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Abstract: Soil texture is a key soil property driving physical, chemical, biological, and hydrological
processes in soils. The rapid development of remote sensing techniques shows great potential for
mapping soil properties. This study highlights the effectiveness of multitemporal remote sensing
data in identifying soil textural class by using retrieved vegetation properties as proxies of soil
properties. The impacts of sensors, modeling resolutions, and modeling techniques on the accuracy
of soil texture classification were explored. Multitemporal Landsat-8 and Sentinel-2 images were
individually acquired at the same time periods. Three satellite-based experiments with different
inputs, i.e., Landsat-8 data, Sentinel-2 data (excluding red-edge parameters), and Sentinel-2 data
(including red-edge parameters) were conducted. Modeling was carried out at three spatial reso-
lutions (10, 30, 60 m) using five machine-learning (ML) methods: random forest, support vector
machine, gradient-boosting decision tree, categorical boosting, and super learner that combined
the four former classifiers based on the stacking concept. In addition, a novel SHapley Addictive
Explanation (SHAP) technique was introduced to explain the outputs of the ML model. The results
showed that the sensors, modeling resolutions, and modeling techniques significantly affected the
prediction accuracy. The models using Sentinel-2 data with red-edge parameters performed con-
sistently best. The models usually gave better results at fine (10 m) and medium (30 m) modeling
resolutions than at a coarse (60 m) resolution. The super learner provided higher accuracies than
other modeling techniques and gave the highest values of overall accuracy (0.8429), kappa (0.7611),
precision (0.8378), recall rate (0.8393), and F1-score (0.8398) at 30 m with Sentinel-2 data involving
red-edge parameters. The SHAP technique quantified the contribution of each variable for different
soil textural classes, revealing the critical roles of red-edge parameters in separating loamy soils. This
study provides comprehensive insights into the effective modeling of soil properties on various scales
using multitemporal optical images.

Keywords: multitemporal remote sensing data; digital soil mapping; super learner; model interpretation

1. Introduction

Soils are vital for global issues, such as food security, climate change, and ecological
sustainability [1]. Precise soil information contributes to effective decisions in environmen-
tal improvement and agricultural management [2]. In response to the demands for soil
information in the world, digital soil mapping (DSM) emerges as a reliable means to map
various soil properties. This technique has been widely used to characterize the spatial
variability of soil properties at local [3,4], regional [2,5], and national scales [5,6] over the
past 30 years.

In DSM, many environmental factors related to soil formation and development are
usually the main input variables, such as digital elevation map (DEM) derivatives, land
use types, and climate data, and their effectiveness has been exhaustively explored [6–9].
Remote sensing images have also received extensive attention in recent years. This large
and frequent data stream from space-borne sensors enables soil property monitoring and
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mapping from the local to the global scale in an effective, convenient, and economical
way [10]. Previous studies have used remote sensing data to successfully estimate common
topsoil properties in bare fields under seedbed conditions, fallow farming areas, and
arid and semi-arid regions with sparse vegetation [11,12]. The authors of these research
studies noted that space-borne sensors could directly retrieve soil properties based on the
spectral behavior of bare soils, demonstrating the feasibility of satellite products in DSM.
Given that surface vegetation cover usually hinders the acquisition of spectral signals from
exposed soils for many areas with dense vegetation, a universal approach then is considered.
Scholars start to indirectly infer soil properties using remote-sensed vegetation indicators
with other auxiliary variables (e.g., topographic and climate data) for vast regions [6,13,14].
These works showed that the addition of satellite covariates could improve the accuracy of
soil property prediction at a range of scales, expanding the application of remote sensing
data. Currently, the potential of remote sensing data in soil properties mapping has been
further explored with a sharp increase in the number and availability of satellite covariates.
Guo et al. [15] and Zhang et al. [16] have obtained prominent results in estimating soil
organic carbon (SOC) content purely using time-series multispectral images in low-relief
areas. They found that satellite vegetation parameters provided more valuable information
than topographic factors, revealing the great prospect of multitemporal remote sensing
data in explaining the variation of soil properties by using retrieved vegetation properties
as proxies of soil properties. Nevertheless, relevant works are limited to SOC monitoring,
and the effectiveness of multitemporal remote sensing data needs to be verified in other soil
property prediction. Thus, this study investigates the feasibility of multitemporal remote
sensing data in predicting other soil properties to explore more possibilities of satellite
products in DSM. We focus on soil texture prediction because soil texture is a key parameter
driving physical, chemical, biological, and hydrological processes in soils [1]. Meanwhile,
it is essential for the provision of ecosystem services and determines the suitability of soil
for agricultural production [17].

Although multitemporal satellite images have been applied to monitor soil properties,
there is still a lack of full understanding of the factors impacting the mapping accuracy.
Among them, sensors are critical because modeling accuracy depends largely on the se-
lected satellite sensors. Usually, each satellite sensor has its characteristic in the availability
of spectral channels, the width of the band, and spectral and spatial–temporal resolution.
This causes the differences in the retrieved information of sensitive bands between their
derived satellite products and in the matching degree between image pixels and actual
samples, influencing the modeling inputs [18]. Therefore, quantitative evaluation for the
performance of soil prediction models based on multiple satellite sensors can help users
choose appropriate satellite images. Landsat-8 is a widely used data source because of
the advantages of the wide wavelength range and relative ideal imaging effect. Sentinel-2
with finer spatial resolution (10 or 20 m), more available spectral bands (three red-edge
bands), and larger swath widths (290 km), has attracted great interest from scientists and
shows superior predictive performance in DSM [2,5]. The two sensors have been compared
in the literature to predict soil properties, but there is no consensus on their potential in
DSM [14,19]. Meanwhile, modeling resolutions also affect the utility of remote sensing data
in mapping soil properties. When raster cells of images are scaled to diverse resolutions,
different efficacies occur in the captured variability about the target object [20], impacting
the model performance. Scale analysis based on multiple resolutions may be beneficial
for improving our understanding of the abilities of remote-sensed data to predict soil
properties, however, relevant literature studies are limited.

