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Highlights

What are the main findings?

e  We reveal how different image compositing elements—data type, time window, and
compositing modes—affect the prediction accuracy of soil texture at the field scale,
and demonstrate the applicability of a local partitioning regression strategy.

e  This study innovatively constructs a comprehensive strategy of “moisture spectral
indices + specific compositing time window + specific compositing mode + soil type
partitioning” for high-precision predicting soil texture at the field scale.

What are the implications of the main findings?

e In the field of smart agriculture, soil property data at the field scale drive precision
decision-making for agricultural inputs such as seeds and fertilizers. Currently, most
soil texture prediction studies are conducted at large scales, which often fail to charac-
terize field-scale conditions effectively. This comprehensive strategy delivers robust
and reliable accuracy, shows great potential for small-scale predictions, and provides
a new paradigm for field-scale mapping.

e  Soil texture exhibits significant spatial variability at the field scale, and traditional re-
mote sensing monitoring methods are limited by data intermittency, which constrains
small-scale prediction research. This problem has been effectively solved through the
integration of synthetic imagery and a partitioning strategy.

Abstract

In the field of smart agriculture, soil property data at the field scale drives the precision
decision-making of agricultural inputs such as seeds and chemical fertilizers. However,
soil texture has significant spatial variability at the field scale, and traditional remote
sensing monitoring methods have certain data intermittency, which limits small-scale
prediction research. In this study, based on the Google Earth Engine platform, soil synthetic
images were generated according to different time intervals using mean compositing
and median compositing modes, image bands were extracted, and spectral indices were
introduced; combined with the random forest algorithm, the effects of different compositing
time windows, compositing modes, and compositing data types on prediction accuracy
were evaluated; and three partitioning strategies based on crop growth, soil synthetic
image brightness, and soil type were adopted to conduct local partitioning regression
of soil texture. The results show that: (1) The use of mean compositing of multi-year
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May images from 2021 to 2024 can improve prediction accuracy. When this method is
combined with the “band reflectance + spectral indices” dataset, compared with other
compositing methods, the R? of clay particles, silt particles, and sand particles can be
increased by 8.89%, 9.50%, and 2.48% on average. (2) Compared with using only image
band data, the introduction of spectral indices can significantly improve the prediction
accuracy of soil texture at the field scale, and the R? of clay particles, silt particles, and
sand particles is increased by 4.58%, 3.43%, and 4.59% on average, respectively. (3) Global
regression is superior to local partitioning regression; however, the local partitioning
regression strategy based on soil type has good accuracy performance. Under the optimal
compositing method, the average R? of soil particles of each size fraction is only 1.08%
lower than that of global regression, which has great application potential. This study
innovatively constructs a comprehensive strategy of “moisture spectral indices + specific
compositing time window + specific compositing mode + soil type partitioning”, providing
a new paradigm for soil texture prediction at the field scale in Northeastern China, and
lays the foundation for data-driven water and fertilizer decision-making.

Keywords: soil texture; synthetic imagery; partition strategy; field scale

1. Introduction

In the precision management system of smart agriculture, field-scale soil property
data is the core foundation for realizing efficient resource utilization and production
optimization [1-3]. As a key indicator of soil physical properties, soil texture characterizes
the water and fertilizer retention capacity of soil, and directly affects the crop growth
environment and water and fertilizer requirements [4,5]. As the basic unit of agricultural
production, the internal texture heterogeneity of a field is often ignored by large-scale data,
which leads to extensive agricultural production and management measures [6]. Studies
have confirmed that accurately obtaining the distribution information of sand, silt and clay
particles at the field scale is a key prerequisite for improving the management efficiency
of smart agriculture, which can support intelligent decisions such as variable fertilization
and precision irrigation, and reduce the risk of resource waste and environmental stress [7].
Traditional collection methods of soil texture are mainly based on manual sampling and
fixed-point observation, which have the shortcomings of being time-consuming, labor-
intensive and having insufficient spatial representativeness [8]. Moreover, they easily
ignore the soil texture heterogeneity caused by human factors and differences in soil
parent material, making it difficult to accurately characterize the spatial differentiation
characteristics [9]. The collection method integrating spatial information technology is
becoming a key direction to break through this limitation. Scholars have formed the
theoretical basis of spatial mapping in this field: sand, silt and clay particles have spectral
responses in the visible (400-700 nm), near-infrared (700-2500 nm) and shortwave infrared
bands [10,11]; for example, sand particles will increase the reflectance, and clay particles
will form absorption valleys [12], and this response is highly matched with the bands
of mainstream satellite sensors such as Sentinel-2, Landsat 8, and ZY1E/F [13], which
provides a basis for the application of remote sensing technology in soil texture prediction.

With the development of technologies such as deep learning and machine learning,
better algorithm options are provided [14], which gives remote sensing images great ad-
vantages in soil texture prediction. However, the complexity of the soil system amplifies
the micro-spatial heterogeneity at the field scale [15]. Soil moisture fluctuations caused
by meteorological activities further interfere with spectral signals; meanwhile, the inter-
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mittency of remote sensing data leads to the coverage of crop canopy and residues on
the soil surface, reducing the ability to obtain soil information; in addition, the mismatch
between data acquisition and precipitation time causes spatio-temporal heterogeneity of
spectral characteristics, increasing the difficulty of soil texture prediction. In response to
this situation, scholars have carried out extensive research on synthetic images for soil
property mapping based on satellite data in recent years: in terms of spatial resolution,
Major et al. (2025) proposed a super-resolution synthesis method to improve the spatial
resolution of Sentinel-2 images to 2.5 m while maintaining spectral accuracy, and it showed
good spectral verification results in agricultural applications [16]. In terms of spectral
resolution, Yuan et al. (2022) proposed a multi-resolution collaborative fusion method,
which reduced spectral loss when integrating SAR, multispectral and hyperspectral images
to improve the mapping accuracy in areas with complex surface features [17]. In terms
of temporal resolution, Maynard et al. (2017) utilized the advantage of multi-temporal
data in effectively weakening the interference of soil moisture and vegetation coverage,
and used 28-year Landsat time-series data combined with Support Vector Machine to map
the soil texture distribution in semi-arid areas, which significantly improved the accuracy
compared with single-temporal data [18]. This series of studies shows the potential of
remote sensing synthetic images in soil mapping research, which can provide finer spectral
resolution and spatio-temporal resolution to characterize ground object information [19],
and can overcome the influence of clouds, shadows and different agricultural manage-
ment methods that single-phase images are prone to cause [20]. However, in the field of
soil texture prediction, there is a lack of systematic prediction research similar to that on
soil organic matter and other soil property indicators [21]. At present, in the research on
field-scale soil texture prediction, there is still a lack of good strategies to deal with the
complex spatial heterogeneity of cultivated land and the intermittency of remote sensing
data, which highlights the importance of images from different synthesis methods for soil
texture prediction.

