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Abstract

Satellite-retrieved solar-induced chlorophyll fluorescence (SIF) provides an advanced proxy
for global vegetation productivity. Recently, new high-quality remote sensing SIF datasets
and reanalysis products have significantly advanced the application of SIF. However, the
lack of long-term, daily resolution datasets continues to limit the precise exploration of
vegetation dynamics, primarily due to challenges in daily modeling accuracy, substan-
tial data volume, and computational demands. In this study, supported by the Google
Earth Engine (GEE) platform, we developed a data-driven approach based on the Mov-
ing Spatial-Temporal Window Sampling (MSTWS) strategy for reconstructing long-term
daily SIF. By learning the relationship between high-spatial-resolution Orbiting Carbon
Observatory (OCO)-3 SIF and MODIS surface reflectance, we established a spatially and
temporally specific daily prediction model for each day of the year (DOY), reconstructing
the long-term daily OCO-3 SIF (DOSIF) from 2001 to the present with a global contiguous
distribution. The prediction framework demonstrated robust performance with an R? of
0.92 on the training set and 0.81 on the validation set, indicating strong predictive ability
and resistance to overfitting. Systematic evaluation of the dataset showed that DOSIF
accurately captures the expected spatiotemporal distribution patterns. Cross-sensor valida-
tion with independent airborne SIF measurements further enhanced the reliability of the
DOSIF dataset.

Keywords: SIF; daily; OCO-3; data driven; Google Earth Engine; global contiguous

1. Introduction

Solar-induced chlorophyll fluorescence (SIF) retrieved from satellite-based hyperspec-
tral data provides a novel approach to monitoring global vegetation productivity [1-3].
Numerous studies have demonstrated that satellite-based SIF observations yield more
accurate estimates of gross primary productivity (GPP) than traditional reflectance-based
approaches [4-11]. This superiority of SIF lies in its direct linkage to the physiological
process of photosynthesis, reflecting the actual intensity of photosynthetic activity [3,12]. In
contrast, conventional indices such as the Normalized Difference Vegetation Index (NDVI),
Enhanced Vegetation Index (EVI), and Near-Infrared Reflectance of Vegetation (NIRv) and
structural metrics like the Leaf Area Index (LAI), which are widely used as proxies for vege-
tation productivity, are indirect indicators that reflect the potential for photosynthesis rather
than its actual occurrence [5,7,13-16]. The successful retrieval of SIF via remote sensing has
provided an unprecedented tool for monitoring vegetation productivity dynamics on large
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spatiotemporal scales. Currently, various satellites, including SCHIAMACHY, GOME-2,
0OCO-2, TanSat, OCO-3, TROPOMI, and the recently launched FLEX, are capable of provid-
ing SIF data [1,3,11,17-19]. However, due to the operational parameters and configurations
of these satellites, the spatial and temporal resolution and completeness of the coverage
vary significantly, leading to limitations in data quality. Early missions like SCHIAMACHY
and GOME-2 were severely constrained by low spatial resolution and incomplete temporal
coverage [1,20]. The advent of satellites such as OCO-2, OCO-3, and TanSat has substan-
tially alleviated these limitations, particularly in spatial resolution [11,18,19]. The latest
TROPOMI SIF data provide an unprecedented balance of resolution and coverage, offering
products with daily temporal resolution and spatial resolution as fine as 1 km, significantly
reducing constraints on remote sensing SIF applications [11,12,21-25].

Over the past 40 years, substantial remote sensing data closely related to vegetation
indicators have accumulated, including canopy reflectance data, environmental indices,
and various disaster and extreme climate event data. The potential value embedded in
these historical data remains underexplored. These datasets may hold key insights into
significant issues such as the mechanisms of climate change and vegetation productivity
response, the impact of human activities on vegetation, and global vegetation productivity
dynamics. In the era of big data and artificial intelligence, high-quality SIF datasets
that coincide with these historical observations could further advance research in these
areas [3,11,12,21-25]. However, the current satellite SIF data do not fully meet these needs
due to their limited spatiotemporal coverage. For instance, OCO-2 and OCO-3 provide
high-spatial-resolution data but are constrained by a 16-day revisit cycle and sparse spatial
coverage [11,18,20,26,27]. Although TROPOMI represents advancements in SIF retrieval
with improved spatial and temporal resolutions, challenges remain—particularly regarding
missing observations and inconsistencies in data quality. Moreover, the relatively short
time span of TROPOMI SIF data further limits their application for long-term historical
analyses [17,27,28].

One viable solution to address these limitations is to reconstruct unobserved SIF signals
across time and space using data-driven models based on available satellite SIF data. Over
the past few years, numerous SIF reconstruction datasets have been developed, significantly
mitigating some of the data-quality constraints. For example, the SIF_OCO2_005 product
provides globally continuous coverage, addressing the issue of spatial gaps in OCO-2
data [26]. However, its 16-day temporal resolution and the inherent temporal limitations
of satellite data remain unaddressed. Long-term datasets such as SIF_005 and GOSIFE,
which span over 20 years, offer valuable records but are limited to monthly or 8-day
temporal resolutions, which are insufficient for short-term vegetation stress studies [20,29].
In such cases, tasks with high temporal resolution requirements often resort to temporal
interpolation or curve-fitting methods, which can compromise data certainty. Therefore, a
dataset that simultaneously meets the demands for extended temporal coverage and high
temporal resolution would significantly advance the application of SIF data in vegetation
productivity dynamics research.

However, establishing a daily SIF prediction model presents several challenges: (1) The
vast amount of feature data, including multiband surface reflectance and various reanalysis
datasets commonly used in data-driven models, leads to an enormous data volume in
long-term daily SIF reconstruction tasks. (2) There are significant computational demands,
as the large data volume requires substantial computational resources for effective model
training and prediction, potentially exceeding those of conventional data-driven tasks.
(3) There is a trade-off between model specificity and robustness, which is perhaps the most
critical challenge [20,26]. Given the primary goal of daily resolution data reconstruction—to
maintain the authenticity of data under specific spatiotemporal conditions—the challenge
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is to balance model robustness with specificity [26]. Broad models in machine learning may
offer stable performance but often lose spatiotemporal specificity, while models trained
on highly focused data may suffer from overfitting and lack diversity due to the limited
scope of the training data, compromising robustness. This is a key consideration for studies
attempting spatiotemporal-specific modeling [20,26].

