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Abstract: Having an additional tool for swiftly determining the extent of flood damage to crops
with confidence is beneficial. This study focuses on estimating rice crop damage caused by flooding
in Candaba, Pampanga, using open-source satellite data. By analyzing the correlation between
Normalized Difference Vegetation Index (NDVI) measurements from unmanned aerial vehicles
(UAVs) and Sentinel-2 (S2) satellite data, a cost-effective and time-efficient alternative for agricul-
tural monitoring is explored. This study comprises two stages: establishing a correlation between
clear sky observations and NDVI measurements, and employing a combination of S2 NDVI and
Synthetic Aperture Radar (SAR) NDVI to estimate crop damage. The integration of SAR and optical
satellite data overcomes cloud cover challenges during typhoon events. The accuracy of standing
crop estimation reached up to 99.2%, while crop damage estimation reached up to 99.7%. UAVs
equipped with multispectral cameras prove effective for small-scale monitoring, while satellite
imagery offers a valuable alternative for larger areas. The strong correlation between UAV and
satellite-derived NDVI measurements highlights the significance of open-source satellite data in
accurately estimating rice crop damage, providing a swift and reliable tool for assessing flood damage
in agricultural monitoring.

Keywords: flood; remote sensing; agricultural monitoring; unmanned aerial vehicles; crop damage
estimation; normalized difference vegetation index

1. Introduction

The Philippines is predominantly an agrarian nation, where a significant proportion
of the population resides in rural regions and relies on agriculture as their primary means
of sustenance. As per the findings of the Statista Research Department, the agricultural
industry contributed approximately 1.76 trillion Philippines pesos to the gross value added
(GVA) in 2021, accounting for approximately 9.6 percent of the nation’s gross domestic
product (GDP) [1]. However, being an archipelago and a tropical country situated within
a typhoon belt, the Philippines experiences a high frequency of tropical cyclones, with
about 20 typhoons and eight to nine landfall events annually [2]. The provinces in Cagayan
Valley and Central Luzon in the northern Philippines, as well as the Bicol Region in the east,
presented significant vulnerability to rice damage caused by typhoons [3]. The vulnerability
of agricultural areas, which are typically located at lower elevations compared to urban
settlements, makes them susceptible to the devastating impact of typhoons and prolonged
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heavy rainfall, leading to destructive flooding that significantly affects agricultural crops
and the livelihoods of farmers.

Among the recurring causes of loss for local farmers, flooding-induced damage to rice
crops poses a substantial challenge. To mitigate these losses, government officials have the
authority to declare a state of calamity in affected municipalities. The Philippine Disaster
Risk Reduction Management act of 2010, also known as Republic Act 10121, defines a state
of calamity as a condition characterized by mass casualties, significant property damage,
and the disruption of livelihoods, roads, and the normal way of life resulting from natural
or human-induced hazards. The declaration of a state of calamity enables the reallocation
of funds for infrastructure repair and improvement, the implementation of price controls
on essential goods, the provision of interest-free loans to severely affected segments of the
population through cooperatives or organizations, and the monitoring and prevention of
price gouging, profiteering, and the hoarding of essential goods, medicines, and petroleum
products [4,5]. The challenge lies in how fast and reliable the reported damages are, as the
declaration of being in a state of calamity depends on such reports.

Currently, the estimation of agricultural damage caused by flooding in most parts of
the country relies on manual approaches. Rotairo et al. [6] stated that many developing
Asian and Pacific economies rely on administrative reporting systems to gather data on
agricultural production and land use, primarily due to limited financial resources for con-
ducting comprehensive agricultural surveys or censuses. However, a crucial need exists to
bolster statistical capacity and enhance skills in these regions before large-scale censuses
can be implemented. The main challenge lies in a shortage of technical personnel with the
requisite skills to generate precise agricultural statistics. In the administrative reporting
system, data collection starts at the grassroots level, such as villages and municipalities,
with local agriculture personnel observing harvests and interviewing key individuals. This
approach is cost-effective and offers more timely estimates than censuses, but it can result
in measurement errors, subjectivity, and data inconsistencies. Reports from local admin-
istrative offices sometimes contain planned or adjusted figures, leading to inaccuracies
and flawed decision-making by local officials [6]. The national disaster database in the
Philippines, containing information on agricultural losses, is not always available. Out of
the 526 typhoon events that made landfall or passed within 500 km of the Philippines from
1970 to 2018, only 60 have accessible reports on rice damage [3].

