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Highlights

What are the main findings?
• Sentinel-2-derived annual EVI AUC loss effectively characterized the spatial pattern of

crop growth suppression caused by long-duration flood inundation.
• Integrating multi-source SAR and optical observations improved crop damage predic-

tion, with Random Forest achieving pixel-wise R2 values of 0.62 using early-period
features and 0.77 using later-period features, while village-scale prediction reached an
R2 of 0.78.

What are the implications of the main findings?
• Phenology-guided regression using SAR–optical imagery provides a feasible ap-

proach for early quantitative crop damage assessment when field-based yield-loss data
are unavailable.

• The proposed framework can support rapid disaster response, agricultural insur-
ance assessment, and village-level agricultural risk management under long-duration
flooding events.

Abstract

Long-duration flood inundation can substantially suppress crop growth and cause yield
loss, particularly in semi-arid agricultural regions increasingly affected by extreme rainfall.
Timely crop damage assessment is critical for disaster response and insurance-related
decision-making, but direct yield-loss observations are often unavailable during or shortly
after flooding. This study proposes a phenology-guided regression framework for early
crop damage assessment using multi-source SAR–optical observations. The study was con-
ducted on the Tumochuan Plateau, Inner Mongolia, China, where severe rainfall beginning
on 23 July 2025 caused widespread cropland inundation. Sentinel-2 EVI time series from
2022 to 2025 were fitted using a Savitzky–Golay (SG) filter, and annual area under the EVI
curve (AUC) loss in 2025 relative to the 2022–2024 historical mean was used as a proxy for
flood-induced crop damage. Optical features from Landsat-8/9 and Sentinel-2, together
with SAR backscatter features from Sentinel-1, Lutan-1, and Gaofen-3, were incorporated
into machine learning regression models. SAR features improved pixel-wise prediction,
with the Random Forest model achieving the highest R2 of 0.62 using early-period features
and 0.77 using later-period features. Village-scale aggregation further improved perfor-
mance, yielding an early-period R2 of 0.84 across 123 and 0.78 across 122 villages. These
results demonstrate the feasibility of SAR–optical and phenology-guided regression for
early crop damage assessment under long-duration inundation.
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1. Introduction
Driven by increasing carbon emissions and global warming, the tropical rain belt

is expected to shift northward in the coming decades [1]. This shift may increase the
likelihood of intense and prolonged rainfall events in semi-arid to arid regions, potentially
leading to unexpected flooding disasters and substantial damage to croplands, infrastruc-
ture, and other socio-economic assets [2]. As flood risks become increasingly frequent
and severe, near-real-time monitoring and damage assessment are critical for providing
governmental agencies with timely, large-scale information on flood extent and impacts,
thereby supporting rapid and informed decision-making [3].

For large-scale crop flood monitoring, remote sensing offers an effective means of
mapping inundation extent, particularly through SAR imagery, which is highly sensitive to
surface water and can be acquired under all-weather conditions. Compared with traditional
gauge-based water-level measurements, field visits, and survey-based assessments, remote
sensing provides a more efficient approach for timely and spatially continuous flood
monitoring and crop damage assessment [4]. For instance, Qiu et al. [5] mapped flood
extents across China using 10-m Sentinel-1 imagery from 2017 to 2021, revealing that nearly
half of the identified flooded areas were croplands. Multi-source remote sensing data,
including pre- and post-flood Sentinel-1 imagery for flood extent mapping, Sentinel-2
imagery for crop cover characterization, and auxiliary meteorological data, were integrated
to assess large-scale potential crop damage in Pakistan [6]. Current studies demonstrate
the strong capability of SAR remote sensing for rapid, large-scale inundation monitoring in
agricultural regions.

Beyond inundation mapping, the effectiveness of multi-temporal remote sensing also
lies in its capacity to characterize crop growth processes affected by flooding [7]. Optical im-
agery can capture crop growth dynamics through spectral responses, providing important
information for understanding flood-induced vegetation disturbance and recovery [8]. For
example, Bofana et al. [9] investigated flood duration in Sofala, Mozambique, using multi-
source remote sensing observations from Sentinel-1, Sentinel-2, Landsat 8, and MODIS,
and reported that crops could survive inundation for up to 24 days. Chen et al. [10] investi-
gated localized variations in crop growth responses to flooding across Northeast China by
extracting positive and negative responses from MODIS Enhanced Vegetation Index (EVI)
time series from 2005 to 2013. These studies suggest that crop flood damage assessment
should move beyond flood extent mapping and incorporate crop growth and phenological
responses [11]. Therefore, phenological indicators derived from optical time series can
provide valuable references for characterizing flood-induced crop damage, even though
optical observations may not always be available during flooding events.

During a crop flooding event, governmental agencies and insurance companies re-
quire not only information on flood extent but also timely crop damage assessments to
support disaster management and decision-making [4]. Crop damage is more difficult to
estimate than flood extent because it depends not only on inundation extent and dura-
tion, but also on crop growth stage and post-flood vegetation response. Remote sensing
serves as an efficient technique to frequently monitor flood impacts on crop loss, as well
as plant recovery [12,13]. When in-situ crop damage measurements are available, regres-
sion models can be developed with remote sensing data to estimate flood-induced crop
production loss [14]. However, estimating crop damage from remote sensing observations

https://doi.org/10.3390/rs18152481

https://doi.org/10.3390/rs18152481


Remote Sens. 2026, 18, 2481 3 of 23

is often indirect and challenging because crop-damage ground truth, such as yield loss, is
usually unavailable.

For decision-making and management purposes, it is important to explore approaches
for mapping flood extent and assessing crop damage in a timely manner without relying
on ground-truth data collection [15]. For example, Internet of Things (IoT) sensor data
have been combined with machine learning (ML) approaches to enable real-time predic-
tion of crop health status [16]. Given the limited availability of yield-loss ground truth,
recent studies using remote sensing observations have increasingly explored categorical
damage-level mapping as an alternative to direct yield-loss estimation. For example, dam-
age assessments based on flood-frequency statistics have been reported to be consistent
with farmer-reported damage levels, suggesting the potential of remote-sensing-based ap-
proaches for crop flood damage assessment in data-limited settings [13]. SAR imagery and
pre- and post-flood NDVI loss values have also been combined to classify damage levels
in an unsupervised manner [17,18]. However, most existing studies remain post-event
assessments, in which crop damage is evaluated after sufficient optical observations or
ancillary information becomes available. This limits their ability to provide timely crop
damage information during ongoing or shortly after long-duration flooding events.

