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A B S T R A C T

Timely mapping of damaged forests is critical for disaster assessment. However, remote sensing data immediately 
after natural hazards is always scarce and susceptible to cloud contamination, hindering holistic assessment of 
damaged forests in a timely manner. Herein, we propose a novel method to map damaged forests obscured by 
clouds in post-hazard images by taking the September 2024 typhoon Yagi in Hainan Island, China as an example. 
Our approach uniquely integrates observed forest damage in cloud-free pixels with its influencing factors (the 
maximum wind speed and cumulative rainfall during the typhoon, terrain (elevation, slope and aspect), and 
canopy height) to interpolate the relationship into cloud-covered pixels by using three mainstream machine 
learning models (XGBoost, artificial neural networks and random forest). We found severe forest damage in the 
Northeast Hainan and the total area of the typhoon-damaged forests accounts for 12.8 %–15.5 % of the island’s 
forest cover. This method can also be used for fast mapping of forest damage in partially available remote sensing 
images after other major natural hazards such as wildfires and landslides

1. Introduction

Annually, tropical cyclones inflict substantial economic losses on 
world’s coastal regions (Achu et al., 2021; Ansari et al., 2025; Howe 
et al., 2025; Liu et al., 2024; Salim et al., 2024; Xu et al., 2015; Sonet 
et al., 2024). Their wide footprint (100 s km across), high magnitude 
(wind speeds ranging from 119 to 250+ km/h), and long tracks (1000s 
km) mean that tropical cyclones can cause widespread destruction to 
natural ecosystems such as coastal forests (Feng et al., 2020). Given the 
likely increase in frequency and intensity of tropical cyclones as the 
climate changes (Bhatia et al., 2022; Sobel et al., 2016), this impact on 
the natural environment is also likely to increase (Mendelsohn et al., 
2012). In the immediate aftermath of a tropical cyclone, rapid and 
objective assessments of damaged forests hold critical significance for 

decision-makers to formulate evidence-based strategies for disaster 
mitigation.

Bottom-up approaches are frequently used to estimate post-hazard 
damage following major disasters, where estimated damage by the 
local communities is passed to the upper administrative departments, 
which sum up and offer a holistic total assessment for decision-makers. 
However, this process is time-consuming, labour-intensive, and subjec
tive (Khajwal and Noshadravan, 2021). Timely mapping of damaged 
forests in an objective and holistic way is critical for disaster assessment 
and to support on-the-ground recovery programmes.

Remote sensing technologies could provide objective and reliable 
means for large-scale forest damage assessments (Hayashi et al., 2015; 
Upadhyay and Kumar, 2018). While radar data can help establish 
timelines for tree damage (Burrows et al., 2023), its utility is constrained 
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by inherent speckle noise and limitations in identifying precise locations 
of damaged forests. The application of SAR remains in an exploratory 
stage in forest damage monitoring and, due to the complexity of data 
interpretation, the reliability of monitoring results is still under debate 
(Tanase et al., 2018; Tomppo et al., 2021). Optical remote sensing im
agery has proven effective in evaluating forest damage from natural 
hazards such as landslides (Qi et al., 2020; Yang et al., 2013), tropical 
cyclones (Lu et al., 2020; Wang and Xu, 2018), fires and climatic 
changes (Bochenek et al., 2015a).

Vegetation indices (such as the Normalized Difference Vegetation 
Index; NDVI) are derived from pre- and post-hazard optical images and 
are used to efficiently map vegetation damage (Bartold, 2012; Chen 
et al., 2022; Lee et al., 2008; Yang et al., 2013; Zhang et al., 2022). 
Bartold (2012) utilized Terra MODIS satellite remote sensing data to 
monitor forest damage in Poland and Slovakia, demonstrating that NDVI 
data from a low spatial resolution optical image (250 m) can achieve 
high monitoring accuracy. With the advancement of satellite remote 
sensing technology, the monitoring of terrestrial vegetation using NDVI 
has gradually evolved from the utilization of low-resolution data sources 
such as NOAA (Bochenek et al., 2015b) and MODIS (Schnur et al., 2010; 
Sun et al., 2011) to higher-resolution data sources such as Landsat 
(Anees et al., 2024; Dimson et al., 2024) and SPOT (Li et al., 2024). 
Currently, Sentinel-2 data represents one of the highest resolutions 
publicly available optical remote sensing datasets (10 m resolution) and 
is adept at monitoring vegetation change following disaster (Eskandari 
and Sarab, 2022; Leisenheimer et al., 2024; Zhang et al., 2024).