With the advancement of technology and increased accessibility to satellite informa-
tion, the estimation of crop damage can be expedited and enhanced. Numerous studies
have already utilized satellite imagery, UAVs, and computing technology for agricultural
monitoring. These encompass both UAV-borne and space-borne optical and SAR remote
sensing products, in conjunction with GIS. Such examples are the application of remote
sensing and Geographic Information Systems (GIS) [7], the utilization of UAVs [8,9], the
use of Synthetic Aperture Radar (SAR) [10–15], and optical satellite data [16]. Additionally,
satellites have been employed to assess the impact of floods on crops [15,17–19]. Sev-
eral studies have established a robust correlation between UAV and satellite imagery. For
instance, Li et al. [20] conducted a study that compared S2 imagery with UAV imagery
equipped with a multispectral camera for crop monitoring. Furthermore, other stud-
ies, such as those by Bollas et al. and Mangewa et al. [21,22], compared NDVI values
measured by S2 with those obtained through measurements by UAVs equipped with a
multispectral camera. This alignment with the first objective of this study underscores the
importance of ascertaining this correlation within the context of the Philippines, further
enhancing the credibility of this research. Moreover, remote sensing, as emphasized by
Hendrawan et al. [23], facilitates the identification of spatiotemporal characteristics related
to vegetation conditions, using vegetation indices for agricultural monitoring. It is com-
monly employed to assess vegetation growth and health. Thus, in this study, the NDVI
was used as the index to monitor crop growth, as the reported damages were specific to
particular growth stages of the crops when they were damaged. Moreover, the S2 NDVI is
the most accurate vegetation index for estimating rice growth stages [24].
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While previous studies have explored various approaches to utilizing technology for
agricultural monitoring, this study aims to introduce a different approach that emphasizes
the fast and reliable estimation of crop damages caused by floods. This is achieved through
the utilization of open-source satellite data acquired via scripts customized by government-
funded project (2015 to 2022) known as the Community Level—SARAI-Enhanced Agri-
cultural Monitoring System (CL-SEAMS) of Project SARAI (Smarter Approaches to Rein-
vigorate Agriculture as an Industry in the Philippines). The satellite data acquisition is
conducted via Google Earth Engine (GEE) and processed through open-source GIS [25–28].
This novel approach, presented in the study framework, expedites crop damage estimation
by eliminating the need for users to download and manage large datasets locally. The
use of cloud-based computing enables users to perform complex analyses without the
requirement for powerful local hardware, a task that traditionally consumes significant
time and effort. Additionally, the reliability of the estimation is enhanced, as cloud cover
can be easily double-checked, mitigating a common source of inaccurate estimation when
not properly monitored. By capitalizing on the availability and accessibility of such data,
this research seeks to contribute to the advancement of agricultural monitoring practices
by minimizing, if not eliminating, the manual assessment of crop damages that are still
prevalent in most parts of the Philippines as well as in other developing countries. This
may aid in achieving the so-called Agriculture 4.0 which consists in upgrading the usual
farming techniques to create a more sustainable and efficient agriculture system [29].

Given the recurring issue of floods and the local community’s dependence on rice
farming, this study aims to develop a method that can enhance and expedite the estimation
of rice crop damage. To achieve this purpose, the following objectives have been established:
(1) to ascertain the correlation between Normalized Difference Vegetation Index (NDVI)
measurements obtained from UAVs and those derived from the Sentinel-2 satellite (S2). If a
strong correlation is found between satellite-derived NDVI and UAV NDVI measurements
using a multispectral camera, the subsequent objectives are as follows: (2) to estimate rice
crop damage using satellite-derived information, and (3) to evaluate the accuracy of the
estimated damage value by comparing it to the manually recorded damage data obtained
by the local officials.

