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Highlights

What are the main findings?

• Support Vector Regression (SVR) outperforms other machine learning algorithms for
decametric-resolution LAI estimation, and band optimization significantly reduces
estimation uncertainty while improving model fit.

• The MSDI framework achieves higher accuracy at 20 m resolution, and SHAP anal-
ysis reveals that red-edge and shortwave-infrared bands contribute the most to
LAI prediction.

What are the implications of the main findings?

• This study underscores the necessity of retrieval strategy optimization and model
interpretability for improving prior-guided high-resolution LAI estimation.

• The findings provide practical guidance for generating consistent and fine-scale LAI prod-
ucts across different spatial scales, supporting crop monitoring and ecosystem modeling.

Abstract

Decametric-resolution leaf area index (LAI) is an essential parameter for fine-scale crop
growth monitoring and ecosystem modeling. Prior-guided approaches using existing
hectometric-resolution LAI products have demonstrated potential in large-scale decametric-
resolution LAI estimation. However, within such approaches, the impacts of algorithm
selection and band combination on retrieval accuracy remain insufficiently quantified,
and the lack of model interpretability limits methodological transferability. To address
these challenges, a multi-source data integration (MSDI) framework is developed to sys-
tematically assess the sensitivity of prior-guided LAI estimation to retrieval algorithms
and spectral bands using Sentinel-2 imagery. In addition, Shapley Additive Explanations
(SHAP) is employed to quantify the contributions of individual bands and interpret model
behavior. The MSDI LAI was evaluated using ground LAI measurements and compared
with Simplified Level 2 Product Prototype Processor (SL2P)-derived LAI and MODIS LAI
products. The results indicated that Support Vector Regression (SVR) achieved the best
performance in LAI estimation among six machine learning algorithms, likely due to its
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robustness in modeling nonlinear relationships across different training samples. Band
optimization further reduced estimation uncertainty by >24% and increased R2 by >44%
for SVR-derived LAI estimates. Moreover, MSDI outperformed SL2P, especially at 20 m
resolution, with Bias, RMSE, and R2 values of 0.26, 0.76, and 0.71, respectively. Meanwhile,
MSDI LAI exhibited a similar spatial distribution to MODIS LAI while providing substan-
tially enhanced spatial detail and accuracy. SHAP analysis revealed that red-edge (RE)
and shortwave-infrared (SWIR) bands contributed the most to LAI prediction, consistent
with their sensitivity to vegetation canopy biophysical properties. Overall, this study
highlights the importance of retrieval strategy optimization and model interpretability for
improving prior-guided decametric-resolution LAI estimation and offers practical guidance
for generating consistent LAI estimations across various scales.

Keywords: leaf area index (LAI); multi-source data integration; prior information; machine
learning; Sentinel-2 imagery

1. Introduction
Leaf area index (LAI), which is generally defined as half of the total green leaf per unit

of horizontal ground area [1], is a critical indicator for monitoring vegetation growth. It
serves as an essential biophysical parameter input to many land surface models [2]. During
the last two decades, several global LAI products have been generated from hectometric
or kilometric spatial resolution sensors, such as Moderate Resolution Imaging Spectro-
radiometer (MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS) and Global LAnd
Surface Satellite (GLASS) [3–5]. However, the spatial heterogeneity caused by land cover
mixture or different vegetation growth states within such a coarse pixel grid decreases
the accuracy of LAI products, restricting their further applications at fine scales [6–8].
Because the improvement of spatial resolution can effectively reduce the impacts of spatial
heterogeneity [9–11], the generation of LAI estimates using high-resolution observations is
essential for accurately capturing vegetation dynamics at a fine scale.

Developed high-resolution satellite observations, such as from Landsat-5/7/8/9 and
Sentinel-2 [12,13], provide rich information to support quantitative monitoring at decamet-
ric spatial resolution (i.e., 10–30 m), which has been widely used to estimate LAI [10,14,15].
Generally, the approaches for estimating LAI using those decametric-resolution observa-
tions can be categorized into empirical methods and physically based methods. The em-
pirical methods employ the established linear or nonlinear relationships between ground
measurement data and remote sensing data (such as vegetation indices or spectral re-
flectance) to predict LAI at regional scales [16,17]. Although these methods are relatively
simple and accurate, their site-, time- and sampling-specific operations limit their applica-
tion in different environmental conditions or large spatial extents [18]. The physically based
methods first simulate the relationship between vegetation–soil parameters and canopy
reflectance from radiative transfer models (RTMs) and then generate an LAI dataset using
iterative numerical optimization methods or a look-up table (LUT) approach [19–22]. While
these methods provide strong physical interpretability and generalizability, they often
suffer from low computational efficiency, especially when applied to high-resolution im-
agery with a large number of pixels. Additionally, they are also susceptible to the ill-posed
inversion problem due to the complexity of vegetation–soil radiation interactions [23].

Considering the limitations of the above-mentioned methods, hybrid methods have
been developed, which integrate physically based RTMs with data-driven techniques.
Specifically, a training dataset composed of reflectance and LAI pairs is first simulated
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from RTMs and then is used to train machine learning (ML) models to estimate LAIs
from remote sensing observations. One representative example is the Simplified Level 2
Product Prototype Processor (SL2P), a widely used hybrid LAI retrieval method developed
using neural networks for Sentinel-2 and Landsat imagery [24]. Although hybrid methods
significantly improve inversion efficiency, their accuracy remains limited by the uncertainty
of simulated training datasets from RTMs. Thus, several studies have incorporated ground
LAI measurements as prior information to reduce the uncertainty of RTM-simulated
data, aiming to enhance the representativeness of training datasets and, in turn, improve
LAI retrieval accuracy [25]. While this method could effectively improve the accuracy
of decametric-resolution LAI estimates, the availability of the participating ground LAI
measurements restricts its application to large-scale regions. To address this limitation,
many studies have used existing high-quality hectometric-resolution LAI products as prior
information for generating training datasets to develop LAI inversion models at decametric
resolution. For instance, the 30 m LAI was derived from a tree-based ML model trained on
a MODIS LAI product and ground LAI measurements using Landsat images [26], and the
MODIS LAI product was employed to generate 30 m LAI estimates of the contiguous US
from Landsat surface reflectance data based on the random forest (RF) model [27]. This
prior-guided approach has exhibited good performance and offers a promising method for
large-scale and high-accuracy LAI retrieval.