Most previous works use cloud-free optical images to detect vege
tation stress (e.g., Bartold and Kluczek, 2024). However, optical images 
are vulnerable to adverse weather conditions such as cloud cover, hin
dering complete spatial coverage of hazard-affected areas (Li et al., 
2020; Meraner et al., 2020). This limitation is particularly acute 
following tropical cyclone events, where affected areas typically expe
rience extensive and prolonged cloud obstruction for days following 
initial impact. Although algorithms exist to recover cloud-covered in
formation in target remote sensing images, these methods primarily rely 
on archived images of other periods that have not experienced land 
cover change (Hu and Smith, 2018; Kang et al., 2016; Li et al., 2019). 
Such approaches require multiple clear post-hazard images, making it 
challenging to rapidly map post-hazard forest damage holistically.

Machine learning models that use geospatial variables to model 
hazard susceptibilities/risks (Sarkar et al., 2024) paved the way to map 
cloud-covered forest damage in post-hazard images. Random Forest (RF) 
is widely applied in the areas of forest fire prediction (Bhadoria et al., 
2021; Zahura et al., 2024), and Artificial Neural Networks (ANN) have 
been utilized in modelling for forest disaster prediction (Achu et al., 
2021).

On 5 September 2024, Super Typhoon Yagi made landfall on Hainan 
Island, China causing extensive damage to local forests. Official reports 
confirmed 4 fatalities, 95 injuries, and direct economic losses exceeding 
¥59.024 billion in Hainan by 7 September (China Meteorological News 
Press, 2024-9-8). At the time of impact, Typhoon Yagi was the second- 
most powerful typhoon to strike the island, surpassed only by the 
Super Typhoon Rammasun in 2014. Coastal shelterbelts along the 
eastern Hainan suffered near-complete destruction, with varying de
grees of forest damage across the province. Following the hazard, au
thorities promptly generated a rough damage estimation through the 
abovementioned bottom-up approach. However, this estimation is 
known to contain substantial errors, including discrepancies in statisti
cal criteria across different administrative regions and reliance on sub
jective judgements in large areas due to operational constraints at the 
community level. Therefore, there is great urgency to rapidly and 
accurately quantify this super typhoon’s impacts on forest cover. By 
using Typhoon Yagi as an example, this study aims to develop a method 
to map typhoon-damaged forests in a timely and objective manner by 
overcoming cloud obstacles in post-hazard remote sensing images.

2. The study area and the typhoon Yagi

Hainan Island is the largest island in the South China Sea with an 
area of approximately 33,210 km2. The island’s topography features a 
central highland (peaking at 1867 m in Wuzhi Mountain) surrounded by 
lower elevations (Hainan Historical and Cultural Website, 2024-2-28). It 
has a maritime tropical monsoon climate (Guo et al., 2021) with an 
annual average temperature of 24.8 ◦C and mean precipitation 
exceeding 1800 mm. Precipitation patterns exhibit strong spatial vari
ability: influenced by summer monsoons and orographic effects, rainfall 
decreases from east to west, with the eastern regions receiving the 
highest accumulations and the southwest being comparatively drier (Xu 
et al., 2013).

According to a land-use data from 2023 (Yang and Huang, 2021), 
Hainan’s total forested area is 22,113 km2, accounting for 67 % of the 
island’s total land area. The zonal vegetation consists of tropical 
monsoon forests, though diverse microclimates driven by topographic 
complexity support varied ecosystems. Coastal shelterbelts encircle the 
island, while extensive plantations of commercial tree species dominate 
inland areas (Yang et al., 2021). According to a report by the Hainan 
Provincial Forestry Bureau (2023), the province’s forestry sector 
generated ¥53.583 billion in annual output.

Super Typhoon Yagi (International designation: 2411; Joint 
Typhoon Warning Center: WP122024) was the 11th named storm of the 
2024 Pacific typhoon season. According to the China Meteorological 
Administration (China Meteorological Administration, 2024-9-6), a 
tropical disturbance formed over the western Pacific, east of Mindanao 
Island, Philippines, on 30 August 2024. It intensified into a tropical 
depression by 1 September, further strengthening to tropical storm 
status on 2 September. At 14:00 local time that day, Typhoon Yagi made 
its first landfall in Casiguran, Aurora Province, Philippines, temporarily 
weakening before entering the South China Sea.

By 3 September, Yagi re-intensified to a severe tropical storm over 
the South China Sea. By 23:00 of 4 September, it intensified to become a 
super typhoon. At 16:20 local time on 6 September, the super typhoon 
struck Wenchang City, Hainan Province, China, with maximum sus
tained winds of 62 m/s at landfall. It made a second landfall later in 
Xuwen County, Guangdong Province, before weakening slightly and 
striking southern Quảng Ninh Province, Vietnam, on 7 September with 
winds of 58 m/s (see Fig. 1 for storm trajectory).