This paper explores the correlation between NDVI measurements obtained from UAVs
equipped with a multispectral camera and those derived from the S2 satellite. While UAVs
mounted with multispectral cameras offer detailed results for small areas, their high cost
and time-consuming nature pose limitations when dealing with large areas. Therefore,
the development of a more cost-effective and time-efficient alternative for agricultural
monitoring is investigated.

The Philippines, a predominantly agricultural area, faces significant challenges due to
its susceptibility to frequent tropical cyclones, particularly in regions crucial for agriculture.
These natural disasters often result in devastating flooding, causing substantial damage to
crops and disrupting the livelihoods of farmers. Mitigating such losses by taking advantage
of advancements in technology, particularly satellite imagery, UAVs, and GIS platforms,
offers promising solutions to expedite and enhance crop damage estimation for faster
and more efficient assessments. Leveraging these tools aims to revolutionize agricultural
monitoring in the Philippines, contributing to more sustainable and efficient farming
practices, and ultimately advancing towards Agriculture 4.0.

2. Materials and Methods
2.1. Study Sites

Candaba, a municipality in the province of Pampanga within the Central Luzon region,
is predominantly an agricultural area, with 31 out of 33 barangays engaged in rice culti-
vation [30]. The region is susceptible to recurrent flooding, particularly during the rainy
seasons, owing to its classification as an alluvial plain, with a portion of it transformed into
a swamp. These floods primarily result from the overflow of the Pampanga River, causing
water to accumulate and impede efficient drainage, leading to severe floods [31]. In an inter-
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view with the Candaba Municipal Agricultural Officer, it was revealed that a damage report
on agriculture reaching 20% and above should be initially reported to the local officials
of the Disaster Risk Reduction and Management Office (DRRMO). This report will then
undergo further protocols with higher officials before a state of calamity can be declared.
The agricultural area of Candaba was reported to be approximately 17,000 hectares in 2015
and increased to about 19,500 hectares in 2021 [30,32]. Unfortunately, the current practice
in Candaba, Pampanga, relies on manual damage assessments, which often consume a
significant amount of time to complete and report due to the risks associated with accessing
flooded areas. This issue was also emphasized in a study by Rahman and Di (2020), where
they highlighted the challenges associated with past crop loss assessments, which were
generalized and time-intensive due to reliance on survey-based data collection. To enable
rapid flood loss assessment, according to them, the availability of remote sensing data plays
a key role [6,17]. Remote sensing, as defined by the US Geological Survey (USGS), is the
process of detecting and monitoring the physical characteristics of an area by measuring its
reflected and emitted radiation from a distance [33]. The utilization of Unmanned Aerial
Vehicles (UAVs) and satellites serves as an excellent example of remote sensing, enabling
the acquisition of information without direct physical contact with the object.

Table 1 provides an overview of the flooding events and their respective dates in
Pampanga, which are the focus of analysis in this study. To achieve the first objective,
NDVI measurements were conducted using multispectral camera-equipped UAVs in both
the Philippines and Japan. In the Philippines, 16 sites within Candaba, Pampanga (as
shown in Figure 1), were selected. These 16 sites represent agricultural barangays that
are (1) occasionally inundated by serious flood events, such as barangays Vizal Sto. Niño,
Magumbali, Barangca, Salapungan, and Mapaniqui; (2) sometimes inundated by flood
events, such as barangays Vizal San Pablo, Talang, and Pangclara; and (3) usually inundated
barangays, such as Santo Rosario, Gulap, Paralaya, San Agustin, and Paligui.

Table 1. Six flood events and their date of occurrence in Candaba, Pampanga.