To further extend the applicability of this approach to decametric-resolution LAI es-
timation using Sentinel-2 images, several issues need to be considered. First, Sentinel-2
provides rich spectral information at multiple spatial resolutions, and identifying the opti-
mal band combinations at the specific spatial resolution is crucial for improving both the
accuracy and efficiency of decametric-resolution LAI estimation [28,29]. Specifically, the
10 m resolution offers the greatest spatial detail but is limited to visible and NIR bands,
while the 20 m resolution allows for the inclusion of red-edge, narrow NIR, and shortwave-
infrared bands, which are highly sensitive to vegetation canopy properties. Therefore, we
separately investigated band combinations at both scales to assess the trade-off between
spatial detail and spectral information and to provide the optimal band sets for each opera-
tional resolution. Second, the performance of prior-guided LAI estimation is sensitive to the
selection of retrieval algorithms. Although recent studies have compared the performance
of different LAI retrieval algorithms using RTM-simulated datasets [30], systematic evalua-
tions remain limited for prior-guided LAI estimation based on training samples generated
from existing coarse-resolution LAI products. Meanwhile, retrieval algorithms are gener-
ally selected empirically rather than through comprehensive assessments [31–34]. Third,
existing evaluations of decametric-resolution LAI estimation methods have mainly focused
on overall accuracy, with limited attention to cross-scale consistency and the influence of
spatial heterogeneity. Finally, the model behavior and the contributions of individual bands
to LAI estimation remain insufficiently understood, particularly for nonlinear models,
which hampers the physical interpretability and robustness of prior-guided LAI retrievals.

Here, we developed an effective framework named multi-source data integration
(MSDI) for deriving LAI at decametric resolution. The framework integrates multi-source
data to generate representative LAI samples, establishes a systematic strategy for optimiz-
ing the prior-guided LAI retrieval process, and enables the comprehensive evaluation and
interpretation of LAI estimates. Specifically, this paper aims to: (1) identify the optimal
decametric-resolution LAI estimation algorithm from commonly used ML regression mod-
els, including Kernel Ridge Regression (KRR), Support Vector Regression (SVR), Artificial
Neural Networks (ANNs), Random Forest Regression (RFR), Gaussian Process Regression
(GPR) and the k-Nearest Neighbors algorithm (kNN), based on representative decametric-
resolution reflectance–LAI samples generated from multi-source data; (2) select the optimal
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spectral bands using an iterative strategy at resolutions of 10 m and 20 m to further improve
the accuracy and efficiency of decametric-resolution LAI estimation; and (3) evaluate the
performance of the proposed MSDI framework and interpret the optimized LAI retrieval
model behavior by quantifying individual band contributions based on Shapley Addi-
tive Explanations (SHAP). To this end, MSDI LAIs were validated against ground LAI
measurements and intercompared with Simplified Level 2 Product Prototype Processor
(SL2P)-derived LAIs, the MODIS LAI product, and 30 m LAI reference maps to assess
the advantage of the MSDI framework in terms of retrieval accuracy at different spatial
resolutions and consistency across various scales. Furthermore, by jointly comparing MSDI
LAIs and MODIS LAIs with ground LAI measurements, this study further analyzed the
impact of spatial heterogeneity on LAI estimation accuracy, highlighting the potential of
the MSDI framework to improve LAI retrieval performance in heterogeneous landscapes.

2. Methodology
When the land surface is relatively homogeneous, i.e., vegetation types within a

moderate-resolution pixel are relatively identical and exhibit similar growth trends, the
scale effect associated with different spatial resolutions can be neglected [35]. Moreover,
previous studies have demonstrated that the accuracy of MODIS LAI products is rela-
tively high under such homogeneous surface conditions [36,37]. Therefore, high-quality
homogeneous MODIS LAI pixels were selected as prior information for LAI estimation
at decametric resolution in this study. The proposed MSDI framework mainly consists of
three sequential parts: LAI sample generation, LAI retrieval optimization, and performance
evaluation and interpretability analysis. First, the decametric-resolution observations,
hectometric-resolution LAI products, and multi-scale land cover products were integrated
to generate 20 m reflectance–LAI sample dataset through pixel selection, spatial aggrega-
tion, pixel matching, and outlier removal. The resulting dataset was then divided into
training and validation datasets using stratified random sampling. Second, the optimal
LAI retrieval algorithm was carefully selected by evaluating six commonly used machine
learning algorithms, including KRR, ANNs, RFR, SVR, GPR, and kNN. In parallel, con-
sidering that Sentinel-2 provides native 10 m bands (B2, B3, B4, B8) for fine spatial detail
and additional 20 m bands (B3, B4, B5, B6, B7, B8a, B11, B12) for richer spectral information
(including red-edge, narrow NIR, and SWIR bands), we explored optimal band combi-
nations at both spatial resolutions of 10 m and 20 m. This comparison was designed to
improve retrieval accuracy while reducing model complexity and to clarify the trade-off
between spatial detail and spectral richness in Sentinel-2-based LAI estimation. Third,
the performance of the MSDI framework was assessed using ground LAI measurements
and intercomparisons with existing LAI products. Meanwhile, model behavior was inter-
preted by quantifying the contributions of individual bands using SHAP, providing insights
into how spectral information influences LAI estimation within the optimized retrieval
model. An overview of the MSDI framework for optimized prior-guided LAI retrieval is
illustrated in Figure 1, and detailed descriptions of each component are provided in the
following sections.

2.1. LAI Sample Generation from Multi-Source Remote Sensing Data

The 500 m MCD12Q1 and 30 m Globeland30 products were employed to identify the
consistent vegetation type across different scales, which served as the fundamental dataset
for LAI sample generation. Specifically, the Globeland30 was reprojected from the WGS-
84 to sinusoidal for matching to MCD12Q1, and then the reprojected 30 m Globeland30
was aggregated to the 500 m MCD12Q1 grid. We only retained the MCD12Q1 pixels as
representative 500 m vegetation pixels if 90% of the Globeland30 pixels had the identical
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vegetation type as the corresponding MCD12Q1 pixel. We also retained the matched
90% Globeland30 pixels as main 30 m vegetation pixels.

Based on the selected representative 500 m vegetation pixels, LAI samples were gen-
erated through four sequential steps. First, we used 500 m vegetation pixels to mask
high-quality MODIS LAI pixels and employed 30 m main vegetation pixels to mask high-
quality Sentinel-2 reflectance pixels, which had been reprojected from WGS-84 to sinusoidal
projection. Second, within each selected high-quality MODIS LAI pixel, the mean value and
standard deviation of high-quality Sentinel-2 reflectance pixels at six bands (blue, green,
red, near infrared (NIR), shortwave infrared (SWIR)1, and SWIR2) were calculated. Third,
we identified homogeneous 500 m LAI pixels by applying the criterion that the average
coefficient of variation (CV) across six bands was lower than 0.15 to ensure that the vegeta-
tion within selected pixels exhibited similar growth trend [27]. Because the selected MODIS
pixels were spatially homogeneous, the 500 m MODIS LAIs were assumed to be represen-
tative of the interior 20 m Sentinel-2 pixels [38]. Therefore, each original 20 m Sentinel-2
reflectance pixel within a homogeneous MODIS pixel was paired with the corresponding
MODIS LAI value to generate the prior-guided 20 m reflectance–LAI samples.