In light of these challenges, we aim to develop a data-driven framework that balances
model specificity and robustness for reconstructing a globally consistent, long-term, and
high-spatiotemporal-resolution SIF product at a daily scale. Specifically, we pursue the
following objectives: (1) to generate a daily OCO-3 SIF (DOSIF) dataset spanning from 2001
to the present at a spatial resolution of 0.05°; (2) to systematically evaluate the reconstruction
framework, including a comparative analysis of machine learning algorithms to empirically
determine and justify the final choice of algorithm, an assessment of performance across
diverse biomes to demonstrate stability, and benchmarking of the proposed Moving Spatial—-
Temporal Window Sampling (MSTWS) strategy against a universal modeling approach
to validate its effectiveness; (3) to rigorously validate the prediction accuracy of DOSIF
through standard machine learning validation, visual assessment of spatial patterns, and
cross-sensor evaluation with independent airborne SIF measurements.

2. Materials and Methods
2.1. Data

Our overall approach is to apply a data-driven method to establish a model capable of
predicting historical SIF values on a daily basis and systematically evaluate its performance.
To achieve this goal, we require access to target SIF values, feature data for the model,
spatiotemporal control data, and data for cross-sensor validation. Table 1 summarizes
all datasets used in this study along with their key attributes. The following subsections
describe the details of each dataset.

Table 1. Datasets used in this study.

Spatial Temporal Spatial Temporal
Data Source Resolution Resolution Coverage Span Role
Spaceborne . 2 . Striped local Target
SIE OCO-3SIF 1.3 x 2.25km Daily coverage 2019 to 2023 variable
Surface MCD43A4 500 m Daily Global 2000-2024 ~ Predictive
reflectance contiguous features
Training and
Land cover MCDI12C1 5600 m Yearly Global 20002024 prediction
Version 6 contiguous : .
configuration
Independent . . Cross-sensor
airborne SIF CFIS SIF <<0.05-degree Daily Regional 2016 ovaluation

2.1.1. SIF Data

In this study, we used the latest OCO-3 SIF data from 2019 to 2023 as the target
variable. The OCO-3 satellite provides high-quality solar-induced chlorophyll fluorescence
(SIF) products at a spatial resolution comparable to our target of 0.05 degrees. Its sample
size and spatiotemporal coverage adequately meet the requirements for our target data.
Furthermore, OCO-2/0CO-3 SIF data have been widely adopted as benchmark sources
for several existing reconstructed SIF datasets—such as SIF_005, GOSIF, and CSIF—whose
applicability in data-driven modeling is well established [20,26,29,30].

The original OCO-3 SIF dataset includes variables such as ‘SIF_740nm’, ‘Daily_SIF_740nm’,
‘Daily_SIF_757nm’, and ‘Daily_SIF 771nm’. Here, ‘SIF_740nm’ denotes the instantaneous SIF
intensity at 740 nm, while the ‘Daily_SIF_*’ variables represent the corrected daily mean SIF
values, which exhibit significantly lower uncertainty compared to the instantaneous retrievals
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and are thus more suitable for modeling. To ensure high data quality, we used the daily SIF
variables as they align better with our modeling objectives.

We implemented a three-step procedure to further screen high-quality observations
and reduce uncertainties:

1.  We first applied the quality control flag provided in the original OCO-3 SIF dataset to
filter out lower-quality retrievals, retaining only the highest-quality data.

2. We then performed cross-band noise reduction following the method of Sun et al. [12],
which effectively combines SIF observations at 757 nm and 771 nm to suppress random
noise. The formula is given as

SIngily =0.5x (SIF757nm +15x SIF771nm) (1)

3. To effectively reduce noise in SIF at the footprint scale that could impact the model,
we further applied a five-nearest-neighbor smoothing technique, as suggested by Yu
et al,, to generate training data [26]. The following formula illustrates this method.

5
S1Fsmoothed = 0.2 X Zi:l SIquilyi 2)

where SIFy,, represents the i-th daily observation among the five nearest neigh-
boring footprints to the target SIF footprint. According to Yu et al., the five-nearest-
neighbor footprints align well with the target resolution, and the processed data can
enhance the model’s future stability [26].

2.1.2. MODIS Surface Reflectance

To accurately match the daily scale OCO-3 SIF data during model training and to
provide a high-quality daily resolution feature set during prediction, we utilized MODIS
Bidirectional Reflectance Distribution Function (BRDF)-corrected 7-band surface reflectance.
MCD43A4 offers daily 500 m resolution data with over 20 years of temporal coverage,
making it the only data source capable of providing effective features without the need for
reanalysis [30]. During the modeling phase, all 500 m resolution MCD43A4 pixels within
the SIF footprint will be averaged to match the target variable for training. During the
prediction phase, MCD43A4 will be resampled to 0.05 degrees to produce the reconstructed
SIF dataset. All seven bands of data will be used for both training and prediction.

2.1.3. Land-Cover Data

We used the annual MCD12C1 Version 6 land-cover data, which are globally available
at a 0.05-degree (approximately 5.6 km) spatial resolution. This native resolution aligns
with our target grid for the DOSIF product [31]. Specifically, we used the International
Geosphere-Biosphere Programme (IGBP) classification system within the MCD12Q1 dataset
along with location information to guide the spatial division of the model. The modeling
and prediction processes were applied only to vegetated areas, while non-vegetated regions
such as water bodies, snow and ice, deserts, and impervious surfaces were excluded.

2.1.4. CFIS SIF Data for Cross-Sensor Evaluation

The Carbon Flux Imaging Spectrometer (CFIS) mission is an independent airborne
SIF dataset, offering high-fidelity, direct observations of solar-induced chlorophyll fluores-
cence, making it an ideal benchmark for evaluating the effectiveness of our data-driven
reconstruction framework under the MSTWS strategy [11]. This study used all CFIS cam-
paigns conducted in 2016 to validate DOSIF, where it was co-located with CFIS flights. To
achieve this, we spatially aggregated the CFIS SIF to match the 0.05° resolution of DOSIF.
CFIS retrieves SIF at 755 nm, which is roughly 12% higher in magnitude than OCO-2’s



Sensors 2025, 25, 6771

50f17

757 nm [32]. We thus applied a 1/1.12 scaling factor to CFIS SIF prior to comparison with
DOSIE. The following formula illustrates this method.

SIFCFIS_dail
SIFCFIS_corrected = 1712_my (3)

2.2. Methods
2.2.1. Modeling Strategy

Our data reconstruction framework is based on establishing a mapping relationship
between SIF and surface reflectance. Two principal strategies can be employed for this
purpose: the universal strategy and the spatiotemporal-specific strategy.

The universal strategy involves constructing a general model using either all available
samples or a sufficiently large random subset that meets the model’s requirements and
computational expectations. Once trained, such a model can predict SIF values at any
spatiotemporal location. This approach is computationally efficient, as it requires only a
single training procedure to support all subsequent predictions. It also benefits from a large
and diverse sample pool, which enhances the model’s generalization ability and stability.
However, a major limitation of this strategy is its neglect of spatiotemporal specificity in
the SIF-reflectance relationship, which can vary with vegetation type and environmental
stress. To preserve robustness, the universal model inevitably sacrifices a certain degree of
this specificity.