3. Methodology

3.1. Data

This study utilized Sentinel-2 imagery, topographic data, and mete
orological data (Table 1) to assess the impact of Super Typhoon Yagi on 
Hainan. The high-resolution Multispectral Imager (MSI) aboard 
Sentinel-2 offers observational capabilities across 13 bands ranging from 
visible to infrared light, with a revisit period of five days. Among these, 
the visible and near-infrared bands have a spatial resolution of 10 m, 
which are used to monitor vegetation through an NDVI. We obtained 
Sentinel-2 Band 4 (red) and Band 8 (near-infrared) data from Google 
Earth Engine (GEE), which provides Level-2 A products that have un
dergone atmospheric correction with the ESA’s official, state-of-the-art 
Sen2Cor (Louis et al., 2021; Main-Knorn et al., 2017).

We identified 13 pre-typhoon images with the lowest cloud coverage 
(~0 % in cloud cover percentage) from 2016 to 2024 across different 
seasons to ensure an accurate representation of seasonal fluctuations in 
vegetation (Table 2). Cloud-free post-typhoon Sentinel-2 images were 
more limited, with the best available image taken 20 days later (13 
September 2024), but still partially covered by clouds. To ensure that 
our model remained accurate, despite only using one post-typhoon 
image, we set strict cloud probability threshold of <5 to reserve the 
highest quality pixels in the post-hazard image (Fig. 2i). With this 
threshold, approximately 78 % of the post-typhoon image is covered by 
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clouds and will be recovered by our algorithm. While further images 
would be available in time, the need for a rapid assessment to support 
on-the-ground efforts accentuates the need to build a model that can 
handle sub-optimal imagery. All data underwent foundational pre- 
processing on GEE, including spatial clipping and mosaicking, fol
lowed by NDVI analysis.

Digital Elevation Model (DEM) data for Hainan Island at 30 m spatial 
resolution were sourced from the NASA/USGS/JPL-Caltech dataset on 

GEE. Slope and aspect derivatives were subsequently calculated within 
GEE at the same 30 m resolution. Canopy height data were sourced from 
the ETH Global Sentinel-2 10 m Canopy Height dataset (Lang et al., 
2023), which provides global canopy height data for the year 2020 at a 
spatial resolution of 10 m. Meteorological data - including typhoon- 
induced wind speeds and cumulative precipitation - were acquired 
from the China Meteorological Administration. Forest stand boundaries 
were provided as vector data by the Hainan Forestry Bureau. For model 
training, 29,865 sample points were randomly generated within the 
cloud-free portion of our post-typhoon Sentinel-2 image. All datasets are 
spatially illustrated in Fig. 2.

3.2. Methods

The methodological workflow comprises three key steps (Fig. 3). In 
the first step, we calculated NDVI for all selected pre-hazard images and 
established Harmonic Regression Models (HRM) by using these pre- 
typhoon NDVI for each pixel in the study area. Root Mean Square Er
rors (RMSE) of harmonic models were assessed by the difference be
tween the modelled and observed pre-hazard NDVI. In the second step, 
because the first available post-hazard image was acquired on 13 
September 2024, we simulated undisturbed NDVI values on that day 
with harmonic models of each pixel. For cloud-free pixels on the pre- 
hazard image, we calculated ΔNDVI by subtracting the derived NDVI 
from the harmonic model simulated NDVI to define the Forest Damage 
Index (FDI). In the last step, we train three machine learning models by 
using FDI from the last step and its influencing factors. We then leverage 
these machine learning models to map FDI obscured by clouds in the 
post-hazard image.

3.2.1. Pre-hazard NDVI modelling
The NDVI was adopted to characterize the status of surface vegeta

tion. Numerous studies have demonstrated the robustness of NDVI in 

Fig. 1. Moving track of the Super Typhoon Yagi (a) and a false colour composite of the affected Hainan Island (b). Photo of typhoon-damaged forest (c). The photo 
was taken by the author on 20 September 2024 in the East Island’s Forest Farm.

Table 1 
Geosptial data used in this study.

Data Resolution 
(m)

Source

DEM 30 NASA / USGS / JPL-Caltech (https://lpdaac.usgs. 
gov/products/nasadem_hgtv001/)

Slope 30 Calculated by DEM
Aspect 30 Calculated by DEM
NDVI 10 Calculated from Sentinel-2 images (Table 2)

Canopy height 10
ETH Global Sentinel-2 10 m Canopy Height 

(2020)
Wind velocity 10 China Meteorological Administration
Precipitation 10 China Meteorological Administration

Forest 
boundary

/ Hainan Forestry Bureau

Table 2 
Dates of all Sentinel-2 images used in this study. There is only one post-hazard 
image, which is underlined.

