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 Abstract - Bare soil composites (BSCs) derived from Sentinel-2 

(S2) imagery offer a promising approach for estimating soil 

properties. However, the influence of temporal window length and 

spatial heterogeneity on predictive performance remains 

insufficiently understood. This study evaluated BSCs developed 

from short-term (one-year), medium-term (three-year), and long-

term (six-year) temporal windows for estimating soil properties in 

a semi-arid agricultural region of Maharashtra, India. A total of 

443 surface soil samples were collected from ground reference 

locations distributed across five districts representing diverse soil 

conditions and land-use practices. Four regression models, namely 

support vector regression (SVR), partial least squares regression 

(PLSR), random forest (RF), and feature selection-based PLSR 

(PLSRFS), were evaluated using Sentinel-2 spectral data. 

Laboratory reflectance spectra were also compared with each BSC 

using the Spectral Angle Mapper (SAM) to identify the Sentinel-2 

dataset with the highest spectral agreement. Moreover, the fuzzy 

c-means (FCM) membership function was explored as a novel 

measure of soil spectral heterogeneity for use as a predictor 

variable along with S2 data. Results showed that S2 data derived 

from the long-term temporal window (six-year BSC) had the 

highest spectral agreement with laboratory spectra (mean SAM = 

0.09), with ~50% of samples exhibiting SAM < 0.1. Yet, the 

coefficient of determination (R2) values in the test datasets 

developed for a given temporal window varied with the target soil 

property. For example, for sand, R² increased from 0.22 to 0.33, 

RMSE decreased from 13.0 to 12.1, and RPIQ increased from 1.69 

to 1.88; for clay, R² increased from 0.24 to 0.37, RMSE (root mean 

square error) decreased from 11.1 to 10.2, and RPIQ increased 

from 1.82 to 1.96; and for SOC, R² increased from 0.15 to 0.28, 

RMSE decreased from 0.13 to 0.12, and ratio of performance to 

interquartile range (RPIQ) increased from 1.56 to 1.72, 

respectively. Among the evaluated soil properties, Mn showed the 

highest predictive performance (R² = 0.76, RMSE = 8.86, RPIQ = 

2.13). Incorporating FCM membership values as an additional 

predictor consistently improved model performance, increasing 

R² from 0.33 to 0.56, 0.37 to 0.53, and 0.61 to 0.72, and RPIQ from 

1.88 to 2.20, 1.96 to 2.23, and 1.41 to 1.80 for sand, clay, and 

available Fe, respectively. Moderate improvements were also 

observed for pH and SOC. Clearly, longer temporal windows for 

BSCs and a soil heterogeneity measure provide an improved 

pathway for high-resolution soil assessment in heterogeneous 

landscapes. 

Index Terms - Reflectance spectroscopy, temporal window, 

Fuzzy c-means, soil properties, Bare soil  
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I. INTRODUCTION 

Soil is a key component of the terrestrial ecosystem and is 

known to regulate agricultural productivity, water and nutrient 

cycling, and carbon sequestration among others [1], [2], [3], [4]. 

Hence, accurate and spatially-continuous information on soil 

properties is essential for sustainable land management, climate 

change mitigations, and precision agriculture [5], [6]. In semi-

arid tropics, soils are particularly sensitive to climatic 

variability, repeated tillage and intensive cultivation [7]. For 

instance, variation in farm-level management in an agricultural 

landscape leads to substantial variability in surface soil 

properties even over short distances [8]. Although conventional 

soil characterization methods based on field sampling and 

laboratory analysis are accurate, capturing such landscape-scale 

soil heterogeneity becomes costly, time-consuming, and 

spatially-sparse [9], [10]. 

Several recent studies show that soil properties across 

extensive spatial extents may be estimated using multi-spectral 

imaging (MSI) data  [11] ,[3], [12], [13]. Among current MSI 

missions, Sentinel-2 (S2) has emerged as a particularly valuable 

data source for soil-related studies [14] because of high spatial 

resolution (10–20 m) and short revisit intervals (5 days). Over 

the past decade, S2 MSI data have been used for estimating soil 

texture  [15], [12], soil organic carbon (SOC) content [16], [17], 

[18], [19], pH [3], Fe content [3], soil moisture [20], cation 

exchange capacity [3] and even composite indices such as soil 

degradation index [6]. However, reliable retrieval of soil 

information from MSI data remains fundamentally constrained 

by vegetation cover [21]. Even low levels of green vegetation, 

senescent biomass, or crop residues significantly modify soil 

reflectance, reducing the interpretability of resulting spectral 

signatures [10].While unmixing remains a potential approach, 

unmixing algorithms are often inefficient to quantify the 

spectral reflectance of soil alone in a pixel containing multiple 

endmembers because of fewer bands in MSI data [22], [23]. 

Hence, most MSI-based soil estimation algorithms use the 

thresholding approach to identify bare soil fractions [24]. With 

increasing cropping intensities [25], finding sufficient bare soil 

fractions poses a challenge to implement such soil retrieval 

algorithms. In semi-arid agricultural systems, this challenge is 

exacerbated by short fallow periods, rapid crop rotations, and 

residue retention practices, which limit the temporal availability 

of fully exposed soil surfaces [26]. 
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To overcome vegetation-induced spectral interference, the 

use of bare soil composites (BSCs) is increasingly adopted in 

soil remote sensing studies [17], [19], [27], [28], [29]. In this 

approach, soil reflectance data for all pixels in a given MSI 

scene are generated by stitching together exposed (bare) soil 

pixels available from MSI scenes collected at different 

acquisition dates. Typically, a threshold value of a 

characteristic spectral index is used to select each bare soil pixel 

for generating such BSCs [18], [30], [31], [32]. Construction of 

BSCs introduces an important methodological consideration 

such as what should be the length of the temporal window over 

which bare soil pixels are to be aggregated. The temporal 

window directly controls the balance between spatial coverage 

and spectral representativeness. Short temporal windows are 

more likely to be constrained by limited bare soil availability 

because of persistent vegetation cover or frequent cloud 

contamination [33], [34]. Conversely, long temporal windows 

substantially improve spatial coverage and data availability [19] 

but may introduce spectral inconsistencies resulting from 

temporal variability in soil moisture, tillage operations, organic 

amendments, residue management, and gradual land-use 

changes [35]. Moreover, most BSC-based studies are reported 

for soil organic carbon (SOC) contents and soil texture [19], 

[29],[36], while other soil properties have received 

comparatively little attention. Consequently, how different soil 

attributes respond to variations in temporal window length 

remains unclear, particularly in semi-arid tropical 

agroecosystems where soil surface conditions markedly vary 

over short time scale. 

In addition to temporal effects, soil surfaces typically show 

gradual spatial transitions resulting from continuous variation 

in parent material, topography, and management practices [37]. 

Analytical approaches that can accommodate such continuity 

are, therefore, advantageous when interpreting soil spectral 

variability derived from satellite observations [18]. Clustering 

techniques such as fuzzy c-means (FCM)[38] provide a means 

of grouping spectrally-similar soils while allowing partial 

membership across clusters, thereby capturing transitional soil 

conditions without imposing rigid class boundaries [39], [40]. 