In contrast, the spatiotemporal-specific strategy involves sampling within defined
spatial and temporal domains to capture context-dependent mapping patterns, thereby
enabling more accurate predictions under specific conditions—an approach whose effec-
tiveness has been validated in earlier studies. In previous work, sampling was generally
conducted at fixed intervals aligned with the target temporal resolution, such as monthly or
16-day composites. Since the target datasets in those studies had relatively coarse temporal
resolutions, this method could still ensure adequate sample size and diversity and thus
balance specificity with generalization.

While the spatiotemporal-specific strategy is recognized for its superior performance
and is adopted in this work, its direct application is challenged by the daily resolution of the
DOSIF target. At this fine temporal scale, the samples from OCO-3 are inherently limited in
number and diversity and are insufficient for constructing multiple robust models across
different spatiotemporal divisions. Therefore, we propose a Moving Spatial-Temporal
Window Sampling (MSTWS) strategy, which focuses on predicting DOY-specific SIF values.
Instead of attempting to model every single day from 2001 to the present, we model each
DOY (day of the year). Each DOY model can then be used to predict the SIF for the same
DOY in any year.

Specifically, by using a moving temporal window, we collect data from a total of
16 days around each target DOY (i.e., the target DOY itself, the 7 days before, and the 8 days
after) across all available years. These samples serve as the training data for that specific
DOY. We further refine this approach by applying the sub-biome-level spatial division
strategy proposed by Yu et al. (as detailed in Table 2) to conduct spatiotemporal-specific
training [28]. This method integrates data from multiple years, ensuring an adequate sam-
ple size while moderately increasing sample diversity. It achieves a balance between model
specificity and robustness, thereby enhancing the stability of the model’s performance. The
MSTWS strategy, with its combination of temporal and spatial controls, effectively provides
high-quality training samples for the daily prediction model.
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Table 2. The sub-biome-level spatial division strategy.

Biome Types Sub-Biomes Model ID
NH 1
NF SH 2
Amazon 3
EBF Congo 4
Southeast Asia 5
DBF SH :
SHR SH 5
NH 10
SAV SH 11
NH 12
GRA SH 13
North America 14
South America 15
Europe 16
CRO Africa 17
Asia 18
Australia 19

NF: Needleleaf Forest. EBF: Evergreen Broadleaf Forest. DBF: Deciduous Broadleaf Forest. SHR: Shrubland.
SAV: Savannas. GRA: Grassland. CRO: Croplands. NH and SH denote the northern and southern hemispheres,
respectively. The Model ID is consistent throughout the text and all figures in this paper.

For example, in the modeling process for DOY September 1st, the SIF data used
include all available data between August 25th and September 9th from all years (2019 to
2023) within the temporal window. Figure 1 illustrates the implementation process of the

MSTWS strategy.

JANL 7 16-days moving window T

i pdE 3 % 3 & 3 i ¢ 1 8 3§ 2
\ Target DOY /

Temporal Sampling Control ﬁ

[ MSTWS Modeling Strategy ]

@ Spatial Sampling Control

é?f
K 1 Model ID 19 J

Figure 1. MSTWS strategy of sampling in the reconstruction of DOSIFE.
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2.2.2. Machine Learning Algorithm Selection

In the reconstruction of SIF data, Artificial Neural Networks (ANNs) and Random
Forest (RF) are the most commonly used methods. Many existing datasets have utilized
one of these two approaches, such as SIF_005 [20], which employs RFE, and SIF_OCO2_005,
which utilizes an ANN [26]. The ANN is a powerful tool for modeling complex non-linear
relationships, making it well-suited for tasks involving large, high-dimensional datasets like
SIF [20,26,33]. It learns directly from data, automatically adjusting its internal parameters
to minimize prediction errors. RF, on the other hand, is an ensemble learning method that
combines multiple decision trees to improve prediction accuracy and robustness [34]. It
is particularly effective in handling data with a large number of features and can provide
estimates of feature importance [20].

CatBoost is a relatively new gradient-boosting algorithm that has gained attention for
its ability to control overfitting and adapt well to diverse datasets. It is particularly effective
in handling categorical features and can achieve high accuracy with less tuning compared
to other boosting algorithms. CatBoost’s ability to provide robust predictions with fewer
adjustments makes it increasingly popular in geoscientific variable prediction tasks [35,36].

In this study, Artificial Neural Networks (ANNs), Random Forest (RF), and CatBoost
were implemented as competing candidate algorithms. Our objective was not to demon-
strate the inherent superiority of any specific algorithm, but to establish a robust technical
workflow that systematically evaluates multiple algorithmic options. Through an auto-
mated hyperparameter tuning process, the optimal algorithm-parameter combination was
determined based exclusively on cross-validation performance. This approach ensures that
selection is objectively guided by empirical validation results rather than predetermined
assumptions, thereby enhancing the reliability of the modeling framework.

2.2.3. Training and Prediction Configuration

For samples selected through the MSTWS strategy, a random subset of 5000 samples
was chosen for training. If the available samples numbered fewer than 5000, all samples
were used. In cases where the sample size was too small (fewer than 100), model training
was not performed. If any models were not trained due to insufficient samples after training
the 19 models for each DOY, a universal model was trained using the combined data for
that DOY as a substitute for predictions. The dataset was split into training and validation
sets at a 70:30 ratio.

During model training, a 5-fold cross-validation approach was employed to optimize
model hyperparameters, ensuring that the most suitable configuration was found for future
SIF predictions. For the ANN model, the hyperparameters tuned included the number
of hidden layers, number of neurons per layer, learning rate, activation function, and
regularization parameters. For the RF model, hyperparameters included the number of
trees, maximum depth of each tree, minimum samples split, maximum features considered
for splits, and bootstrap options. For the CatBoost model, hyperparameters included the
number of boosting iterations, learning rate, depth, L2 regularization, and the use of one-hot
encoding for categorical features. The best-performing model identified through cross-
validation was used for the final SIF predictions for the specific DOY and corresponding
spatiotemporal context.

To control the robustness of a specific model, we only train a model if its sample size
is more than 1000. If the number is less than 1000, we ignore it. When predicting, the
ignored spatiotemporal models will be replaced by the nearest-date model with the same
spatial configuration.
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2.2.4. Evaluation Methods

To systematically and comprehensively evaluate the generated data, we performed
machine learning regression assessments using reserved test samples that were not involved
in the training process. The evaluation metrics included the root mean square error (RMSE)
and the coefficient of determination (R?). Additionally, we conducted visual assessments of
spatial distribution patterns and temporal series to further evaluate the data. Finally, we
compared predicted SIF with independent airborne measurements from CFIS, which was
specifically designed by the OCO-2 team to validate OCO-2 SIF retrieval.