This study focuses on the Tumochuan Plain in Inner Mongolia, northern China, a
representative agricultural region that is increasingly exposed to flood risk under the
observed northward shift of the East Asian rain belt. The region is an important crop-
production area, with maize, sunflower, potato, and other field crops widely cultivated. Its
flat terrain, dense river and drainage-canal networks, and location near several river/canal
intersections make croplands particularly vulnerable to flood inundation and prolonged
waterlogging. The flood event investigated in this study lasted for more than one month
and caused persistent disturbance to crop growth, providing a suitable case for evalu-
ating whether early crop damage can be mapped using SAR imagery and phenology-
guided regression.

Motivated by these research gaps and the reported strong linear relationship between
yield loss and NDVI changes [19], this study uses Sentinel-2-derived phenological damage
indicator of AUC as a proxy for crop damage, as supported by the feasibility of the EVI
time series for potential yield loss in some existing studies [20], and proposes a phenology-
guided early prediction framework for crop damage assessment under long-duration
inundation. The main contributions of this work are threefold. First, this study investigates
the sensitivity of different SAR bands and SAR-derived features to crop flooding, with
particular attention to the capacity of SAR signals to penetrate crop canopies and detect
inundation beneath vegetation. Second, it explores the relationship between SAR-derived
flood response features and Sentinel-2-derived phenological damage indicators under long-
duration inundation, and develops a regression-based model for crop damage assessment.
Third, it maps crop-flood damage from an early prediction perspective using available
SAR observations during a long-duration flooding event, reducing dependence on optical
imagery that may be constrained by cloud contamination, adverse weather, and delayed
vegetation responses. This study is expected to provide timely crop damage information
for governmental agencies, insurance companies, and other stakeholders, particularly
as long-duration flooding events are expected to become more frequent under global
climate change.

2. Study Area and Data
The study area is located near the central part of the Tumochuan Plateau in In-

ner Mongolia, China, covering Tumed Left Banner, Tumed Right Banner, and Tog-
toh County, as shown in Figure 1. This region is an important agricultural area in
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the Hetao–Tumochuan Plain, where croplands are widely distributed along river net-
works and low-lying terrain [21]. To characterize the climatic background of the study
area, annual mean temperature (T), annual precipitation (P), July–August precipita-
tion (P7,8), annual mean solar radiation (R), and annual mean relative humidity (H)
from 2022 to 2025 were extracted from the ERA5-Land reanalysis dataset [22,23], as
illustrated in Table 1. It should be noted that relative humidity was not directly
obtained from ERA5-Land reanalysis data, but was calculated from 2 m air tem-
perature and 2 m dew-point temperature using the August–Roche–Magnus approx-
imation [24]. Due to its relatively flat topography and dense agricultural activities,
the area is vulnerable to flood inundation when extreme rainfall and river runoff
occur simultaneously.

Xinhe Village, Togtoh County

Figure 1. Study area overview: (a) Location of the study area, outlined by the red polygon, in Inner
Mongolia, China, with terrain variation as the background; (b) enlarged view of the study area across
Tumed Right, Tumed Left, and Togtoh counties; and (c) spatial distribution of 123 villages within
the study area, shown in black, overlaid on the GF-3 SAR backscatter image acquired on 2 August
2025. For some heavily affected villages highlighted in yellow, pre-flood Google Earth images and
post-flood images collected from online sources are shown as inset non-map panels.

Table 1. Historical climatic conditions of the study area in recent years.

Year T (◦C) P (mm) P7,8 (mm) R (MJ/m2) H (%)

2022 8.39 516.37 326.55 16.98 42.98
2023 8.91 333.15 119.96 16.78 42.50
2024 9.24 719.86 257.75 15.83 50.25
2025 8.13 838.43 568.02 16.22 49.25

Note: MJ (i.e., megajoule) is a metric unit of energy, and 1 MJ equals to 106 J (i.e., joules).

Since 23 July 2025, the region has experienced a series of extreme precipitation events,
with the maximum accumulated precipitation reaching 121.0 mm, exceeding the historical
record since 1961. Under the combined influence of intense local rainfall and upstream
runoff convergence, water levels in major rivers and drainage channels within the region,
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including the Dahei River and the Hasuhai drainage canal, rose sharply. The rapid increase
in river discharge resulted in breaches and failures of river embankments at multiple
locations, causing widespread inundation across surrounding croplands.

This long-duration inundation event provides a representative case for investigating
crop flood impacts in semi-arid to arid agricultural regions. The availability of multi-source
SAR observations during the flooding period, together with optical observations before and
after the event, makes this event in the area suitable for evaluating the feasibility of early
crop damage mapping using SAR imagery and phenology-guided regression. Specifically,
the study included Landsat 8/9 and Sentinel-2 images in August 2025 as optical sensor
features to capture the vegetation response during the flood. Besides, the study also utilized
SAR images of Sentinel-1, Lutan-1, and Gaofen-3 during August 2025 to observe flood
evolution. Data used in this study can be found in Table 2.

Table 2. Multi-source satellite datasets used in this study.

Sensor Acronyme Band Image Dates Resolution Main Use

Sentinel-2 S2 Optical 2025 relative to 2022–2024 10 m Phenology-based AUC loss

Sentinel-2 S2 Optical 5 August 2025, 20 August 2025,
25 August 2025 10 m Vegetation growth

Landsat-8/9 Landsat Optical 5 August 2025, 13 August 2025,
22 August 2025, 30 August 2025 30 m Vegetation growth

Sentinel-1 S1 C-band SAR 16 August 2025, 28 August 2025 10 m SAR features

LuTan-1 LT1 L-band SAR 2 August 2025, 30 August 2025 3 m SAR features

GaoFen-3 GF3 C-band SAR 2 August 2025, 9 August 2025,
31 August 2025 3 m SAR features

3. Methods
Figure 2 illustrates the overall workflow of the proposed crop damage assessment

framework. The framework consists of three main components: multi-source SAR feature
extraction, optical vegetation-index and phenological feature derivation, and regression-
based crop damage assessment. Specifically, Lutan-1, Sentinel-1, and GaoFen-3 SAR images
were co-registered, radiometrically calibrated, and geocoded to derive flood-period SAR
features. Landsat-8/9 and Sentinel-2 optical images were used to calculate the Enhanced
Vegetation Index (EVI), generate the crop mask, extract flood-period optical features, and
estimate the area under the EVI curve (AUC) after Savitzly-Golay smoothing. These
SAR, optical, and phenology-based features were then spatially aligned and combined as
predictors for regression modeling. Model validation and statistical analysis were finally
performed to evaluate crop damage and support subsequent interpretation.