Flood Event Date of Occurrence

Typhoon Quinta 25 October 2020
Typhoon Ulysses 11 November 2020
Typhoon Fabian 28 July 2021
Typhoon Florita 22 August 2022

Typhoon Karding 25 September 2022
Typhoon Paeng 29 October 2022

Due to initial constraints posed by COVID-19, UAV experiments were carried out in
Ibaraki, Japan, where three specific study sites were chosen: Obayashi and Ebie in the city
of Chikusei, and Sugishita in the town of Tsukuba Mirai (refer to Figure 2). These sites were
selected due to their proximity to Tsukuba in Ibaraki prefecture, where the International
Centre for Water Hazard and Risk Management (ICHARM) research laboratory is located.
The UAV experiment in Ibaraki aimed to observe NDVI values throughout the entire
cropping season, from planting to harvesting, as it aligns with the typical rice planting
cycle in Japan. The second and third objectives focused on rice crop damage estimation,
with specific attention to Candaba, Pampanga.

2.2. Study Framework

This study comprises two stages, as illustrated in Figure 3: (1) a comparison between
UAV and satellite data, and (2) the estimation of rice crop damage. The reliability of the
NDVI readings from the drone with a multispectral camera and the S2 satellite is assessed
by examining their correlation. The drone captures the NDVI measurements, while the
satellite-derived NDVI is used for comparison. If a strong correlation is observed between
the satellite and UAV data, the study progresses to stage 2, wherein satellite data are utilized
to cover a larger area and obtain information about past flooding events. In the second
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stage, various open-source satellite data (refer to Table 2) are acquired and processed using
QGIS software 3.16.9 to estimate the damage inflicted on the rice crop by flooding. The
damage data obtained from the Municipal Agriculture Office of Candaba, Pampanga, are
then compared to the estimated damages derived from this study. Additionally, the area
of the standing crop, which is the total above-ground plant biomass before the flooding
event, is estimated and compared to the recorded data. The ratio between the damaged
rice and the standing crop determines the damage ratio that will be used for the calamity
fund decision. Further details on the aspects and framework of this study are explained in
Section 2.4.
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Table 2. Satellite data acquired for image processing.

Purpose Satellite Name Resolution Revisit Time (Days)

To eliminate built-up and non-rice areas Landsat-8 (UC) 30 m 16
Flood visualization Sentinel-1 10 m 6–12

Rainfall investigation CHIRPS 5 km n/a
NDVI Sentinel-2 10 m 5

Cloud detection Sentinel-2 RGB 15 m 5
SAR NDVI Sentinel-1 30 m 6–12

2.3. Materials

A UAV equipped with a multispectral camera, the DJI P4 Multispectral, as depicted in
Figure 4, was utilized for this study. It is a high-precision UAV designed for environmental
monitoring, agricultural missions, and precise plant-level data collection [34]. In Japan,
the UAV’s elevation was set to 40 m, resulting in a resolution of 2 cm. Conversely, in the
Philippines, the UAV’s elevation was adjusted to 120 m, providing a resolution of 6 cm
due to the larger average observation area of about 45 ha, compared to only 0.5 ha in
Japan. The experiment captured six bands, including RGB and five monochrome sensors
for multispectral imaging.
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For the satellite-derived NDVI, S2 was employed. S2 is a wide-swath, high-resolution,
multispectral imaging mission that supports Copernicus Land Monitoring studies. It en-
ables the monitoring of vegetation, soil, and water cover, as well as the observation of inland
waterways and coastal areas. The S2 data consist of 13 UINT 16 spectral bands, which
represent TOA reflectance scaled by 10,000. In addition, three QA bands are included, with
one of them (QA60) serving as a bitmask band containing cloud mask information [35–37].