2.2.5. Cross-Biome Performance Assessment

To evaluate the performance of the proposed framework across different ecological
contexts, we conducted a comprehensive assessment using the sub-biome classification
system presented in Table 2. The reserved validation dataset was systematically stratified
according to these biome categories, enabling us to examine the predictive accuracy of all
three candidate algorithms—ANN, RF, and CatBoost—within each distinct vegetation type.

This analytical approach provides critical insights into two key aspects: First, it
reveals how prediction accuracy varies across different biomes, highlighting potential
challenges in specific ecological contexts. Second, it facilitates a direct comparison of
algorithmic performance under consistent evaluation conditions. Most importantly, this
stratified validation allows us to objectively verify whether the automatically selected
optimal algorithm demonstrates consistent robustness across diverse ecosystems, thereby
validating the rationality of our algorithm selection process and the general applicability of
our modeling framework.

2.2.6. Strategy Comparison

To quantitatively evaluate the effectiveness of the proposed Moving Spatial-Temporal
Window Sampling (MSTWS) strategy, we conducted a systematic comparison with a
universal modeling approach. The universal model was trained on all available sam-
ples aggregated across all dates and locations, representing a conventional data-driven
methodology that prioritizes generalization over spatiotemporal specificity. Both strategies
were implemented and evaluated under identical conditions to ensure a fair comparison:
(1) using the same underlying data sources (OCO-3 SIF and MODIS MCD43A4 reflectance);
(2) applying the same data-quality control procedures; (3) utilizing the same algorithm
with consistent hyperparameter optimization; (4) evaluating performance on the same
independent validation dataset.

The comparative analysis focused on multiple performance metrics, including the
coefficient of determination (R?), root mean square error (RMSE), and slope of the regres-
sion line. This comparison was specifically designed to assess whether the additional
complexity of the MSTWS strategy yields significant improvements in prediction accuracy
and robustness.

2.2.7. Computational Environment

The task of processing daily data from 2001 to the present, particularly the seven
bands of 500 m resolution MCD43A4 data, poses significant challenges for traditional
data-processing methods. Fortunately, the Google Earth Engine (GEE) provides cloud-
based data storage, object-based computation, and a highly concurrent computing
environment [37-39]. All feature generation steps were completed using GEE, includ-
ing feature matching for training data and the generation of global daily features spanning
over 20 years. Data preprocessing, cleaning, and organization, as well as model training,
were conducted in the Python 3.9 environment. Model training utilized parallel comput-
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ing in Python and Google Colab [40]. The seamless integration of Python’s modeling
capabilities with GEE’s cloud-based data handling and large-scale data processing en-
sured smooth operation of the entire framework. Figure 2 shows the workflow of the
DOSIF reconstruction.

Google Earth

P Engine l
Data Acquisition > MSTSW i
MCDA43A4 and Preprocessing sampling

/ @EO=3 5|k

; l

Google Colab

/ MCD12C1

Algorithm
—®  comparison and
parameter tuning

Typical machine
learning i —

Python parallel

validation com;lutlng
y DOSIF .
Spatial pattern | o | (0.05°, daily, Optimal _rnodel
evaluation 2001-2024) selection

Cross-sensor
evaluation - 7 S /

Figure 2. Workflow of the DOSIF reconstruction.

3. Results
3.1. Overall Performance of Prediction Framework

Through our predefined automated model selection and hyperparameter optimization
framework, CatBoost was automatically identified as the final modeling algorithm for
predicting DOSIE. The aggregated results from both the training and validation datasets are
summarized in Figure 3. For the training set, the overall prediction statistics are R? = 0.92,
RMSE = 0.05 Wm~2 um~! sr~!, and slope = 0.94. For the validation set, the corresponding
results are R% = 0.81, RMSE = 0.07 Wm 2 um’l sr~1 and slope = 0.91. These results indicate
that the model framework is able to achieve a consistently strong predictive performance
under the MSTWS sampling strategy. Notably, the relatively small performance gap
between the training and validation sets highlights CatBoost’s effectiveness in resisting
overfitting and maintaining generalization across diverse conditions. This underscores the
robustness and reliability of the proposed approach in reconstructing high-resolution, daily
SIF data at the global scale.
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Figure 3. Performance of prediction framework: (a) training dataset; (b) validation dataset. The
dataset was split into training and validation sets at a 70:30 ratio.

3.2. Comparison of Machine Learning Algorithms Across Sub-Models

Figure 4 presents the performance comparison of the three machine learning
algorithms—Artificial Neural Networks (ANNs), Random Forest (RF), and CatBoost—across
all sub-models defined in Table 1. The analysis reveals the following key findings.

wessss CatBoost
—— MLP

i T Mode | 19 R s RF
{ e —ode| 15—

1 TN Mode | 17 [—
- T N Mode | 16 [N

1 e Mode | 15 ESSS_—TU0U1
- NN Mode | 14 [N—

1 5 e Mode | 13 [——

- e NN Mode | 12 | ——

- e NN Mode | 11 [

- e W Mode | 10 |G
r— 0 Mode | 9 T

- e W Mode | 8 [

1 e N Mode | 7 [ —
- SR Vode | 6 .

1 5 N Mode | 5 —

1 NN Mode | 4 |NE———

. T Vode| 3

- Model 2

- e R Mode | 1

- NN, Overal | —

D

Mode |

T T T T T T T T T T
1.0 0.8 0.6 0.4 0.2 0.0 0.2 0.4 0.6 0.8 1.0

R2

Figure 4. Comparison of machine learning algorithms across sub-models. For some models, data are
missing due to insufficient training samples below our preset threshold.
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The model’s performance varies across different sub-models in both training and
validation datasets. While most sub-models exhibit good predictive capability, some vege-
tation types under specific spatiotemporal conditions show relatively poor performance.
For example, croplands in Australia and shrublands in the southern hemisphere exhibit
consistently lower R? values across all three algorithms. This may indicate more com-
plex or non-linear relationships between surface reflectance and SIF in these regions or
phenological phases.

RF generally outperforms the other algorithms in terms of training accuracy, partic-
ularly for high-productivity vegetation types such as forests and croplands. For many
sub-models, all algorithms achieve training R? values above 0.90, but RF typically yields
slightly higher scores, likely due to its ensemble learning structure and ability to capture
complex patterns in the training data.

Despite slightly lower training performance in some cases, CatBoost demonstrates
the best generalization ability across the majority of sub-models as evidenced by its supe-
rior validation R? scores. This highlights CatBoost’s strength in resisting overfitting and
maintaining robustness across diverse vegetation types and environmental conditions.