When applied to multi-temporal bare soil reflectance data, such 

approaches can assist in characterizing dominant patterns of 

soil spectral variability across heterogeneous agricultural 

landscapes [18] and may improve the prediction accuracy [41], 

[42]. Although previous studies have demonstrated the utility 

of Bare Soil Composites for digital soil mapping [17], [19], 

[27], [28], [29] and investigated the influence of compositing 

strategies or temporal windows for selected soil properties [19], 

[29], the extent to which temporal compositing window length 

influences the prediction of a broad range of soil properties 

remains poorly understood. Moreover, the FCM approach has 

been widely applied for clustering proximally sensed soil 

spectral dataset [43] and developing local models within each 

cluster [37]. However, it is unclear whether incorporating 

spectral heterogeneity information through FCM-derived 

membership values consistently improves prediction accuracy 

across different soil properties. Building on this literature, the 

present study makes two specific contributions. First, we extend 

the compositing-window comparison beyond single-property 

or small-subset studies to a panel of 15 soil properties spanning 

texture, macronutrients, secondary nutrients, and 

micronutrients, in the semi-arid tropical, basaltic setting of the 

Deccan Plateau, thereby evaluating whether the influence of 

temporal window length differs among soil properties with 

contrasting pedogenic behavior. Second, we compute 

continuous FCM membership directly from the same multi-

temporal S2 BSC reflectance bands used as regression 

predictors and incorporate the resulting membership degree as 

an additional continuous covariate within a single unified 

regression model, rather than using it to stratify the dataset into 

local sub-models as in prior FCM-regression soil spectroscopy 

studies. Accordingly, the major objective of this study is to 

assess the effects of temporal window on the estimation 

accuracies of soil properties in the BSC-based remote sensing 

approach. The second objective is to evaluate whether 

integrating fuzzy c-means membership values with S2 spectral 

data improves soil property prediction.  

 

II. MATERIAL AND METHODS 

A. Study area 

This study was conducted in the Indian state of Maharashtra 

with soil sampling sites distributed in five villages each selected 

from five different districts (Fig. 1). Geographically, the study 

area forms a part of the Deccan Plateau, a large and elevated 

region characterized by basaltic rock formations and gently 

undulating terrain [44]. The agricultural landscape is 

predominantly composed of smallholder farming systems, 

where farmers cultivate a range of crops depending on seasonal 

crop suitability and water access. During the monsoon season, 

major crops cultivated include black gram (Vigna mungo), 

pigeon pea (Cajanus cajan), cotton (Gossypium spp.) onion 

(Allium cepa), maize (Zea mays), and sorghum (Sorghum 

bicolor) while chickpea (Cicer arietinum) and wheat (Triticum 

aestivum) are typically grown in the post-monsoon season. In 

addition to field crops, farmers in the region also cultivate 

orchard crops such as mango (Mangifera indica), guava 

(Psidium guajava), and custard apple (Annona squamosa). 

According to the Köppen climate classification, the region falls 

under Group B, indicating a predominantly semi-arid climate. 

The area experiences hot summers (average maximum 

temperature: ~40.1 °C) and relatively mild winters (average 

minimum temperature: ~16.1 °C). Rainfall in the region is 

primarily influenced by the southwest monsoon (June–

September) and, to a lesser extent, by the northeast monsoon 

(November–December). Annual precipitation ranges from 550 

mm to 950 mm, which is distributed over roughly 20 rainy days 

per year. Around 40% of the total annual rainfall is concentrated 

over the month of September, often leading to short periods of 

water abundance followed by extended dry spells. Agricultural 

practices in the study area are highly dependent on monsoonal 

rains, with limited access to irrigation in many parts of the state. 

B. Soil sampling and estimation of soil properties 

Surface soil samples (depth: 0-15 cm) were collected from 

443 ground reference locations (GRL) distributed over selected 

villages having diverse soil conditions and land-use practices 

typically seen across the region. Soil sampling campaign was 

conducted during the month of June 2023. Collected soil 

samples were used to analyse soil texture (sand, silt, and clay 

fractions), pH, electrical conductivity (EC), SOC content, 
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macronutrients, secondary nutrients, and micronutrients. 

 
Fig.1. Map of the study area showing soil sampling locations 

in selected villages across five districts of Maharashtra 

Briefly, soil texture was determined using the 

hydrometer method [45], SOC content was determined through 

the Walkley-Black method [46], and pH and EC were measured 

using soil-water slurry in the ratio of 1:2 and 1:2.5, respectively. 

Available P was estimated using the Olsen’s and Bray’s method 

using a continuous auto-analyser [47]. Exchangeable cations 

such as Ca, Mg, Na, and K were extracted using 1 N ammonium 

acetate [48] and the analytes were measured using a flame 

photometer (Systronics India Ltd., Ahmedabad, India). 

Selected micronutrients (Fe, Mn, Cu, and Zn) were extracted 

using the diethylenetriaminepentaacetic acid (DTPA) method, 

and their concentrations were quantified with an inductively 

coupled plasma (ICP) spectrometer (Model: HD prodigy; 

Teledyne Leeman Labs, USA).  The hot-water extraction 

method was followed for available B [49]. 

C. Spectral data acquisition and pre-processing 

Two sources of spectral data were used in this study. 

Spectral reflectance values of processed soil samples collected 

at each GRLs were measured under laboratory condition 

(hereinafter, referred to as lab spectra) for use as reference 

spectra for selecting appropriate S2 spectra (second spectral 

data source) for each BSC. A portable spectroradiometer 

(Model: Field spec®4 Hi-Res NG; Malvern Panalytical, UK) 

and a turntable fitted with halogen bulb as the light source were 

used for collecting lab spectra over the visible to near-infrared 

and shortwave-infrared (VNIR) region (350–2,500 nm) inside 

a dark room [50]. About 100 g of processed soil sample was 

used to fill a glass petri dish and the soil surface in each petri 

dish was levelled with a thin glass plate. Before collecting soil 

spectra, the spectroradiometer was warmed for one hour. A 

Spectralon® white reference panel (Lab sphere, USA) was then 

used to optimize the sensors and collect reference reflectance 

spectra. For collecting soil spectra, the petri dish containing 

levelled soil was placed on the turntable and thirty scans were 

averaged for obtaining each soil spectra. Spectroradiometer was 

optimized and calibrated after collecting spectra for every 30 

samples. Smoothing of individual spectra was done by a third-

order Savitzky-Golay smoothing method with the span length 

of 9 nm [51]. 

The S2 spectra corresponding to ten MSI bands (B2, 

B3, B4, B5, B6, B7, B8, B8A, B11, and B12) were extracted 

using the Google Earth Engine (GEE) platform. These bands 

were selected because of their frequent use in estimating soil 

properties [19] while B1, B9, and B10 were excluded with their 

primary function in atmospheric correction and cloud detection. 

The GEE platform was used because surface reflectance 

products are easily extracted from L2 MSI data from S2 using 

an inbuilt atmospheric correction algorithm without the need 

for additional corrections [18], [52].    

D. Construction of BSCs 

For developing Bare Soil Composites (BSCs), S2 L2 

images were first filtered based on scene-level cloud cover and 

further processed using the QA60 bitmask band to mask cloud- 

and cirrus-contaminated pixels. Bare soil pixels within each 

acquisition were then identified using thresholds of NDVI ≤ 

0.25 and BSI ≥ 0.0. Three temporal windows were considered: 

short-term window of one year (Jan.-Dec., 2023), medium-term 

windows of three years (Jan., 2021 to Dec., 2023), and long-

term window of six years (Jan., 2019 to Dec., 2024). 