Soil mapping using remote sensing data also benefits from modeling techniques.
Many techniques have been developed to handle the relationship between predictors and
soil properties. Among them, machine-learning (ML) algorithms show better predictive
performances than traditional regression equations in most cases, such as random forest
(RF) [8], support vector machine (SVM) [4], and gradient-boosting decision tree (GBDT) [21].
Additionally, a new ML algorithm (categorical boosting, CatBoost)) displays high predictive
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accuracy, because of its better capability of avoiding the overfitting issue than traditional
GBDT by unbiased estimates [22]. To our knowledge, there are no reports of its application
in DSM. Recently, the super learner, an ensemble model based on the stacking generalization
concept, has also attracted attention in classification and regression tasks [13]. It is the
optimally weighted combination from a set of predicted values generated by a collection
of algorithms, and it outperforms the individual algorithms that are used to construct the
super learner, which has been theoretically examined [23,24]. These different techniques
should be compared to obtain a suitable predictive model for specific soil datasets.

For some complex ML algorithms and the super learner, their interpretabilities remain
challenging. To handle this issue, a novel approach (SHAP, SHapley Addictive Explanation)
is introduced [25]. As a model-agnostic interpretation tool, it is promising for explaining
natural and social phenomena [26,27]. For prediction tasks, this method shows not only
global importance but also local contribution, offering more details for understanding
model outputs [28].

Therefore, the main objectives of the current study were to (1) investigate the feasibility
of multitemporal remote sensing images in identifying soil texture class, (2) explore the
impacts of sensors, modeling resolutions, and modeling techniques on the accuracy of soil
texture classification, and (3) analyze the critical variables in soil texture classification using
SHAP method. The hypothesis guiding this research is that the variability of soil texture
classes could be expressed by vegetation attributes and then retrieved by satellite sensors.

2. Materials and Methods
2.1. Study Area

The study area covering 6790 ha is a small basin located in the Three Gorges of the
Yangtze River in southwest China (Figure 1). The elevation of the study area ranges
from 146 to 1625 m. The climate is subtropical monsoon humid, with the mean annual
precipitation and temperature of 1224 mm and 15 ◦C, respectively. Dry farmland and forest
are the dominant land use types in the region, accounting for 18.4 and 48.6%, respectively.
The dry farmlands are in crop rotation for a long time, with winter rapeseed (Brassica napus
L.), corn (Zea mays L.), or sweet potato (Ipomoea batatas L.). Agricultural techniques and
varieties are the same for each crop.

The main geological units include Daye Formation deposited in the early Triassic
period and Xujiahe Formation from the mid-late Triassic period. According to the FAO soil
classification, soil types are classified as Regosols and Entisol. Most soils are neutral with
the pH ranging from 5.4 to 8.6 and organic matter from 6.3 to 42 g/kg.

2.2. Soil Data

The data of soil textural classes (sandy, loamy, and clay soils) introduced by
Zhou et al. [4] were used in the current study. A total of 939 soil samples were collected
from dry farmland (0–20 cm) in September 2012. Ten subsamples were randomly collected
within a radius of 10 m around the point as a final composite sample. The soil texture
class was estimated by experienced technicians according to the “Fingerprobe” method
recommended by the FAO (guidelines for soil description) [29]. This approach is regarded
as an applicable alternative to the measurement of soil texture in the laboratory which is
time-consuming and expensive [30–33].

The number of soil samples was 50, 502, and 387 for sandy, loamy, and clayey soils,
respectively. Obviously, the dataset was highly imbalanced, which would affect model per-
formance seriously [34]. In order to solve this problem, the synthetic minority oversampling
technique (SMOTE), which has been successfully applied in different fields [34–36], was
used here. In this case, the highly imbalanced dataset was converted into a new balanced
dataset using the Borderline-SMOTE method of Python 3.6.10. The original dataset and
oversampling dataset with SMOTE are shown in Table 1.
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Figure 1. (a) Location, (b) digital elevation model (DEM), and (c) soil samples of the study area. 
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Figure 1. (a) Location, (b) digital elevation model (DEM), and (c) soil samples of the study area.

Table 1. Number of samples for each soil texture class before and after the synthetic minority
oversampling technique (SMOTE).

Dataset
Sandy Soils Loamy Soils Clayey Soils

Total
Number % Number % Number %

Original 50 5.32 502 53.46 387 41.21 939
SMOTE 502 33.33 502 33.33 502 33.33 1506

2.3. Multispectral Satellite Data Pre-Processing and Index Retrieval

Multitemporal Landsat-8 and Sentinel-2 images covering spring (Figure 2b,h), summer
(Figure 2f,l), autumn (Figure 2c,d,i,j), and winter (Figure 2a,e,g,k) were collected. Each of
these images individually covered the entire study area and the cloud coverages of the
study area were zero or approximately zero (<10%) in these images.