3.1. Phonology-Based AUC
3.1.1. EVI

In this study, EVI [25] was used to characterize vegetation growth conditions, from
which the phenology-based AUC and flood-period vegetation responses were derived.
EVI was selected because it is relatively robust to atmospheric effects and can reduce the
effects of canopy background and soil variations while maintaining improved sensitivity in
densely vegetated areas. EVI is defined as follows [26]:

EVI = 2.5 × N − R
N + 6R − 7.5B + 1

(1)
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where N, R, and B denote the near-infrared, red, and blue bands, respectively, of the
optical sensors onboard Landsat-8/9 and Sentinel-2. For EVI calculation, the “COPER-
NICUS/S2_SR_HARMONIZED” product was used for Sentinel-2, while the “LAND-
SAT/LC08/C02/T1_L2” and “LANDSAT/LC09/C02/T1_L2” products were used for
Landsat 8 and Landsat 9, respectively.

Lutan-1 Sentinel-1 Sentinel-2

Co-registration

Landsat-8/9

Radiometric Calibration

Geocoding

Area Under 

Curve (AUC)

Co-registration

Optical Feature 

during Flood

Enhanced Vegetation Index (EVI)

Savitzky–Golay

GaoFen-3

SAR Feature during Flood

Crop Mask

Feature 

Combinations
Regression

Validation & 

Statistics

Crop Damage Assessment and Analysis

Figure 2. Data processing flow of the study.

3.1.2. EVI Time Series Reconstruction with Savitzky-Golay Filtering

To reduce data gaps and reconstruct continuous vegetation trajectories, EVI time series
are commonly fitted or smoothed using methods such as Gaussian process regression [27],
HANTS [28], and double logistic functions [29]. In this study, the Savitzky-Golay filtering
was adopted because of its effectiveness in modeling time series [30]. The seasonal EVI
trajectory derived from Sentinel-2 data in 2025, as well as between 2022 and 2024, was
fitted using the SG filtering to reduce noise from cloud contamination, atmospheric effects,
and irregular satellite observations. Sentinel-2 surface reflectance images were first masked
using the QA60 and SCL bands, and only cropland pixels identified by the ESA WorldCover
cropland mask were retained. EVI was calculated from the blue, red, and near-infrared
bands and then composited at 10-day intervals using the median value. A five-point
Savitzky–Golay (SG) filter with a second-order polynomial was then applied to the 10-day
EVI composites using the five-point smooth to reconstruct smoother intra-annual EVI
trajectories while preserving the seasonal crop growth pattern. The equation of the SG
filtering can be found in Equation (2):

EVISG
t =

−3EVIt−2 + 12EVIt−1 + 17EVIt + 12EVIt+1 − 3EVIt+2

35
(2)

where EVISG
t denotes the SG-smoothed EVI value at the central time step t, and EVIt−2,

EVIt−1, EVIt+1, and EVIt+2 represent four neighboring consecutive 10-day EVI observa-
tions within the smoothing window.

3.1.3. AUC Modeling

The area under the fitted EVI curve was then calculated to represent the cumulative
vegetation growth condition over the entire year. In this study, the AUC was approximated
by summing the daily fitted EVI values during the year:

AUC =
365

∑
t=1

EVISG
t (3)
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where AUC denotes the cumulative annual vegetation growth, and EVISG
t is the SG-

smoothed EVI value at the day of year (DOY) t. A larger AUC indicates stronger cumulative
vegetation growth, whereas a smaller AUC suggests suppressed vegetation development
or potential crop damage.

To quantify the vegetation growth anomaly associated with the 2025 flood event, the AUC
of 2025 was compared with the mean AUC during the reference period from 2022 to 2024:

AUCloss = AUC2025 − AUC2022–2024 (4)

where AUCloss represents the AUC anomaly, AUC2025 is the AUC derived from the fitted
EVI trajectory in 2025, and AUC2022−2024 is the multi-year mean AUC calculated from 2022
to 2024. Negative AUCloss values indicate a reduction in cumulative vegetation growth in
2025 relative to the historical baseline and were therefore used as an indicator of potential
flood-induced crop damage.

The 365-day integration window was used to represent the complete annual pheno-
logical trajectory smoothed by the SG filter. Although positive pre-flood EVI deviations
may partially offset the post-flood EVI decline in the annual integral, the main contribution
to AUCloss was concentrated from July to August.

3.2. Crop Damage Regression
3.2.1. Regression Models

Before co-registration, the SAR data underwent multilook processing to reduce speckle
noise. Data from different sensors were then co-registered and resampled to a common
30 m grid using average resampling, followed by outlier removal to construct the
SAR–optical feature stack. To establish the regression mapping between the multi-source
remote sensing variables and the target variable (AUC), five mainstream machine learn-
ing regressors were comprehensively employed and evaluated, including Random Forest
(RF), Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM),
CatBoost, and AdaBoost.This predictive relationship can be mathematically formalized
as follows:

y = fm(X) (5)

where y represents the target variable AUC, X denotes the composite feature vector derived
from the multi-sensor data, and fm (m ∈ {RF, XGBoost, LightGBM, CatBoost, AdaBoost})
signifies the specific regression mapping function constructed by the corresponding ma-
chine learning algorithm [31,32].