The spatial heterogeneity of soil texture is affected by soil parent material, climate
and human activities [22,23], which reduces the correlation stability between spectrum and
texture, and this may cause the global regression model to be easily disturbed by local
factors in mapping [24,25]. In response to this situation, Wang et al. (2025) determined the
environmental variables affecting organic matter prediction in different soil type regions
through principal component analysis, and established prediction models by region to
improve the prediction accuracy [26]. This provides a new idea for fine mapping of soil
texture at the field scale. On the other hand, the current soil texture mapping scale mainly
focuses on large scales [27]. Field-scale soil texture information is faced with the situation
of high-precision demand but complex and changeable characteristics that are difficult to
accurately characterize [28]. If the advantages of synthetic images in capturing ground
object information and the advantages of local partition regression strategy in dealing with
regional complexity can be effectively integrated, it is expected to improve the accuracy of
field-scale soil texture mapping.

To solve the above problemes, this study first used Sentinel-2 remote sensing images
to synthesize soil images according to three time intervals (April, May, and April-May)
using two compositing modes of median and mean, and carried out soil texture prediction
through the Random Forest algorithm, mainly to reveal the influence of soil image synthesis
methods on the prediction process and the influence of time windows on the prediction
accuracy. On the other hand, this study explored the improvement effect of spectral indices
on prediction accuracy in the environment of complex spatial heterogeneity. Finally, based
on image brightness, crop growth and soil type partitioning, the application potential of
the local partition regression model in field-scale soil texture prediction was attempted.
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This study reveals the influence mechanism of different image synthesis elements (data
type, time window, compositing mode) on the prediction accuracy of field-scale soil texture,
verifies the applicability of the local partition regression strategy, and finally constructs a
high-precision field-scale soil texture prediction method.

2. Materials and Methods
2.1. Study Area

The study area is located at Friendship Farm (46°09’-46°28'N, 131°27’-132°15'E) in
Shuangyashan City, Heilongjiang Province, and is an important commodity grain produc-
tion base in China. The entire area comprises about 126,700 hectares of cultivated land
and adopts a one-crop-per-year planting pattern, with rice, corn, and soybean as the main
crops. The period from early April to late May each year is designated as the “Bare Land
Period,” characterized by the absence of both crop and snow cover [29]. This area was
listed as one of China’s first National Agricultural Modernization Demonstration Zones in
2021 and has played a significant exemplary role in the development of smart agriculture.
The area lies within the hinterland of the Sanjiang Plain, formed by the confluence of the
Heilong, Songhua, and Wusuli Rivers. It is bordered by the Zhangguangcai and Wanda
Mountains to the southwest, features flat terraces in the central part, and connects to the
Qixing River Wetland in the southeast. The altitude ranges from approximately 59 m
to 300 m, gradually decreasing from southwest to northeast. The region experiences a
temperate continental monsoon climate with distinct seasonal variations, and the annual
accumulated temperature is approximately 2500 °C. The complex and diverse natural
conditions give rise to rich soil types, primarily meadow soil, mollisols, and bog soil,
with smaller distributions of luvisols and dark brown forest soil. These soils are highly
representative of Northeast China.

The four experimental fields (Figure 1) in the study area are all located in dryland
agricultural areas. Agricultural production practices follow unified standards, and crop
growth periods are consistent across the fields. The fields are distributed across different
altitudes, and through the collection of undisturbed 1 m soil profiles, they were found to
exhibit distinct soil type characteristics, providing high representativeness for this area.
Area 1 (Al) is a luvisol plot, covering approximately 80.3 hectares. Area 2 (A2) is a mollisols
plot, covering about 43.6 hectares. Area 3 (A3) is a meadow soil plot, with an area of
roughly 80.5 hectares. Area 4 (A4) is a bog soil plot, covering approximately 51.8 hectares.
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Figure 1. Overview of the study area Figure. (a) Location map of the experimental field; (b) Sampling
points distribution map; (c) Soil profile samples from the entire section of the experimental field.
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2.2. Collection and Pretreatment of the Soil Sample Data

In this study, surface soil (0—20 cm) samples were collected on a regular grid at 100 m
intervals across four study areas, yielding a total of 264 samples (Figure 1). Each sample
was obtained using a five-point composite sampling method. A portable GPS unit was used
to record the location of each sampling point. Soil particle size was measured using a laser
particle size analyzer [30], and soil texture was determined according to the International
Soil Texture Classification system.

2.3. Image Selection and Preprocessing

In this study, Sentinel-2 MSI Level-2A data (Table 1) were obtained through the
Google Earth Engine (GEE) platform. All Sentinel-2 high-resolution images covering the
study area during the spring bare soil period (April and May) from 2021 to 2024 were
selected. Atmospheric correction was performed using the Sen2Cor algorithm [31], and
cloud masking was applied using the “QA60” band [32]. The proportion of cloud-free
pixels was >95%, resulting in a cloud-free Sentinel-2 high-resolution image collection
covering the study area during the bare soil period from 2021 to 2024. Synthetic images
with different modes were generated based on the median and mean values of pixels in
multi-temporal images. The composite time intervals included April across multiple years
(2021-2024), May across multiple years, and April to May across multiple years. After
determining the optimal synthetic image, the dataset was synthesized according to different
partitioning strategies listed in Table 2.

Table 1. Based on Sentinel-2 images synthetic images.

Band Type Wavelength (nm) Synthetic Image Band Numbering
Blue 458-523 Band1
Green 543-578 Band2
Red 650-680 Band3
Red Edgel 698-713 Band4
Red Edge2 733-748 Band5
Red Edge3 773-793 Bandé6
NIR 785-900 Band?
Red Edge4 855-875 Band8
SWIR1 1566-1655 Band9
SWIR2 2100-2280 Band10

Table 2. Datasets based on different partitioning strategies.