The available Sentinel-2 satellite (thirteen bands with spatial resolutions of 10–60 m)
products used in the current study were downloaded from the European Space Agency
(ESA). Atmospheric and topographic corrections were performed on these images using
Sen2cor v2.8, which is a plug-in unit of the Sentinel Application Platform (SNAP) v8.0 soft-
ware. The available Landsat-8 OLI/TIRS C1 Level 2 (spatial resolution of 30 m, nine bands)
data applied in the current study were downloaded from the United States Geological
Survey (USGS), which can be directly used as the auxiliary variables.
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Figure 2. Multitemporal images of normalized difference vegetation index (NDVI) from Sentinel-2
and Landsat 8, respectively.

Visible light (blue, green, and red) and near-infrared bands (VIR-NIR bands) from
Landsat-8 and Sentinel-2 images at different time phases were individually acquired. Three
unique red-edge bands of Sentinel-2 also were used. These spectral bands were uniformly
converted into raster layers (UTM WGS84 Zone 48 N projection system) with different
spatial resolutions (10, 30, and 60 m) using ArcGIS 10.6 and then applied to extract various
vegetation indices at each resolution. The original variables (Table 2), including spectral
bands and vegetation indicators, were used to select modeling inputs.
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Table 2. Remote sensing variables list.

Sentinel-2 Landsat-8

Band Spectral
Range (nm)

Spatial
Resolution (m) Band Spectral

Range (nm)
Spatial

Resolution (m)

Traditional
spectral indicator

Blue 2 458–523 10 2 450–515 30
Green 3 543–578 10 3 525–600 30
Red 4 650–680 10 4 630–680 30
NIR 8 785–900 10 5 845–885 30

NDVI B8−B4
B8+B4

B5−B4
B5+B4

SAVI 1.5×(B8−B4)
(B8+B4+0.5)

1.5×(B5−B4)
(B5+B4+0.5)

EVI 2.5× B8−B4
B8+6×B4−7.5×B2+1 2.5× B5−B4

B5+6×B4−7.5×B2+1

Red-edge
parameter

Red Edge 1 5 698–713 20 None

Red Edge 2 6 733–748 20 None
Red Edge 3 7 773–793 20 None

MCARI 1− 0.2× B5−B3
B5−B4 None

IRECI (B7− B4)× B6
B5 None

MTCI (B6−B5)
(B5−B4)

None

S2REP 705 + 35× 0.5×(B4+B7)−B5
B6−B5

None

Note: NDVI: normalized difference vegetation index, SAVI: soil adjusted vegetation index, EVI: enhanced
vegetation index, IRECI: inverted red-edge chlorophyll index, MCARI: modified chlorophyll absorption ratio
index, MTCI: MERIS terrestrial chlorophyll index, S2REP: Sentinel-2 red-edge position index.

2.4. Modeling Process

The methodology included three main steps (Figure 3). In the data pre-processing,
three satellite-based datasets were obtained, namely, the Landsat-8 dataset with traditional
spectral indicators (VIR-NIR bands, NDVI, SAVI, and EVI), the Sentinel-2 dataset with these
traditional spectral indicators, and the Sentinel-2 dataset with these traditional spectral
indicators and red-edge parameters (three red-edge bands, IRECI, MCARI, MTCI, and
S2REP). The variance inflation factor (VIF) was calculated using SPSS software (V.25) to
check the multicollinearity among the variables in each dataset. Variables with a VIF
of greater than ten were omitted to simplify statistical issues [37] and the optimized
subsets (hereafter Datasets A, B, and C) were determined. Then, more datasets at different
resolutions (10, 30, and 60 m) were created based on the optimized subsets for examining the
effects of modeling resolutions on performance [5]. Meanwhile, five modeling techniques
were developed to analyze the relationship between complex auxiliary variables and soil
texture class. The impacts of sensors, modeling resolutions, and techniques on soil texture
classification accuracy were explored using different evaluation indicators. Finally, a soil
texture classification map was produced and the SHAP method was applied to explain the
model outputs.
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2.4.1. Modeling Techniques

SVM (support vector machine) is a popular supervised classification and regression
learning technology based on structural risk minimization [38]. It is famous for robust
generalization performance. It is by nature a binary classifier, but it can be extended for
multiclass classification by “one-against-all” (ovr) or “one-against-one” (ovo) strategies.
SVM with radial basis function (RBF) is favored in DSM [5]. Thus, it was used in the current
study. Two parameters need to be defined for the RBF kernel: penalty cost (c) and kernel
width (gamma).

RF (random forest) is a typical tree-based ensemble machine-learning technique via
the bagging strategy. This algorithm has powerful scalability in big data and includes
reasonable tolerance towards noise and outliers [39]. Two parameters should be adjusted
for the RF model: the number of trees (n_estimators) and the number of features randomly
sampled at each split (max_features).

GBDT (gradient-boosting decision tree) is an iterative optimization algorithm based
on the regression decision tree. Each iteration fits a decision to the residuals left by the
previous and then the prediction is accomplished by combining all trees [40]. Parameters,
including the number of trees (n_estimators), the step size while learning (learning rata),
depth of tree (max_depth), and subsample need to be defined for this algorithm.