To model the relationship between multi-source remote sensing variables and crop
damage severity represented by the AUC loss of EVI time series during flood events, five
ensemble-based machine learning regressors, including Random Forest (RF), eXtreme
Gradient Boosting (XGBoost, XGB), Light Gradient Boosting Machine (LightGBM, LGBM),
CatBoost (Cat), and Adaptive Boosting (AdaBoost, Ada), were employed due to their
capability to capture nonlinear relationships and complex feature interactions between
SAR, optical observations, and vegetation responses. RF is an ensemble learning method
based on bootstrap aggregation (bagging), where multiple decision trees are independently
constructed using randomized feature sub-spacing to improve model generalization and
reduce overfitting. XGBoost, an efficient implementation of the Gradient Boosting Decision
Tree (GBDT) framework, sequentially minimizes residual errors through gradient opti-
mization with regularization constraints, and has been widely applied in remote sensing
regression tasks because of its strong predictive performance and computational efficiency.
Similarly, LGBM is a GBDT-based algorithm that adopts a leaf-wise tree growth strategy
with depth limitations and histogram-based optimization to improve computational effi-
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ciency for high-dimensional datasets. CatBoost further enhances boosting performance by
introducing ordered boosting and symmetric tree structures, which help reduce overfitting
and improve prediction stability. In addition, the AdaBoost algorithm iteratively adjusts
sample weights to emphasize difficult observations during training, and a DecisionTreeRe-
gressor was adopted as the base estimator in this study to model nonlinear relationships
between flood-related remote sensing features and EVI AUC loss.

To ensure a fair comparison among different regression algorithms, the hyperparame-
ters of all machine learning models were optimized using Optuna before model evaluation.
Optuna is an automated hyperparameter optimization framework that enables efficient
and flexible search for optimal model hyperparameters. In this study, it was adopted
to optimize the configurations of different machine learning models and improve their
predictive performance. Five tree-based regression models were considered, including
Random Forest (RF), XGBoost (XGB), LightGBM (LGBM), CatBoost (Cat), and AdaBoost
(Ada). The optimized hyperparameters mainly controlled model complexity, ensemble
size, sampling strategy, and regularization strength. The detailed search ranges for each
model are summarized in Table 3.

Table 3. Hyperparameters settings for different ML regression models.

Model Hyperparameter Candidate Value Range

RF n_estimators 100–800
max_depth 5–30
min_samples_split 2–20
min_samples_leaf 1–20
max_features 0.5–1.0

XGB n_estimators 200–1000
learning_rate 0.005–0.15
max_depth 5–12
min_child_weight 1–20
subsample 0.6–1.0
colsample_bytree 0.6–1.0
gamma 10−8–1.0
reg_alpha 10−5–5.0
reg_lambda 0.1–10.0

LGBM n_estimators 200–1000
num_leaves 31–150
max_depth 5–12
min_child_samples 5–100
learning_rate 0.005–0.15
subsample 0.6–1.0
colsample_bytree 0.6–1.0
reg_alpha 10−5–5.0
reg_lambda 0.1–10.0

Cat iterations 200–1000
depth 4–10
learning_rate 0.005–0.15
l2_leaf_reg 1.0–10.0

Ada base_depth 3–8
n_estimators 50–400
learning_rate 0.01–1.0
loss linear, square
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3.2.2. Validation Metric

To evaluate the predictive capability of the RF model, multiple evaluation metrics were
adopted, including the coefficient of determination (R2), Pearson correlation coefficient (r),
root mean square error (RMSE), and mean absolute error (MAE) [33]. The R2 metric [34]
was calculated during both parameter tuning and model validation to assess the goodness
of fit between the predicted and observed AUC loss values. It is defined as:

R2 = 1 −

m
∑

i=1

[
yi − f (xi)

]2

m
∑

i=1
(yi − y)2

(6)

where yi is the observed AUC loss value, f (xi) is the predicted AUC loss value, y represents
the mean value of the observed AUC loss values, and m is the number of samples. To further
quantify the magnitude of prediction errors, RMSE and MAE [35] were also calculated
as follows:

RMSE =

√
1
m

m

∑
i=1

[
yi − f (xi)

]2 (7)

MAE =
1
m

m

∑
i=1

|yi − f (xi)| (8)

The Pearson correlation coefficient (r) was additionally adopted to assess the linear
association between the predicted and observed AUC loss values. Moreover, it was used to
explore the interrelationships among SAR and/or optical features.

3.3. Feature Importance Assessment Methods

Machine-learning models usually provide stronger nonlinear fitting and generalization
capabilities than traditional linear statistical models, but their decision-making processes
are often less transparent. To improve model interpretability, SHAP (SHapley Additive
exPlanations) was used in this study to quantify the contribution of each input feature
to model predictions [36]. SHAP is based on a game-theoretic framework and assigns a
Shapley value to each feature, thereby measuring both the magnitude and direction of its
contribution to the predicted AUC loss. By decomposing each prediction into feature-level
contributions, SHAP provides a consistent way to evaluate the relative importance and
influence of multisource remote-sensing variables. In this study, TreeExplainer was used
to explain the predictions of RF, XGBoost, LightGBM, and CatBoost, which are tree-based
ensemble models supported by the SHAP framework. The mean absolute SHAP values
were further summarized to compare the contributions of different sensors and features.

4. Results
4.1. Sentinel-2 Phonology-Based AUC

This study preprocessed Sentinel-2 Surface Reflectance Harmonized data and extracted
cropland phenological anomalies using the Google Earth Engine platform. First, the QA60
band was used to remove cloud- and cirrus-contaminated pixels, while the Sentinel-2 Scene
Classification Layer (SCL) was used to exclude no-data pixels, saturated or defective pixels,
dark-area pixels, cloud shadows, water, unclassified pixels, medium- and high-probability
clouds, thin cirrus, and snow/ice pixels. Subsequently, cropland pixels were extracted from
the ESA WorldCover v200 land-cover product, where pixels with a class value of 40 were
identified as cropland. This cropland mask was then applied to retain only cropland areas
within the study region for subsequent analysis.

https://doi.org/10.3390/rs18152481

https://doi.org/10.3390/rs18152481


Remote Sens. 2026, 18, 2481 10 of 23

Figure 3f shows the spatial distribution of the Sentinel-2-derived AUC difference
between 2025 and the historical reference period of 2022–2024. Negative AUC differences
were observed across parts of the cropland area, indicating that cumulative vegetation
growth in 2025 was lower than the historical mean. These negative anomalies were mainly
represented by the red areas in the figure and were interpreted as crop-growth reductions
associated with the 2025 flood event. In contrast, areas with AUC differences close to zero
showed relatively limited deviations from the historical vegetation-growth condition.