The radiation spectrum employed for NDVI determination included the Near Infrared
(NIR) and Red bands. For the DJI P4 Multispectral, the NIR wavelength is 840 nm ± 26 nm,
and the Red wavelength is 650 nm ± 16 nm [34], while for S2, the NIR wavelength is
842 nm, and the Red wavelength is 665 nm [35]. Therefore, NDVI measurements derived
from both UAV and satellite utilized the same wavelengths, ensuring comparability. See
Table 3 for the comparison between the UAV and the S2 satellite during the course of
the research.
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Table 3. Comparison between multispectral camera-equipped UAV and Sentinel-2 Satellite during
the conduct of the experiment.

Description UAV with Multispectral Camera Sentinel-2 Satellite

Resolution 6 cm at 120 m altitude 10 m
Equipment Drone, RTK-GNSS, Laptop, Tablet, Service Vehicle Laptop, Internet Connection
Manpower 3 Persons 1 Person

Area and Time Coverage ~50 hectares in 2 to 3 h ~1000 hectares in minutes
Environment’s Condition All Weather except windy or rainy days All Weather

The data on rice crop damage were obtained from the Municipal Agriculture Office
of Candaba, Pampanga, which contained records of the six most recent flooding events
due to typhoon since 2020. These records were the only available data currently preserved
by the office. The data include information such as the affected barangays, the number of
farmers impacted, the area of standing crops prior to the flood event, the specific stage of
crop development when the damage occurred, the extent of damage (total and partial), and
the associated cost of the damage. Additionally, data on the size of farm areas (in hectares)
planted on specific dates were also obtained.

The damage data obtained from the Municipal Agriculture Office were summarized
by creating graphs that show the extent of the rice crop damages in terms of affected area
(hectares) per barangay (refer to Figure 5). Barangay is the smallest political unit in the
Philippines. With this, Barangay Pangclara was selected for the investigation of rice crop
damage estimation since it was one of only two barangays affected by all six flooding
events, with the other barangay being Vizal San Pablo. In terms of the total affected area,
Barangay Pangclara ranks higher than Barangay Vizal San Pablo. A map of Barangay
Pangclara is provided in Figure 6. Additionally, the size of farm areas planted with rice
(hectares) on specific dates ranging from June 2020 to November 2022, with a particular
focus on Barangay Pangclara, was summarized (as shown in Figure 7).
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Table 2 presents a summary of the satellite data utilized in this study. We employed
unsupervised clustering (UC) of the Landsat-8 dataset to remove non-rice crops and built-
up areas, [38]. Flood visualization (FV) was conducted using Sentinel-1 (S1) to illustrate the
before and after effects of the typhoon. S1 provides data from a dual-polarization C-band
SAR instrument at 5.405 GHz [19,39,40]. In investigating rainfall, we utilized Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS). CHIRPS is a quasi-
global rainfall dataset that spans over 30 years and incorporates 0.05◦ resolution satellite
imagery with in situ station data to create gridded rainfall time series for trend analysis
and seasonal drought monitoring [41,42]. The details regarding S2, which was used for the
satellite-derived NDVI, were already mentioned earlier. The S2 RGB image was utilized to
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create a true-color composite image to identify the presence of clouds [35,36]. If S2 NDVI
proved to be unreliable due to cloud cover, we resorted to using S1 NDVI instead [39].

2.4. Methods

In this study, we first verify the correlation of NDVI readings between UAV and S2 by
conducting UAV experiments in Japan and the Philippines. After establishing that UAV
and S2 have a good correlation, it becomes justifiable to use satellite data to estimate rice
crop damage caused by flooding in Pampanga, Philippines, in order to cover a larger area.
This is necessary as UAVs have limitations in their ability to cover large areas in a short
time. Additionally, satellite data can verify past flooding events, which further assists in
assessing the effectiveness of this study.

The S2 NDVI is determined using Equation (1) [43]:

NDVI =
(NIR − Red)
(NIR + Red)

(1)

The S1 SAR NDVI is determined using Equation (2) [28]:

NDVI = (VH/VV + 1)/(VH/VV − 1) (2)

where:
VH is the backscatter coefficient of the SAR image for horizontal transmit, vertical

receive polarization.
VV is the backscatter coefficient of the SAR image for vertical transmit, vertical re-

ceive polarization.