CatBoost (categorical boosting) is a new ML algorithm proposed by Yandex Com-
pany. This ML approach makes improvements to the traditional GBDT algorithm. It can
handle categorical features well based on greedy target-based statistics (Greedy TBS) [41].
Meanwhile, it overcomes the gradient bias problem and thus enhances the generalization
ability of the model. Three key parameters: the number of trees (n_estimators), the step
size while learning (learning rata), and the depth of the tree (max_depth) are defined in the
current study.
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The super learner applies the stacked generalization concept using out-of-fold pre-
dictions during the k-fold cross-validation process [13]. In short, it is a convex weighted
combination of multiple ML algorithms (base learners). The four models mentioned above
were used as base models to construct the super learner in the current work. The logistical
regression was used as the meta-learner, which is a typical linear model. The building
process of the super learner is shown in Figure 4: (1) dividing training and test sets;
(2) splitting the training dataset ten-fold; (3) training the four base classifiers with ten-fold
cross-validation and storing the out-of-fold predictions; (4) fitting a meta-model on the
out-of-fold predictions and obtaining the weights of the base classifiers; (5) evaluating the
performance based on the test set.
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7:3 ratio based on the samples. For the super leaner, the parameters of four base classifiers need to be
defined and the parameters of logistic regression are default values).

2.4.2. Model Evaluation

For each dataset, approximately 70% of the samples were randomly selected as the
training sets and the remainder as the test sets. GridSearch-CV module was used to search
optimal parameters based on the training set. The results of parameter optimization are
shown in Supplementary Materials Table S1. The model performance was evaluated based
on the independent test set. The evaluation indicators included OA, kappa, precision, recall
rate, and F1-score. The relevant formulas are as follows:

OA =
TP + TN

TP + TN + FN + FP
(1)

Kappa =
OA− Pe

1− Pe
(2)

Recall rate =
TP

TP + FN
(3)

Precison =
TP

TP + FP
(4)
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F1− score =
2× Precison× Recall

Preciison + Recall
(5)

where TP, TN, FP, and FN are true positive, true negative, false positive, and false
negative, respectively. Pe is the probability of agreement when two classes are
unconditionally independent.

Models with higher values of these indicators perform better. The model performance
indicated by Kappa is: <0, poor; 0.00–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate;
0.61–0.80, substantial; and 0.81–1.00, almost perfect [42].

2.4.3. Model Interpretation

The SHAP method proposed by Lundberg and Lee [25] provided a uniform interpre-
tation framework for complex ML algorithms. This post hoc analysis method estimates the
contribution of the individual variable by comparing the performance of the model with
and without this variable. The contribution of the variable is characterized by the Shapley
value based on the coalitional game theory [43]. The SHAP method is expressed as:

g
(
z′
)
= ∅0 + ∑M

i=1 ∅iz′i (6)

where z′ ∈ {0, 1}M denotes the presence or absence of a variable, M is the number of
variables in the model, and ∅0 represents the constant value when all inputs are missing.
∅i represents the contribution of variable i, i.e., the Shapley values. In the current work,
SHAP library v37.0 was used to explain model outputs.

3. Results
3.1. Spectral Information Description and Variables Selection

Figure 5 shows the multispectral bands and vegetation indices of the soil samples
with different textual classes, which were extracted from Sentinel-2 and Landsat-8 images.
The spectral waveforms were similar between the two satellite sensors for consistent
bands (blue, green, red, and NIR) and vegetation indices (NDVI, SAVI, EVI). The unique
red-edge parameters of Sentinel-2 offered additional information. The reflectance of all
bands and vegetation indices expressed the strong variation in different time phases owing
to vegetation coverage change and crop rotation. Moreover, the distinction of spectral
signals among the soil texture classes is shown in Figure 5. The Kruskal–Wallis test further
confirmed this significant difference. Thus, valuable information from multitemporal
optical images was useful for identifying soil texture class.

Approximately 14, 15, 33 spectral variables were retained for Dataset A, Dataset B, and
Dataset C, respectively, after eliminating redundancy and multicollinearity among these
covariates using VIF (Supplementary Materials Table S2). The optimized variables subsets
differed with datasets because of the inherent discrepancy of sensors in spatial resolution,
band numbers, and spectral range. Meanwhile, the results showed that single-band (blue
and NIR bands) tended to be retained for traditional spectral indicators (VIR-NIR bands,
NDVI, SAVI, and EVI), while derivative red-edge vegetation indices, including more unique
explanatory power than single red-edge bands, were reserved for red-edge parameters
(B5, B6, B7, S2REP, MCARI, IRECI, and MTCI). In addition, the number of the selected
variables under different time phases was similar, indicating that the multitemporal remote
sensing images could synthesize the surface coverage information in different periods to
map soil properties.
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MTCI and S2REP were not in the range (0,1) and they were processed by min-max normalization).

3.2. Model Evaluation and Comparison

Figure 6 displays the performance of models with three datasets using five ML model-
ing techniques at three modeling resolutions. The results showed that the choice of sensors,
modeling resolutions, and techniques affected the classification accuracy.

Models built by Datasets A and B, including consistent remote-sensed variables in-
dividually acquired from Landsat-8 and Sentinel-2, showed similar levels of soil texture
classification under the same modeling resolution and technique. The best-performing mod-
els in explaining the variation of soil texture class were all based on Dataset C, which was
derived from Sentinel-2 data with red-edge parameters. The average OA, kappa, precision,
recall, and F1-score of the models with Dataset C were 3.4 and 3.0, 5.2 and 4.9, 3.5 and 3.5,
3.5 and 3.4, and 3.5 and 3.6% higher than that of others with Dataset A and Dataset B,
respectively. These indicated the performance gap between the two sensors caused by
the available spectral channels and proved the effectiveness of red-edge parameters from
Sentinel-2 in identifying soil texture class.
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Clearly, model performance varied with modeling resolutions. These models using
different datasets achieved the best performance at 10 or 30 m resolution, and the classifica-
tion accuracy of all models decreased when the modeling resolution changed from 30 to
60 m. For example, SVMs using Dataset A and Dataset B obtained the highest accuracy at
10 m, and their OA dropped from 0.7810 to 0.7743 and from 0.7920 to 0.7677, respectively,
and Kappa reduced from 0.6941 to 0.6701 and from 0.6867 to 0.6512, with the modeling
resolution from 30 m to 60 m. The super learner with Dataset C was best at 30 m with OA
of 0.8429 and Kappa of 0.7964, but worst at 60 m with OA of 0.7964 and Kappa of 0.7113.
Overall, the models usually performed better at fine and medium modeling resolutions
than at coarse resolutions.