Subsequently, all valid bare soil observations within each 

temporal window were composited at the pixel level using a 

median compositing algorithm, whereby the median reflectance 

value of each S2 MSI band was calculated across the temporal 

stack [19]. This approach reduced the influence of residual 

noise and outliers while preserving representative bare soil 

spectral characteristics and ensuring spatial continuity of the 

bare soil reflectance.  

Spectral indices such as normalized difference 

vegetation index [53] and bare soil index [54] were derived [55] 

using the S2 bands:  

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 (1) 

𝐵𝑆𝐼 =
(𝑆𝑊𝐼𝑅1 + 𝑅𝑒𝑑) − (𝑁𝐼𝑅 + 𝐵𝑙𝑢𝑒)

(𝑆𝑊𝐼𝑅1 + 𝑅𝑒𝑑) + (𝑁𝐼𝑅 + 𝐵𝑙𝑢𝑒)
 (2) 

The S2 band reflectance values from B2, B4, B8, and B11 cover 

the blue, red, near-infrared (NIR), and shortwave infrared one 

(SWIR1) regions, respectively..  Moreover, each S2 band was 

resampled to 10 m spatial resolution to achieve uniform spatial 

resolution. 

 

The spectral angle mapper (SAM) was also used to 

compare the S2-based BSC spectra with their corresponding lab 

spectra measured for the processed soil samples of respective 

GRLs: 

         𝛼 = 𝑐𝑜𝑠−1 (
∑ 𝑅𝑖

𝑙.𝑅𝑖
𝑠𝑛

𝑖=1

√∑ (𝑅𝑖
𝑙)

2𝑛
𝑖=1

√∑ (𝑅𝑖
𝑠)

2𝑛
𝑖=1

)   (3) 

where α is the spectral angle in radians, n is number of spectral 

bands, 𝑅𝑖
𝑙  is the reflectance of the ith band for the lab reference 

sample, and 𝑅𝑖
𝑠 is the reflectance of the ith band for the S2 BSCs 
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sample. The SAM was used as an independent, pre-modelling 

diagnostic to quantify the spectral agreement between each 

temporal-window Bare Soil Composite (BSC) spectrum and the 

corresponding laboratory reference spectrum 

Prior to SAM analysis, the laboratory reflectance spectra were 

spectrally resampled to S2 MSI bands by convolving the spectra 

with the published S2 relative spectral response functions 

(SRFs) [73] [74]. The S2-equivalent reflectance for each band 

was calculated as: 

 

𝑅𝑠2,𝑏 =
∫ 𝑅(𝜆)𝑆𝑅𝐹𝑏(𝜆) 𝑑𝜆

2500
350

∫ (𝜆)𝑆𝑅𝐹𝑏(𝜆) 𝑑𝜆
2500

350

     (4) 

Where 𝑅(𝜆) is the laboratory-measured reflectance at 

wavelength 𝜆, 𝑆𝑅𝐹𝑏(𝜆) is the relative spectral response 

function of Sentinel-2 band b and 𝑅𝑠2,𝑏 the S2-equivalent 

reflectance for band b. 

E. Fuzzy c-means clustering of bare soil spectra 

To represent the continuous nature of soil variability 

and avoid imposing rigid class boundaries on spectrally-

transitional soils, fuzzy c-means (FCM) clustering [38] was 

applied to the multi-band bare soil reflectance data derived from 

S2 MSI products. The FCM membership values were derived 

solely from the BSC spectral information, with no terrain, soil 

texture, or other ancillary spatial variables used in the clustering 

process. Unlike hard clustering approaches, FCM assigns 

partial membership of each pixel to multiple clusters, allowing 

gradual transitions between spectrally-similar soil surfaces to 

be preserved [56]. For each pixel 𝑖, a spectral feature vector was 

constructed as: 

𝑥𝑖 = [𝑅𝑖,1, 𝑅𝑖,2, . . . . . . . 𝑅𝑖,𝑝]                        (5) 

where 𝑅𝑖,𝑝denotes surface reflectance in the 𝑝𝑡ℎ spectral band 

and 𝑝 is the total number of spectral bands used in the analysis, 

including visible, red-edge, NIR, and SWIR bands. Prior to 

clustering, all spectral features were standardized to zero mean 

and unit variance to ensure equal contribution of all bands to 

the distance calculations. The FCM algorithm partitions the 

dataset into 𝐾clusters by minimizing the following objective 

function [38]: 

𝐽𝑚 = ∑ ∑ 𝑢𝑖𝑘
𝑚𝐾

𝑘=1
𝑁
𝑖=1    ‖𝑥𝑖 − 𝑐𝑘‖2             (6) 

where 𝑁 is the number of pixels, 𝑢𝑖𝑘 is the membership degree 

of pixel 𝑖 in cluster 𝑘, 𝑚 is the fuzziness exponent (𝑚 > 1), c𝑘 

is the centroid of cluster 𝑘, and ∥⋅∥ represents the Euclidean 

distance in spectral feature space. The fuzziness exponent 

controls the degree of overlap among clusters, with higher 

values producing more diffuse memberships [57]. Membership 

values were constrained such that: 

    ∑ 𝑢𝑖𝑘
𝐾
𝑘=1 = 1 and 0 ≤  𝑢𝑖𝑘 ≤ 1 ∀ 𝑖, 𝑘                               (7) 

ensuring that the total membership of each pixel across all 

clusters equals unity. The optimization of the objective function 

was achieved through an iterative alternating update of cluster 

centroids and membership values [38]. Cluster centroids were 

updated as: 

  𝑐𝑘 =  
∑ 𝑢𝑖𝑘 

𝑚 𝑥𝑖
𝑁
𝑖=1

∑ 𝑢𝑖𝑘 
𝑚𝑁

𝑖=1

             (8) 

 and membership values were recalculated using: 

𝑢𝑖𝑘 = {∑ (
∥x𝑖−c𝑘∥

∥x𝑖−c𝑗∥
)

2

𝑚−1𝐾
𝑗=1 }

−1

                      (9) 

The resulting fuzzy membership values provided a continuous 

measure of the spectral affinity of each pixel to the identified 

spectral clusters. A higher membership value indicated greater 

similarity between the pixel’s BSC spectral signature and the 

corresponding cluster centroid, whereas comparable 

membership values across clusters indicated transitional 

spectral characteristics. Such fuzzy memberships have been 

shown to effectively capture environmental gradients and 

transitional landscape features in DSM and remote sensing 

applications [58], [59]. These continuous membership values 

were subsequently used as predictor variables in soil property 

modeling along with the S2 spectral variables, enabling the 

incorporation of sub-pixel soil variability and transitional soil 

conditions into the estimation framework. 