Furthermore, we utilized the correlation between homogeneous MODIS LAI and
Sentinel-2 surface reflectance values in green, red, and NIR bands to remove outliers [38].
Specifically, MODIS LAI values were grouped into intervals of 0.2. Within each group, if
the surface reflectance in green, red, and NIR bands for any initial LAI sample fell outside
of 1.5 times the interquartile range (IQR, which measures data variability as the difference
between the first and third quartiles), the sample was removed. Finally, the high-quality
reflectance–LAI samples at 20 m resolution were generated.

2.2. Optimized LAI Retrieval Process Based on Generated Samples

The generated reflectance–LAI sample dataset was divided into training (80%) and val-
idation (20%) datasets using stratified random sampling. The training dataset was used to
fit the machine learning models, whereas the validation dataset was used to evaluate model
performance on the generated samples. Furthermore, ground LAI measurements were used
as the testing dataset to independently assess the generalization ability of different retrieval
algorithms and the accuracy of LAI estimates. Following previous studies [31–34], we
explored the performance of six commonly used ML algorithms, namely, KRR, ANNs, RFR,
SVR, GPR, and kNN, for decametric-resolution LAI estimation and selected the optimal
ML algorithm to derive MSDI LAIs in this study. The Scikit-learn package was adopted
for model construction and assessment, while the Python programming language (version
3.11) was utilized for data analysis and visualization. Moreover, the optimal parameters
of each ML model were determined using the Bayesian optimization algorithm, with the
objective of maximizing R2 on the validation dataset. The optimization procedure consisted
of 15 initial random evaluations followed by 500 subsequent iterative updates. Additionally,
selecting optimal spectral bands that are suited to specific spatial resolution could further
improve the accuracy and efficiency of LAI estimation with ML algorithms [28,29]. Thus,
we explored the optimal band combinations for LAI estimation at 10 m or 20 m resolution
using Sentinel-2 images. For each resolution, only the bands natively available at that reso-
lution were considered, and optimal band combinations were identified using the iterative
band-selection strategy described below. Specifically, we utilized the combination of red
and near-infrared (NIR) bands as the initial input because these two bands provide a widely
used and physically interpretable baseline for LAI retrieval [39]. The red band is sensitive
to chlorophyll absorption, while the NIR band is closely related to canopy structure and
multiple scattering within vegetation canopies. Therefore, this initial combination enabled
us to systematically evaluate the incremental contributions of additional Sentinel-2 bands to
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LAI retrieval performance. Subsequently, additional bands were systematically introduced
to the initial band combinations. Each iteration selected combinations based on minimizing
the root mean square error (RMSE) and maximizing the coefficient of determination (R2).
This iterative process continued until all bands were evaluated. Ultimately, the optimal
band combinations with the largest R2 and lowest RMSE were selected for 10 m or 20 m
resolution MSDI LAI estimation, respectively.

 

Figure 1. The workflow of the MSDI framework for optimized prior-guided LAI retrieval. (a) LAI
sample generation. (b) LAI retrieval optimization. (c) Performance evaluation and interpretability
analysis. CVmean denotes the mean coefficient of variation (CV) of reflectance at Sentinel-2 B2, B3, B4,
B8, B11, and B12 bands.

2.3. Performance Evaluation and Model Interpretation

The performance of the proposed MSDI framework for decametric-resolution LAI
estimation was evaluated using ground LAI measurements and compared with SL2P LAIs,
the MODIS LAI product, and 30 m LAI reference maps. Specifically, retrieval accuracy was
quantified using several statistical metrics, including R2, mean absolute error (MAE), Bias,
and RMSE. Furthermore, SL2P LAI estimates at 10 and 20 m resolution were compared with
ground LAI measurements to better present the improvement in MSDI LAIs. Moreover, to
investigate the influence of spatial heterogeneity on LAI estimation accuracy and assess
spatial consistency across various scales, MSDI LAIs were also intercompared with the
MODIS LAI product and 30 m reference maps.

Additionally, we analyzed the biophysical consistency of the optimized LAI retrieval
through model interpretation. Shapley Additive Explanations (SHAP) is a game theory-
based model interpretation method that attributes model predictions to individual input
features by computing feature-wise contribution values, enabling the explainability analysis
of complex machine learning models [40]. Thus, SHAP was employed to quantify the
contributions of individual Sentinel-2 bands to LAI estimation under the optimal 20 m
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band combination identified in Section 2.2. Meanwhile, it was used to assess whether
the retrieved band contributions are consistent with established vegetation reflectance
mechanisms. Considering the computational cost of SHAP analysis, a subset of 300 samples
was selected from the training dataset using stratified sampling to preserve the original
distributions of both LAI values and vegetation types, which ensured representative and
unbiased interpretation results.

3. Study Area and Data
3.1. Study Area

To evaluate the performance of the MSDI framework, we selected four sites from the
ImagineS field campaign as the study area. This campaign is dedicated to collecting ground-
based measurement datasets for validating the satellite-derived biophysical products
provided by the Copernicus Global Land service [41]. The four sites are Barrax (Spain),
Pshenichne (Ukraine), Collelongo (Italy), and Maragua–Upper Tana (Kenya), and each site
was characterized by distinct vegetation types, soil conditions, and climates. Four study
areas of 100 × 100 km2 that cover the aforementioned field LAI sites were selected as the
sampling areas. A detailed location of the study area is illustrated in Figure 2.

 
Figure 2. The detailed location and spatial distribution of the study area for (a) Barrax site in
Spain, (b) Pshenichne site in Ukraine, (c) Collelongo site in Italy, and (d) Maragua–Upper Tana site
in Kenya. Sentinel-2’s three bands, namely, B8a (narrow near-infrared), B4 (red), and B3 (green),
are combined to create the color image (RGB) at a 20 m spatial resolution. Red rectangles denote
100 × 100 km2 sampling areas, black rectangles denote LAI reference map areas, and yellow dots
denote the elementary sampling units (ESUs).

3.2. Multi-Scale Land Cover Maps

The MODIS land cover type product (MCD12Q1) provides global land cover maps
at 500 m spatial resolution, which are generated from MODIS reflectance data using
a supervised classification method [42]. The land cover type 3 (LC_Type3) scheme of
MCD12Q1 was an auxiliary dataset in the generation of the MODIS LAI product, used
with the aim of reducing the uncertainty of MODIS LAI retrieval [43], and it was employed
as prior information to select the vegetation pixels in this study. The LC_Type3 layer has
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eight vegetation types (1: Grasslands; 2: Shrublands; 3: Broadleaf Croplands; 4: Savannas;
5: Evergreen Broadleaf Forests; 6: Deciduous Broadleaf Forests; 7: Evergreen Needleleaf
Forests; 8: Deciduous Needleleaf Forests) and four non-vegetation types (0: Water Bodies;
9: Non-Vegetated Lands; 10: Urban and Built-up Lands; 255: Unclassified).