2.4.1. STAGE 1: Comparison between UAV and Satellite

In the Philippines, UAV observations were conducted once within Candaba, Pam-
panga, covering 16 sites from 16 to 20 January 2023, during our field visit. S2 NDVI values
were obtained for comparison corresponding to the dates or near the dates of observation.
RGB images of S2 were used to verify cloud cover. Random point selections were used
for data extraction for both UAV and S2 NDVI values. Point data analysis was employed
to address the issue of resolution consistency in examining the correlation between UAV
and satellite. Only observations with clear skies were considered, and a graph of UAV vs.
S2 was created. A linear trend line was generated from the scatterplot to determine the
correlation between the NDVI from the UAV and the satellite-derived NDVI.

In Japan, drone observations were conducted to measure the NDVI for one rice
cropping season (June to November 2022) across three farm lots. This served as the
preliminary study before the experiment in the Philippines. The dates of observations
were recorded and the corresponding S2 NDVI values were obtained for comparison.
Additionally, RGB images of S2 were used to verify cloud cover. Data extraction for both
UAV and S2 NDVI values was based on five random points, located near the center and
around the four corners. Point data analysis was employed to address the issue of resolution
consistency in examining the correlation between UAV and satellite. Observations with
total cloud cover were excluded while those with a thin layer of clouds were separated
from clear sky observations. A graph of UAV vs. S2 was created for the three sites, with
clear sky observations plotted separately from those with thin clouds. A linear trend line
was generated from the scatterplot to determine the correlation between the NDVI from
the UAV and the satellite-derived NDVI.

2.4.2. STAGE 2A: Open-Source Satellite Data Acquisition for the Estimation of Rice
Crop Damage

The unsupervised clustering of Landsat-8, flood visualization using S1, rainfall inves-
tigation using CHIRPS, RGB images and NDVI measurements of S2, and SAR NDVI of
S1 were all performed in Google Earth Engine (GEE), a planetary-scale platform for Earth
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science data and analysis that combines a multi-petabyte catalog of satellite imagery and
geospatial datasets [28]. Most of the scripts used in GEE were obtained from CL-SEAMS
under the Project SARAI [25–27], while some were modified and developed by the authors.

The main focus of the study was to estimate the damages to rice crop areas caused
by flooding events brought about by typhoons. To identify non-rice and built-up areas,
unsupervised clustering of Landsat 8 time-series data was performed, and these areas were
removed during image processing. Flood visualization was conducted using S1 to compare
the flood scenario images before and after the flooding event. The difference in the presence
of inundated water before and after the flooding event scenarios represented the net flood,
which was used in image processing to determine the flooded rice. In some cases where the
net flood was immediately equated with the after-typhoon flood scenario due to the lack
of significant differences between the scenarios before and after the flood event, CHIRPS
rainfall data were utilized to investigate the amount of rainfall received in the area prior to
the flood event.

Although the S2 NDVI is the most accurate vegetation index for estimating rice growth
stages [24], it relies on optic sensors, making it highly susceptible to measurement bias
and errors caused by cloud cover [36]. As such, RGB images from S2 were checked for
all six flooding events, including dates before and after each event, to verify the presence
of clouds. Only images with little to no cloud cover were selected, and corresponding S2
NDVI images were obtained. In cases where a reliable S2 NDVI could not be acquired
due to thick clouds, NDVIs from the S1 SAR were obtained instead, following a similar
approach to that used by Dobrinic et al. in their study [44]. Furthermore, a study conducted
by Jiao et al. [45] demonstrated a high correlation coefficient of 0.94 between the S2 NDVI
and the S1 NDVI, thereby justifying this course of action.