 

F. Estimation of soil properties using S2 band reflectance data 

Figure 2 shows a schematic of modeling framework followed 

for estimating soil properties using chemometric models where 

S2 band reflectance data derived from three selected temporal 

windows were used as predictor variables. The S2 spectra were 

extracted for each GRL and the resulting S2 spectral library was 

then used to evaluate different regression models for (a) 

identifying the optimum width of the temporal window and (b) 

evaluating the effects of incorporating the spectral information 

captured by the fuzzy membership functions in estimating 

different soil properties. Four regression models of support 

vector regression (SVR) [60], partial-least-square regression 

(PLSR) [61], random forest (RF) [62] and feature selection-

based PLSR (PLSRFS) [63] were examined to estimate surface 

soil properties. The details of these models are provided in 

Supplementary Methods. These models were evaluated using 

two modeling scenarios. In Scenario 1, a baseline model was 

developed using the S2 spectral library corresponding to each 

temporal window, with the 10 S2 band reflectance values used 

as predictor variables. In Scenario 2, FCM membership values 

derived from the same S2 spectral data were incorporated as 

auxiliary predictors along with the 10 S2 band reflectance 

values. Thus, each of the four chemometric models was 

developed and evaluated separately with and without FCM 

membership variables. The prediction performance obtained 

under the two scenarios was then compared for each soil 

property to quantify the contribution of FCM membership 

information to soil property estimation. 

Before building chemometric models, each property 

was tested for normality using the Kolmogorov-Smirnov test at 

5% significance level. When soil properties did not follow 

normal distribution, it was either log-transformed or 

transformed using the Box-Cox transformation [64]. Data 

partitioning into calibration (80%) and validation (20%) subsets 

were done using a stratified sampling approach [65]. The 

prediction performance of each model was assessed using the 

root-mean-squared error (RMSE) and the coefficient of 

determination (R2): 

            𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑌𝑖 − 𝑌̂𝑖)

2𝑁
𝑖=1                             (10) 
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𝑅2 = 1 −
∑ (𝑌𝑖−𝑌̑𝑖)2𝑛

𝑖=1

∑ (𝑌𝑖−𝑌̄𝑖)2𝑛
𝑖=1

   (11) 

where 𝑌𝑖  and 𝑌̂𝑖 are the measured and estimated soil parameter 

at the ith location, respectively; 𝑌̅ is the mean value of  𝑌𝑖 and N 

is the number of locations. 

 

 
Fig. 2. Flowchart for estimating surface soil properties using 

spectral reflectance data extracted from bare soil composites 

(BSCs) based on multi-temporal Sentinel-2 imagery 

 

III. RESULTS  

A. Descriptive statistics and distribution of soil properties 

across study area 

Figure 3 shows the frequency distribution of 15 

different soil parameters considered in this study along with key 

descriptive statistics parameters. Each of these soil parameters 

show substantial soil variability, which is a characteristic 

feature of semi-arid tropical agroecosystem [66], [67]. With 

sand contents ranging from 9-86% and clay contents in the 

range of 3-67% (bi-modal distribution), soils of the study area 

show the dominance of both coarse-textured and fine-textured 

soils (Fig. 4).   

Existence of a broad spectrum of soil textural classes in the 

study site may also be seen with a wide range of coefficient of 

variation (CV) values starting from 30% for sand to 51% for 

clay contents. Similar to soil clays, pH also shows a distinct bi-

modal distribution (Fig. 3) with neutral to moderately alkaline 

(mean value of 7.97) soil reaction. In contrast, EC values range 

from 0.02–3.76 dS m⁻¹ although most of the samples are within 

the non-saline range (< 2 dS m-1). The SOC contents ranged 

from 0.06% to 1.25% with the mean value of 0.48% and low 

CV of 36% with only a few samples exceeding SOC contents 

of 1%. Macronutrient availability showed pronounced 

heterogeneity as farmers primarily apply these nutrients in 

varying amounts. For instance, available P contents ranged 

from 0.07 to 93.36 mg kg⁻¹ (CV = 104%) reflecting strong 

variability. Similarly, exchangeable K ranged from 4.54 to 

853.72 mg kg⁻¹ and showed 93% CV. In contrast, exchangeable 

Ca and Mg contents showed narrow ranges and low variability 

(CVs of 23% and 25%, respectively), suggesting more uniform 

distribution controlled largely by underlying parent material 

and soil mineralogy. Micronutrients showed the highest degree 

of variability. Available S showed a wide range (2.77–438.46 

mg kg⁻¹) with a CV of 143% and strong positive skewness. 

Available Zn also showed high CV value (= 174%) with 

positive skewness suggesting widespread Zn deficiency 

punctuated by a few highly enriched sites. Similar patterns were 

observed for available Fe, Mn, Cu, and B, all of which showed 

positively skewed distributions. 

 

 
Fig. 3. Frequency distribution and kernel density of soil 

physical and chemical properties across the study area. EC: 

electrical conductivity; SOC (soil organic carbon); Avail.: 

available; Exch.: exchangeable  

 
Fig.4. Textural triangle showing the distribution of soil 

textural classes in the study area 
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B.  Selection of optimum temporal window for constructing BSC 

Comparison of lab spectra (resampled to S2 MSI bands) with 

S2 MSI spectra using SAM values reveals a clear improvement 

in agreement between proximally- and remotely-sensed spectra 

when the width of temporal window increases during 

compositing (Fig. 5). The single-day observation shows the 

largest dispersion and highest mean SAM (0.14 radians), 

indicating substantial spectral variability likely driven by 

transient surface conditions. One-year and three-year 

composites show a modest reduction in both mean SAM (≈0.13 

radians) and standard deviation. The six-year composite 

demonstrates the strongest agreement with lab spectra, 

characterized by the lowest mean SAM (0.09 radians), smallest 

standard deviation (0.04 radians), and the highest proportion of 

samples below the 0.1 radian threshold (50.1%) as shown in 

Figure 5. This progressive shift of the SAM distribution toward 

lower values indicates that longer temporal compositing 

enhances spectral stability and minimizes angular deviation 

from lab reference measurements. These results suggest that 

multi-year compositing substantially improves the consistency 

between S2-derived and lab spectra. 

 

 
Fig. 5. Comparison of spectral angle mapper (SAM) values of 

spectral reflectance curves for soil samples measured in the 

laboratory (resampled to 10 Sentinel-2 bands) and single-year, 

three-year, and six-year bare soil composites (BSCs). Dashed 

and solid vertical lines denote the mean SAM and the 0.1 

radian threshold, respectively 

 

C. Estimation of soil properties and influence of temporal 

window length 

Table 1 shows the comparative predictive performance of 

different temporal windows. Predictive performance varied 

across temporal aggregation windows, with the response 

differing among soil properties. Rather than showing a uniform 

trend, the results indicate that the influence of temporal 

aggregation depends on the property being estimated.  The 

reliability of temporal-window effects varied among soil 

properties. R², RMSE, and RPIQ were therefore considered 

jointly when evaluating changes in predictive performance 

across the three temporal windows. Several properties, 

including sand, clay, SOC, pH, EC, available B, Fe, Cu, Mn, 

Ca, and Na, showed relatively consistent patterns across these 

metrics, allowing temporal-window responses to be evaluated. 