Composite Mode Months Partitioning Strategies Regression Methods Label
Mean May Non-partitioned Global regression Mean_May_GR
Mean May NDVI Local partition regression Mean_May_NPLR
Mean May Brightness Local partition regression Mean_May_BPLR
Mean May Soil type Local partition regression Mean_May_STLR
Median April Non-partitioned Global regression Median_April_GR
Median April NDVI Local partition regression Median_April_NPLR
Median April Brightness Local partition regression Median_April_BPLR
Median April Soil type Local partition regression Median_April_STLR

2.4. Construction of the Spectral Indices

Existing studies have shown that soil texture is a core property affecting soil water dis-
tribution and movement. In this study, well-established water-related spectral indices [33]
were selected, including the Normalized Difference Moisture Index (NDMI), which ex-
hibits high sensitivity to surface soil moisture and can effectively support soil texture
mapping [28]; the Normalized Difference Snow Index (NDSI), which utilizes surface re-
flectance characteristics during the bare soil period—Yue et al. (2019) found that NDSI
can effectively distinguish the spectral response differences between sandy and clayey
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soils; and the Normalized Difference Water Index (NDWI), which correlates indirectly
with soil porosity and particle composition through its sensitivity to surface moisture [34].
Huang et al. (2025) demonstrated that NDWI correlates well with silt content, playing a
key role in texture prediction [35]. Furthermore, Mgohele et al. (2024) proved that the
synergistic application of multiple indices can better overcome the limitations of a single
index across different land use types [36]. For this study, Sentinel-2 high-resolution imagery
was used to create synthetic imagery of the study area during the spring bare soil period
(April to May) from 2021 to 2024, and the corresponding spectral indices were calculated.
The formulas for NDMI, NDSI, and NDWI are as follows: (1) Pyir refers to Band 7 in the
above synthetic image, Pswir refers to Band 9; (2) PGreen refers to Band 2, Psyr refers to
Band 9; (3) Pgreen refers to Band 2, Pyjr refers to Band 7.

NDMI — PniR — Pswir )
Pnir + Pswir

PGreen — PSWIR
NDSI = —~————— 2
PGreen + PSWIR ( )

PGreen _PNIR
NDWI = ———— 3
PGreen +PNIR ( )

2.5. Partitioning Algorithms
2.5.1. NDVI Partitioning

Sandy soil warms more rapidly in spring, leading to earlier crop emergence and
resulting in higher NDVI values at the seedling stage (June) [37]. Furthermore, NDVI
values in this period do not exhibit oversaturation, allowing for effective observation of
crop differences induced by soil properties [38]. Based on this imaging rationale, this
study generated mean synthetic images for the June 1st to 25th seedling stage from 2021 to
2024. Using the mean seedling-stage NDVI of crops across the study area as the basis for
partitioning, we applied the “Cascaded Simple K-means” algorithm available in Google
Earth Engine (GEE). This algorithm evaluates K-means clustering results quantitatively
based on the Calinski-Harabasz Index [39], which determined the optimal number of zones
to be three. The variability within the sub-areas is less than that between the sub-areas.
And the sample points within each zone are reasonably distributed (Table 3).

2.5.2. Image Brightness Partitioning

The Image Brightness Index correlates with soil texture by capturing the reflectance
differences in soil particles. Sandy soils, with high reflectivity, correspond to high index val-
ues, whereas clayey soils correspond to low values [40]. This index effectively characterizes
the spatial distribution of soil texture and reduces prediction errors. Using the mean value
brightness of image from April to May from 2021 to 2024 [41] as the basis for partitioning,
we applied the “Cascaded Simple K-means” algorithm available in Google Earth Engine
(GEE). This algorithm evaluates K-means clustering results quantitatively based on the
Calinski-Harabasz Index [39], which determined the optimal number of zones to be three.
The variability within the sub-areas is less than that between the sub-areas. And the sample
points within each zone are reasonably distributed (Table 3).

2.5.3. Soil Type Partitioning

There are significant differences in soil texture among different soil types [42]. Based
on field profile surveys, this study divides the study area into four soil types (Luvisols,
Mollisols, Meadow Soil, and Bog Soil), with a reasonable distribution of sample points
within each region (Table 3), and completes local regression analysis.
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Table 3. Sampling points statistics based on partitioning strategies.

Partitioning Strategies Set Particles N Max (%)  Min (%) N([*;a)“ SD (%) CV (%)

Clay 55 12.52 4.54 9.35 1.90 20.27
Clusterl Silt 55 62.90 22.82 51.93 8.97 17.27
Sand 55 72.63 25.25 38.72 10.52 27.17

Clay 88 13.72 2.86 10.10 2.33 23.08

NDVI Cluster2 Silt 88 59.28 19.99 50.14 7.69 15.35

Sand 88 76.40 27.93 39.76 9.68 24.34
Clay 121 15.84 2.02 10.96 2.71 24.77

Cluster3 Silt 121 59.35 14.68 49.32 10.14 20.56

Sand 121 83.30 24.95 39.72 12.75 32.10

Clay 107 15.84 4.55 11.62 1.96 16.88

Clusterl Silt 107 62.90 44.12 56.00 2.78 4.96

Sand 107 51.33 24.95 32.39 3.80 11.72

Multi-year May images are Clay 97 13.30 3.87 10.52 1.72 16.35
synthesized using the mean Cluster2 Silt 97 61.05 20.66 49.16 6.99 14.21
value of image brightness Sand 97 75.47 29.28 40.32 8.50 21.10
Clay 60 10.91 2.02 7.59 2.52 33.14

Cluster3 Silt 60 55.68 14.68 40.33 11.45 28.38

Sand 60 83.30 34.63 52.08 13.86 26.62

Clay 115 15.84 4.55 11.64 1.97 16.94

Clusterl Silt 115 62.90 22.89 55.52 4.07 7.33

Sand 115 71.72 24.95 32.84 5.17 15.73

Multi-year May images are Clay 96 13.17 2.02 10.10 2.05 20.31
synthesized using the median Cluster2 Silt 96 61.05 61.05 47.79 8.61 18.01
value of image brightness Sand 96 83.30 29.28 42.11 10.47 24.87
Clay 53 10.97 2.57 7.72 2.39 30.91