2/6/2016 5/10/2018 13/3/2020 23/3/2023 1/4/2024

19/12/2017 30/10/2018 22/5/2021 22/5/2023 13/9/2024
13/4/2018 30/9/2019 20/8/2021 21/2/2024 ​
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reflecting vegetation health while being minimally affected by illumi
nation variations (Hou et al., 2022; Konatowska et al., 2023; Mehmood 
et al., 2024). According to field survey results (Fig. 1c), the forests in the 
eastern part of Hainan were nearly destroyed. Such severe disturbances 
make the NDVI adequate to meet our monitoring needs without the need 
to consider the issue of NDVI saturation (Liu and Huete, 1995). The 
NDVI is calculated as follows: 

NDVI =
NIR − RED
NIR + RED

(1) 

where NIR (Near-Infrared) and RED correspond to the surface reflec
tance values of Sentinel-2’s Band 8 (~842 nm) and Band 4 (~665 nm), 
respectively. The NDVI ranges from − 1 to 1: higher values indicate 
healthier vegetation, lower values suggest stressed or sparse vegetation, 
and negative values typically represent water bodies or snow/ice cover.

To simulate pre-hazard vegetation conditions on any date, we build 
HRM with all 13 pre-disaster Sentinel-2 images. The HRM is one of the 
frequently used time-series models that could mimic NDVI changes by 
considering seasonal changes and trends (Qi and Xu, 2020). It (HRM) 
was first proposed by Zhu and Woodcock (2014) for outlier detections in 
time series of Landsat images and was later modified by Qi and Xu 
(2020) to fit seasonal changes in NDVI time series. The HRM is formu
lated as: 

NDVI(t) = β0 + β1t+ β2cos(2πt)+ β3sin(2πt) (2) 

where β0 represents the constant term, indicating the baseline NDVI 
value. β1 denotes the linear trend coefficient, representing the linear 
change of NDVI over time. β2 and β3 are harmonic coefficients, indi
cating the periodic fluctuations of NDVI. t represents time.

This study uses RMSEs to evaluate the performance of the HRMs. The 

calculation formula is as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

t=1
(yi − ŷi)

2

√

(3) 

where yi represents the true NDVI value, and ŷi is the predicted value by 
the HRM.

3.2.2. Forest damage index (FDI) calculation
HRMs could simulate NDVIs not disturbed by the typhoon. The dif

ference between the true NDVI derived from a post-hazard image and 
the simulated, “undisturbed” value of the same date represents the 
typhoon caused damage. We predicted the NDVI data on 13 September 
2024 with the HRMs, and then calculated the difference between 
observed and predicted NDVI. This NDVI difference (ΔNDVI used 
interchangeably with the FDI throughout this work), was used to char
acterize the impact of the Super Typhoon Yagi on the vegetation of 
Hainan Island. The formula for calculating FDI is as follows: 

FDI = ΔNDVI = NDVIpredict − NDVItrue (4) 

where NDVIpredict represents the NDVI data predicted by the HRM, and 
NDVItrue represents the actual observed NDVI data for the day.

In this study, we used 13 NDVI images from before the disaster to fit 
the HRM and predict the NDVI for 13 September 2024 as NDVIpredict. The 
cloud-free NDVI data observed from Sentinel-2 optical remote sensing 
imagery on 13 September 2024 was used as NDVItrue to calculate FDI.

3.2.3. Machine learning models to map FDI under clouds
After applying the cloud probability mask, ~78 % of the post-hazard 

Sentinel-2 image was removed, rendering spatially incomplete FDI. To 
fill this data gap, we constructed 29,865 random sample points in the 

Fig. 2. Factors that could influence forest damage assessment. Sampling points to build the machine learning models were located in cloud-free locations of the 
Sentinel-2 image acquired on 13 September 2024 (a). Canopy height ranges from 0 to 53 m on the island (b). The DEM(c), aspect (f) and slope (g) maps. This typhoon 
led to ~600 mm cumulative precipitation in the southwest part of the island (d). High winds (>30 m/s) were recorded during this typhoon (e). Forests is a major land 
cover type in the island (h). In the optical remote sensing imagery captured by Sentinel-2 on 13 September 2024, the area with a cloud probability exceeding 5 
constituted approximately 78 % of the total area of Hainan Island (i).

T. Wang et al.                                                                                                                                                                                                                                   Ecological Informatics 90 (2025) 103252 

4 



cloud-free pixel with FDI values. Additionally, we utilized factors such 
as NDVI (predicted by the HRM), canopy height, elevation, precipita
tion, wind velocity, aspect, and slope as independent variables to create 
the training set. We employed this training set to train the XGB, ANN, 
and RF regression models (Breiman, 2001; Chen and Guestrin, 2016; 
Setiono et al., 2002), and then applied them to predict spatially missing 
FDIs across the study area, achieving full-coverage assessment of forest 
damage caused by the typhoon.