2.4.3. STAGE 2B-2C: Image Processing for the Estimation of Rice Crop Damage

For the estimation of standing rice crop, a sensitivity analysis of the NDVI was con-
ducted on the obtained S2 NDVI image for the period preceding the typhoon event. The
sensitivity increment used was 0.1 to simplify the method until it reached a value close to
the recorded data value. From this identified standing rice crop, built-up and non-rice areas
were deducted to obtain the estimated area of standing rice crop. In cases where reliable
S2 NDVI images could not be obtained due to thick clouds in the period near before the
typhoon event, S1 SAR NDVIs were obtained as an alternative. A sensitivity analysis of
the backscatter value was performed with a sensitivity increment of 1.0, using the nearest
available S2 NDVI and RGB images as the basis for the density of vegetation. Backscatter
index represents the strength of the reflected electromagnetic energy in a radar system.
This then served as the estimated area of standing crop.

To estimate crop damage at a specific growth stage, we conducted an NDVI sensitivity
analysis on the S2 NDVI image obtained prior to the typhoon event. The analysis involved
incrementing the NDVI values by 0.1 and comparing them to the recorded data values
provided in the damage report, following the guidance of previous studies by Gonzalez-
Betancourt et al. and Hasniati et al. [24,46], which emphasized the relation of the NDVI
to rice growth stages. We multiplied the resulting image by the net flood, as determined
in Section 2.4.2., to obtain an image showing the estimated flooded rice damaged during
that specific growth stage. In cases where reliable S2 NDVI images were unavailable due
to thick clouds before the typhoon event, we used S1 SAR NDVI as an alternative. A
sensitivity analysis of the backscatter value was performed with an increment of 1.0, using
the nearest available S2 NDVI and RGB images to determine vegetation density. This
estimation represented the area of standing crop, which was then multiplied by the net
flood to obtain the flooded rice less the non-rice and built-up areas. This flooded rice
was then multiplied by the available S2 NDVI that had undergone sensitivity analysis for
a particular growth stage, resulting in an image of the estimated flooded rice that was
damaged at that stage.
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The accuracy of the estimation method was assessed using the relative percent differ-
ence, which was calculated using Equations (3) and (4):

Relative Error =
|recorded data − estimated value|

recorded data
(3)

Accuracy = (1 − Relative Error) × 100% (4)

At this stage of the study’s framework, machine learning methods are leveraged to
develop algorithms and statistical models that facilitate computer systems in learning from
data, recognizing patterns, and making predictions. This approach aligns with previous
works, such as the studies by Vamsi et al. [47], who focused on estimating crop damage
through leaf disease detection, and Filho et al. [48], who utilized machine learning models
for rice crop detection from S1 data. However, the use of machine learning methods was
hindered by the limited amount of available datasets, which was insufficient for training a
model capable of minimizing errors and optimizing its predictive accuracy. Consequently,
sensitivity analysis was employed in this section. Furthermore, it is worth noting that the
recorded damage data may contain uncertainties stemming from the inaccessible nature of
the flooded areas.

3. Results
3.1. STAGE 1: Comparison between UAV and Satellite

Figure 8 illustrates the comparison between UAV and S2 for Obayashi, Ibaraki, Japan.
The graphs for Ebie and Sugishita are not presented as their results were nearly identical
to Obayashi. As depicted in the figure, the NDVI measurements obtained under a thin
layer of clouds deviated more from the ideal slope of 1.0, exhibiting a slope of 0.12 for
Obayashi. For Ebie, the slope was 0.13, while for Sugishita, it was not considered due to
the limited number of data points. Conversely, NDVI measurements captured under clear
skies displayed a deviation closer to the ideal slope, with slopes of 0.36, 0.35, and 0.48 for
Obayashi, Ebie, and Sugishita, respectively. These findings suggest that measurements
taken under clear skies yield more accurate results compared to those acquired under cloud
cover. In both conditions (clear skies and the presence of thin clouds), a strong correlation
was observed between UAV and S2 NDVI readings in Obayasi and Ebie, with correlation
coefficients of 0.87 and 0.80, respectively. NDVI measurements obtained under clear skies
exhibited a strong correlation across all sites, with correlation coefficients of 0.84, 0.74, and
0.84 for Obayashi, Ebie, and Sugishita, respectively. It is worth noting that in nearly all
cases, the S2 readings were higher than the UAV readings for the NDVI values below 0.1.
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Figure 9 displays the comparison of UAV versus S2 for the 16 sites within Candaba,
Pampanga, under clear skies conditions. The slope of the graph was 0.38, indicating
a deviation from the ideal slope of 1.0. S2 NDVI readings exhibited a high correlation
with UAV measurements, with a correlation coefficient of 0.83. Notably, S2 readings were
consistently higher than UAV measurements for the range of NDVI below 0.1.
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Figure 9. Graph of UAV versus Sentinel−2 NDVI measurements for Candaba, Pampanga.