Cluster3 Silt 53 59.70 16.16 41.60 10.79 25.94

Sand 53 81.27 29.33 50.68 13.08 25.81

Clay 57 15.84 10.28 12.96 0.97 7.50

Mollisols Silt 57 59.35 45.58 55.54 2.16 3.89

Sand 57 4414 24.95 31.50 2.98 9.46

Clay 77 13.53 2.02 8.88 2.27 25.59

Luvisols Silt 77 56.07 14.68 45.21 8.97 19.83

. Sand 77 83.30 32.44 4591 11.12 24.21

Soil Type

Clay 77 13.30 2.57 10.27 2.54 24.72

Meadow Soil Silt 77 57.68 16.16 47.02 10.50 22.33

Sand 77 81.27 29.77 42.71 12.96 30.34

Clay 53 12.88 4.55 9.79 1.51 15.47

Bog Soil Silt 53 62.90 44.12 56.44 3.59 6.37

Sand 53 51.33 24.69 33.77 477 14.14

Clay 264 15.84 2.02 10.31 2.43 23.60

Whole dataset Silt 264 62.90 14.68 50.68 8.97 17.69

Sand 264 83.30 24.69 39.01 10.99 28.16

2.6. Regression Strategies

Soil texture regression was performed using Python 3.7 combined with the random
forest algorithm. This is a nonlinear ensemble tree-based model, which performs regression
of input variables against soil texture through decision rules and then determines the results
of the ensemble estimator through voting, thus effectively handling high-dimensional
input variables [43]. In this study, the out-of-bag prediction error was minimized through
parameters such as the number of trees (Ntree), the number of sampling variables (Mtry),
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and the minimum number of terminal nodes (Nodesize), thereby improving the accuracy
of the model.

Regarding the parameter settings of the regression model, this study employed the
Optuna hyperparameter optimization framework to optimize the performance of the random
forest model. Optuna helps automatically fine-tune the hyperparameters of machine learning
models to improve model performance. Researchers can easily define the hyperparameter
search space and explore it through efficient algorithms to determine the optimal parameter
combination [44]. Optuna can not only automatically adjust the hyperparameters of the model
but also effectively balance model complexity and generalization ability, thereby improving
prediction accuracy and efficiency and achieving better mapping results [45].

2.7. Accuracy Verification

To evaluate the accuracy of different datasets in model construction, this study em-
ployed proportionate stratified sampling across different regions based on various partition-
ing strategies. After reserving 20% of the data as validation data, the 10-fold cross-validation
method was used to evaluate the accuracy of the datasets. In this method, the datasets
are divided into 10 parts, 9 of which are used as training datasets and 1 as a validation
dataset. The model evaluation is performed through 10 iterations, and the final accuracy
is the mean of the prediction accuracies from these 10 iterations [46]. Meanwhile, this
study adopted two indicators to evaluate model performance: Root Mean Squared Error
(RMSE) and the Coefficient of Determination (R?). Generally, a good prediction result
corresponds to a higher R? value and a lower RMSE value. These indices are established in
the following equation, where n denotes the sample size, y; denotes the observed value at
the i-th sampling point, §; denotes the predicted value at the i-th sampling point.

R2: 1— ?:l (yl — 9i)2 (4)
_\2
i1 (vi — )
1& 2
RMSE = |-} (i — i) ®)
i=1

2.8. Flow Chart
The flowchart of this study is shown in Figure 2.
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Figure 2. Flow chart of this study.

https:/ /doi.org/10.3390/rs18020279


https://doi.org/10.3390/rs18020279

Remote Sens. 2026, 18,279

9 of 23

3. Results
3.1. Spectral Characteristics of Regions with Different Soil Texture Compositions

The data sets of “band + index” were constructed from multi-year May mean synthetic
images and multi-year April median synthetic images, respectively; three partitioning
strategies were applied to the synthetic images: based on multi-year June NDVI values
(divided into three categories), multi-year average soil brightness index (divided into three
categories), and soil types (divided into four categories). The spectral reflectance curves of
the synthetic images were extracted according to these three strategies (Figure 3). The trend
of spectral curves under different partitioning strategies remained consistent with the non-
partitioned case, showing a distinct upward trend from Band 1 (approximately 458-523 nm)
to Band 9 (approximately 1566-1655 nm), and a rapid downward trend from Band 9 to Band
10 (approximately 2100-2280 nm). However, the average spectral values of each cluster
differed significantly across partitioning strategies. Compared with soil type partitioning
and NDVI partitioning, the differences among the average spectral curves extracted through
brightness partitioning were more pronounced, primarily due to the marked variations in
silt and sand particles across regions under this strategy. The average spectral curves of Bog
Soil and Mollisols clusters obtained by soil type partitioning were relatively similar, while
those of Luvisols and Meadow Soil were similar only within the 860 nm to 2200 nm range;
nevertheless, the overall reflectance of the former two was lower than that of the latter two,
largely due to their lower sand particle content (Table 3) and similar average composition [11].
Overall, across different partitioning strategies, the differences in average spectral values
among clusters were greater in the Mean May data set than in the Median April data set.

3.2. Mapping Accuracy of Soil Texture Using Global Regression with Different Synthetic Images

In this study, spectral reflectance and spectral indices extracted from images under
two composite modes across different time windows were used to form respective datasets
for soil texture prediction. It can be seen from Table 4 that the prediction accuracy for
sand and clay is significantly better than that for silt, and the results for all particle sizes
show that the “band + index” dataset is superior to the band-only dataset. The predic-
tion accuracies of the mean and median composite modes vary greatly across different
time periods. Relatively high prediction accuracy was yielded by median synthesis using
multi-year April data: (Clay: R? = 0.7182, RMSE = 1.3852; Silt: R? = 0.7139, RMSE = 4.6035;
Sand: R? = 0.7235, RMSE = 5.2609); For the mean composite mode, the highest soil tex-
ture prediction accuracy is achieved by using multi-year May data (Clay: R? = 0.7462,
RMSE = 1.3364; Silt: R? = 0.7020, RMSE = 4.6989; Sand: R? = 0.7186, RMSE = 5.3073). Over-
all, the mean composite mode demonstrated higher prediction accuracy.

Table 4. Comparison of the prediction accuracy of particle content by different compositing methods.