The Globeland30 is a global land cover dataset at 30 m resolution that was generated
by the Ministry of Natural Resources of China [44]. It has ten land cover types (10: Cul-
tivated Land; 20: Forest; 30: Grassland; 40: Shrubland; 50: Wetland; 60: Water Bodies;
70: Tundra; 80: Artificial Surfaces; 90: Bare land; 100: Permanent Snow & Ice), with an
overall classification accuracy of approximately 90% according to previous studies [45,46].
Thus, the Globeland30 can be used and intercompared with MCD12Q1 to identify the
consistent representative vegetation pixels across different scales in this study. Finally,
representative 500 m vegetation pixels and main 30 m vegetation pixels were generated.
The corresponding relationship between the Globeland30 and MCD12Q1 within the four
100 × 100 km2 sampling areas is shown in Figure 3.

 
Figure 3. The corresponding relationship of land cover types between the Globeland30 (left) and
MCD12Q1 (right) products.

3.3. Sentinel-2 Data and SL2P LAI Product

The Sentinel-2 multi-spectral instrument (MSI) provides a set of 13 spectral bands
ranging from the visible and near infrared to the shortwave infrared, featuring four bands
at 10 m, six bands at 20 m and three bands at 60 m spatial resolution (Table 1) [12]. The
corresponding Sentinel-2A MSI Level-1C (L1C) data processed by radiometric calibration
and geometric correction with low cloud coverage was downloaded from the European
Space Agency (ESA) Copernicus Open Access Hub (https://scihub.copernicus.eu/dhus/
#/home, accessed on 2 August 2023) based on the spatial location and the criterion of
minimum date difference between the satellite observations and the acquisition date of the
ground LAI measurements. Then, the L1C data underwent atmospheric correction and
was transformed into the L2A product using the ESA-supplied Sen2cor tool (version 2.11,
https://step.esa.int/main/snap-supportedplugins/sen2cor/sen2cor-v2-11/, accessed on
15 August 2023). Moreover, the L2A product contained a scene classification layer generated
by the Sen2cor tool. This layer includes the identification of land cover types (vegetation,
not-vegetated, and water) and atmospheric impacts (such as clouds, cloud shadows, and
cirrus), which could be used to select high-quality reflectance pixels from L2A data [47]. In
this study, vegetation and non-vegetated pixels were recognized as high-quality Sentinel-2
observations. In order to guarantee that the Sentinel-2 observations were reliable, we also
used the main 30 m vegetation pixels to mask the high-quality Sentinel-2 observations.
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Table 1. Band characteristics of the Sentinel-2 multi-spectral instrument.

Bands Pixel Size (m) Central Wavelength (nm) Bandwidth (nm) Description

B1 60 443 20 Coastal
B2 10 490 65 Blue
B3 10 560 35 Green
B4 10 665 30 Red
B5 20 705 15 Red edge 1 (RE1)
B6 20 740 15 Red edge 2 (RE2)
B7 20 783 20 Red edge 3 (RE3)
B8 10 842 115 Near infrared (NIR)

B8a 20 865 20 Narrow NIR
B9 60 940 20 Water vapor

B10 60 1375 30 Cirrus
B11 20 1610 90 Shortwave infrared (SWIR)1
B12 20 2190 180 SWIR2

Note: Bands in bold and gray background indicate those used in this study (i.e., all bands with 10 m or 20 m
spatial resolution).

The Simplified Level 2 Product Prototype Processor (SL2P) LAI retrieval algorithm for
Sentinel-2 images first generated the simulated LAI–reflectance dataset from the PROSAIL
model to train an artificial neural network and then employed the trained model to estimate
LAI. The LAI retrieval algorithm has been integrated into the Sentinel Application Platform
(SNAP) software (version 12.0.0, http://step.esa.int/main/download/snap-download/,
accessed on 20 August 2023) for deriving Sentinel-2 LAI products at resolutions of 10 m
and 20 m [24]. Specifically, the 10 m SL2P LAI product was derived using three bands
(green, red and NIR) with 10 m resolution, while the 20 m SL2P LAI product was generated
using the combination of eight bands (green, red, NIR, red edge (RE)1, RE2, RE3, SWIR1
and SWIR2).

3.4. MODIS LAI Product

The MODIS LAI product (MOD15A2H, version 6.1) derived from the Terra satellite
has a global 500 m spatial resolution and an 8-day temporal resolution with sinusoidal
projection [48]. It is generated from a main or back-up algorithm that uses the MODIS
surface reflectance data (MOD09GA, 500 m) and MODIS land cover product (MCD12Q1,
500 m) [49]. The main algorithm is based on the LUTs simulated from three-dimensional
RTMs, and it links the bidirectional reflectance factors (BRFs) to the vegetation canopy
parameters [50]. Empirical LAI-NDVI relationships are used by the back-up algorithm
to estimate LAI in the event that the main algorithm fails [51]. Finally, the product is
composited using the maximum value of Fraction of Photosynthetically Active Radiation
(FPAR) within an 8-day period. The MODIS LAI product contains six layers, i.e., FPAR,
LAI, FparLai_QC, FparExtra_QC, FparStdDev and LaiStdDev. In this study, the high-
quality MODIS LAI pixels generated by the main algorithm were identified based on the
FparLai_QC and FparExtra_QC layers, which store the quality control information [43].
We used the representative 500 m vegetation pixels from MCD12Q1 to mask high-quality
MODIS LAI pixels. Subsequently, these representative vegetation LAIs were matched with
high-quality Sentinel-2 reflectance data to identify homogenous LAI pixels, which were
then employed to generate the 20 m reflectance–LAI sample dataset. The MODIS LAI
product was also used to help us better understand the improvements achieved by the
proposed MSDI method in reducing the effects of spatial heterogeneity.
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3.5. Ground LAI Measurements and 30 m LAI Reference Maps

More than ten 20 × 20 m2 ESUs were selected for each site. Each ESU had approxi-
mately 10 to 25 sampling plots, and a global positioning system (GPS) was utilized to record
the latitude and longitude of each ESU [41]. Several pieces of equipment were employed to
measure the effective and true LAIs, such as the LAI-2200, the AccuPAR LP-80, and Digital
Hemispherical Photography. To represent the ground LAI measurements of an ESU, the
genuine LAI readings from all sample plots inside the ESU were averaged [52]. Then, a
multivariate ordinary least squares (OLS) regression model was applied to produce the
30 m LAI reference maps, leveraging the empirical relationship that had been established
using the ground LAI measurements and the Landsat-7/8 surface reflectance or calculated
vegetation indices [53–55]. It is noteworthy that the resulting 30 m LAI reference maps
were used only for qualitative spatial pattern comparison with the derived MSDI LAI maps.
They were not used for model training, algorithm selection, band selection, or pixel-wise
quantitative accuracy assessment. Table 2 shows the detailed information for each site.