Compared with base classifiers, the super learner presented superior prediction ac-
curacy. For instance, the highest accuracy was achieved by super learner, followed by
CatBoost, GBDT, SVM, and RF techniques when identifying the soil texture class using
Dataset A at 30 m resolution. The super learner consistently ranked first among these
techniques based on any evaluation indicator, regardless of the datasets and modeling
resolutions. In addition, the performance of four base classifiers changed with datasets and
modeling resolutions. For example, SVM offered higher accuracy than RF and GBDT using
Datasets A, B, and C at 10 m resolution, while the latter two methods performed better
than SVM using Dataset C at 60 m resolution. CatBoost showed more robust performance
than other base learners at 30 and 60 m resolution.

In addition, one-way ANOVA (Supplementary Materials Tables S3–S5) was performed
for testing significant differences in classification results among datasets, modeling resolu-
tions, and modeling techniques.

Figure 7 reveals the concrete classification results of sandy, loamy, and clayey soils
using the F1-score. The models’ ability to differentiate each soil texture class varied signifi-
cantly among sensors, modeling resolutions, and modeling techniques. For example, the
F1-score of the super learner using Dataset A at 30 m was 0.975, 0.679, and 0.716 for sandy,
loamy, and clayey soils, respectively, and using Dataset B at 30 m was 0.963,0.681, 0.744.
The above model with Sentinel-2 data obtained slightly higher precision in separating
loamy and clayey soils than that with Landsat-8 data, whereas the latter had the advantage
in identifying sandy soils. However, the opposite is true at 60 m. Nevertheless, consistent
trends were observed in all models. On the one hand, sandy soils were easily distinguished,
with an F1-score above 0.9. On the other hand, the gain from the sensors, modeling reso-
lutions, and modeling techniques in identifying loamy soils was prominent. For instance,
because of the addition of red-edge parameters, the improvement in the F1-score of RF with
Dataset C over that with Dataset B was 2.3, 2.9, and 5.2% for sandy, loamy, and clayey soils
at 10 m, respectively, 4.5, 11.2, 3.6% at 30 m, 2.5, 5.8, and 0.8% at 60 m. Confusion matrices
in Supplementary Materials Figure S1 show more details about the classification results.

3.3. Variable Importance

The best model (the super learner using Dataset C at 30 m) was employed to analyze
the importance of individual variables. In this case, the relative weights of four base
learners of the super learner were 34.12 (SVM), 30.59 (CatBoost), 23.89 (RF), and 11.41%
(GBDT), respectively.

The variables ranking based on the SHAP technique is presented in Figure 8. Overall,
the red-edge factor MCARI in August (MACARI_Aug) was the most essential explanatory
covariate for soil texture classification, followed by NDVI in August (NDVI_Aug) and Blue
band in December (Blue_Dec) with mean absolute values of SHAP of 0.1930 and 0.1369,
respectively (Figure 8a). Additionally, the local contribution of individual variables for
each soil textural class also was displayed (Figure 8b–d). The key variables with high
relative importance were MCARI_Aug (9.36%) > Blue_Dec (8.16%) > Blue band in August
(Blue_Aug, 6.40%) for sandy soils, MCARI_Aug (12.24%) > NDVI_Aug (7.70%) > NIR
band in September (NIR_Sep, 4.78%) for loamy soils, NDVI_Aug (13.66%) > Blue_Dec
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(7.92%) > NDVI in December (NDVI_Dec,7.66%) for clayey soils. Meanwhile, the results
indicated that August was the optimum period to identify three different soil texture classes.

Remote Sens. 2022, 14, x FOR PEER REVIEW 13 of 22 
 

 

Figure 7 reveals the concrete classification results of sandy, loamy, and clayey soils 
using the F1-score. The models’ ability to differentiate each soil texture class varied sig-
nificantly among sensors, modeling resolutions, and modeling techniques. For example, 
the F1-score of the super learner using Dataset A at 30 m was 0.975, 0.679, and 0.716 for 
sandy, loamy, and clayey soils, respectively, and using Dataset B at 30 m was 0.963,0.681, 
0.744. The above model with Sentinel-2 data obtained slightly higher precision in separat-
ing loamy and clayey soils than that with Landsat-8 data, whereas the latter had the ad-
vantage in identifying sandy soils. However, the opposite is true at 60 m. Nevertheless, 
consistent trends were observed in all models. On the one hand, sandy soils were easily 
distinguished, with an F1-score above 0.9. On the other hand, the gain from the sensors, 
modeling resolutions, and modeling techniques in identifying loamy soils was prominent. 
For instance, because of the addition of red-edge parameters, the improvement in the F1-
score of RF with Dataset C over that with Dataset B was 2.3, 2.9, and 5.2% for sandy, 
loamy, and clayey soils at 10 m, respectively, 4.5, 11.2, 3.6% at 30 m, 2.5, 5.8, and 0.8% at 
60 m. Confusion matrices in Supplementary Materials Figure S1 show more details about 
the classification results. 