Certain models could not be trained due to data unavailability on specific days.
This issue was anticipated in our methodology. To address this in the operational data
production phase, we propose substituting missing models with those trained for the same
sub-region and vegetation type from the nearest available day of the year (DOY).

Based on these comparative results and our framework’s emphasis on both predictive
accuracy and model stability, CatBoost was selected automatically as the final machine
learning algorithm for training each sub-model corresponding to each DOY in the produc-
tion of the daily resolution SIF dataset.

3.3. Comparison Between the MSTWS and Universal Strategies

To evaluate the effectiveness of the MSTWS strategy, we compared the predictive
performance of two modeling approaches using the same reserved validation dataset: a
universal model, trained on all aggregated samples regardless of date or location, and
a DOY-specific model trained under the MSTWS strategy. The comparison results are
shown in Figure 5. For the universal strategy, the overall prediction statistics are R? = 0.81,
RMSE = 0.08 Wm~2 um~! sr~!, and slope = 0.87, while for the MSTWS strategy, the results
are R? = 0.85, RMSE = 0.07 Wm 2 um~! sr !, and slope = 0.93.

(a) Universal Strategy (b) MSTWS Strategy

7] 1.3 7]
..... vex o 30 Y= v 30
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Figure 5. Performance comparison: (a) universal strategy; (b) MSTWS strategy.

3.4. Spatial Pattern of DOSIF

As an illustrative example, Figure 6 shows the spatial pattern of DOSIF on 1 August
2023. This date corresponds to the peak of the growing season for most vegetation in
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the northern hemisphere. The high SIF values captured by DOSIF reflect the expected
seasonal contrast between hemispheres and highlight regions of high vegetation produc-
tivity, including temperate and tropical croplands. Prominent examples include the U.S.
Midwest Corn Belt and major agricultural zones in Asia, where photosynthetic activity
often exceeds that of tropical forests during peak growth periods. Moderate SIF values
are observed over deciduous broadleaf forests (DBFs) and high-latitude needleleaf forests
(NFs), while low SIF values appear in arid and sparsely vegetated areas of the southern

hemisphere during its austral winter. These spatial distributions are consistent with the
patterns of gross primary productivity (GPP) reported in previous studies [20,26,41]. The
spatial visualization of DOSIF on this date supports the prediction statistics discussed
earlier and demonstrates the dataset’s ability to resolve fine-scale spatiotemporal variability
at daily and 0.05-degree resolution.

90°S

180°

0.0

0.2 0.3 0.4 0.5 0.6 0.7 0.8
SIF Predicted Value(Wm ~2um ~1sr—1)

Figure 6. Spatial pattern of DOSIF on 1 August 2023.

3.5. Cross-Sensor Validation with Independent CFIS SIF

To further validate the accuracy and reliability of the reconstructed DOSIF dataset,
we performed a cross-sensor comparison using independent airborne SIF measurements
from the Carbon Flux Imaging Spectrometer (CFIS) mission. This airborne dataset offers
high-fidelity, direct observations of solar-induced chlorophyll fluorescence, making it
an ideal benchmark for evaluating the effectiveness of our data-driven reconstruction
framework under the MSTWS strategy. The validation results are presented in Figure 7.
The model achieved the following prediction statistics against CFIS observations: R? = 0.75,
RMSE = 0.11 W-m~2.um~!-sr~!, and slope = 0.96. Given the challenging nature of cross-
sensor validation—especially with high-precision airborne measurements—the obtained
results are considered robust and satisfactory. These findings provide compelling evidence
for the effectiveness of our MSTWS-based modeling approach in reconstructing long-term,
daily resolution SIF with both spatial and temporal fidelity. The consistency with CFIS
further reinforces the scientific credibility and practical utility of the DOSIF dataset.
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Figure 7. Cross-sensor validation using independent airborne CFIS SIF.

4. Discussion

The successful implementation of this framework demonstrates the effectiveness of
integrating cloud computing, parallel processing, and the novel Moving Spatial-Temporal
Window Sampling (MSTWS) strategy for large-scale daily SIF reconstruction. Through
seamless integration of the Google Earth Engine platform, Python-based parallel computing,
and multi-task concurrency in Google Colab, this study establishes a technically feasible
pathway to process massive spatiotemporal datasets and generate a globally contiguous
daily SIF product (DOSIF) at 0.05° resolution spanning 2001-2024.

The overall prediction framework demonstrates robust performance, with R? values
of 0.92 (training) and 0.81 (validation), comparing favorably with existing SIF reconstruc-
tion datasets—particularly noteworthy given the more challenging task of daily resolu-
tion modeling. Cross-sensor validation with independent CFIS airborne measurements
(R? = 0.75) further confirms the framework’s effectiveness in capturing realistic SIF signals.
The results clearly demonstrate the superiority of the MSTWS strategy over the universal
modeling approach. The performance improvement can be attributed to the spatiotemporal
specificity inherent in the MSTWS design, which enables context-aware modeling that
better reflects local phenological patterns and vegetation—climate interactions through its
DOY-specific and sub-biome-aware sampling strategy.

Among the three machine learning algorithms evaluated, CatBoost was automatically
selected as the final model due to its consistently stable performance on the validation set,
where it demonstrated stronger resistance to overfitting and better robustness across diverse
conditions compared to ANN and RF, rather than any universal superiority. Cross-biome
analysis reveals consistent variations in prediction accuracy across different vegetation
types, with this pattern remaining stable across all algorithms. This phenomenon, also re-
ported in previous studies, likely stems from the varying strengths of the SIF-reflectance re-
lationship across different spatiotemporal contexts and biome characteristics [20,26]. Highly
productive vegetation in temperate regions shows the best model performance—possibly
because its reflectance exhibits a greater dynamic range across different SIF levels, making
it more responsive to photosynthetic potential.

Uncertainties in the framework originate from two primary sources: inherent
limitations in input data and methodological choices. All datasets employed—including



Sensors 2025, 25, 6771

14 of 17

OCO-3 SIF retrievals, MODIS surface reflectance, land-cover products, and CFIS
observations—contain their own uncertainties that may propagate through the processing
chain. While the five-nearest-neighbor smoothing of SIF data and spectral integration
likely reduce random noise, the empirical scaling of CFIS data may introduce additional
uncertainty in validation. Machine learning approximations also contribute inherent uncer-
tainty. However, it should be noted that DOSIF is designed for regional-scale applications
(0.05° grids) rather than point-level precision, making these uncertainties acceptable for its
intended use in monitoring vegetation dynamics at landscape to global scales.

5. Conclusions

In this study, we developed a novel Moving Spatial-Temporal Window Sampling
(MSTWS) framework to reconstruct a long-term, daily, and globally contiguous solar-
induced chlorophyll fluorescence (SIF) product—DOSIF—at 0.05° spatial resolution from
2001 to present. The proposed framework effectively balances model specificity and
robustness, enabling high-resolution SIF estimation with both spatial and temporal fidelity.