Table 2. The acquisition dates (Year–DOY) for the ground LAI measurements, Sentinel-2 observations
and MODIS LAI product. The last column shows the number and land cover types of ground LAI
measurements at each site.

Site Country Latitude,
Longitude

Year–DOY
Number of ESUsGround LAI

Measurements
Sentinel-2

Observations
MODIS

LAI Product

Collelongo Italy 41.850000,
13.590000 2015–268 2015–262 2015–265 15 (Forest)

Maragua–Upper Tana Kenya −0.770000,
36.970000 2016–068 2016–075 2016–065

23 (Cultivated Land: 11;
Forest: 2;

Grassland: 7;
Shrubland: 3)

Barrax Spain 39.054371,
2.100677 2015–203 2015–207 2015–201 17 (Cultivated Land)

Pshenichne Ukraine 50.076500,
30.232200 2015–204 2015–214 2015–201 28 (Cultivated Land)

4. Results
4.1. Statistical Analysis of the LAI Sample Dataset

According to the LAI sample generation process, a total of 10,350 samples were
generated to establish the 20 m reflectance–LAI sample dataset. Based on this dataset, the
distribution of surface reflectance at the green, red, and NIR bands across different LAI
groups (intervals of 0.2) was analyzed, as illustrated in Figure 4. The decrease in surface
reflectance at the green and red bands as the LAI increased reflected the common trend
observed in vegetation, where a higher LAI leads to greater canopy density and, thus,
more light absorption. When the LAI was >3, the surface reflectance leveled off, which
indicates that further increases in LAI no longer significantly affected the reflectance in these
spectral bands.

Figure 4. Whisker boxplots of sample reflectance at (a) green, (b) red, and (c) NIR bands within
different LAI groups, and the intervals of LAI values were grouped at 0.2. In a boxplot, the box covers
minimum and maximum values; the dashed lines above and below the box indicate 25% and 75%,
respectively, and the horizontal line in the middle of the box denotes the median value.
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By contrast, the surface reflectance at the NIR band exhibited a different trend. When
the LAI was <1, the reflectance slightly decreased with increasing vegetation cover. This
pattern may be mainly attributed to background effects under sparse vegetation conditions,
where bright soils and non-green vegetation components can substantially influence the
observed NIR reflectance. However, when the LAI exceeded 1, the reflectance began to
increase, which can be explained by enhanced multiple scattering within the vegetation
canopy as the leaf area and canopy density increased. The NIR reflectance then tended to
saturate when the LAI was greater than 3, indicating the reduced sensitivity of this band
under dense canopy conditions. These patterns highlight the different spectral responses of
vegetation as LAI increases and underscore the importance of band selection in optimizing
model performance for accurate LAI retrieval.

Figure 5a shows the distribution of the training dataset (80%) and validation dataset
(20%), which were derived from the 20 m reflectance–LAI sample dataset using a stratified
random sampling method. Although the LAI values in both datasets were concentrated
in the low range (LAI < 1), the samples were also distributed across higher LAIs, which
ensured the representativeness of the dataset for model training and validation. Meanwhile,
Figure 5b presents the distribution of the testing dataset, constructed from the ground LAI
measurements collected at the four selected sites. These testing samples were distributed
across a wide range of LAI values, covering both low and high intervals, providing a
reasonable basis for model evaluation.

Figure 5. The number of samples in (a) training and validation dataset and (b) testing dataset at
different LAI intervals.

4.2. Performance Evaluation of ML Algorithms

The performance of six ML models, i.e., KRR, ANNs, RFR, SVR, GPR, and kNN, based
on the training, validation, and testing datasets is shown in Figure 6. As indicated by the as-
sessment results shown in Figure 6a,b, all ML models exhibited similar performance in LAI
estimation for both the training and validation datasets, which suggests that the selected
training dataset is representative of the overall samples. However, the performance of the
different ML models in deriving the LAI estimates varied. Specifically, RFR performed
the best on both the training dataset (R2 = 0.87, RMSE = 0.65, MAE = 0.37, and Bias = 0.00)
and the validation dataset (R2 = 0.85, RMSE = 0.69, MAE = 0.38, and Bias = 0.02), followed
by kNN, SVR, KRR, and ANNs. GPR provided the poorest performance, with the largest
MAE and RMSE, as well as the lowest R2. Furthermore, to further evaluate the robustness
and spatial transferability of the six trained models, the performance of these models
was evaluated using the testing dataset derived from the ground LAI measurements, as
presented in Figure 6c. The RFR and GPR models showed inferior performance on the
testing dataset in comparison to the other four models, which indicates the instability of
the RFR model under different conditions. SVR exhibited the best performance, with an R2,
RMSE, MAE, and Bias of 0.65, 0.93, 0.64, and 0.34, respectively, and was, thus, identified as
the optimal ML model for further decametric-resolution LAI estimation.
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Figure 6. Evaluating the performance (R2, RMSE, MAE and Bias) of KRR, ANNs, RFR, SVR, GPR,
and kNN for estimating decametric-resolution LAI using (a) training dataset, (b) validation dataset,
and (c) testing dataset.

4.3. The Selection of Spectral and Spatial Characteristics of Bands

According to Section 4.2, we employed the SVR model to select the optimal Sentinel-2
spectral bands for estimating LAI at resolutions of 10 m and 20 m. The band importance
was analyzed using the R2 and RMSE between the estimated LAIs and the testing dataset,
as shown in Figure 7. In terms of the LAI estimation at 10 m resolution (Figure 7a), it is
evident that the combination of red and NIR (B4 + B8) bands exhibited the best performance.
This combination achieved an R2 of 0.496 and an RMSE of 0.998. The involvement of more
bands, such as adding green (B3) and blue (B2) bands, did not significantly improve
performance, which indicates the necessity of selecting the optimal bands. Nevertheless,
for the 20 m LAI estimation (Figure 7b), the combined red and NIR bands resulted in the
poorest performance, with an R2 of 0.492 and an RMSE of 1.001. The estimation accuracy
improved substantially with the inclusion of RE2 (B6), SWIR1 (B11), and RE3 (B7), which
increased R2 from 0.492 to 0.710 and reduced RMSE from 1.001 to 0.757. However, when
more bands were added beyond this, such as SWIR2 (B12) and RE1 (B5), the R2 and RMSE
gradually decreased and increased, respectively. Thus, the combination of five bands, i.e.,
the red (B4), narrow NIR (B8a), RE2 (B6), SWIR1 (B11), and RE3 (B7) bands, was optimal for
deriving 20 m LAI estimates. The above findings highlighted the significance of selecting
the optimal bands for different spatial resolutions to further improve the accuracy of LAI
retrievals. To better understand the underlying causes of the observed band-selection
patterns, especially the contribution of the RE2 (B6) and SWIR1 (B11) bands, a quantitative
analysis of spectral importance is presented in Section 5.1.