 
Figure 7. The accuracy (F1-score) histogram for identification of different soil textural classes at 
three modeling resolutions using five methods (SS: sandy soils; LS: loamy soils; CS: clayey soils. 
Dataset A: purely remote sensing variables from Landsat-8 data. Dataset B: purely remote sensing 
variables from Sentinel-2 data without red-edge factors. Dataset C: purely remote sensing variables 
from Sentinel-2 data with red-edge factors). 

Figure 7. The accuracy (F1-score) histogram for identification of different soil textural classes at three
modeling resolutions using five methods (SS: sandy soils; LS: loamy soils; CS: clayey soils. Dataset A:
purely remote sensing variables from Landsat-8 data. Dataset B: purely remote sensing variables from
Sentinel-2 data without red-edge factors. Dataset C: purely remote sensing variables from Sentinel-2
data with red-edge factors).



Remote Sens. 2022, 14, 5571 14 of 22

Remote Sens. 2022, 14, x FOR PEER REVIEW 14 of 22 
 

 

3.3. Variable Importance 
The best model (the super learner using Dataset C at 30 m) was employed to analyze 

the importance of individual variables. In this case, the relative weights of four base learn-
ers of the super learner were 34.12 (SVM), 30.59 (CatBoost), 23.89 (RF), and 11.41% 
(GBDT), respectively. 

The variables ranking based on the SHAP technique is presented in Figure 8. Overall, 
the red-edge factor MCARI in August (MACARI_Aug) was the most essential explanatory 
covariate for soil texture classification, followed by NDVI in August (NDVI_Aug) and 
Blue band in December (Blue_Dec) with mean absolute values of SHAP of 0.1930 and 
0.1369, respectively (Figure 8a). Additionally, the local contribution of individual varia-
bles for each soil textural class also was displayed (Figure 8b,c,d). The key variables with 
high relative importance were MCARI_Aug (9.36%) > Blue_Dec (8.16%) > Blue band in 
August (Blue_Aug, 6.40%) for sandy soils, MCARI_Aug (12.24%) > NDVI_Aug (7.70%) > 
NIR band in September (NIR_Sep, 4.78%) for loamy soils, NDVI_Aug (13.66%) > Blue_Dec 
(7.92%) > NDVI in December (NDVI_Dec,7.66%) for clayey soils. Meanwhile, the results 
indicated that August was the optimum period to identify three different soil texture clas-
ses. 

 
Figure 8. Variable ranking for (a) three different textural soils, (b) sandy soils, (c) loamy soils, and 
(d) clayey soils based on the SHAP value (Feb, Apr, Aug, Sep, Nov, and Dec mean February, April, 
August, September, November, and December, respectively). 

Figure 8. Variable ranking for (a) three different textural soils, (b) sandy soils, (c) loamy soils, and
(d) clayey soils based on the SHAP value (Feb, Apr, Aug, Sep, Nov, and Dec mean February, April,
August, September, November, and December, respectively).

3.4. Spatial Distribution of Soil Texture Class

The map of soil texture classification is produced based on the best model and the
spatial pattern of soil texture class is shown in Figure 9. Sandy soils were scattered in
northeast and southwest areas, loamy soils concentrated in the northern part, and clayey
soils mainly located in south and west regions. The percentages of sandy, loamy, and clayey
soils were 2, 66, and 32%, respectively, over the dry farmland.
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4. Discussion
4.1. The Potential of Multitemporal Remote Sensing Data for Predicting Soil Properties

The rapid development of remote sensing techniques provides great prospects for
mapping soil properties. Numerous research studies have demonstrated the effectiveness
of remote sensing data in predicting soil attributes [1,3,44]. Some of them combined
optical images with other auxiliary data for explaining the variability of soil properties
at various scales, focusing on the added value of satellite products applied for DSM;
some aimed at exploring the feasibility of multispectral images in describing the spatial
distribution of various properties of bare soil [11,12]. Our study evaluated the capabilities
of purely multitemporal optical images in predicting soil properties for densely vegetated
regions, exploring more possibilities of satellite images in DSM. The results showed that
multitemporal optical images had strong potential in identifying soil texture class under
vegetation cover. In fact, soil texture classes influence the availability of soil moisture,
heat capacity, transport of solutes, and other soil properties, which lead to the different
spectral responses of vegetation characteristics [45]. In turn, this heterogeneity from
vegetation spectral signals could be retrieved by satellites and then be accumulated in
multitemporal optical data, which is sufficient to discrete different vegetation characteristics
and their related soil attributes (soil texture). Therefore, multitemporal optical images could
characterize vegetation growth and development and then infer soil properties [46], which
may be promising for DSM.

Supplementary Materials Table S6 shows the performance of six super learner models
using the mono-temporal Sentinel-2 image involving red-edge parameters at 30 m. Their
predictive accuracies varied with vegetation covers and were much lower than that of
the model using multitemporal images. Compared with mono-temporal satellite images,
multitemporal remote sensing data could provide more valuable auxiliary information
for soil property prediction [47]. Similarly, Maynard and Levi [45] noted that increasing
the temporal frequency of remote sensing images could greatly improve the predictive
performance of soil mapping models (Supplementary Materials Figure S2). Meanwhile,
the results based on both mono-temporal and multi-temporal predictions indicated that
August was a suitable temporal phase to distinguish soil textural classes. The densely
vegetated images could provide useful information for remote monitoring.
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4.2. The Performance Comparison of Models Based on Different Sensors, Modeling Resolutions,
and Modeling Techniques