The following specific conclusions can be drawn from this work: (1) Machine Learning
Algorithm Performance: Among the three evaluated algorithms—Artificial Neural Net-
works, Random Forest, and CatBoost—CatBoost demonstrated the most consistent and
robust performance across diverse biomes and temporal conditions. Although it did not
always achieve the highest training accuracy, its superior generalization capability and
resistance to overfitting made it the most suitable algorithm for the global daily SIF recon-
struction task. (2) Influence of Biome Type: Model performance varied considerably across
different biome types. While most vegetation classes, particularly forests and croplands,
showed a strong predictive accuracy (R? > 0.85), certain regions with complex vegetation
structures or under environmental stress—such as shrublands in the southern hemisphere
and Australian croplands—exhibited relatively lower performance, highlighting the need
for further refinement in these areas. (3) Comparison Between Modeling Strategies: The
MSTWS strategy significantly outperformed the universal modeling approach, achieving
an R? of 0.92 compared to 0.85 for the universal model. This demonstrates the critical im-
portance of incorporating spatiotemporal specificity in high-resolution SIF reconstruction,
as the MSTWS strategy better captures local phenological patterns and vegetation—climate
interactions. (4) Validation and Consistency: Comprehensive validation confirmed the
reliability of the DOSIF dataset. The framework achieved an R? of 0.88 on the independent
validation set, and cross-sensor evaluation with airborne CFIS measurements yielded a
strong agreement (R? = 0.75). These results consistently support the capability of DOSIF to
accurately capture spatiotemporal patterns of vegetation photosynthesis across scales.

The DOSIF dataset generated in this study provides a valuable resource for monitoring
vegetation dynamics at high temporal resolution, particularly beneficial for detecting rapid
vegetation responses to environmental stresses, tracking fine-scale phenological changes,
and improving our understanding of carbon cycle dynamics. Future work will focus on
incorporating additional environmental variables and refining the modeling approach for
challenging biome types.
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Abbreviations

The following abbreviations are used in this manuscript:

SIF Solar-Induced Chlorophyll Fluorescence
MSTWS  Moving Spatial-Temporal Window Sampling
GEE Google Earth Engine

CFIS Carbon Flux Imaging Spectrometer

NDVI Normalized Difference Vegetation Index

EVI Enhanced Vegetation Index

NIRv Near-Infrared Reflectance of Vegetation

LAI Leaf Area Index

OCO Orbiting Carbon Observatory
DOSIF  Daily OCO-3 SIF

DOY Day of the Year

ANN Artificial Neural Networks

RF Random Forest

IGBP International Geosphere-Biosphere Programme
NF Needleleaf Forest

EBF Evergreen Broadleaf Forest

DBF Deciduous Broadleaf Forest

SHR Shrubland

GRA Savannas
CRO Grassland

SH Southern Hemisphere
NH Northern Hemisphere
BRDF Bidirectional Reflectance Distribution Function

References

1.  Kohler, P; Guanter, L.; Joiner, J. A Linear Method for the Retrieval of Sun-Induced Chlorophyll Fluorescence from GOME-2 and
SCIAMACHY Data. Atmos. Meas. Tech. 2015, 8, 2589-2608. [CrossRef]

2. Frankenberg, C.; Fisher, ].B.; Worden, ].; Badgley, G.; Saatchi, S.S.; Lee, ].-E.; Toon, G.C.; Butz, A.; Jung, M.; Kuze, A ; et al. New
Global Observations of the Terrestrial Carbon Cycle from GOSAT: Patterns of Plant Fluorescence with Gross Primary Productivity.
Geophys. Res. Lett. 2011, 38, L17706. [CrossRef]

3. Mohammed, G.H.; Colombo, R.; Middleton, E.M.; Rascher, U.; van der Tol, C.; Nedbal, L.; Goulas, Y.; Pérez-Priego, O.; Damm, A;

Meroni, M.; et al. Remote Sensing of Solar-Induced Chlorophyll Fluorescence (SIF) in Vegetation: 50 years of Progress. Remote
Sens. Environ. 2019, 231, 111177. [CrossRef] [PubMed]


https://www.earthdata.nasa.gov/data/catalog/lpcloud-mcd43a4-006
https://www.earthdata.nasa.gov/data/catalog/lpcloud-mcd43a4-006
https://oco2.gesdisc.eosdis.nasa.gov/data/OCO3_DATA/
https://oco2.gesdisc.eosdis.nasa.gov/data/OCO3_DATA/
https://www.earthdata.nasa.gov/data/catalog/lpcloud-mcd12q1-061
https://www.earthdata.nasa.gov/data/catalog/lpcloud-mcd12q1-061
ftp://fluo.gps.caltech.edu/data/CFIS
https://doi.org/10.5194/amt-8-2589-2015
https://doi.org/10.1029/2011GL048738
https://doi.org/10.1016/j.rse.2019.04.030
https://www.ncbi.nlm.nih.gov/pubmed/33414568

Sensors 2025, 25, 6771 16 of 17

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Wang, C.; Wu, Y;; Hu, Q.; Hu, J.; Chen, Y,; Lin, S.; Xie, Q. Comparison of Vegetation Phenology Derived from Solar-Induced
Chlorophyll Fluorescence and Enhanced Vegetation Index, and Their Relationship with Climatic Limitations. Remote Sens. 2022,
14, 3018. [CrossRef]

Pierrat, Z.; Magney, T.; Parazoo, N.C.; Grossmann, K.; Bowling, D.R.; Seibt, U.; Johnson, B.; Helgason, W.; Barr, A.; Bortnik, J.; et al.
Diurnal and Seasonal Dynamics of Solar-Induced Chlorophyll Fluorescence, Vegetation Indices, and Gross Primary Productivity
in the Boreal Forest. ]. Geophys. Res. Biogeosci. 2022, 127, €2021JG006588. [CrossRef]

Sun, Y,; Fu, R.; Dickinson, R.; Joiner, J.; Frankenberg, C.; Gu, L.; Xia, Y.; Fernando, N. Drought Onset Mechanisms Revealed by
Satellite Solar-Induced Chlorophyll Fluorescence: Insights from Two Contrasting Extreme Events. ]. Geophys. Res. Biogeosci. 2015,
120, 2427-2440. [CrossRef]

Chen, Z.-M.; Babiker, 1.S.; Chen, Z.-X.; Komaki, K.; Mohamed, M.A.A.; Kato, K. Estimation of Interannual Variation in Productivity
of Global Vegetation Using NDVI Data. Int. . Remote Sens. 2004, 25, 3139-3159. [CrossRef]