Figure 7. Variations in R2 and RMSE after adding Sentinel-2 bands at (a) 10 m resolution and
(b) 20 m resolution. RMSE and R2 were calculated between the ground LAI measurements and MSDI
LAI estimates.

4.4. Comparison with SL2P LAI Estimates Using Ground LAI Measurements

Figure 8 shows the evaluation results for MSDI LAI and SL2P LAI at resolutions of
10 m and 20 m using ground LAI measurements. Overall, MSDI LAI exhibited better per-
formance than SL2P LAI, particularly at the 20 m resolution. Because the clumping effect
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was not taken into account in the PROSAIL model, SL2P LAI, which was generated by the
trained neural network from the PROSAIL model-derived simulation dataset, displayed
significant LAI underestimation (Bias = −0.71 and −0.75 at 10 and 20 m resolution, respec-
tively). By contrast, the MSDI LAI derived from the MODIS LAI product that considered
the clumping effect in the retrieval algorithm presented almost no systematic errors in LAI
estimation (Bias = 0.05 and 0.26 at 10 and 20 m resolution, respectively), which is a primary
reason for the lower uncertainty of MSDI LAI compared to SL2P LAI. Furthermore, the
MSDI framework showed advantages in capturing LAI variations, with an R2 greater than
0.5 compared to the ground LAI measurements. In terms of the Global Climate Observing
System (GCOS) uncertainty requirement, a larger proportion of MSDI LAI estimates (50.60%
and 66.27% at 10 m and 20 m resolution, respectively) satisfied the criterion compared to
SL2P LAI estimates (39.76% and 36.14% at 10 m and 20 m resolution, respectively), further
supporting the superior performance of the MSDI framework. These results demonstrated
that MSDI is an effective framework for improving decametric-resolution LAI estimation.

Figure 8. Evaluation of (a) 10 m MSDI LAI, (b) 20 m MSDI LAI, (c) 10 m SL2P LAI, and (d) 20 m SL2P
LAI based on ground LAI measurements. The blue dashed line represents the 1:1 line, the pale blue
dotted lines indicate the GCOS uncertainty requirement of max (0.5, 20%) for the LAI estimation, and
the red solid line shows the fitted linear regression. P denotes the percentage of estimates satisfying
the GCOS uncertainty requirement.

Additionally, the optimized 20 m MSDI LAI retrieval scheme showed better agreement
with the ground LAI measurements than the optimized 10 m scheme. Particularly, the
large differences in the Biases at the two resolutions were observed across different LAI
ranges. For 10 m MSDI LAI, obvious overestimation was observed within the LAI range
of 0 to 3, whereas a notable underestimation occurred for LAIs exceeding 4 (Figure 8a).
By contrast, 20 m MSDI LAI showed only slight overestimation when the LAI was less
than 4 and slight underestimation when the LAI was greater than 4 (Figure 8b). These
discrepancies may be related to differences in the spectral information available for the
two retrieval band combinations. In addition, 10 m MSDI LAI relied on the red and NIR
bands, whereas 20 m MSDI LAI additionally incorporated red-edge, narrow NIR and
SWIR bands, which provide complementary information on vegetation canopy properties.
Therefore, the improved performance of the optimized 20 m scheme was mainly associated
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with its richer spectral information under the Sentinel-2 configurations evaluated in this
study. Based on these results, the optimized 20 m band combination was adopted in the
final MSDI framework because it achieved better overall agreement with the ground LAI
measurements in this study.

4.5. Intercomparing with MODIS LAI Products

The proposed 20 m MSDI framework was employed to generate 20 m LAI maps
using Sentinel-2 images. Figure 9 shows the spatial distribution of the MSDI LAI maps
alongside the corresponding MODIS LAI products across the four distinct sampling areas.
Overall, both MSDI LAI and MODIS LAI exhibited a consistent distribution across all
sampling areas, which indicates that they can serve as interchangeable inputs for land
surface modeling at different spatial scales. However, the MSDI LAI maps with 20 m
resolution can provide more spatial details than MODIS LAI, as expected. For instance, at
the Barrax site in Spain (5 × 5 km2), the 20 m MSDI LAI maps captured variations within
the 500 m MODIS grid, which cannot be observed on MODIS LAI maps. Moreover, the
MSDI LAI maps exhibited a consistent spatial pattern compared to the 30 m ground-based
LAI reference maps, which indicates the good reliability of the derived LAI maps over the
different sites.

Figure 9. Comparison of 500 m MODIS LAI product, 20 m MSDI LAI maps, and 30 m ground-based
LAI reference maps. The first column and the third column display 500 m MODIS LAI product and
20 m MSDI LAI maps, respectively, across four sampling areas (100 × 100 km2). The second, fourth,
and fifth columns present enlarged views of the regions indicated by dashed-line rectangles, including
the corresponding 500 m MODIS LAI product, 20 m MSDI LAI maps, and 30 m ground-based LAI
reference maps, respectively, at four sites (Barrax, Pshenichne, Collelongo, and Maragua–Upper Tana;
locations shown in Figure 2).
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Furthermore, we also observed that the scale effect caused by the heterogeneity within
the 500 m pixel grid resulted in discrepancies between the 20 m MSDI LAI maps and
the 500 m MODIS LAI product in Figure 10. Because the uncertainties of the MODIS
LAI products arose from both the inversion algorithm and the spatial heterogeneity, we
established the MSDI model using high-quality and spatially homogeneous MODIS LAI
pixels and corresponding 20 m reflectance observations. This approach ensures that the
generated LAI training samples predominantly reflect algorithm-related uncertainties,
while minimizing the influence of spatial heterogeneity. Therefore, the comparison of MSDI
LAI and MODIS LAI with ground LAI measurements was used as an intercomparison to
assess the influence of spatial heterogeneity on the agreement between remotely sensed LAI
products and field observations across different spatial scales. To further understand the
potential of the proposed MSDI framework in improving LAI estimation in heterogeneous
land surface regions, we analyzed how this agreement varied with spatial heterogeneity,
characterized by the CV of LAI within the 500 m pixel grid. According to the analysis
results in Figure 10a,b, MSDI LAI performed better than MODIS LAI on the whole, with
the R2 increasing from 0.06 to 0.71. Moreover, the Bias increased from −1.11 to 0.26, and the
RMSE decreased from 2.17 to 0.76, which indicates substantially improved agreement with
the ground LAI measurements and a reduced sensitivity to spatial heterogeneity. Notably,
MSDI LAI demonstrated superior improvement over MODIS LAI in areas with high CVs.
Specifically, based on the calculated RMSEs between MODIS LAI or MSDI LAI and the
ground LAI measurements (Figure 10c), the RMSE decreased from 1.50 to 0.61, 2.42 to
0.85, and 2.36 to 0.60 in three CV intervals. The increasing ∆RMSE between MODIS LAI
and MSDI LAI with higher CV values suggested that the improvement from MSDI LAI
estimation was more obvious in areas with greater spatial heterogeneity, which highlights
the superior adaptability of the MSDI framework to complex land surface conditions.
This finding also underscored the importance of considering spatial heterogeneity in the
development of decametric-resolution LAI retrieval methods. By effectively mitigating
the spatial heterogeneity issues commonly associated with hectometric-resolution LAI
products, the proposed MSDI framework shows strong potential for generating highly
accurate decametric-resolution LAI estimates.