4.2. SAR Response to Flood
4.2.1. SAR Signal Interactions

Water bodies generally appear dark in SAR imagery because specular reflection leads
to low radar backscatter. Following the flood event, SAR signals over inundated croplands
were substantially attenuated, resulting in a distinct contrast between flooded and non-
flooded areas. A comparison between the AUC loss in Figure 3f and the SAR observations
in Figure 3c–e reveals strong spatial consistency between vegetation growth reduction and
low-backscatter flood signatures. These affected areas are mainly distributed along the
Hasuhai River, corresponding to the central part of the subplots in Figure 3.

During the early flood period before 15 August 2025, Sentinel-1 observations were
not available. However, both Lutan-1 and Gaofen-3 SAR sensors, launched by China,
acquired images over the flooded areas on 2 August 2025, only several days after the heavy
rainfall event, which shows the advantage of multi-source . It should be noted that absolute
radiometric calibration was not available for both Gaofen-3 and Lutan-1 in this study.
Therefore, the relatively calibrated dB backscatter values derived from these two sensors
are less directly comparable and physically interpretable than those from Sentinel-1.

In addition, the SAR signal in Figure 3c appears to indicate a larger flood-affected
area than that in Figure 3d,e, although both images were acquired on the same date. This
difference may be related to the longer wavelength of L-band Lutan-1 SAR, which has
stronger vegetation penetration capability and is therefore more sensitive to inundation
beneath crop canopies. However, SAR backscatter over flooded croplands can be influenced
by complex interactions among radar signals, vegetation, and water surfaces, such as
double-bounce scattering between the water surface and crop stalks, particularly for long-
wavelength L-band SAR [37,38]. A detailed analysis of these scattering mechanisms is
beyond the scope of this study.

(a) (b)

Figure 3. Cont.
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Figure 3. Multi-temporal SAR–optical observations and AUC-based indicators over the study
area during the early flooding period: (a) Landsat EVI on 5 August 2025; (b) Sentinel-2 EVI on 5
August 2025; (c) Lutan-1 SAR image on 2 August 2025; (d) Gaofen-3 SAR image on 2 August 2025;
(e) Sentinel-1 SAR image on 16 August 2025; (f) AUC loss; (g) AUC standard deviation during
2022–2024; and (h) histogram of the AUC standard deviation during 2022–2024.

4.2.2. Correlation Analysis

Correlation analysis was performed using the earliest available SAR and optical images
acquired in August 2025, including Landsat-8/9 (5 August 2025), Sentinel-2 (5 August
2025), Sentinel-1 (16 August 2025), Lutan-1 (2 August 2025), and Gaofen-3 (2 August 2025)
observations. As shown in Figure 4, the EVI derived from optical observations shows a
strong linear correlation with AUC loss, with Pearson’s correlation coefficient reaching
approximately 0.6 for both Landsat-8/9 and Sentinel-2. This is likely because AUC loss
was directly estimated from the Sentinel-2 EVI time series and is therefore closely related to
vegetation growth status. Although most pixels show only weak correlations between AUC
loss and SAR images because SAR signals are sensitive to water and therefore reflect flood,
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however, a partial positive linear relationship can still be observed in the scatterplots shown
in Figure 4.

Figure 4. Scatter plot and correlation among SAR and optical features over the study area.

Regarding the correlations among SAR and optical features during the early flood
period, represented by all subplots except those in the last row of Figure 4, the correlation
coefficients can reach approximately 0.6 or higher, suggesting a certain degree of consistency
across different sensors. Notably, Lutan-1, shown in the fourth row of Figure 4, appears
to exhibit visually stronger correlations with Landsat-8/9 and Sentinel-2. This may be
partly attributed to its longer wavelength and stronger penetration capability through crop
canopies, suggesting its potential advantage for crop flood damage assessment. Regarding
the EVI derived from optical sensors, some discrepancies may arise from differences in
the spectral response functions of Sentinel-2 and Landsat. Nevertheless, as shown in the
subplot of the 2nd row and 1st column of Figure 4, the Sentinel-2 and Landsat observations
acquired on the same date (i.e., 20260805) exhibit good consistency in their EVI values.
A more comprehensive assessment of the influence of sensor-specific spectral response
characteristics warrants further investigation but is beyond the scope of the present study.

4.3. ML AUC Loss Early Prediction

After SAR–optical image co-registration, the multi-temporal EVI and SAR-derived
backscatter features acquired in August 2025 were grouped into two periods: the early flood
period from 1 August 2025 to 15 August 2025 and the later flood period from 16 August
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2025 to 31 August 2025. Different feature combinations were then designed to evaluate
their effects on AUC loss modeling. These combinations were constructed progressively
by starting with optical features and sequentially incorporating SAR features, including
[Landsat], [Landsat, S2], [Landsat, S2, S1], [Landsat, S2, S1, LT1], and [Landsat, S2, S1,
LT1, GF3]. It should be noted that the LT-1, GF-3, and Sentinel-1 SAR observations were
independently normalized to the range of [0, 1] to improve the comparability of SAR
features across sensors, particularly given the lack of absolute radiometric calibration
for LT-1 and GF-3. Machine learning models were subsequently constructed to examine
the relationships between the annual AUC loss in 2025 and the aforementioned feature
combinations. The regression analysis was conducted only for cropland pixels, which were
identified using the ESA WorldCover v200 land-cover product as described earlier.

