPD
PLSR 025 | 2560 | 1.15 | 0.37 | 17.89 | 1.25

SVR 018 | 26.77 | 1.10 | 0.37 | 17.83 | 1.26

ANN 037 | 23.60 | 1.25 | 0.31 | 19.96 | 1.12

R RandomForest 084 | 14.05 | 2.10 |0.45| 16.74 | 1.34
XGBoost 0.85 | 14.01 | 2.11 | 0.45 | 16.68 | 1.35

LightGBM 084 | 1412 | 209 | 0.45 | 16.72 | 1.34

CatBoost 0.84 | 14.04 | 211 | 0.45| 16.78 | 1.34

ELM 025 | 2567 | 1.15 | 0.38 | 17.69 | 1.27

PLSR 023 | 2218 | 1.14 | 039 | 1523 | 1.27

SVR 0.16 | 23.22 | 1.09 | 0.34 | 1568 | 1.24

ANN 029 | 21.43 | 1.18 | 0.41 | 15.25 | 1.27

o RandomForest 0.84 | 1241 | 2.04 | 043 | 1470 | 1.32
XGBoost 084 | 12.32 | 2.06 | 043 | 14.71 | 1.32

LightGBM 0.84 | 12.38 | 2.05 | 043 | 14.74 | 1.31

CatBoost 0.84 | 12.40 | 2.04 | 043 | 14.68 | 1.32

ELM 022 | 2230 | 1.14 | 042 | 14.85 | 1.30

PLSR 0.16 | 19.96 | 1.09 | 0.23 | 1361 | 1.13

SVR 0.08 | 2093 | 1.04 | 0.16 | 14.06 | 1.09

ANN 0.16 | 20.08 | 1.09 | 0.09 | 16.06 | 0.95

5 RandomForest 084 | 11.38 | 1.92 | 030 | 12.98 | 1.18
XGBoost 083 | 11.37 | 1.92 | 031 | 12.88 | 1.19

LightGBM 083 | 11.38 | 1.92 | 0.29 | 13.06 | 1.17

CatBoost 084 | 11.34 | 1.92 | 0.30 | 13.03 | 1.18

ELM 015 | 2012 | 1.08 | 022 | 13.70 | 1.12
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The spatial variability maps for hue, value, and chroma (Munsell colour parameters) are
presented in Fig. 10. The 2.5Y hue was predominantly distributed in the northern region,
while 5YR and 7.5YR hues were more variable in the southern part. The value of soils
showed higher concentrations in the northern region and lower concentrations in the southern
part. The chroma was found to be lower in the southwestern soils of the Kymore Plateau and
Satpura Hill zone of Madhya Pradesh, indicating a less vivid soil colour, possibly related to
soil texture and mineral composition. These findings are consistent with studies that have
linked soil colour variability to the presence of organic matter and minerals, such as
manganese oxides, which influence soil redox conditions and consequently the soil’s hue and
value (Rizzo et al., 2023). The spatial patterns of chroma in these regions also align with
findings by other researchers who noted a relationship between chroma and soil mineral

content.

Fig. 10 Spatial variability map of soil colour parameter (a,b,c & d)
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4.0 Conclusions

The study explored the variability in pH, EC, and SOC content across different soil
colour parameters (Hue, Value, and Chroma) in the Kymore Plateau and Satpura Hill zones
of Madhya Pradesh. It found that soils were generally neutral to slightly alkaline, with low
salinity, and substantial variation in organic carbon content. Darker soils (higher value)
tended to have more organic carbon. The study highlighted strong correlations between CIE
Lab and Munsell colour parameters and soil properties, particularly SOC and available
phosphorus, which are key for soil fertility.

The integration of hyperspectral data and machine learning models XGBoost,
Random Forest, and LightGBM proved effective in predicting soil colour and properties.
These models offer promising tools for precision agriculture and soil management.

GIS-based soil colour maps generated from the data can provide valuable insights into
soil characteristics, aiding in soil mapping. Overall, the study underscores the potential of
using soil colour parameters as a simple and effective indicator of soil health.
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