During the model training process, the Mean Squared Error (MSE), 
the coefficient of determination (R2), and the significance test p-value 
are utilized as indices to evaluate the effectiveness of the model training. 
The model training error is quantitatively expressed using the MSE, 
which is defined as follows: 

MSE =
1
n
∑n

t=1
(yi − ŷi)

2 (5) 

where yi represents the true value, and ŷi is the predicted value by the 
model. In this study, 70 % of the data was designated as the training set, 
while the remaining 30 % was used as the test set.

The hyperparameter settings of machine learning models directly 
influence their training effectiveness. In this study, after multiple trials, 
we selected what we deemed to be the most appropriate 

hyperparameters. For training RF model, we constructed 100 random 
trees. The ANN model that we employed consists of an input layer, two 
hidden layers (with the first hidden layer comprising 64 neurons and the 
second hidden layer comprising 32 neurons, both utilizing the ReLU 
activation function), and an output layer containing one neuron 
designed to output continuous values. Training was halted when the 
errors no longer decreased to avoid overfitting. For training XGB model, 
the maximum depth of each tree was set to 6, and the learning rate was 
set to 0.1. During our process, forest stand boundaries provided by the 
Hainan Forestry Bureau were used to ensure all assessments were made 
for forests.

4. Results

4.1. Performance of different machine learning models

Using the HRM, this study successfully derived the undisturbed NDVI 
for the Hainan Island on 13 September 2024 (Fig. 4A). The RMSEs of the 
vast majority of regions were distributed within the range of 0 to 0.1, 
indicating that the HRM had a good predictive effect (Fig. 4 B1&B2). 
The typhoon-induced NDVI change (ΔNDVI) was calculated by sub
tracting the observed NDVI on 13 September 2024 from the HRM- 
predicted baseline, though there existed extensive data gaps due to 

Fig. 3. Flowchart of the work.
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persistent cloud cover (Fig. 4C). Notably, large areas of ΔNDVI data are 
missing, particularly in the central and southwest parts of the island.

We employed XGB, ANN, and RF models to predict missing ΔNDVI 
values in cloud-affected areas. ΔNDVI was utilized as the FDI for 
assessing forest damage. The selected influencing factors (independent 
variables) in this study - NDVI, canopy height, DEM, precipitation, wind 
velocity, aspect, and slope - exhibited low pairwise correlations, as 
demonstrated in Fig. 5. In addition to the high positive correlation (0.58) 
between DEM and slope, as well as the high negative correlation (− 0.56) 
between DEM and wind velocity, the correlations among other factors 
are generally low. This minimal multicollinearity ensures that the pre
dictive performance of the machine learning models (XGB, ANN, RF) are 
not compromised by redundant explanatory factors, thereby enhancing 
the reliability of the derived ΔNDVI predictions.

In this study, XGB, ANN, and RF regression models were trained on 
the same training set. The MSE was used to evaluate the performances of 
the model training results, as shown in Fig. 6. We found that the MSE of 
the XGB model on the training set was 0.0067 and on the test set was 
0.0118, indicating a good model prediction performance. The MSE of 
the ANN model on the training set was 0.0128 and on the test set was 
0.0134, which was the worst among the three models. The MSE of the RF 
model on the training set was 0.0017 and on the test set was 0.0121, 
indicating a good model prediction performance. In terms of the coef
ficient of determination (R2), we found that the RF model achieved an R2 

of 0.9346 on the training set and 0.5196 on the test set. The XGB model 
demonstrated an R2 of 0.7376 on the training set and 0.5334 on the test 

set. The ANN model achieved an R2 of 0.4964 on the training set and 
0.4696 on the test set. Considering the MSE and R2 performance of the 
training and test sets of the three models comprehensively, we believe 
that in this study, the RF model demonstrates superior predictive per
formance while maintaining high training accuracy. Conversely, 
although the XGB model exhibits lower training performance compared 
to the RF model on the same training dataset, it achieves predictive 
performance that is comparable to or even surpasses that of the RF 
model despite its lower training accuracy. In summary, both the RF and 
XGB models effectively simulate the changes in the NDVI following 
Super Typhoon Yagi. In contrast, the ANN model exhibits weaker pre
dictive performance than both the RF and XGB models. The significance 
tests for all three models indicate that their results are highly significant 
(p ≤0.001).