. Clay Silt Sand
Dataset Composite Mode Month(s)
R? RMSE (%) R? RMSE (%) R? RMSE (%)

April 0.6707 1.4973 0.5842 5.5503 0.6356 6.0391
Mean May 0.7268 1.3637 0.6720 4.9296 0.6868 5.5990
April and May 0.6401 1.5653 0.6631 4.9960 0.6511 5.9094

Band
April 0.6832 1.4687 0.6971 4.7368 0.6968 5.5094
Median May 0.6208 1.6068 0.5815 5.5681 0.6869 5.5978
April and May 0.6482 1.5477 0.5800 5.5783 0.6819 5.6422
April 0.6882 1.4570 0.5846 5.5472 0.7164 5.3283
Mean May 0.7462 1.3364 0.7020 4.6989 0.7186 5.3073
Bar}dd April and May 0.6664 1.5071 0.6850 4.8305 0.6609 5.8259

an

Spectral Index April 0.7182 1.3852 0.7139 4.6035 0.7235 5.2609
Median May 0.6673 1.5052 0.6172 5.3256 0.7105 5.3834
April and May 0.6862 14616 0.6045 5.4128 0.6946 5.5289
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Figure 3. The variation curves of the average soil texture values in different regions under different
Partitioning strategies with spectral bands. (a) Multi-year May images are synthesized using the
mean value; (b) Multi-year April images are synthesized using the median value; (c) Multi-year May
images are synthesized using the mean value of NDVI partitions; (d) Multi-year April images are
synthesized using the median value of NDVI partitions; (e) Multi-year May images are synthesized
using the mean value of brightness partitions; (f) Multi-year April images are synthesized using the
median value of brightness partitions; (g) Multi-year May images are synthesized using the mean
value of soil type partitions; (h) Multi-year April images are synthesized using the median value of
soil type partitions.

3.3. Soil Texture Mapping Accuracy with Different Partition Strategies

Table 5 and Figures 4-6 show the prediction accuracy of different particle size fractions.
As shown in the figures: compared with the multi-year May mean synthetic image, the
median April synthetic image delivers more stable accuracy for brightness partitioning
(with an average R? increase of 20.49%) and for NDVI partitioning (with an average R?
increase of 7.6%), whereas the opposite trend is observed for soil type partitioning. For the
multi-year May mean synthetic image, the prediction accuracy of regression based on local
soil type partitioning is the highest (Clay: R? = 0.7206, RMSE = 1.1848; Silt: R? = 0.7079,
RMSE = 4.3250; Sand: R? = 0.7151, RMSE = 5.3670;), which is relatively close to the accuracy
of global regression but still significantly better than that of regression based on brightness
partitioning and NDVI partitioning (the average R? of different particle size fractions is
increased by 24.3% and 19.9%, respectively). For the median April synthetic image, the
R? of regression based on local brightness partitioning is the highest (Clay: R? = 0.6997,
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RMSE = 1.8158; Silt: R? = 0.6746, RMSE = 7.1439; Sand: R? = 0.7036, RMSE = 8.6460),
which is only slightly lower than the accuracy of global regression while being significantly
better than that of regression based on soil type partitioning and local NDVI partitioning
(the average R? of different particle size fractions is increased by 4.8% and 8.0%, respec-
tively); however, in terms of the RMSE index, the soil partitioning strategy performs better
(Clay: R? = 0.6924, RMSE = 1.2918; Silt: R? = 0.6241, RMSE = 4.8007; Sand: R? = 0.6666,
RMSE = 5.8824). By comparing the regression accuracy of each soil particle fraction, it can
be found that when the brightness and NDVI partitioning regression strategies are adopted,
the regression accuracy of silt is generally better than that of clay and sand, whereas the
opposite is true for the soil type partitioning strategy.

Table 5. Comparison of prediction accuracy of particulate matter content under different partitioning

strategies.
Clay Silt Sand
Set
¢ R? RMSE (%) R? RMSE (%) R? RMSE (%)
Mean_May_GR 0.7462 1.3364 0.7020 4.6989 0.7186 5.3073
Mean_May_NPLR 0.5656 1.9006 0.6256 7.7980 0.5965 8.7996
Mean_May_BPLR 0.5463 1.9265 0.5994 6.3129 0.5788 8.1512
Mean_May_STLR 0.7206 1.1848 0.7079 4.3250 0.7151 5.3670
Median_April GR 0.7182 1.3852 0.7139 4.6035 0.7235 5.2609
Median_April NPLR 0.6354 1.9172 0.6409 7.1664 0.6472 8.8503
Median_April BPLR 0.6997 1.8158 0.6746 7.1439 0.7036 8.6460
Median_April STLR 0.6924 1.2918 0.6241 4.8007 0.6666 5.8824
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Figure 4. Comparison of the accuracy of global regression and local partition regression in pre-
dicting clay particles from different synthetic images. (a) Mean_May_GR; (b) Mean_May_NPLR;
(c) Mean_May_BPLR; (d) Mean_May_STLR; (e) Median_April GR; (f) Median_April NPLR;
(g) Median_April_BPLR; (h) Median_April_STLR. In the figure, the blue line is implemented as
a reference line, and the orange dashed line is the regression line.
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Figure 5. Comparison of the accuracy of global regression and local partition regression in pre-
dicting silt particles from different synthetic images. (a) Mean_May_GR; (b) Mean_May_NPLR;
(c) Mean _May_BPLR; (d) Mean_May_STLR; (e) Median_April_GR; (f) Median_April NPLR;
(g) Median_April_BPLR; (h) Median_April STLR. In the figure, the blue line is implemented as
a reference line, and the orange dashed line is the regression line.

3.4. Error Analysis of Soil Texture Mapping Using Different Strategies

Figure 7 shows the absolute errors in the global regression and local partition regres-
sion of soil texture using two types of data within the optimal time window. The distribution
trends of absolute errors are consistent between the two data types under different strategies.
The prediction error for clay gradually increases as its content decreases, with a significant
rise when the clay content is below 6%. In silt prediction, the error increases gradually with
decreasing content, showing a marked increase when the content falls below 45%. For sand,
the error increases gradually with higher content, rising notably when the content exceeds
40%. Overall, however, the absolute error of the Mean May composite data is smaller than
that of the Median April composite data. For both data types, global regression reduces the
absolute error when clay < 6%, silt < 45%, and sand > 40%. The local partition regression
strategy based on NDVI partitioning reduces the absolute error in the moderate ranges
of clay, silt, and sand (9% < Clay < 12%, 45% < Silt < 50%, 35% < Sand < 40%). The local
partition regression strategy based on brightness partitioning reduces the absolute error in
the moderate ranges of silt and sand (Silt > 50%, 30% < Sand < 35%). The local partition
regression strategy based on soil partitioning reduces the absolute error when clay > 6%,
silt < 55%, and sand > 35%.