Figure 10. Comparison of (a) 500 m MODIS LAI and (b) 20 m MSDI LAI with ground LAI mea-
surements. The blue dashed line indicates the 1:1 line, pale blue dotted lines indicate the GCOS
uncertainty requirement of max (0.5, 20%) for the LAI estimation, and the red solid line shows the
linear regression. The color bar shows the CVs of a 500 m pixel grid where ground LAI measurements
are located. (c) The RMSE and ∆RMSE for MSDI LAI and MODIS LAI in different CVs.

5. Discussion
5.1. Interpretation of Spectral Band Contributions Based on SHAP Analysis

SHAP provides quantitative insights into the spectral–LAI relationships captured by
the MSDI framework and offers a physically meaningful explanation for the selected band

https://doi.org/10.3390/rs18132137

https://doi.org/10.3390/rs18132137


Remote Sens. 2026, 18, 2137 16 of 23

combinations. Specifically, RE2 (B6) exhibited the highest contribution to LAI estimation,
with a mean |SHAP| value of 1.07, followed by SWIR1 (B11) and narrow NIR (B8a)
(Figure A1). By contrast, the red band (B4) showed a substantially lower contribution
(mean |SHAP| = 0.27). This overall ranking was consistent with established vegetation
reflectance mechanisms, as RE bands are highly sensitive to chlorophyll content and canopy
structural variations while SWIR reflectance is strongly modulated by leaf water content
and vegetation structure [56,57].

Considering that the sensitivity of spectral bands to LAI may vary with canopy density,
SHAP analysis was further performed separately for different LAI ranges, including low
(0–2.5), medium (2.5–5), and high (≥5) LAI conditions (Figure A2). Under low LAI condi-
tions, RE2 (B6) showed the dominant contribution (mean |SHAP| = 1.14), which indicates
that chlorophyll-related information captured by red-edge wavelengths was particularly
important during early growth stages when the canopy was sparse and background ef-
fects were pronounced. At medium LAI levels, the contribution of SWIR1 (B11) increased
markedly (mean |SHAP| = 1.16), which reflects the growing influence of canopy water
status and structural complexity on spectral responses. In high LAI conditions, SWIR1
clearly dominated model predictions, with a mean |SHAP| value of 1.29. Meanwhile, the
importance of visible and RE decreased substantially, consistent with the saturation effects
commonly observed in visible and near-infrared wavelengths.

Overall, the SHAP analysis demonstrated that the MSDI framework effectively ex-
ploited meaningful biophysical spectral information for LAI estimation. By quantitatively
linking spectral band importance to vegetation biophysical properties, the interpretability
analysis strengthens the credibility and generalizability of the proposed optimized prior-
guided LAI retrieval framework. In addition, these results highlight the necessity of specific
band optimization for accurate decametric-resolution LAI estimation.

5.2. Implications of the MSDI Framework for Decametric-Resolution LAI Estimation

Prior-guided approaches that integrate multi-source remote sensing data for LAI es-
timation have particular benefits: the existing hectometric-resolution LAI products were
fully exploited in combination with decametric-resolution remote sensing observations
to generate training datasets, which ensured high efficiency and facilitated large-scale
decametric-resolution LAI estimation without the involvement of ground LAI measure-
ments. Thus, this method has been employed to estimate decametric-resolution LAI in
studies [38,58]. However, several issues may influence the accuracy of this method for LAI
estimation using Sentinel-2 imagery, such as retrieval algorithms and input band combina-
tions. Thus, we proposed an effective framework named MSDI to systematically optimize
the prior-guided method for decametric-resolution LAI estimation using Sentinel-2 ob-
servations and MODIS LAI products. Moreover, SHAP was incorporated to quantify the
contributions of spectral bands and to ensure the biophysical consistency and robustness of
the optimized retrieval strategy [59].

The comparative evaluation of six commonly used ML algorithms indicates that
algorithm selection plays a critical role in determining retrieval performance within prior-
guided frameworks. SVR was identified as the optimal ML algorithm because of its high
accuracy and good generalization capabilities for decametric-resolution LAI estimation
(Figure 6), while RF has been widely adopted under prior-guided LAI estimation frame-
works in previous studies [27,38]. In addition, SVR demonstrated robustness to variations
in training sample size, effectively modeling nonlinear relationships under limited and
heterogeneous samples (Figure A3). The superior performance of SVR may be attributed
to its ability to model complex nonlinear relationships through kernel functions while
controlling model complexity based on the structural risk minimization principle. This
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characteristic is particularly useful for prior-guided LAI estimation, where the generated
reflectance–LAI samples may be heterogeneous, unevenly distributed, and affected by
uncertainties inherited from prior LAI products. Compared to the other algorithms evalu-
ated in this study, SVR exhibited a stronger generalization capability on the independent
testing dataset. This finding suggests that systematic model assessment is necessary for
selecting robust retrieval algorithms in prior-guided LAI estimation. Furthermore, the
uncertainty in decametric-resolution LAI estimation can be further reduced from 1.001 to
0.757 by selecting the optimal spectral bands based on the SVR method (Figure 7). This
result suggests that fixed band combinations may limit the effectiveness of prior-guided
LAI retrieval methods.