In contrast, available P, available S, available Zn, exchangeable 

K, and exchangeable Mg showed relatively weak and/or 

inconsistent predictive performance, with limited changes in 

RPIQ across the temporal windows. Accordingly, the temporal 

responses of these properties were interpreted cautiously, while 

the main discussion of temporal aggregation focused on 

properties showing comparatively stronger and more consistent 

predictive performance. Predictive performance varied across 

temporal aggregation windows, with responses differing 

according to the dominant soil processes governing each 

property. Rather than showing a uniform trend, the results show 

that the optimum length of temporal window may change with 

the parameter estimated in the MSI approach. For inherent 

properties such as soil texture, longer temporal aggregation 

consistently improved model performance. Sand content 

showed an increase in R² from 0.22 in the single-year composite 

to 0.25 and 0.33 in the three- and six-year composites, 

respectively, accompanied by a reduction in RMSE from 13.0 

to 12.1 and an increase in RPIQ from 1.69 to 1.88. Clay content 

showed a similar pattern, with R² increasing from 0.24 to 0.37, 

RMSE decreasing from 11.1 to 10.2, and RPIQ increasing from 

1.82 to 1.96 with increasing temporal aggregation. These 

improvements suggest that particle-size related properties 

benefit from long-term spectral stabilization, as their 

reflectance characteristics are relatively stable over time and 

less affected by short-term surface disturbances. SOC also 

showed improved predictive performance with increasing 

temporal aggregation, with R² increasing from 0.15 to 0.28, 

RMSE decreasing from 0.13 to 0.12%, and RPIQ increasing 

from 1.56 to 1.72. Although the predictive accuracy was lower 

than that reported by Zhu et al. [19], Shi et al. [34], and Silvero 

et al. [33], who achieved R² values of 0.64, 0.62, and 0.38, 

respectively, using multi-temporal S2 MSI BSCs, our results 

show a consistent improvement in SOC prediction with 

increasing temporal window length. This trend aligns with 

previous findings demonstrating that multi-temporal 

compositing enhances spectral stability and improves SOC 

estimation compared to single-date imagery [19]. In contrast, 

pH showed its highest predictive performance at the 

intermediate three-year window. R² increased from 0.34 for the 

single-year composite to 0.51 for the three-year composite 

before declining to 0.43 for the six-year composite. The 

corresponding RMSE values were 0.26, 0.24, and 0.25, while 

RPIQ increased from 1.38 to 1.48 at the three-year window 

before returning to 1.38. These results exceed the range 

reported by Vaudour et al. [3], who observed R² values between 

0.08 and 0.51 for pH prediction using S2 MSI data. Soil EC 

followed a similar pattern, with R² increasing from 0.21 to 0.35 

at the three-year composite and remaining similar at 0.33 for 

the six-year composite. RMSE decreased from 0.16 to 0.15, 

while RPIQ increased from 1.02 to 1.15 and 1.18 for the three- 

and six-year composites, respectively. Several nutrient-related 

properties benefited from spectral data aggregation over longer 

temporal windows. For example, Available Fe showed strong 

predictive performance across all three temporal windows, with 

R² increasing from 0.56 for the single-year composite to 0.66 

for the three-year composite before declining slightly to 0.61 
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for the six-year composite. RMSE followed the same pattern, 

decreasing from 3.02 to 2.52 before increasing to 2.74, while 

RPIQ increased from 1.39 to 1.65 before declining to 1.41. 

Thus, the three-year composite provided the strongest overall 

predictive performance for available Fe. This value exceeds the 

upper range reported by Vaudour et al. [3] for Fe (R² = 0.05–

0.45), highlighting the benefit of extended temporal 

compositing for properties strongly linked to iron oxide spectral 

features. 

Table I 

Validation performance metrics including the coefficient of determination (R²), root mean square Error (RMSE), and ratio of 

performance to interquartile range (RPIQ) for soil selected soil properties 

Composite type Single-year composite Three-year composite Six-year composite 

Property R2 RMSE RPIQ R2 RMSE RPIQ R2 RMSE RPIQ 

Sand, % 0.22 13.0 1.69 0.25 12.5 1.77 0.33 12.1 1.88 

Clay, % 0.24 11.1 1.82 0.26 11.05 1.86 0.37 10.2 1.96 

pH 0.34 0.26 1.38 0.51 0.24 1.48 0.43 0.25 1.38 

EC, dS m-1 0.21 0.16 1.02 0.35 0.15 1.15 0.33 0.15 1.18 

SOC, % 0.15 0.13 1.56 0.17 0.12 1.64 0.28 0.12 1.72 

Avail. P 0.08 9.60 1.27 0.13 9.40 1.31 0.08 9.89 1.18 

Avail. S 0.22 18.81 0.85 0.22 17.81 0.90 0.34 17.10 0.95 

Avail. B 0.30 0.25 1.54 0.39 0.22 1.70 0.39 0.23 1.65 

Avail. Fe 0.56 3.02 1.39 0.66 2.52 1.65 0.61 2.74 1.41 

Avail. Cu 0.28 1.04 1.51 0.32 0.96 1.62 0.44 0.88 1.80 

Avail. Mn 0.75 8.24 2.26 0.68 8.50 2.03 0.76 8.86 2.13 

Avail. Zn 0.16 0.51 1.12 0.09 0.52 1.12 0.30 0.51 1.17 

Exch. K 0.12 46.96 1.15 0.04 43.48 1.20 0.32 40.42 1.30 

Exch. Ca 0.23 353.50 1.65 0.20 336.74 1.67 0.29 330.74 1.76 

Exch. Mg 0.12 80.53 1.48 0.15 79.41 1.50 0.18 78.51 1.56 

Exch. Na 0.19 34.54 1.32 0.46 32.05 1.47 0.45 30.22 1.51 

EC: electrical conductivity; SOC: soil organic carbon; Avail.: available; Exch.: exchangeable; all nutrient contents are in mg kg-1 

 

These responses suggest that aggregation of spectral data over 

Available P showed consistently low predictive performance 

across the three temporal windows, with R² ranging from 0.08 

to 0.13 and RPIQ from 1.18 to 1.31. Although R² increased 

slightly for the three-year composite, it declined again for the 

six-year composite, while RMSE remained relatively high 

(9.40–9.89). These results indicate a weak and inconsistent 

temporal response for available P. Available S showed an 

increase in R² from 0.22 for the single- and three-year 

composites to 0.34 for the six-year composite, accompanied by 

a reduction in RMSE from 18.81 to 17.10. However, RPIQ 

remained below 1 across all three temporal windows (0.85–

0.95), indicating limited predictive performance. Therefore, the 

increase in R² at the six-year window was not considered 

sufficient to indicate a clear improvement in temporal-window 

suitability. Available B also improved progressively with wider 

temporal windows. These responses suggest that aggregation of 

spectral data over wide data acquisition windows may better 

capture broader soil chemical status, which evolves over longer 

timescales as a part of pedogenesis. Micronutrients such as 

available Mn demonstrated consistently high predictability (R² 

= 0.75, 0.68, and 0.76 and RPIQ values of 2.26, 2.03, and 2.13 

for single-, three-, and six-year composites, respectively), 

indicating strong indirect spectral relationships, likely mediated 

by iron oxide-related spectral features in the VIS–SWIR region. 