3.5. Spatial Distribution of Soil Texture Mapping Using Different Strategies

In this study, soil texture mapping in the study area was performed using global
regression and local regression, with Sentinel-2 imagery and the optimal time windows
for mean and median compositing modes (Figures 8-10). Overall, clay and silt particle
contents are relatively high in mollisols and bog soil areas, whereas sand particle content
is relatively high in luvisols and bog soil areas. For clay particle prediction, the spatial
variation in Mean_May synthetic imagery is smoother than in Median_May synthetic
imagery; similarly, global regression produces smoother results than local partitioning
regression. For silt particles, Mean_May synthetic imagery again shows smoother variation
than Median_May. While global regression yields smoother results overall, local regression
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based on brightness partitioning performs better in luvisol and meadow soil areas compared
to other partitioning strategies. In mollisols and bog soil areas, local regression using soil
type partitioning produces smoother results than other zonal approaches. The predictions
for sand particles follow a similar pattern to those for silt particles.
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Figure 6. Comparison of the accuracy of global regression and local partition regression in pre-
dicting sand particles from different synthetic images. (a) Mean_May_GR; (b) Mean_May_NPLR;
(c) Mean _May_BPLR; (d) Mean_May_STLR; (e) Median_April GR; (f) Median_April NPLR;
(g) Median_April_BPLR; (h) Median_April_STLR. In the figure, the blue line is implemented as
a reference line, and the orange dashed line is the regression line.
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Figure 8. Comparison of clay mapping results of global and local partition regression models in the
optimal time Windows of different images.
GR NPLR BPLR STLR GR NPLR STLR
e )
©» TG X
- :
°
v
]
>
=
= Content (%) Content (%) Content (%) Content (%) Content (%) Content (%) Content (%) Content (%)
o High: 56. 30 o High: 56. 47 o High: 56. 16 o High: 54. 22 [ High: 57. 52 oy High: 58. 29 mmHligh:57. 28 mligh:51. 08
——Low: 29.97 —Low: 30.29 s Low: 27.85 —Low: 28.23 —“Low: 22.75 ——Low: 33.58 ——Low: 28.19 s Low: 38.37
v
-
°
2 3
= =
= . &
2 Content (¥ Content (% Content (%) Content (%) Content (% Content (%) Content (¥)
o High:57.19 o High:57.08 o High:56.60 o High:58.32 - 70 o High:57.45 mmHligh:57.33 o High: 56.91
iLow: 46.90 sLow: 4531 sLow: 50.15 s Low: 50.83 sLow: 45.90 sLow: 49.91 s Low: 40.57 sLow: 52.06
—_
-
1)
)
o
=t !
< o 2 ’ + v e e
o Content (%) Content (%) Content (%) Content (%) Content (%) Content (%) Content (%)
2 o High: 55.88 o High:56.67 o High: 53.80 m High: 56.68 o High: 55.99 mm High:56.63 mHigh: 54.38
“Low: 30.29 Low: 27.82 iLow: 36.96 Low: 22.13 sLow: 34.47 Low: 27.14
—
b=
)
)
o0
)
M Content (%) Content (%) Content (% Content (% Content (%) )
o High:58.95 mm High:56.75 mm High:59.31 gh:60. mm High:58.97 mm High:58.64 oy High:59.91
——“Low: 46.61 s Low: 48.06 —"Low: 40.27 : 40. Low: 42.20 —“Low: 37.46 sLow: 48.80

Mean May Mean May Mean May Mean May Median April Median April Median April Median April

Figure 9. Comparison of silt mapping results of global and local partition regression models in the
optimal time Windows of different images.
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Figure 10. Comparison of sand mapping results of global and local partition regression models in the
optimal time Windows of different images.

4. Discussion

In this study, the data types, temporal composition, and composition modes of syn-
thetic images were investigated at the field scale. The capability of different composite
elements to improve the prediction accuracy of soil texture was clarified, and the effective-
ness of localized partition-based prediction at the field scale was explored using the optimal
synthetic image. An integrated strategy of “Moisture Spectral Index + Specific Composite
Time Window + Specific Composite Mode + Soil Type Partitioning” was innovatively de-
veloped for inverting soil texture at the field scale in Northeast China or other geographical
areas with a distinct bare soil period in spring where crops are grown annually.

4.1. Influence of the Spectral Index on the Soil Texture Prediction Accuracy

This study evaluated the effects of different data types on the accuracy of image
synthesis for soil texture prediction. The introduction of spectral indices was found to
improve prediction accuracy compared to using band reflectance alone. This finding
confirms, at the field scale, that original spectral reflectance forms the foundation for
such predictions, as it contains fundamental information about the interaction between
soil particles and electromagnetic waves. For instance, features like the clay mineral
absorption peak near 2200 nm and the high near-infrared reflectance characteristic of sand
particles are directly captured by the original spectrum [47]. Simultaneously, the results
demonstrate at this scale that incorporating moisture-related spectral indices can indirectly
enhance the characterization of soil properties and improve the predictive performance
of synthetic images. This aligns with conclusions from studies at different scales: such
indices can both quantify and correct for moisture’s effect on spectra [48] and suppress its
interference [49,50]. Furthermore, the observed improvement in accuracy with spectral
indices suggests underlying issues of spectral redundancy and sensitivity to soil moisture
interference at the field scale. This presents a contrast to large-scale studies. In extensive
spatial analyses, uneven soil moisture distribution due to meteorological variation can
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significantly lower reflectance in bands like 1450 nm and 1900 nm in local areas [51], thereby
masking soil texture information. At the small, field scale, while soil differences lead to
varying field capacities, the prediction results for both contexts reveal the limited predictive
power of the original spectrum alone.

Summarizing related research helps explain the accuracy differences among data types:
the original spectrum prioritizes information integrity but does not discriminate between
signal and noise; “general” spectral indices emphasize feature enhancement and dimen-
sionality reduction; moisture-related indices specifically address moisture interference by
separating moisture and texture features, thereby resolving the problem of overlapping
spectral signals [52]. In conclusion, moisture-related spectral indices play a crucial role
in predicting soil texture at the field scale within the freeze—thaw and wet-dry transition
regions of Northeast China.