Multispectral satellites are essential and effective data sources for predicting soil
properties at various scales [1,48–50]. The current study compared the performance of
models based on different multispectral satellites (Sentinel-2 and Landsat-8) using retrieved
vegetation properties as proxies of soil properties. The results indicated that the inherent
differential structure of sensors caused their performance gap in separating soil textures.
Sentinel-2 has more available spectral channels and derived spectral indices (red-edge
parameters) than Landsat-8. When these unique parameters were added, the classification
accuracies of Sentinel-2 models were substantially improved and were much higher than
that of Landsat-8 models, especially in identifying loamy soils. Additionally, the results of
the variable importance ranking indicated that the contribution of red-edge parameters
exceeded that of traditional spectral indices. The red edge lies between the red and
NIR portions of the electromagnetic spectrum, and the increase of reflectance within this
range is the most universal and sensitive spectral response of plants to stress [51,52].
Previous studies have emphasized the usefulness of this spectral domain in estimating
LAI [53], plant chlorophyll content [54], and nitrogen uptake [8]. Moreover, some scholars
confirmed that Sentinel-2 with red-edge parameters produced better accuracy statistics by
comparing different optical images in the fields of land cover [55], crop identification [56],
and biological mapping [57]. Thus, the red-edge parameters, having powerful availability
in the vegetation remote sensing community, may capture more detailed and valuable
vegetation signals as proxies for inferring soil properties. Similar findings are also reported
that red-edge bands of Sentinel-2 images provided a good correlation with clay content
under bare soils [10]. Silvero et al. [48] obtained an opposite conclusion in mapping various
topsoil properties based on Sentinel-2 and Landsat-8 bare soil images in Brazil. They
found that the use of red-edge bands from Sentinel-2 did not bring large gains in model
performance while multi-temporal images from Landsat-8 offered the best prediction
performance. The availability of red-edge parameters of Sentinel-2 needs to be proved
in more regions with different management modes, climate conditions, and vegetation
cover conditions.

Different from some studies using single modeling resolution, our predictive models
were conducted at multiple spatial scales. We found that these models using satellite
products had diverse predictive capabilities for soil properties at different modeling res-
olutions. The ideal classification accuracies were usually obtained at fine and medium
modeling resolutions (10 or 30 m), whereas the performances of these models were poor
at coarse resolutions (60 m) in this study. This is closely related to the spatial distribution
of soil texture class in the study area. Specifically, the proportion of sandy soil is small
and its distribution is discontinuous (Figure 9). Most sandy soils are scattered in loamy or
clayey soils. Therefore, the real spectral information characterizing sandy soils in a short
distance could be largely retrieved at fine and medium resolutions, while coarser modeling
resolution exacerbates the mixed-pixel problem, influencing the spectral characteristics of
sandy soils. Finally, the overall accuracy of the model will decrease due to the misclassifi-
cation of sandy soils (Supplementary Materials Figure S1). Meanwhile, it was also found
that the performances of models based on satellite products at medium resolutions were
competitive and even superior to fine resolutions. This is not strange. Cavazzi et al. [58]
pointed out that more exhaustive covariates may be “noise” that degrades the predictions
due to an excess of detail. This could explain our results that these optical images at 10
m resolution may retrieve smaller objects (e.g., individual plants) with highly variable
spectral behavior, adding noise to the correlation between satellite and soil properties. At
the same time, optical data at medium modeling resolution usually capture collections
of objects, and thus their variations were smoothed out in the pixel, reducing noise [59].
Quantitative assessment based on multiple modeling resolutions showed comprehensive
insights into predicting soil properties [60]. Although it is widely known that the spatial
scale of input variables significantly influences predictive accuracy, most DSM research
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studies are still performed at a single spatial scale [38]. Therefore, we recommend selecting
the optimal modeling resolution for input variables by constructing multiscale predictive
models. This may be beneficial for predicting some target soil properties.

Modeling techniques also significantly influenced the predictive accuracy in the cur-
rent study. RF, SVM, and GBDT are the primary methods for solving learning problems
with heterogeneous characteristics, noisy data, and complex dependencies during the
past decades. In DSM, they are always favored and their predictive performances are
often compared. However, the performance ranking of these algorithms changes with
soil properties, study area, and datasets. CatBoost is a novel gradient-boosting technol-
ogy [61]. This ML approach makes improvements in parallelism based on the traditional
GBDT algorithm, greatly reducing layout time and being easier to implement. Moreover, it
shows better accuracy and lower computational costs than SVM and other tree ensemble
classifiers (e.g., RF, GBDT, XGBoost) in crop evapotranspiration estimation [41,62], electric
theft detection [63] and atmospheric PM2.5 forecasting [64]. However, it is rarely applied
in soil properties mapping. Our study showed that CatBoost offered higher precision than
RF, SVM, and GBDT in the identification of soil textural class in most cases. Nevertheless,
none has been found to consistently outperform others in the current study. Therefore, it
is necessary to calibrate and evaluate competitive modeling techniques based on specific
experimental datasets at different modeling resolutions [5]. The super learner, integrating
the strengths of the four learners above, presented the best and most robust performance in
any case. Similarly, recent studies [65–67] evaluated the efficacy of this ensemble model
in DSM. Taghizadeh-Mehrjardi et al. [13] applied the super learner approach that com-
bined 12 ML models to predict various soil properties in Iran. They pointed out the super
learner had higher accuracy than the individual base learners. Tan et al. [66] assessed the
distribution trend of soil heavy metal (pb) in mining areas based on this stacking strategy.
They presented a considerable outcome obtained by the ensemble learning method with
the highest R2 (0.71) and lowest RMSE (4.03 mg/kg). However, Somarathna et al. [67]
reported that combing the ML algorithms could not give significant improvement (~2%)
in soil property prediction, although it may be superior to the individual base models.
They stressed that ensemble models could only offer benefits when integrating diverse
ML algorithms, covariates, or datasets. That is, the reasonable results generated by the
stacking strategy depend on the diversity in individual models. The most improvement
could be obtained in super learner only when the predictive value from base learners are
less correlated [68]. However, selecting a combination of dissimilar models is not always an
easy practice because of the expensive computational cost. Therefore, the choice of model
techniques needs comprehensive consideration.