Due to the poor interpretability of the ANN model, the factor con
tributions cannot be directly calculated. Only RF and XGB can produce 
factor contributions (Fig. 7). In both the RF and XGB models, NDVI and 
wind velocity have the highest contributions, contributing >70 % in 
combination. Wind velocity, as a triggering factor for forest damage, 
having a high contribution is reasonable. Higher NDVI contribution 
means that the vegetation condition is very susceptible to natural haz
ards. Among the three factors that characterize terrain features, slope 
has the highest contribution.

4.2. Distribution of typhoon-damaged forests

Fig. 8 shows the spatial distribution of the FDI from the XGB, ANN, 
and RF models. Most of the northeast of Hainan Island has a positive FDI, 
indicating extensive forest damage. In contrast, most of the central and 
southwest parts of the island were unaffected (FDI < 0). Percentages of 
area with positive FDI from these three models are spatially consistent 
with each other ranging from 12.8 % to 15.5 %. ANN mapped the least 
area of damaged forests and RF mapped the largest area.

To demonstrate the capability of these models in supporting on-the- 
ground disaster recovery efforts, we selected two of the most severely 
affected areas, Wenchang City and the East Island’s Forest Farm, in the 
northeast of the island to demonstrate finer details of forest damage. 
Both of these areas experienced significant forest damage as they were 
among the first to be hit by Super Typhoon Yagi. We conducted a 
comparative analysis of the differences in the area distribution of the FDI 
in Wenchang City and the East Island’s Forest Farm from XGB, ANN, and 
RF models.

As shown in Fig. 9, the XGB model indicates that ~52.73 km2 of the 
coastal part of the East Island’s Forest Farm has positive FDI (forest 
damage), accounting for 79.5 % of the coastal area of the forest farm. 
Across Wenchang City, ~812.83 km2 of forest area showed positive FDI, 
representing 75 % of the total forest area. Fig. 9II illustrates that, ac
cording to the ANN model’s results, the coastal part of the East Island’s 
Forest Farm with positive FDI is ~50.95 km2, covering 79.6 % of the 
coastal area. The entire Wenchang City has ~832.323 km2 positive FDI, 
which constitutes 77.5 % of the city’s total area. Fig. 9 (III) shows that 

Fig. 4. Modelled NDVI on 13 September 2024 by harmonic regression models (HRM) (A) and calculated ΔNDVI (Forest Damage Index, FDI) with the post-typhoon 
Sentinel-2 image of the same date for pixels free of clouds (C). The distribution of RMSE in the HRM calculated by pixel (B1). Most of the RMSEs of HRMs fitting NDVI 
are in the range of 0 to 0.1 (B2).

Fig. 5. Correlations among influencing factors that were used to model 
typhoon-damaged forests. The highest absolute correlations were found be
tween DEM and slope (0.58) and between DEM and wind velocity (− 0.56).
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Fig. 6. Model performances on Training and Testing sets. a) and b) are the performances of the training and test sets of the XGBoost (XGB) model. c) and d) are the 
performances of the training and test sets of the Artificial Neural Networks (ANN) model. e) and f) are the performances of the training and test sets of the Random 
Forest (RF) model.
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the RF model results reveal ~51.10 km2 of the coastal part of the East 
Island’s Forest Farm with positive FDI, accounting for 77 % of the 
coastal area. In Wenchang City, ~815.39 km2 has a positive FDI, making 
up 75.3 % of the city’s area.

By comparing the results of three models - XGB, ANN, and RF - in 
Wenchang City, our study finds that the predictions of these models 
exhibit spatial consistency. The calculations damaged forest area are 
similar across the three models, with positive FDI area in Wenchang City 
ranging from ~812.83 km2 to ~832.33 km2. For East Island’s Forest 
Farm, the positive FDI area is between ~50.96 km2 and ~ 52.74 km2. 
Excluding the ANN model, which had poorer predictive performance, 
the damaged forest area in Wenchang City ranges from ~812.84 km2 to 
~815.39 km2, accounting for 75.0 % to 75.3 % of the city’s total forest 
area. In East Island’s Forest Farm, the damaged forest area ranges from 
~51.11 km2 to 52.74 km2, representing 77 % to 79.5 % of the forest 
farm’s area. (See Table 3)

We constructed line graphs of FDI distribution for East Island’s Forest 
Farm and Wenchang City, as illustrated in Fig. 10. For East Island’s 
Forest Farm, it was observed that the results from XGB and RF models 
exhibit similar distribution characteristics, with FDI concentrated within 
the 0–0.2 range and a notable increase between 0.4 and 0.6. In contrast, 
the ANN model’s FDI results are concentrated within the 0–0.3 range, 

with a smoother distribution curve and no abrupt changes. Based on the 
analysis of model training performance, the study concludes that the 
XGB and RF models more accurately reflect the actual forest damage 
situation. The ANN model’s predictive performance in this study is 
inferior to the other two models. For the forest land in Wenchang City, 
the results from all three models are concentrated in the 0–0.2 range. 
The ANN model produces smoother calculation results, whereas the XGB 
and RF models retain more detailed distribution characteristics.