4.2. Selection of the Best Time Window for Soil Texture Prediction

It was found from Table 5 that the highest prediction accuracy was achieved by synthe-
sizing the mean values of multi-year May images. For this study, data from the meteorolog-
ical station (131°49'2"E, 46°45'26""N) in Youyi Farm were collected. This high accuracy is
mainly attributed to the fact that soil physical properties are affected by freeze-thaw action
in April [53], which influences soil spectral values. In May, with rising temperatures and
increased precipitation (Table 6), the freeze-thaw action weakens. Although precipitation
is consistent within the field, differences in field water-holding capacity across areas with
varying soil textures [5] make the fluctuation of spectral values more likely to highlight the
distribution characteristics of soil texture [54]. Furthermore, sowing activities are usually
carried out in this region in May, and soil disturbance also affects soil water content [55].
The above factors jointly lead to differences in the amount of water change in areas with
different soil textures, which further accentuates texture differences and enhances the
predictive advantage in May.

Table 6. Precipitation and temperature in April and May 2021-2024 in the study area.

Total Precipitation (mm) Monthly Average Temperature

Year O

April May April May
2021 15.7 76.4 6.8 14.9
2022 33.9 47.1 6.6 14.6
2023 31.0 38.0 6.2 15.7
2024 7.2 83.9 7.0 14.1

In recent studies, Zhang et al. (2025) compared single-temporal and dual-temporal
synthesized images in the same area [56]. They found that the latter improved prediction
accuracy, which was further enhanced by adjusting the time window of the dual phases.
This indicates that synthesized images acquire more bare soil information, thereby im-
proving the prediction accuracy of soil texture [57]. This conclusion supports the necessity
of exploring synthesized image prediction at the field scale in this study and proves that
changing the time window of synthesized images during the spring bare soil period affects
prediction accuracy at different scales.

However, in large-scale studies, the single-phase April image achieved higher predic-
tion accuracy compared with the May image data [58,59], which differs from the conclusion
of this study. Conducted only at the field scale, this study differs from large-scale in-
vestigations. During image synthesis at this scale, the impacts of regional differences
in surface straw, climatic conditions, and paddy field distribution on the spectrum are
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relatively small [60,61]. Additionally, Petsetidi et al. (2025) found that soil moisture is
the core limiting factor for soil texture prediction, and its fluctuation significantly affects
the reliability of the prediction method [62]. In the cultivated land of Northeast China,
the spatial heterogeneity of spring soil moisture is relatively large due to differences in
soil types or the influence of freeze-thaw action [63,64]. Therefore, selecting the time
window of synthesized images according to environmental characteristics is crucial for
predicting soil texture at the field scale, which is also a key issue explored in this study.
In summary, changes in human activities and meteorological conditions across different
periods affect soil water content, leading to variations in the prediction accuracy of soil
texture. This change can be utilized to enhance prediction accuracy by reasonably selecting
the time window.

4.3. Influence of the Image Synthesis Method on the Soil Texture Prediction Accuracy

This study found that both the mean compositing of multi-year May images and
the median compositing of multi-year April images can achieve high accuracy, but the
principles by which the two modes improve accuracy are different. Median compositing
selects the median value of image pixels from the same period over multiple years, which
can effectively eliminate interference from extreme values. Its advantage lies in the fact
that soil texture, as a stable attribute, exhibits small long-term fluctuations in spectral
signals; median compositing filters out interference from instantaneous moisture anomalies
caused by precipitation or drought by selecting the median, thereby retaining the core
spectral information related to soil texture [65]. Mean compositing reduces noise by
averaging spectral values over multiple years, but it is more sensitive to soil moisture,
and its prediction effect is influenced by moisture stability. In areas with stable moisture
conditions, mean compositing can smooth out moisture fluctuations; however, in areas
with strong spatiotemporal heterogeneity of moisture, the mean will blur the spectral
signals of moisture and texture, resulting in decreased prediction accuracy [66]. This is
because mean compositing cannot distinguish between outliers and valid signals, and it
incorporates the spectral characteristics of short-term high humidity or drought into the
average, masking the stable spectral responses related to texture. This study focuses on
soil texture prediction at the field scale, contrasting with the challenge of large spatial
heterogeneity in prediction areas faced in large-scale studies mentioned above. At the
field scale, using the April median compositing mode for prediction can better eliminate
the influence of extreme image values such as those from freeze—thaw cycles; whereas
using the May mean compositing mode for prediction can under conditions of relatively
abundant and consistent precipitation, leverage the advantages of spectral indices to
highlight the sensitivity of different soil texture areas to moisture, thereby achieving higher
prediction accuracy.

Regarding the differences in prediction accuracy for various soil particle sizes, when
using mean compositing of multi-year May images, the average R? for different particle
sizes is 0.7087; when using median compositing of multi-year April images, the average R?
is 0.7054. These values are similar, indicating that the overall prediction effects of different
compositing methods on various particle sizes are generally consistent. But significant
differences exist for each specific particle size; for example, the median compositing method
exhibits high accuracy in predicting sand grain content, which may be attributed to the
interference of extreme humidity conditions on the spectral signals of sand grains. On the
other hand, May is the optimal time window for the mean compositing mode, and April
is the optimal time window for the median compositing mode. Compared to other time
windows for the two compositing modes, after introducing spectral indices, both the mean
compositing of multi-year May images and the median compositing of multi-year April
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images significantly improved the prediction accuracy for silt particles (with R? increasing
by 2.73% and 4.14%, respectively). The results indicate that the compositing mode affects
the selection of the optimal time window. During the image compositing process, certain
correlations and constraints exist among various compositing factors. The formulation of
the optimal compositing method does not depend on a single factor but is the result of the
synergistic effect of multiple factors.

4.4. Influence of Different Partition Strategies on Soil Texture Prediction Accuracy

This study selected three indicators as the basis for partitioning: first, partitioning by
crop growth, which is closely related to soil properties [67]. Partitioning by crop growth
can indirectly identify areas with similar texture conditions; second, partitioning by image
brightness, which directly reflects the moisture and particle reflection characteristics of
the soil surface. This helps separate spectral differences caused by moisture interference;
third, partitioning by soil type, which clusters samples with similar physical and chemical
properties, reduces spectral confusion due to differences in organic matter and mineral
composition among soil types, and makes texture-sensitive spectral signals more prominent
within the same partition [68].