4.3. The Interpretability of the Super Learner

Although the usability of the super learner has been confirmed in some studies, its in-
terpretability has rarely been explored. Unlike tree models with inherent feature importance
rankings, the super learner based on the stacking concept cannot explicitly quantify the
contribution of individual predictors. A novel technique (SHAP) was introduced to explain
the super learner. This approach evaluated the local contribution of individual variables as
well as global importance (Figure 8). Moreover, it also thoroughly displayed the decision
progress of the super learner (Figure 10). The red-edge parameter MCARI_Aug was the key
variable in separating loamy and sandy soils (Figure 10a,b). As the value of MCARI_Aug
increased (the dot color transition from blue to red), the probability of being predicted as
sandy texture increased (SHAP values change from negative to positive, Figure 10a), and
the probability of being loamy texture decreased (Figure 10b). The result was consistent
with our prior knowledge. Specifically, the agricultural land over the study area is shaded
by sweet potato leaves in August, and sweet potato as a tuber crop is sensitive to soil texture
classes [69]. Huang [70] reported that sandy soils are suitable for tuber crops because they
are loose and porous with good aeration and significant differences in temperature between
day and night. MCARI has a clear response to plant chlorophyll content [71], indicating
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the development status and growth vitality of vegetation [72]. Therefore, sandy soils had
higher values of MCARI_Aug than loamy soils, indicating that sandy soils were better for
sweet potatoes than loamy soils. The magnitude, prevalence, and direction of other variable
effects on sandy, loamy, and clayey textures were also deduced according to visualization
of the SHAP method. The method improves the trustworthiness of the complex model,
providing promising support for ML-assisted tasks in DSM.
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soils (each dot represents a soil instance from test data. The gradient color of the dots reflects the
variable’s value changing from low (blue) to high (red). The input variables are placed along the
y-axis based on their importance, and the most influential variables are kept at the top. The SHAP
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4.4. Deficiencies and Prospects

The current study quantified the effects of sensors, modeling resolutions, and modeling
techniques on soil texture classification. Although the soil texture classification map
successfully explained the variation of soil texture class in this area, there were several
limitations. Firstly, this study was performed on the small spatial scale (small basin), which
limited the investigation of the feasibility of coarser modeling resolutions and satellites
products without fine spatial resolutions in DSM. For relevant research studies on soil
property prediction in larger areas, more diverse sensors and modeling resolutions should
be considered. In particular, the European Space Agency (ESA) recently launched Sentinel-3
satellites. They have 21 spectral bands (400–1020 nm), 300 m spatial resolution, and a short
revisit time of fewer than 2 days. Moreover, they performed relatively well as a single data
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source for SOC mapping at the national scale [73]. Therefore, it is necessary to explore the
effectiveness of more satellite products and modeling resolutions for DSM in larger regions,
which will provide comprehensive insights for effective modeling of soil properties on
various scales using different satellite products.

In addition, this study focused on exploring the possibility of multitemporal optical
images in DSM by using retrieved vegetation attributes as proxies of soil properties, while
synthetic aperture radar (SAR) data and some traditional environment auxiliary data
(e.g., DEM, geological map) were not used. Different from optical images, SAR data have
the advantages of all-weather, day, and night imaging, and their backscattering coefficient
can provide information beyond the vegetative cover and the soil surface [74]; traditional
environment auxiliary variables are closely related to soil formation and development,
having important influences on soil properties modeling. Although their individual abilities
to predict soil properties were not as prominent as those of optical images [4,75–77], some
studies indicated that the combination of these data and optical images produced the most
accurate prediction of soil properties in complex landscapes [75]. Future research is needed
to examine the added benefit of incorporating multisource data into soil prediction models
using various modeling resolutions at large scales.

5. Conclusions

This work investigated the feasibility of multitemporal remote sensing data from
different satellites in mapping soil texture class using retrieved vegetation properties as
proxies of soil properties. The influences of sensors, modeling resolutions, and modeling
techniques on soil texture classification were further explored. The SHAP technique was
introduced to interpret the model outputs. Our conclusions can be summarized as follows:

(1) It is feasible to identify soil textural class purely using multi-temporal remote
sensing data under vegetation cover, which provided acceptable performance with OA
between 0.7677 and 0.8451, kappa between 0.6505 and 0.7673, precision between 0.76 and
0.8394, recall between 0.7610 and 0.8410, and an F1-score between 0.7605 and 0.8398.

(2) The choice of sensors, modeling resolutions, and modeling techniques significantly
affected the outputs. Sentinel-2 has more of an advantage than Landsat-8, in particular, its
red-edge parameters, which bring more valuable information for identifying soil texture
class. Better classification accuracies were usually obtained at fine and medium modeling
resolutions than at coarse resolutions. The super learner presented higher precision consis-
tently when compared with base models, and this strategy may be promising for mapping
soil properties.

(3) SHAP is a powerful tool for interpreting ML algorithms with black box properties.
It gives visual representations of the decision processes of ML models, improving the
trustworthiness of these models.
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