Exchangeable bases generally benefited from compositing over 

wide data acquisition windows. Exchangeable K improved 

substantially from R² = 0.12 to 0.32 with a marked reduction in 

RMSE from 46.96 to 40.42 and increase in RPIQ from 1.15 to 

1.30, while Ca, Mg, and Na showed moderate but consistent 

gains under extended temporal window. Exchangeable Na 

increased sharply from R² = 0.19 to 0.46, RMSE decreased 

from 34.54 to 30.22, while RPIQ increased from 1.32 to 1.51 

under the three-year composite and maintained similar 

performance at six-year windows, highlighting the 

effectiveness of multi-temporal stabilization for salinity-related 

properties. The observed patterns suggest that temporal 

compositing may be beneficial for some soil properties, 

whereas others show limited or inconsistent responses to 

changes in the temporal window. Physical and mineral-

controlled soil parameters continued to benefit from longer 

aggregation, whereas dynamic soil parameters peaked at 

intermediate windows. These results indicate a process-

dependent trade-off between spectral stabilization and temporal 

window length, which does not uniformly translate into 

improved soil property estimation, and that temporal 

compositing strategies should be tailored to the specific spectral 

behaviour of the target variable, with appropriate caution for 

properties where absolute prediction accuracy remains low.  

 

D. Fuzzy c-means clustering of soil spectra 

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3747146

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



2 

 

  The FCM method was applied to both lab spectra resampled 

to S2 and the multi-temporal S2 BSC spectra, with membership 

distribution plotted in ternary space (Fig. 6a).  For the 

laboratory spectra (Fig. 6a), membership values were 

distributed across all three pairwise edges of the ternary plot, 

with few samples occupying the corners indicating that the soil 

variability exists as a continuous spectral continuum rather than 

discrete classes. When transitioning to satellite-derived spectra, 

distinct and systematic effects of temporal window length on 

FCM membership structure emerged. The single-year BSC 

(Fig. 6b) produced a sparser and more scattered membership 

distribution compared to the laboratory reference, possibly 

because of the transient surface noise (e.g., crop residues, soil 

moisture variability). The three-year BSC (Fig. 6c) showed a 

pronounced concentration of membership values along the 

Cluster 1–Cluster 3 edge, with minimal contribution from 

Cluster 2, suggesting a reduced expression of spectral diversity 

in the composite. In contrast, the six-year BSC (Fig. 6d) 

recovered a membership distribution spanning all three ternary 

edges, most closely resembling the laboratory reference among 

all satellite-derived composites. The majority of samples 

occupied transition zones between cluster pairs, with fewer 

samples exhibiting pure affiliation with a single class. The 

convergence of the six-year BSC membership structure toward 

the laboratory reference, therefore, explains its superior 

prediction performance across the broadest range of soil 

properties.  

The resulting clusters show consistent differences in 

their mean spectral signatures across the entire spectral range 

using the six-year BSC (Fig. 6e). The identified spectral clusters 

corresponded with measured soil physicochemical properties, 

confirming that the grouping reflects meaningful pedological 

gradients rather than arbitrary partitions. Cluster 2 is 

characterized by the highest sand content (58%) and relatively 

lower clay content (22%), along with lower concentrations of 

available Fe (5.97 mg kg⁻¹) and available Mn (12.98 mg kg⁻¹). 

These combined physical and chemical attributes are consistent 

with the comparatively higher spectral reflectance observed for 

this group across S2 MSI bands (Fig. 6b). In contrast, Cluster 3 

represents finer-textured soils, with 35% clay. This cluster also 

shows higher concentrations of available Fe (9.73 mg kg⁻¹) and 

available Mn (37.79 mg kg⁻¹), elements commonly occurring as 

oxide coatings that contribute to absorption processes in the 

visible region through electronic transition mechanisms. 

Cluster 1 occupies an intermediate position in textural 

composition (53% sand; 27% clay), along with moderate 

concentrations of available iron (6.55 mg kg⁻¹) and manganese 

(15.35 mg kg⁻¹). The multi-temporal S2 MSI composites 

therefore capture soil variability structured not only by particle 

size distribution but also by micronutrient-associated mineral 

phases and cationic properties that influence surface reflectance 

behaviour (Nocita et al., 2015). The resulting soil groups 

therefore represent physically meaningful entities structured by 

soil properties rather than arbitrary statistical divisions. 

 

 
Fig. 6. Ternary plot of fuzzy c-means (FCM) membership 

values derived from Sentinel-2 (S2) bare soil composites 

(BSCs). (a) Laboratory spectra; (b) Single year BSCs; (c) 

Three-year BSCs; (d) Six-year BSCs (e) Mean spectra of the 

three identified FCM clusters alongside their respective soil 

properties. Sand and clay contents are expressed in 

percentage; micronutrients are expressed in mg kg-1 

 

E. Impact of Fuzzy c means spectral derived membership on 

soil property prediction 

Figure 7 presents the comparative performance of spectra only 

models (scenario 1; Fig. 2) with those incorporating FCM 

membership values (scenario 2; Fig. 2) across selected soil 

properties. Fig. 8 shows the measured versus predicted values 

for six representative soil properties under Scenario 1 and 

Scenario 2 using the six-year composite, illustrating the effect 

of incorporating FCM membership variables on prediction 

agreement. Results show that the incorporation of FCM 

membership values generally enhances predictive performance 

across the majority of variables. Improvements through 

clustering have been reported in laboratory reflectance-based 

soil studies [43], [68]. For several properties, particularly those 

influenced by mineralogical composition, incorporating FCM 

membership values as predictors along with S2 MSI spectra 

resulted in noticeable improvement in R² values. 
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Fig. 7. Comparative coefficients of determination (R²) for 

selected soil properties between scenario-1 (spectra only) and 

scenario-2 (spectra+ FCM membership values) modeling. 

Sand and clay contents are in percentage; FCM: fuzzy c-

means; EC: electrical conductivity; SOC: soil organic carbon; 

Avail.: available soil nutrient contents (mg kg-1); Exch.: 

exchangeable soil nutrient contents (mg kg-1) 

For instance, the prediction accuracy for sand contents 

improved from R² = 0.33 in scenario 1 to 0.56 in scenario 2 

(FCM membership values used as additional predictor), while 

R² values clay contents increased from 0.37 to 0.53. 

Micronutrients also benefited with incorporating FCM 

membership values, with R² for available Fe increasing from 

0.61 to 0.72, suggesting that FCM membership-guided 

modeling better captures iron- and manganese-oxide related 

spectral features in the visible and red-edge regions. The 

improvement aligns with studies demonstrating that iron-

bearing minerals strongly influence soil reflectance and that 

spectral grouping prior to modeling can enhance their 

prediction [18], [69]. Exchangeable Na and Mg similarly 

showed notable increases (R² improving from 0.45 to 0.56 for 

Na and from 0.18 to 0.26 for Mg), indicating that salinity and 

cation exchange-related variability is more effectively 

represented when spectral heterogeneity is accounted for. 

Moderate but consistent improvements were observed for pH, 

EC, SOC, and available S. Th R² values increased from 0.43 to 

0.46 for pH, from 0.33 to 0.39 for EC, from 0.28 to 0.31 for 

SOC, and from 0.34 to 0.37 for available S, suggesting that 

FCM membership-based modelling enhances the predictability 

of spectrally inactive soil properties. Although a few properties 

showed limited change or marginal decline, the overall 

increasing trend in R² values indicates that the incorporation of 

FCM membership values enhances model performance by 

accounting for landscape-level spectral heterogeneity. These 

findings support the premise that soil spectral relationships are 

property dependent and that integrating unsupervised spectral 

classification (membership values) prior to regression modeling 

can improve predictive accuracy [42] in characteristically 

heterogeneous semi-arid agricultural systems. 