5. Discussion

5.1. Rapid mapping of tropical cyclone damaged forests covered by clouds

Remote sensing is a critical technique in mapping large-scale forest 
damage caused by tropical cyclones. However, post-hazard adverse 
weather conditions often hinder the timely and comprehensive assess
ment of hazard impacts. Machine learning models have been widely 
used to map forest damage areas from cloud-free optical remote sensing 
images (Chen et al., 2022; Zhang et al., 2021). While these studies have 
achieved relatively accurate estimations of forest damage areas (Bartold 
and Kluczek, 2024), they can only rely on cloud-free optical images and 
cannot provide rapid and accurate assessments of forest damage when 

Fig. 7. Factor contributions in RF (a) and XGB (b) models. NDVI and wind velocity are the most important factors in assessing forest damage caused by the typhoon.

Fig. 8. FDI prediction results of XGB (a), ANN (b) and RF (c) for the Hainan Island. (d) The area proportion of the predicted FDI of the three models. (e) Data 
distribution of the three models for predicting the FDI.
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such cloud-free images are unavailable after major hazards.
Previous methods to recover cloud-covered information in remote 

sensing images rely on archived images of other periods that have no 

land cover changes (Hu and Smith, 2018; Kang et al., 2016; Li et al., 
2019). These methods cannot achieve fast forest-damage assessment in 
post-tropical cyclone, cloud contaminated optical images. Due to sig
nificant land cover changes caused by natural hazards, abundant pre- 
hazard images cannot be used to recover cloud-covered information in 
post-hazard images. To collect enough post-hazard images, longer time 
is needed making it impossible to rapidly map post-hazard forest dam
age holistically. The novelty of our work is to predict cloud-obscured 
forest damage with machine learning models by integrating remote 
sensing observations and related variables in cloud-free locations. The 
proposed machine learning-based method leverages influencing factors 
to construct models to estimate cloud-obscured damaged forests. This 

Fig. 9. Highlighted forest-damaged regions in north Hainan Island. Panel (I-III) show results from the XGB, ANN and RF models, respectively. In each panel, FDI in 
Wenchang City (a), the northern part (b) and the eastern part of the East Island’s Forest Farm were shown. The proportion of different damage degrees for the East 
Island’s Forest Farm and the Wenchang City were shown in (d) and (e), respectively.

Table 3 
The proportion of area with FDI > 0 in different regions and different model 
results.

Hainan Wenchang East Island’s Forest Farm

XGB 14.6 % 75 % 79.5 %
ANN 12.8 % 77.5 % 79.6 %
RF 15.5 % 75.3 % 77 %

Fig. 10. Distribution of FDI predicted by XGB, ANN and RF in the East Island’s Forest Farm (a). Distribution of FDI predicted by XGB, ANN and RF in Wenchang City 
(b). FDI counts the area in units of 0.01.
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approach offers a feasible technical pathway for the rapid and efficient 
assessment of post-hazard vegetation damage.

5.2. Use of NDVI on mapping forest damage

This study utilises ΔNDVI as a simple indicator for forest damage 
(FDI), which may be improved by using other biophysical parameters (e. 
g., above ground biomass). NDVI is a well-established index to monitor 
vegetation change with satellite images (Bartold, 2012; Bochenek et al., 
2015a; Huang et al., 2021), whereby a significant NDVI decrease in 
forests during natural hazards are highly likely to be linked to forest 
damage owing to a near-total loss of leaves.

NDVI saturation in dense vegetation and soil reflectance in low 
vegetation cover may limit NDVI’s sensitivity to forest damage (Liu and 
Huete, 1995). NDVI saturation could lead to an underestimation of 
forest damage in less-affected dense forests and soil reflectance could 
cause errors in low vegetation covered regions. Integrating other 
indices, such as the Enhanced Vegetation Index (EVI) or the Normalized 
Burn Ratio (NBR), or using a multi-sensor approach, may solve these 
problems to some extent (Escuin et al., 2008; Liu et al., 2017; Rogan 
et al., 2011). NDVI saturation and soil reflectance did not significantly 
affect the mapping of severe forest damage in this study, particularly 
where dense forests underwent extensive or near-complete destruction. 
These heavily impacted regions warrant greater stakeholder attention 
compared to areas exhibiting minimal damage or sparse vegetation. As 
this study aims to provide a workflow to overcome clouds in post-hazard 
damage assessment, employing these more effective indices (e.g., EVI 
and NBR) could warrant future research.