The cropland pixels were randomly split into training, validation, and testing samples
at proportions of 60%, 20%, and 20%, respectively. Random pixel-wise splitting may assign
spatially adjacent pixels to different subsets, and spatial autocorrelation may therefore lead
to optimistic pixel-level R2 estimates. To provide a spatially independent assessment, data
from Bingzhouhai Village were completely withheld from model development, including
training, validation, and testing, and were used only for independent village-level valida-
tion. Before model training, all data were cleaned by removing outliers, invalid values,
and observations in the AUC_STD variable exceeding three times the median absolute
deviation. The training samples were used to fit the model parameters, while the validation
samples were used for hyperparameter tuning and model selection. The independent
testing samples were reserved for the final evaluation of model generalization performance,
i.e., R2. The optimal ML models were developed using Optuna-based hyperparameter
optimization under different SAR–optical feature combinations. The corresponding R2

values of the RF, XGBoost, LightGBM, CatBoost, and AdaBoost regressor models, using
features acquired during the early flood period (1 August 2025 to 16 August 2025) and the
later flood period (16 August 2025 to 31 August 2025), are presented in Table 4. For a given
feature combination, RF generally outperformed the other models, with the highest R2 of
0.77 achieved using the all-feature combination. However, the differences in R2 among the
five ML models were relatively small, suggesting that the performance improvement was
mainly driven by feature enrichment rather than model selection.

Table 4. R2 scores across ML models using SAR and/or optical features before and after 15 August
2025, with values separated by slashes.

Model [Landsat] [Landsat, S2] [Landsat, S2, S1] [Landsat, S2, S1, LT1] [Landsat, S2, S1, LT1, GF3]

RF 0.54/0.69 0.56/0.74 0.57/0.75 0.60/0.76 0.62/0.77
XGBoost 0.51/0.68 0.56/0.72 0.58/0.73 0.60/0.75 0.63/0.76
LightGBM 0.54/0.69 0.56/0.72 0.57/0.73 0.60/0.75 0.62/0.76
CatBoost 0.54/0.69 0.57/0.72 0.58/0.73 0.60/0.75 0.62/0.76
AdaBoost 0.54/0.69 0.56/0.70 0.57/0.71 0.58/0.72 0.59/0.72

Table 4 quantitatively shows that the incorporation of SAR features improved the
predictive performance. For the full SAR–optical feature combination, as shown in Table 4,
XGBoost and RF achieved the best performance during the early and late flood-affected
periods, respectively. However, the differences in (R2) among the models were small,
possibly because they share similar tree-based learning structures. Therefore, RF was
selected for the subsequent analyses to maintain methodological consistency and simplicity.
Figures 5 and 6 present scatter plots of the observed and predicted AUC losses obtained
using the Landsat-only and full SAR–optical feature combinations during the early and late
flood-affected periods, respectively. Overall, the predicted values were distributed close
to the 1:1 line, particularly for samples with large AUC losses. Comparisons between the
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feature combinations further indicate that incorporating additional SAR features improved
model performance during both periods. Nevertheless, the improvement remains moderate,
likely because flood-affected pixels accounted for only a small fraction of all cropland pixels
in the study area, whereas non-flooded pixels dominated the sample distribution. In
addition, comparison of the R2 values between the two studied periods indicates that the
later-period features produced better model performance than the early-period features.
This may be because, after nearly one month of continuous flooding, the SAR–optical
features more effectively captured vegetation stress and flood-induced growth reduction,
thereby showing stronger correlations with the AUC loss.
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Figure 5. Pixel-wise scatter plots between Sentinel-2-observed AUC loss and predicted AUC loss
using features acquired during the early flooding period. The upper panel presents the prediction
results based only on optical observations, whereas the right panel presents the results based on
combined SAR–optical features.
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Figure 6. Pixel-wise scatter plots between Sentinel-2-observed AUC loss and predicted AUC loss
using features acquired during the later flooding period.

Taking the RF model as an example, the optimized hyperparameters were further
compared across the different feature combinations. As shown in Table 5, the optimal
RF hyperparameters changed noticeably as SAR features sensitive to flood conditions
were progressively incorporated. Specifically, the increases in n_estimators and max_depth
indicate that the optimization procedure favored a larger and deeper ensemble structure
following the inclusion of multi-source SAR features. This increased model capacity may
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facilitate the representation of complex nonlinear relationships between flood-induced
backscatter variations and crop damage. Similarly, the decreases in min_samples_split
and min_samples_leaf allowed finer node partitioning, potentially increasing the model’s
sensitivity to local variations in flood response and vegetation conditions. The reduction
in max_features indicates that a smaller subset of predictors was considered at each split,
which may reduce inter-tree correlation. However, the increased tree depth and finer node
partitioning also raise the risk of fitting pixel-level noise and spatially localized patterns.
Therefore, the improved predictive performance cannot be attributed solely to increased
model complexity or interpreted as unrestricted evidence of model generalization. To
further evaluate this issue, an additional RF model with more restrictive hyperparameter
settings was tested and compared with the Optuna-optimized model. The results showed
that, on the held-out test dataset, the deeper Optuna-optimized RF model provided a better
fit for severely flood-affected pixels characterized by large-magnitude AUC loss than the
constrained RF model. Because the accurate characterization of severely flood-affected
pixels is a central objective of this study, the original Optuna-optimized model was retained.
Nevertheless, this model selection should be regarded as a trade-off between stronger
regularization and greater sensitivity to severe crop damage, rather than as evidence of
unrestricted spatial or temporal generalizability.

Table 5. Optimal RF Model Hyperparameters Identified Using Optuna for Different Sensor
Feature Combinations.

Parameter [Landsat] [Landsat, S2] [Landsat, S2, S1] [Landsat, S2, S1, LT1] [Landsat, S2, S1, LT1, GF3]

n_estimators 400/250 550/450 500/550 600/450 600/500
max_depth 11/13 15/20 16/27 20/28 25/29