The Taylor diagrams (Fig. 9) illustrate the predictive 

performance of PLSR, RF, SVR, and PLSRFS models across 15 

soil properties. The RF, SVR and PLSRFS algorithms 

consistently achieved closer proximity to the observed 

reference point compared to standard PLSR.  

 
Fig. 8. Measured versus predicted values for six representative 

soil properties, comparing Scenario 1 (spectra only, green) and 

Scenario 2 (spectra + FCM membership, blue) predictions 

against the 1:1 line. 

 

This strategic feature selection approach effectively 

minimizes centered RMSE and improves the alignment of 

predicted variances with ground-truth observations, even when 

the overall correlation remains low by the inherent signal-to-

noise ratio of the input data. This pattern is further supported by 

the model-wise comparison presented in Tables S1–S4 of the 

Supplementary Material. The inclusion of FCM membership 

variables generally increased R² and reduced RMSE across the 

four modelling approaches, although the magnitude and 

direction of the changes varied among soil properties. Under 

Scenario 2, PLSRFS achieved the highest predictive 

performance for 7 of the 16 soil properties, followed by RF for 

5 properties, while the remaining properties were best predicted 

by PLSR or SVR. For example, SVR achieved the highest R² 

for sand (0.56) and exchangeable Na (0.56), whereas RF 

achieved the highest R² for available Fe (0.72). Thus, the model 

showing the greatest benefit from FCM integration was not 

necessarily the model providing the highest overall predictive 

performance, indicating that the effect of FCM membership 

variables was both property- and model-dependent. 

 To further examine the contribution of FCM 

membership beyond its effect on overall prediction accuracy, 

random forest permutation importance was evaluated for the S2 

spectral bands and FCM membership variables (Fig. 10). The 

importance of rankings varied among soil properties. For 

selected soil properties, FCM membership variables ranked 

among the most influential predictors, whereas for others their 

contribution was comparatively small relative to individual S2 

bands. These results indicate that FCM membership variables 

provide additional predictive information for selected soil 

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3747146

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



4 

 

properties, but their contribution is not uniform across 

properties or modelling approaches. 

Figure 11 shows the spatial distribution of key soil 

properties such as pH, SOC, sand content, and clay content 

within a representative clipped portion of the study area. The 

selected subset highlights localized spatial variability in soil 

texture and associated soil chemical properties. Within the 

clipped area, clear contrasts between sand dominated and clay-

dominated zones are visible. Regions with relatively higher 

sand content correspond closely with areas of lower clay 

content, reflecting the inverse relationship between coarse and 

fine soil fractions. The predicted soil pH within the clipped area 

ranges approximately from 7.14 to 8.25, indicating 

predominantly neutral to moderately alkaline conditions as 

indicated by the ground truth data (Fig. 3). Areas with relatively 

higher clay content tend to show slightly higher pH values, 

while regions dominated by sandy soils display comparatively 

lower pH [70].  This localized pattern reflects the buffering 

capacity of clay-rich soils, which retain base cations more 

effectively than sandy soils.  

 
Fig. 9. Taylor diagrams comparing the performance of 

chemometric models for predicting soil properties using 

Sentinel 2 (S2) data. Sand, clay and SOC content are 

expressed in %, while macro and micronutrients are in mg kg-1 

 

 
Fig. 10. Random Forest variable importance (OOB permuted 

ΔMSE) for the six-year bare soil composite, shown separately 

for each of the 15 soil properties. Predictors comprise 10 

Sentinel-2 bands (B2–B9, B11, B12) and two fuzzy c-means 

(FCM) membership values (Cluster 1, Cluster 3) 

 

 
Fig.11. Spatial prediction of selected soil properties using 

surface Sentinel 2 (S2) spectra. Soil organic carbon (SOC), 

sand and clay content are expressed in percentage 

 

IV. DISCUSSION 

A. Influence of temporal window length on spectral stability 

and soil property estimations 

Temporal window exerted a systematic yet process-

dependent influence on both spectral similarity and predictive 

performance. While increasing temporal window consistently 
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improved spectral similarity toward lab spectra (as indicated by 

decreasing SAM values), its effect on soil property prediction 

was not straightforward. In line with these findings, Zhu et al. 

[19] demonstrated that multitemporal compositing reduces the 

discrepancy between S2 MSI data and laboratory-measured soil 

spectra. The temporal dynamics observed in this study had 

direct influence on soil property modeling. Predictive 

performance did not follow a uniform trend across all 

properties; rather, responses were process dependent. The 

single-year BSCs produced comparatively low R² values across 

most properties (e.g., R² of 0.22 for sand content, 0.24 for clay 

contents, and 0.15 for SOC contents), reflecting the limited 

number of bare-soil observations available within a 12-month 

period. Under such short windows, composite reflectance 

remains sensitive to transient surface conditions, including soil 

moisture variability, crop residue remnants, and recent tillage 

[71]. Extending the window to three years substantially 

improved prediction for several chemically dynamic properties, 

including pH (R² = 0.51), EC (R² = 0.35), exchangeable Na (R² 

= 0.46), and available Fe (R² = 0.66). The three-year composite 

appears to represent a balance point at which short-term spectral 

noise is sufficiently suppressed while soil chemical variability 

linked to recent management and hydrological regimes remains 

preserved. For properties influenced by equilibrium reactions, 

and salinity dynamics, this intermediate window captures 

representative soil conditions without excessive temporal 

mixing. In contrast, inherent attributes such as sand and clay 

contents continued to benefit from longer aggregation, reaching 

R² values of 0.33 and 0.37, respectively, at six years. These 

properties are governed primarily by mineralogical 

composition and pedogenic processes, which vary slowly over 

time and are less sensitive to management-driven fluctuations. 

For such attributes, spectral data aggregation over extended 

temporal window enhances spectral stabilization without 

eroding meaningful variability. Micronutrients such as 

available Fe and Mn maintained relatively high predictability 

across windows, reflecting strong indirect spectral coupling 

through mineralogical and moisture-related features. Results 

also indicate that temporal window selection is a fundamental 

determinant of model success, but its optimal length depends 

on the dominant soil processes governing each property.  

Previous studies have demonstrated the usefulness of 

multitemporal BSCs for soil-property mapping, particularly for 

SOC and topsoil characteristics [19], [30], while Heiden et al. 

[31] examined approaches for improving the consistency and 

performance of soil reflectance composites. These studies 

highlight the advantage of temporal compositing in increasing 

the availability of bare-soil observations. However, most 

existing studies have focused on individual soil properties or on 

developing improved compositing approaches rather than 

systematically assessing the effect of different temporal 

window lengths on a broad range of soil properties. In contrast, 

the present study evaluates three explicitly defined temporal 

windows (one-, three-, and six-year) across 15 soil properties, 

demonstrating that the optimal temporal window varies among 

soil properties. Thus, the present results extend previous BSC 

and temporal compositing studies by showing that temporal-

window optimization should be considered property-dependent 

rather than assuming a single optimal compositing period. 