This study shows that under different partitioning indicators, the average spectral re-
flectance curves differ significantly within each partition, making local partition regression
feasible at the field scale. However, in prediction, only the soil-type local partition regres-
sion strategy and global regression exhibit high prediction accuracy and favorable error
performance—a trend opposite to traditional large-scale prediction results. In previous
large-scale soil property mapping studies, local partition regression has been a key tech-
nique for improving accuracy, performing significantly better than global unified regression
models. Its core advantage lies in weakening local heterogeneity and strengthening the
correlation between local spectra and soil properties through partitioning [69]. This may
occur because, although the prediction area at the field scale is small, texture heterogeneity
within some soil types remains significant, and differences between soil types are also
considerable (Table 3). On the other hand, it may be due to the fact that the degree of het-
erogeneity inherent in the field scale is not sufficient to offset the negative impact brought
about by the increased complexity of the model introduced by partitioning. Moreover, the
spectral response of soil texture is jointly influenced by soil type and moisture status [70],
while crop growth, as a dynamic surface feedback, is affected not only by texture but also
by factors such as temperature and nutrients [71]. This indicates that a single-indicator
local partitioning strategy has certain limitations in local partition regression of soil texture
at the field scale.

Figures 4—6 reveal that the Mean_May_STLR dataset shows the smallest accuracy
difference in predicting soil particles at all levels (Clay: R? = 0.7206, Silt: R? = 0.7079,
Sand: R? = 0.7151), with a maximum R? difference of 1.79% among different particle sizes.
Under the same synthetic image, the maximum R? difference among particle sizes in the
Mean_May_BPLR dataset is 9.72%, and in the Mean_May_NPLR dataset it is 10.61%. Under
the soil type partitioning strategy, the maximum R? difference in the Median_April_STLR
dataset is 9.86%. The error analysis in Figure 7 indicates significant errors in the extreme
value region, reflecting the limitations of the model at the edge of data distribution. This
may be due to the scarcity of extreme value samples or a certain upper limit in the ability
of the random forest algorithm to handle extreme samples, leading to greater model errors,
rather than the result of a certain partitioning strategy. Figures 8—-10 demonstrate that the
soil type partitioning strategy achieves good error performance for specific soil particle
sizes and yields a smoother spatial distribution in mapping Mollisols and marsh soil. This
suggests that although this local partitioning strategy has certain limitations in prediction
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accuracy, it helps reduce differences in prediction accuracy and mapping error across soil
particle levels. Additionally, it is observed that the synthesis methods of images at the field
scale affects the effectiveness of the partitioning strategy in improving accuracy.

In summary, although the soil type partitioning strategy has limited accuracy, as a
multi-attribute indicator it can comprehensively characterize soil physical and chemical
properties, reduce variability in interference factors within partitions, enhance the effective-
ness of spectral indices in mitigating moisture interference, enable the model to capture the
correlation between spectral reflectance and sand, silt, and clay contents at the local scale,
and achieve high prediction accuracy. Moreover, applying this method at the field scale
makes soil type investigation easier compared to large-scale applications.

4.5. Limitations and Prospects

There remain certain limitations in this study: First, conventional spectral indices (such
as the Soil-Adjusted Vegetation Index, SAVI) were not introduced for comparative analysis
during the research process; so, the advantages of water-related spectral indices could
not be fully highlighted; Second, soil types are complex and diverse. At present, specific
experimental analysis is lacking on how to fully utilize the particular characteristics of field-
scale cultivated land to guide the formulation of synthetic strategies, and the effectiveness
of its generalization requires further verification; In addition, local partitioning regression,
it remains an urgent issue to explore how to leverage the advantages of non-single attribute
indicators of soil types, how compositing adjustment strategies (such as selecting the May
mean compositing mode for mollisols and the April median compositing mode for luvisols)
can enhance these advantages, and what the mechanistic differences are between this
strategy and global regression.

To overcome the above limitations, future research will introduce conventional spectral
indices and soil moisture data, clarify the unique advantages of water-related spectral
indices through further comparative analysis, and quantify the contribution of each water
spectral index to the prediction results through a feature selection algorithm. Regarding
compositing strategies, field-scale environmental variable analysis will be conducted for
different soil type regions to clarify image synthetic methods suitable for each soil type.
This is of great significance for improving prediction accuracy and reducing the differences
in prediction accuracy among soil particles at all levels. It will also help to elucidate the
mechanism by which synthetic images improve prediction accuracy, thereby breaking the
“black box” of their role. In terms of partitioning strategies, building on the advantages of
synthetic images adapted to different soil types, research scenarios will be further expanded.
Attempts will be made to improve prediction accuracy across different crop types and
climate regions, thereby providing a field-scale scientific basis for precise guidance of
agricultural production and effectively promoting the development of smart agriculture.

5. Conclusions

In this study, to address the problem that soil complexity and the temporal discontinu-
ity of remote sensing images lead to inaccurate soil texture characterization at the field scale,
Sentinel-2 image data were used to explore the effects of different input data, compositing
modes, and compositing time windows on soil texture prediction. Field-scale soil texture
prediction was then performed by integrating a local partitioning regression strategy. An
innovative comprehensive prediction framework suitable for dry farmland in Northeast
China at the field scale was developed, which integrates a water spectral index, a specific
compositing time window, a specific compositing mode, and soil-type partitioning, to
overcome the dual challenges of moisture interference and spatial heterogeneity. The main
conclusions are as follows: (1) The highest accuracy for field-scale soil texture prediction
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was achieved by compositing multi-year May images using the mean compositing mode.
This outcome results from the synergistic interaction between the compositing mode and
the selected time window. Significant correlations and constraints exist among the factors
involved in image compositing. Therefore, determining the optimal compositing strategy
depends not on a single factor, but on the combined effect of multiple factors. (2) In field-
scale soil texture prediction, incorporating a water spectral index significantly improved
the prediction accuracy compared to using spectral reflectance alone. This improvement
was consistent across different spring compositing times and different image synthetic
methods. (3) Comparative analysis identified May as the optimal compositing time win-
dow. Furthermore, different compositing methods could enhance the positive effect of this
specific time window on prediction accuracy. (4) This study found that for field-scale soil
texture prediction, global regression overall performed better than most local partitioning
regression strategies. However, local partitioning regression based on soil types performed
no worse than global regression and demonstrated considerable application potential. This
is because this partitioning approach can reduce the variability in interfering factors within
certain zones, thereby improving the stability of local regression. This study provides new
conclusions and a technical reference for fine-scale soil mapping at the field level. Future
research could explore more efficient image synthetic methods and partitioning regression
strategies in different soil type regions.
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