The comparison with existing LAI products further illustrated the implications of the
proposed MSDI framework. Compared to SL2P LAI, MSDI LAI had a higher accuracy,
which makes it more suitable for fine-scale applications (Figure 8). Meanwhile, MSDI
LAI was promising as an input for multi-scale land surface models because its spatial
distribution exhibited good consistency with MODIS LAI products (Figure 9). In contrast
to the direct application of the MODIS LAI retrieval algorithm at decametric resolution,
the proposed MSDI framework offered superior accuracy and efficiency. Moreover, the
SHAP analysis quantified the contributions of individual bands, providing direct insight
into the biophysical relevance of the optimized LAI estimation. The results indicated
that RE and SWIR bands dominated model predictions, consistent with their well-known
sensitivity to canopy chlorophyll, water content, and structural properties [60–62]. This
model interpretability increases confidence in the robustness of the MSDI framework and
highlights the importance of systematically optimized prior-guided retrieval methods. The
proposed MSDI framework can, thus, be readily adapted to other regions and various
satellite sensors across multiple spatial scales.

5.3. Uncertainty in LAI Estimation and Recommendations for Future Research

To further improve decametric-resolution LAI estimation, several issues can be ex-
plored in further studies. First, although 20 m reflectance–LAI sample datasets were
generated from vegetation pixel selection and matching, spatial aggregation, CV filtering,
and IQR-based screening, the effect of sample size on model performance was not fully
analyzed. As shown in Figure A3, model accuracy improved and stabilized when training
samples exceeded 26%, which confirms the suitability of using 80% of samples for model
training. Furthermore, given the sufficient sample size, future work could explore deep
learning models to improve the accuracy as well as the spatiotemporal generalization capa-
bilities of the proposed MSDI framework [63,64]. Second, the LAI samples were derived
from the MODIS LAI product in the MSDI method so that the inherent uncertainty of
the MODIS LAI product would inevitably be introduced into the decametric-resolution
LAI estimation. Although high-quality and relatively homogeneous MODIS pixels were
selected for sample generation, uncertainties in the prior LAI product and the smoothing
effect of coarse-resolution observations may still be propagated into the trained retrieval
model. This inherited uncertainty may contribute to the tendency of the retrieved LAIs to
overestimate low values and underestimate high values, as observed in Figures 8 and 10.
Meanwhile, the uneven distribution of the generated samples and spectral saturation effect
under dense canopy conditions may reduce the model’s sensitivity to high LAIs. Therefore,
incorporating more representative high-LAI samples and other high-accuracy LAI products
is necessary to further improve the performance of the MSDI method, which should be
explored in future studies. Third, the derived LAI samples of all vegetation types were
utilized to train the MSDI method in this study. The differences in canopy structures may
lead to the inconsistent performance of MSDI LAI estimates among various vegetation
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types. Thus, the LAI retrieval algorithm that incorporates an optimal model over different
vegetation types will be investigated to further improve the accuracy of the derived LAI
maps. Fourth, the performance of the MSDI framework was assessed using a limited
number of ground LAI measurements from a few observation dates across various regions
due to the insufficient availability of the validation dataset. Moreover, although ground
LAI measurements were not involved in the model training, their use in band selection
may have introduced a certain degree of optimistic bias into the final evaluation results.
Future studies should incorporate more representative ground LAI measurements across
different regions, vegetation types, and observation dates or use separate datasets for band
selection and final validation. Finally, due to the limited revisit period and cloud contami-
nation of Sentinel-2 images, it is challenging to estimate decametric-resolution LAI for all
critical growth stages. Other existing satellites, such as Landsat-8/9 and Gaofen-1/6 [65],
also provide a substantial number of decametric-resolution observations. Therefore, the
issues of spectral characteristics and spatial resolutions among different sensors will be
addressed to achieve the goal of cross-sensor synergy for the generation of high-frequency
LAI estimates.

6. Conclusions
A high-accuracy decametric-resolution LAI dataset with good consistency across

different spatial scales is the prerequisite for multi-scale land surface modeling and fine-
scale vegetation monitoring. In this study, we developed an interpretable multi-source
data integration (MSDI) framework to systematically optimize prior-guided decametric-
resolution LAI estimation using Sentinel-2 observations and MODIS LAI products. The
MSDI framework consists of three sequential components: generating a 20 m reflectance–
LAI sample dataset, systematically optimizing the LAI retrieval process, and performance
evaluation and model interpretation. First, a representative 20 m reflectance–LAI sample
dataset was generated from Sentinel-2 observations and MODIS LAI products based on
vegetation pixels selected from multi-scale land cover maps. Second, six ML algorithms,
namely, KRR, ANNs, RFR, SVR, GPR, and kNN, were adopted to determine the best LAI
estimation algorithm based on the selected LAI samples and ground LAI measurements.
Third, the optimal band combination for LAI estimation at resolutions of 10 m and 20 m
was identified. Finally, the performance of the MSDI framework was carefully evaluated
using ground LAI measurements and intercompared with SL2P LAI, the MODIS LAI
product, and 30 m LAI reference maps to assess accuracy, spatial consistency, and the
effects of spatial heterogeneity. In parallel, the SHAP method was employed to interpret
optimized LAI retrieval model behavior by quantifying individual band contributions. The
results suggested that SVR exhibited the best overall performance among the evaluated
ML algorithms for decametric-resolution LAI estimation based on the available ground
LAI measurements, which were dominated by cultivated land but also included forest,
grassland, and shrubland samples. The combinations of two bands (red and NIR) and
five bands (red, NIR, RE2, SWIR1, and RE3) demonstrated the best performance for LAI
estimation at 10 and 20 m, respectively. The derived MSDI LAI estimates showed better
agreement with the ground LAI measurements compared to SL2P LAI, with R2, Bias, and
RMSE values of 0.76, 0.26, and 0.71, respectively. Furthermore, the 20 m MSDI LAI maps
showed overall consistency with the 30 m LAI reference maps, as well as the MODIS
LAI products, while significantly reducing the impact of spatial heterogeneity within
the 500 m pixel grid. Importantly, the SHAP-based quantitative analysis confirmed that
the dominant contributions of the RE and SWIR bands to LAI retrieval are consistent
with their sensitivity to canopy biophysical properties. This study demonstrates that the
proposed MSDI establishes a systematically optimized and interpretable prior-guided
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framework for decametric-resolution LAI estimation. By substantially improving retrieval
accuracy, ensuring spatial consistency, and enabling model interpretability, MSDI provides
a valuable approach for vegetation monitoring and ecological modeling with consistent
and high-accuracy LAI datasets across multiple spatial scales.
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Appendix A

Figure A1. SHAP-based interpretation of the SVR model for LAI estimation. (a) Mean absolute SHAP
values (global feature importance) of each spectral band. (b) Beeswarm plot showing the distribution
of SHAP values for each spectral band based on a subset of 300 samples.

Figure A2. Mean absolute SHAP values of individual spectral bands under low (0–2.5), medium
(2.5–5), and high (≥5) LAI conditions.
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Figure A3. The variations in RMSE (upper panel) and R2 (middle panel) on LAI estimation as the
training dataset size within the total samples increases (lower panel).
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