 

The finding that BSC SAM improves monotonically with 

compositing window length, while prediction accuracy for 

dynamic soil properties peaks at an intermediate window, 

reflects two distinct timescales operating simultaneously. The 

contrasting trends between spectral similarity and prediction 

accuracy suggest that temporal compositing affects spectral 

consistency and soil-property estimation through different 

mechanisms. The continuous improvement in SAM with 

increasing temporal window indicates that longer compositing 

periods enhance the stability of the BSC by increasing the 

number of bare-soil observations and reducing transient 

spectral variability. SAM reflects the internal consistency of the 

composite itself, which improves as more bare-soil 

observations are aggregated and transient surface noise is 

averaged out. Prediction accuracy, by contrast, additionally 

depends on whether the compositing window is well-matched 

to the timescale over which the target property varies. For 

relatively stable properties such as texture, which are not 

expected to change substantially over the one- to six-year 

period considered in this study, the improved spectral stability 

of longer-window composites can contribute to better 

prediction. For dynamic, management- and moisture-sensitive 

properties, such as EC, available S, and exchangeable Mg, 

however, the property's true state itself changes appreciably 

within a multi-year compositing window. Long-term 

compositing therefore smooths over genuine temporal 

variability in these properties that is correlated with their 

measured spatial pattern at the time of soil sampling, degrading 

the spectra-property relationship even as generic spectral 

consistency continues to improve. The three-year window may 

represent a compromise for several of these properties, long 

enough to suppress short-term compositing noise, but not so 

long as to average over substantial true temporal change in the 

target property itself. These results suggest that the selection of 

an appropriate compositing window should consider not only 

spectral similarity but also the temporal behavior of the target 

soil property. 

 

B.  Advantages of FCM membership for soil property 

prediction 

A key methodological implication of this study is the advantage 

of FCM based approach over categorical stratification schemes 

such as land use or soil type using S2 MSI data. Spectral 

clusters capture continuous gradients in soil surface conditions 

and allow overlapping memberships, which better reflect real-

world soil variability [40]. This is particularly important in 

semi-arid agroecosystems, where management practices and 

topsoil properties vary gradually rather than abruptly [72]. The 

results showed the advantage of FCM with properties showing 

substantial increase in prediction performance, except for few 

showing limited or marginal declines. By using FCM 

membership values as predictors, the modeling framework 

incorporates sub-pixel heterogeneity and transitional soils, 

improving the robustness of soil property predictions [68]. This 
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approach also avoids the need for externally defined 

stratification layers, making it more transferable across regions 

where ancillary data may be limited.  

The findings of this study have important implications for 

operational soil property mapping using MSI satellite data. 

Specifically, careful temporal window selection is essential for 

balancing spatial coverage and spectral integrity. Second, 

results also show that FCM membership-based representations 

of soil variability can substantially enhance the predictive 

power of spectral models. The six-year bare soil composite, 

combined with FCM membership values, offers a scalable and 

computationally feasible framework for regional soil 

assessment. This approach is particularly well suited for semi-

arid regions, where fully bare soil conditions occur 

intermittently and soil properties show strong spectral 

heterogeneity. 

 

C. Limitation of the study 

First, temporal window length is partly confounded with the 

number of valid bare-soil observations available for 

compositing. Longer windows generally contain more cloud-

free acquisitions and may therefore produce more robust 

composites through increased observation density, in addition 

to providing a longer temporal representation of soil spectral 

conditions. Consequently, the improvements observed from 

single- to multi-year BSCs cannot be attributed exclusively to 

temporal span. In the present analysis, these two effects could 

not be fully separated because the composites were generated 

from the available observations within each temporal window. 

Future studies should use controlled subsampling of 

observations, moving-window analyses, or time-series 

decomposition to disentangle the effects of temporal duration, 

observation density, and seasonal representativeness.  

Second, no explicit soil-moisture normalization was applied 

during the generation of the BSCs. Because the six-year 

temporal window combines bare-soil observations acquired 

under different antecedent rainfall and surface moisture 

conditions, the resulting median composite may contain 

residual moisture-related spectral variability that is not fully 

addressed by NDVI- and BSI-based bare-soil masking. 

Nevertheless, the six-year BSC exhibited the highest spectral 

agreement with the laboratory spectra (mean SAM = 0.09 rad; 

Fig. 5), suggesting that the increased availability of bare-soil 

observations and improved spatial representation associated 

with the longer temporal window may have compensated for 

some of the additional spectral variability introduced by 

differing soil moisture conditions. However, residual moisture 

effects cannot be ruled out and may represent an additional 

source of spectral variability. Future studies should investigate 

soil-moisture-aware compositing strategies, such as restricting 

image selection to dry antecedent conditions or incorporating 

soil-moisture indicators as additional covariates, to further 

reduce the influence of moisture-related spectral variability. 

Third, the present study was conducted across five districts of 

the Deccan Plateau of Maharashtra, representing a basaltic, 

semi-arid agroecosystem with specific soil, climatic, and 

cropping conditions. Therefore, the numerical findings 

obtained in this study, including the optimal temporal 

compositing windows, FCM cluster structure, and prediction 

performance, should be interpreted within the context of this 

pedo-climatic setting rather than considered universally 

applicable. Regions with different parent materials, soil types, 

cropping systems, climatic conditions, or bare-soil availability, 

including other semi-arid regions with different rainfall 

seasonality or vegetation cover dynamics, may exhibit different 

optimal compositing windows and FCM cluster structures. 

Nevertheless, the proposed framework, which combines multi-

year bare-soil compositing, spectral evaluation, FCM-based 

spectral representation, and soil-property modelling, provides a 

general methodological approach that can be applied to other 

agricultural regions. Further evaluation across contrasting soil 

types, parent materials, climatic zones, and cropping systems is 

required to establish the robustness and broader transferability 

of the framework 

 

V. Conclusion 

This study demonstrates that both temporal 

compositing and spectral context play critical roles in 

determining the accuracy of soil property prediction from S2-

derived BSCs. Longer Temporal window improved spectral 

stability and agreement with laboratory measurements, with the 

six-year composite showing the closest correspondence to lab 

spectra (mean SAM = 0.09). However, predictive performance 

did not automatically increase with wider temporal window. 

While texture-related properties improved with longer windows 

(e.g., R² of 0.22 to 0.33, RMSE decreased from 13.0 to 12.1, 

and RPIQ increased from 1.69 to 1.88 for sand content), 

dynamic soil properties showed optimal performance at 

intermediate scales, with soil pH increasing from R² = 0.34 to 

0.51 and RMSE decreasing from 0.26 to 0.24 under the three-

year composite before declining at six years. The incorporation 

of FCM membership values as auxiliary predictors significantly 

enhanced model performance across most soil properties. 

Improvements were particularly pronounced for texture (sand 

and clay) and micronutrients (Fe), as well as exchangeable 

cations such as Na and Mg. Sand prediction improved from R² 

= 0.33 to 0.56 and clay from 0.37 to 0.53, while Fe increased 

from 0.61 to 0.72 and exchangeable Na from 0.45 to 0.56. 

Unlike conventional approaches that utilize clustering for data 

partitioning or local modeling, the integration of fuzzy 

membership within a unified modeling framework enables 

continuous representation of soil spectral variability across 

heterogenous landscapes. 
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