Huang, X.; Xiao, J.; Ma, M. Evaluating the Performance of Satellite-Derived Vegetation Indices for Estimating Gross Primary
Productivity Using FLUXNET Observations across the Globe. Remote Sens. 2019, 11, 1823. [CrossRef]

Cao, J.; An, Q.; Zhang, X.; Xu, S.; Si, T.; Niyogi, D. Is Satellite Sun-Induced Chlorophyll Fluorescence More Indicative than
Vegetation Indices under Drought Condition? Sci. Total Environ. 2021, 792, 148396. [CrossRef]

Xu, Y.; Li, X;; Du, H.; Mao, E; Zhou, G.; Huang, Z.; Fan, W.; Chen, Q.; Ni, C.; Guo, K. Improving Extraction Phenology Accuracy
Using SIF Coupled with the Vegetation Index and Mapping the Spatiotemporal Pattern of Bamboo Forest Phenology. Remote Sens.
Environ. 2023, 297, 113785. [CrossRef]

Sun, Y.; Frankenberg, C.; Wood, J.D.; Schimel, D.S.; Jung, M.; Guanter, L.; Drewry, D.T.; Verma, M.; Porcar-Castell, A.; Griffis,
T.J.; et al. OCO-2 Advances Photosynthesis Observation from Space via Solar-Induced Chlorophyll Fluorescence. Science 2017,
358, eaam5747. [CrossRef]

Sun, Y.; Frankenberg, C.; Jung, M.; Joiner, J.; Guanter, L.; Kohler, P; Magney, T. Overview of Solar-Induced Chlorophyll
Fluorescence (SIF) from the Orbiting Carbon Observatory-2: Retrieval, Cross-Mission Comparison, and Global Monitoring for
GPP. Remote Sens. Environ. 2018, 209, 808-823. [CrossRef]

Badgley, G.; Field, C.B.; Berry, ].A. Canopy Near-Infrared Reflectance and Terrestrial Photosynthesis. Sci. Adv. 2017, 3, e1602244.
[CrossRef] [PubMed]

Recuero, L.; Litago, ].; Pinzén, J.E.; Huesca, M.; Moyano, M.C.; Palacios-Orueta, A. Mapping Periodic Patterns of Global Vegetation
Based on Spectral Analysis of NDVI Time Series. Remote Sens. 2019, 11, 2497. [CrossRef]

Zhang, J.; Xiao, J.; Tong, X.; Zhang, J.; Meng, P; Li, J.; Liu, P,; Yu, P. NIRv and SIF Better Estimate Phenology than NDVI and EVTI:
Effects of Spring and Autumn Phenology on Ecosystem Production of Planted Forests. Agric. For. Meteorol. 2022, 315, 108819.
[CrossRef]

Gamon, J.A.; Huemmrich, K.F,; Stone, R.S.; Tweedie, C.E. Spatial and Temporal Variation in Primary Productivity (NDVI) of
Coastal Alaskan Tundra: Decreased Vegetation Growth Following Earlier Snowmelt. Remote Sens. Environ. 2013, 129, 144-153.
[CrossRef]

Kohler, P.; Frankenberg, C.; Magney, T.S.; Guanter, L.; Joiner, J.; Landgraf, J. Global Retrievals of Solar-Induced Chlorophyll
Fluorescence with TROPOMI: First Results and Intersensor Comparison to OCO-2. Geophys. Res. Lett. 2018, 45, 10,456-10,563.
[CrossRef]

Taylor, TE; Eldering, A.; Merrelli, A.; Kiel, M.; Somkuti, P.; Cheng, C.; Rosenberg, R.; Fisher, B.; Crisp, D.; Basilio, R.; et al. OCO-3
Early Mission Operations and Initial (vEarly) XCO2 and SIF Retrievals. Remote Sens. Environ. 2020, 251, 112032. [CrossRef]

Du, S.; Liu, L,; Liu, X,; Zhang, X.; Zhang, X.; Bi, Y.; Zhang, L. Retrieval of Global Terrestrial Solar-Induced Chlorophyll Fluorescence
from TanSat Satellite. Sci. Bull. 2018, 63, 1502-1512. [CrossRef]

Wen, J.; Kéhler, P; Duveiller, G.; Parazoo, N.; Magney, T.; Hooker, G.; Yu, L.; Chang, C.; Sun, Y. A Framework for Harmonizing
Multiple Satellite Instruments to Generate a Long-Term Global High Spatial-Resolution Solar-Induced Chlorophyll Fluorescence
(SIF). Remote Sens. Environ. 2020, 239, 111644. [CrossRef]

Li, X.; Xiao, J. TROPOMI Observations Allow for Robust Exploration of the Relationship between Solar-Induced Chlorophyll
Fluorescence and Terrestrial Gross Primary Production. Remote Sens. Environ. 2022, 268, 112748. [CrossRef]

Doughty, R.; Kéhler, P.; Frankenberg, C.; Magney, T.S.; Xiao, X.; Qin, Y.; Wu, X.; Moore, B. TROPOMI Reveals Dry-Season Increase
of Solar-Induced Chlorophyll Fluorescence in the Amazon Forest. Proc. Natl. Acad. Sci. USA 2019, 116, 22393-22398. [CrossRef]
[PubMed]

Yang, J.; Xiao, X.; Doughty, R.; Zhao, M.; Zhang, Y.; Kohler, P.; Wu, X.; Frankenberg, C.; Dong, ]. TROPOMI SIF Reveals Large
Uncertainty in Estimating the End of Plant Growing Season from Vegetation Indices Data in the Tibetan Plateau. Remote Sens.
Environ. 2022, 280, 113209. [CrossRef]

Qiu, R; Li, X,; Han, G.; Xiao, J.; Ma, X.; Gong, W. Monitoring Drought Impacts on Crop Productivity of the U.S. Midwest with
Solar-Induced Fluorescence: GOSIF Outperforms GOME-2 SIF and MODIS NDVI, EVI, and NIRv. Agric. For. Meteorol. 2022,
323,109038. [CrossRef]


https://doi.org/10.3390/rs14133018
https://doi.org/10.1029/2021JG006588
https://doi.org/10.1002/2015JG003150
https://doi.org/10.1080/0143116032000160435
https://doi.org/10.3390/rs11151823
https://doi.org/10.1016/j.scitotenv.2021.148396
https://doi.org/10.1016/j.rse.2023.113785
https://doi.org/10.1126/science.aam5747
https://doi.org/10.1016/j.rse.2018.02.016
https://doi.org/10.1126/sciadv.1602244
https://www.ncbi.nlm.nih.gov/pubmed/28345046
https://doi.org/10.3390/rs11212497
https://doi.org/10.1016/j.agrformet.2022.108819
https://doi.org/10.1016/j.rse.2012.10.030
https://doi.org/10.1029/2018GL079031
https://doi.org/10.1016/j.rse.2020.112032
https://doi.org/10.1016/j.scib.2018.10.003
https://doi.org/10.1016/j.rse.2020.111644
https://doi.org/10.1016/j.rse.2021.112748
https://doi.org/10.1073/pnas.1908157116
https://www.ncbi.nlm.nih.gov/pubmed/31611384
https://doi.org/10.1016/j.rse.2022.113209
https://doi.org/10.1016/j.agrformet.2022.109038

Sensors 2025, 25, 6771 17 of 17

25.