min_samples_split 10/13 3/3 4/4 6/2 3/3
min_samples_leaf 16/16 14/1 1/1 2/1 2/1

max_features 0.99/0.76 0.99/0.55 0.63/0.58 0.76/0.63 0.53/0.85

4.4. Feature Importance by SHAP Analysis

Understanding the complex relationships between multisource remote-sensing vari-
ables and crop flood-loss estimation is essential for identifying the dominant information
sources and interpreting the physical basis of model predictions. In this study, SHAP
values were calculated for the input variables of the tree-based ensemble models, including
RF, XGBoost, LightGBM, and CatBoost, to quantify the influence of each variable on the
predicted AUC loss. Figure 7 presents the distributions of SHAP values for the different
features in the optimal RF model. The results show that both SAR and optical features
contributed to model predictions during the early and late flood-affected periods, while
optical EVI features generally exhibited greater importance than SAR features.
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Figure 7. Distribution of feature importance based on the SHAP analysis.
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The relative contribution of individual SAR features varied between the two periods.
The SHAP results indicate that the LT-1 features made relatively important contributions
to the model predictions during the early flood period. This result suggests that the LT-1
observations contained useful information related to flood-induced changes in crop and
surface conditions. However, the LT-1 and GF-3 data used in this study were not converted
to absolute radiometrically calibrated backscatter coefficients and were independently
normalized to the range of [0, 1]. Therefore, the SHAP values represent the relative pre-
dictive contributions of the normalized input features rather than the physical sensitivity
of the original radar backscatter. Although the longer wavelength of L-band SAR may
theoretically provide greater sensitivity to vegetation structure and interactions between
crop canopies, stems, soil, and standing water, the present results cannot be used to directly
confirm specific scattering mechanisms, such as double-bounce scattering. A rigorous
interpretation of these mechanisms would require calibrated backscatter measurements,
consistent cross-sensor radiometric processing, and additional polarimetric or field obser-
vations. By late August, the contribution difference of LT1, S1, and GF3 SAR observations
may not be significant given the post-flood vegetation degradation. However, detailed
SAR signal response to flooded crops requires further investigation, especially with in-situ
field experiments.

4.5. Village-Scale AUC Loss Mapping

From an application perspective, a robust model trained with study-area-wide samples
could potentially be transferred to predict AUC loss for all pixel samples in another region,
thereby supporting early crop damage estimation. In this study, village-scale AUC loss
was predicted using the early-flooding-period dataset. Specifically, 60% of the samples
were used for model training, 20% for validation, and the remaining 20% for independent
testing. The resulting AUC loss map for the 122 villages is shown in Figure 8, where red
indicates areas with high potential AUC loss under long-duration inundation.

To evaluate the prediction performance at the village scale, the predicted AUC loss
derived from the early-flooding-period data was compared with the annual Sentinel-2-
based AUC loss across the 122 villages, as shown in Figure 9. The village-scale prediction
achieved an R2 of 0.78, which is higher than the pixel-wise result. This improvement can
likely be attributed to the spatial aggregation effect within village polygons, which helps
suppress the influence of noisy pixels and local-scale heterogeneity.

As shown in Figure 8, villages with substantial predicted AUC loss exhibit good
spatial consistency with the annual AUC loss distribution, as well as with the EVI and
SAR backscatter patterns shown in Figure 3. Based on multi-source remote sensing obser-
vations acquired before 15 August 2025, the thirteen villages with the highest predicted
AUC loss were identified as potentially heavily affected by continuous flooding. Among
them, LuSanGeDui, XinHe, DaJinHao, and HaLaBanShen were spatially clustered near
the confluence of the Hasuhai drainage canal and the Dahei River, which further flows
into the Yellow River, the second-longest river in China. The predicted AUC loss in these
four villages is consistent with the in-situ images shown in Figure 1. This spatial pattern
suggests that prolonged inundation near river confluence zones may have contributed to
substantial crop growth reduction. Since AUC loss is assumed to be closely related to crop
damage, village-scale assessment from an early-flooding perspective is expected to provide
valuable information for governmental departments and insurance companies to support
disaster management, damage assessment, and insurance-related decision-making.
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Figure 8. Predicted AUC loss potential based on the early-flooding-period SAR–optical dataset
acquired between 1 August 2025 and 15 August 2025, with the 13 most affected villages highlighted
in red.
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5. Discussion
5.1. AUC Modeling

The basic premise of crop flooding damage assessment in this study is that the AUC
of the annual EVI time series can serve as an indirect indicator of actual crop yield loss [19].
However, discrepancies are expected between AUC loss and real yield loss because crop
productivity can be affected by crop type, growth stage, management practices, local
environmental conditions, and post-flood recovery processes. Although efforts to collect
field-based yield ground-truth data were unsuccessful in this study, such information
is essential for validating and improving AUC-loss modeling. Therefore, future work
should incorporate in-situ yield-loss measurements as ground-truth data to calibrate the
relationship between predicted AUC loss and actual yield loss, thereby enabling a more
direct and reliable estimation of crop damage.

Both crop growth status and flood duration are key factors controlling final crop
damage. In this study, flood duration was not explicitly incorporated into the AUC loss
model because the investigated event was dominated by long-duration inundation. Under
this condition, the main objective was to examine whether early-flooding-period obser-
vations could be used to estimate final crop growth reduction and support early damage
assessment. The results suggest that both EVI and SAR backscatter coefficients are impor-
tant features for modeling AUC loss, indicating the value of integrating optical vegetation
information and SAR-derived flood-sensitive signals. This finding further highlights the im-
portance of integrating multi-modal remote sensing data for crop damage assessment [39].
Nevertheless, quantifying crop growth responses under different flood durations remains
important for establishing a more general relationship between flooding processes and crop
damage. This would require collecting training samples from flood events across different
regions worldwide, covering diverse crop types, growth stages, flood intensities, and
inundation durations.

The observed bi-cluster pattern in scatter plots of Figures 5 and 6 suggests that sepa-
rate models could potentially be developed for the affected and unaffected pixel groups.
However, this study retained a unified regression framework to enhance its practical ap-
plicability, because distinguishing the two groups using predefined thresholds or similar
rules would introduce an additional decision step, increase model complexity, and poten-
tially reduce transferability across regions and flood events. Nevertheless, analyzing and
modeling the data from a bi-cluster perspective provides a valuable alternative framework
and deserves further investigation in future studies.

Regarding model selection, this study considered only tree-based regression algo-
rithms, including RF, XGBoost, LightGBM, CatBoost, and AdaBoost, because of their
widespread use and suitability for tabular features. However, more advanced convolu-
tional neural networks (CNNs) and deep neural networks (DNNs) may better characterize
the complex relationships among SAR and optical multi-source remote sensing imagery,
particularly by exploiting spatial-contextual information and textural changes associated
with flood-affected crops. Besides, regarding feature contribution, though some multi-
collinearity may exist across features, these variables were retained because they capture
complementary aspects of flood dynamics and crop physiological responses given that
the tree-based models used in this study are generally less sensitive to multicollinearity in
terms of predictive performance. Nevertheless, future studies should further examine this
issue using feature-selection or dimensionality-reduction approaches.