5.3. Considerations on machine learning and an ΔNDVI threshold

Model prediction uncertainty may stem from training dataset limi
tations. Relying on a single post-event image may introduce data bias, 
because sample points may not fully represent the full spectrum of 
vegetation characteristics from across the prediction area. This may be 
an inherent challenge in rapid post-event forest damage mapping 
depending on the location of cloud-free pixels. Using more advanced 
deep learning models (Qi et al., 2020) and optimizing the training set 
construction by considering the distribution of characteristic factors 
within the prediction area, a strategy successfully applied in landslide 
hazard prediction (Yang et al., 2023) may further enhance model per
formance. Additionally, uncertainties in meteorological data and the 
time lag between the acquisition of input factors (e.g. topography and 
canopy height) and the disaster event may lead to discrepancies between 
model predictions and actual conditions. To mitigate these un
certainties, the use of the most accurate and up-to-date data should al
ways be a priority.

Threshold selection is another critical factor limiting the accuracy of 
disaster-affected area predictions. Despite a significant NDVI decrease 
indicating forest damage, the use of more subtle NDVI change may be 
complex. Defining a threshold to differentiate normal NDVI variations 
from confirmed disaster effects could be challenging. To address this, we 
attempted to infer a suitable forest damage threshold by combining 
manually collected statistics of affected areas. Although potentially 
suboptimal, this threshold was used to estimate potential forest damage 
across the island. Currently, there is not a universal threshold of ΔNDVI 
to identify forest damage. Future work should focus on obtaining rapid 
and accurate ground-truth data from smaller, representative regions. 
This would enable back-calculation and refinement of ΔNDVI thresholds 
to improve their applicability for larger-scale damage assessment.

5.4. Potential applications

Our work demonstrated a timely assessment of forest damage after a 
major tropical cyclone, though a strength of this method is that it can be 
applied to a broad range of natural hazards, such as earthquakes and 

landslides. Major mountain earthquakes could trigger numerous co- 
seismic landslides damaging large area of forests, such as the 2008 
Wenchuan earthquake-triggered landslides that damaged >1000 km2 

vegetation scattering over some 100,000 km2 (Cui et al., 2012). Rapid 
and holistic mapping of these landslides was challenging and time- 
consuming given the complex topography and large spatial extent (Xu 
et al., 2014). Our proposed workflow could have benefitted this scenario 
by combining remote sensing and machine learning to fill the data gap 
caused by clouds or acquisitions. Another scenario would be to map 
wildfire-burned forests (Bhadoria et al., 2021), where heavy smoke may 
obscure satellite images and hinder the mapping of fire-damaged forests. 
Our workflow has the capacity to assimilate partial remote sensing 
observation with machine learning models to offer a more holistic un
derstanding of fire-damaged forests. Future extension of our proposed 
scheme to internationally well-known services such as the PLOWET 
(Dabrowska-Zielinska et al., 2016) and the Copernicus Emergency 
Management Service (CEMS, https://emergency.copernicus.eu/) would 
benefit the public at large.

6. Conclusion

After the September 2024 Typhoon Yagi in Hainan, there is a great 
urgency to map damaged forests across the entire hazard-affected area 
with a limited number of cloud-contaminated, post-hazard remote 
sensing data. This study proposes a method to solve this problem. This 
method can rapidly and objectively assess pixels covered by clouds by 
interpolating observations from post-hazard, cloud-free pixels with 
three machine learning models (XGB, RF and ANN). Among these 
models, XGB and RF demonstrated superior predictive performances 
than ANN by demonstrating higher consistencies in estimating typhoon- 
affected forest areas. The analysis results indicate that the northeast part 
of the Hainan Island, particularly Wenchang City and the East Island’s 
Forest Farm, suffered the most severe damage, with 75.0 %–75.3 % of 
the forest in Wenchang City negatively affected. This study found that 
the area of forest damage on Hainan Island with a damage index greater 
than 0 ranged from 3164.30 km2 to 3361.38 km2, accounting for 14.6 % 
to 15.5 % of the island’s total forest area.

Additionally, the study highlights that pre-hazard NDVI, and wind 
velocity are key factors in predicting forest damage. Notably, we also 
observed an increase in NDVI in some areas outside the typhoon’s direct 
path, which may be related to the abundant rainfall and moderate wind 
disturbance brought by the typhoon, which warrants further investiga
tion. Overall, this study provides a reliable framework for the rapid 
assessment of post-typhoon forest damage, overcoming the limitations 
posed by cloud cover in optical remote sensing imagery. It also offers 
valuable insights for efficient disaster response and forest management.
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