26.

27.

28.

29.

30.

31.

32.
33.
34.
35.
36.

37.
38.

39.

40.

41.

Lee, J.-E.; Frankenberg, C.; van der Tol, C.; Berry, J.A.; Guanter, L.; Boyce, C.K,; Fisher, ].B.; Morrow, E.; Worden, J.R.; Asefi, S.;
et al. Forest Productivity and Water Stress in Amazonia: Observations from GOSAT Chlorophyll Fluorescence. Proc. R. Soc. B Biol.
Sci. 2013, 280, 20130171. [CrossRef]

Yu, L.; Wen, J.; Chang, C.; Frankenberg, C.; Sun, Y. High-Resolution Global Contiguous SIF of OCO-2. Geophys. Res. Lett. 2019, 46,
1449-1458. [CrossRef]

Hu, J; Jia, J.; Ma, Y,; Liu, L.; Yu, H. A Reconstructed Global Daily Seamless SIF Product at 0.05 Degree Resolution Based on
TROPOMI, MODIS and ERA5 Data. Remote Sens. 2022, 14, 1504. [CrossRef]

Kohler, P.; Behrenfeld, M.].; Landgraf, J.; Joiner, J.; Magney, T.S.; Frankenberg, C. Global Retrievals of Solar-Induced Chlorophyll
Fluorescence at Red Wavelengths with TROPOMI. Geophys. Res. Lett. 2020, 47, e2020GL087541. [CrossRef]

Li, X.; Xiao, J. A Global, 0.05-Degree Product of Solar-Induced Chlorophyll Fluorescence Derived from OCO-2, MODIS, and
Reanalysis Data. Remote Sens. 2019, 11, 517. [CrossRef]

Schaaf, C.B.; Gao, E; Strahler, A.H.; Lucht, W,; Li, X,; Tsang, T.; Strugnell, N.C.; Zhang, X.; Jin, Y.; Muller, J.-P.; et al. First
Operational BRDF, Albedo Nadir Reflectance Products from MODIS. Remote Sens. Environ. 2002, 83, 135-148. [CrossRef]

Friedl, M.A; Mclver, D.K,; Hodges, ]J.C.; Zhang, X.; Muchoney, D.; Strahler, A.H.; Woodcock, C.E.; Gopal, S.; Schneider, A.;
Cooper, A,; et al. Global Land Cover Mapping from MODIS: Algorithms and Early Results. Remote Sens. Environ. 2002, 83,
287-302. [CrossRef]

Van der Tol, C.; Berry, J.; Campbell, P.; Rascher, U. Models of Fluorescence and Photosynthesis for Interpreting Measurements of
Solar-Induced Chlorophyll Fluorescence. J. Geophys. Res. Biogeosci. 2014, 119, 2312-2327. [CrossRef] [PubMed]

Bishop, C.M. Neural Networks for Pattern Recognition; Oxford University Press: Oxford, UK, 1995.

Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5-32. [CrossRef]

Hancock, ].T.; Khoshgoftaar, T.M. CatBoost for Big Data: An Interdisciplinary Review. J. Big Data 2020, 7, 94. [CrossRef] [PubMed]
Prokhorenkova, L.; Gusev, G.; Vorobev, A.; Dorogush, A.V.; Gulin, A. CatBoost: Unbiased Boosting with Categorical Features.
Adv. Neural Inf. Process. Syst. 2018, 31.

Mutanga, O.; Kumar, L. Google Earth Engine Applications. Remote Sens. 2019, 11, 591. [CrossRef]

Velastegui-Montoya, A.; Montalvdn-Burbano, N.; Carrién-Mero, P.; Rivera-Torres, H.; Sadeck, L.; Adami, M. Google Earth Engine:
A Global Analysis and Future Trends. Remote Sens. 2023, 15, 3675. [CrossRef]

Zhao, Q.; Yu, L,; Li, X,; Peng, D.; Zhang, Y.; Gong, P. Progress and Trends in the Application of Google Earth and Google Earth
Engine. Remote Sens. 2021, 13, 3778. [CrossRef]

Bisong, E. Google Colaboratory. In Building Machine Learning and Deep Learning Models on Google Cloud Platform: A Comprehensive
Guide for Beginners; Springer: Berlin/Heidelberg, Germany, 2019; pp. 59-64.

Beer, C.; Reichstein, M.; Tomelleri, E.; Ciais, P.; Jung, M.; Carvalhais, N.; Rodenbeck, C.; Arain, M.A.; Baldocchi, D.; Bonan, G.B,;
et al. Terrestrial Gross Carbon Dioxide Uptake: Global Distribution and Covariation with Climate. Science 2010, 329, 834-838.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1098/rspb.2013.0171
https://doi.org/10.1029/2018GL081109
https://doi.org/10.3390/rs14061504
https://doi.org/10.1029/2020GL087541
https://doi.org/10.3390/rs11050517
https://doi.org/10.1016/S0034-4257(02)00091-3
https://doi.org/10.1016/S0034-4257(02)00078-0
https://doi.org/10.1002/2014JG002713
https://www.ncbi.nlm.nih.gov/pubmed/27398266
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1186/s40537-020-00369-8
https://www.ncbi.nlm.nih.gov/pubmed/33169094
https://doi.org/10.3390/rs11050591
https://doi.org/10.3390/rs15143675
https://doi.org/10.3390/rs13183778
https://doi.org/10.1126/science.1184984

	Introduction 
	Materials and Methods 
	Data 
	SIF Data 
	MODIS Surface Reflectance 
	Land-Cover Data 
	CFIS SIF Data for Cross-Sensor Evaluation 

	Methods 
	Modeling Strategy 
	Machine Learning Algorithm Selection 
	Training and Prediction Configuration 
	Evaluation Methods 
	Cross-Biome Performance Assessment 
	Strategy Comparison 
	Computational Environment 


	Results 
	Overall Performance of Prediction Framework 
	Comparison of Machine Learning Algorithms Across Sub-Models 
	Comparison Between the MSTWS and Universal Strategies 
	Spatial Pattern of DOSIF 
	Cross-Sensor Validation with Independent CFIS SIF 

	Discussion 
	Conclusions 
	References