5.2. AUC Loss Prediction at a Leave-Out Village

To evaluate the spatial generalizability of the model, Bingzhouhai Village in the Tumed
Left County (as marked in Figure 8) was selected as an independent validation area. All
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data from this village, including observations acquired before and after 15 August 2026,
were excluded from the preceding model-training process. The pixel-wise prediction
results for Bingzhouhai Village are presented in Figure 10. Overall, the model successfully
captured the pixel-level spatial variability in AUC loss, achieving an R2 of 0.66, an RMSE
of 18.54, and an MAE of 13.56. Nevertheless, its predictive performance was relatively
limited for pixels with extremely large AUC losses, particularly those with values below
−100. This limitation may be attributed to the small proportion of such extreme samples
in the training dataset, which prevented the machine-learning model from adequately
learning their characteristics. Future studies incorporating larger study areas and more
representative samples, especially samples with severe AUC losses, are expected to improve
the model’s ability to predict extreme damage levels.
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Figure 10. Predicted and observed AUC-loss maps for independent spatial validation of the model
in Bingzhouhai Village using observations acquired from 1 August 2025 and 15 August 2025.

5.3. Practical Application of AUC Prediction

Although this study demonstrates the feasibility of predicting AUC loss and assessing
crop flooding damage using multi-source remote sensing observations from an early-
flooding perspective, further work is still needed to develop a robust model for operational
applications. First, consistent and well-calibrated remote sensing observations should be
incorporated as model inputs. For example, discrepancies in SAR backscatter coefficients
may arise among different sensors, particularly when absolute radiometric calibration
is unavailable for some SAR datasets. Second, crop heterogeneity, including differences
in crop type, growth stage, planting density, and management practices, should be ex-
plicitly considered to improve regression performance and model transferability. Third,
the uncertainty associated with the AUC-loss-based damage proxy should be systemati-
cally evaluated, especially when the model is applied to specific disaster assessment and
insurance-related scenarios. Finally, incorporating more case studies from different regions
and flood events would be beneficial for improving model robustness and generalization
capability, thereby reducing the moderate degree of overfitting observed in the RF model
developed in this study.

The results of this study indicate that the village-scale (R2) values were generally
higher than those obtained at the pixel level, likely because spatial aggregation averages
out high-frequency pixel-level noise. From an operational application perspective, damage
assessment at the crop-field scale may provide more actionable information than the village-
scale assessment conducted in this study. To achieve this, field boundary vectors could be
collected, or cropland parcels could be segmented using high-resolution remote sensing im-
ages [40]. In addition, constructing high-resolution DEMs from stereo optical images could
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support hydrological analysis of flood evolution, which would help better interpret the
spatial patterns of inundation duration, floodwater accumulation, and crop damage [41].

6. Conclusions
This study investigated the feasibility of early quantitative prediction of crop damage

under long-duration inundation by integrating multi-source SAR–optical remote sensing
observations with Sentinel-2-derived phenological indicators. Using the 2025 flood event
in the Tumochuan Plateau, Inner Mongolia, China, as a case study, annual EVI trajectories
were reconstructed using Savitzky-Golay (SG) filtering, and the AUC loss between 2025
and the 2022–2024 historical baseline was used as an indirect indicator of flood-induced
crop growth reduction. Multi-temporal optical and SAR features acquired during August
2025 were then used to model the relationship between flood-sensitive remote sensing
signals and phenology-based AUC loss.

The results show that Sentinel-2-derived AUC loss can effectively characterize the
spatial pattern of crop growth suppression caused by long-duration flooding. Optical
EVI features from Landsat-8/9 and Sentinel-2 showed relatively strong correlations with
AUC loss, while SAR backscatter features provided complementary information on flood
inundation conditions. In particular, Lutan-1 L-band SAR exhibited potential advantages
in capturing inundation signals beneath crop canopies due to its longer wavelength and
stronger penetration capability. The progressive incorporation of SAR features improved
the predictive performance of machine learning models, indicating that multi-source SAR
observations can enhance the early prediction of flood-induced crop damage when optical
observations are limited by cloud contamination or delayed vegetation response.

Among the tested machine learning models, Random Forest generally achieved the
best performance, although the differences among different ensemble models were rel-
atively small. The highest pixel-wise R2 reached 0.62 using early-flood-period features
and 0.77 using later-period features, suggesting that later observations more effectively
captured accumulated vegetation stress and flood-induced growth reduction. More impor-
tantly, the village-scale prediction achieved an R2 of 0.78 across 122 villages, demonstrating
that spatial aggregation can reduce pixel-level noise and improve the reliability of dam-
age assessment. The villages with high predicted AUC loss were mainly distributed
near river confluence and drainage-channel areas, showing good agreement with SAR
flood signatures, optical vegetation anomalies, Sentinel-2-derived AUC loss, and available
post-flood images.

Overall, this study demonstrates that phenology-guided regression using multi-source
SAR–optical imagery provides a feasible approach for early crop damage assessment
under long-duration inundation. By using annual Sentinel-2 AUC loss as a damage proxy
and SAR–optical observations acquired during the flood period as predictive features,
the proposed framework reduces dependence on field-based yield-loss measurements
and post-event optical observations. The resulting village-scale damage information can
provide valuable support for governmental agencies, insurance companies, and agricultural
disaster management.

Several limitations remain. First, AUC loss is an indirect indicator of crop damage
and may differ from actual yield loss because of crop type, growth stage, management
practices, and post-flood recovery processes. Future studies should incorporate in-situ
yield-loss observations to calibrate the relationship between AUC loss and real agricul-
tural loss. Second, flood duration was not explicitly modeled in this study because the
investigated event was dominated by long-duration inundation. However, considering
additional factors related to the flood-crop interactions, like flood duration, terrain, water
depth, crop type, and phenological stage, would help improve model transferability across
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different flooding scenarios. Third, differences in radiometric calibration among SAR
sensors may introduce uncertainty into multi-source feature fusion. Future work should
include more flood events, better-calibrated SAR datasets, crop-field boundary information,
and hydrological constraints to improve the robustness and operational applicability of the
proposed framework.
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