3.2. STAGE 2: Estimation of Rice Crop Damage

Figure 10b displays the unsupervised clusters for Barangay Pangclara from the
Landsat-8 dataset (2013–2017), with seven clusters as the default script setting in the
GEE. This is a machine learning method that involves averaging the time-series NDVI
values to group them into seven clusters to facilitate the identification of possible non-rice
and built-up areas. With the help of the actual RGB image as a reference (see Figure 10a)
and the data on standing rice crop area in Table 2, clusters 4 and 6 were identified as
built-up and non-rice areas.
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Figure 10. Unsupervised clustering method in Barangay Pangclara, Candaba, Pampanga, showing
(a) actual RGB image; and (b) unsupervised clusters.

Figure 11(a1,a2) illustrate images for the entire Candaba region for flood visualization
before and during Typhoon Quinta, respectively. Additionally, shown below them are
Figure 11(a3,a4), depicting the flooding scenario in Barangay Pangclara under the same
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flooding event when zoomed in. Similar flood visualizations were conducted for the
remaining flooding events.

Image processing was conducted to estimate the standing crop area and the rice crop
damaged by floods using the open-source Quantum GIS software 3.16.9. The recorded
damage data and estimated damage values for the six flood events were compared, as
depicted in Figure 12 and presented in the summary table shown in Figure 13. The table
also provides a comparison between the S2 NDVI and S1 SAR NDVI. The summary table
reflects the accuracy of the crop damage estimation.
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4. Discussion
4.1. STAGE 1: Comparison between UAV and Satellite

This study provides evidence of a strong linear correlation between UAV and S2 NDVI
measurements, as demonstrated in Figures 8 and 9, regardless of location (Japan or the
Philippines). Similar findings have been reported in studies conducted in other countries,
such as Germany, Greece, and Tanzania [20–22]. In the Japan UAV experiment, observations
were collected for both clear sky and a thin layer of clouds, as the study period spanned
one cropping season (June to November 2022). Conversely, due to the limited period of
study (only five days, 16 to 20 January 2023) and the presence of thick clouds that can
cause erroneous readings in S2 data [49,50], only clear sky observations were considered in
the Philippines.

Figure 14 displays S2 RGB images of clear sky, thin cloud, and thick cloud observations
at Obayashi on 10 August 2022, 20 August 2022, and 5 August 2022, respectively. Below
them are three NDVI images, with the first one being the NDVI from UAV dated 19 August
2022, the second one being the NDVI from S2 dated 10 August 2022 (clear sky), and the third
one being the NDVI from S2 dated 20 August 2022 (thin clouds). The NDVI image produced
by the UAV is more detailed, with a 2 cm resolution, compared to S2′s 10 m resolution.
Hence, it was used as the independent variable in the linear regression. However, there
were several instances where the date of available S2 images did not coincide with the
actual date of UAV observation. This is mainly due to the limitation of the availability of
S2 images as their revisit time is fixed every 5 days. As seen in the figure, the clear sky
observation closely resembled the UAV observation despite them being nine days apart
from each other. In contrast, the thin cloud observation was only one day apart from the
UAV observation date but did not closely resemble the UAV observation. This implies
that clear sky observation is more reliable than observations with the presence of clouds,
as also proven in Figure 8, where its trend line slope is closer to the one-to-one line. In
both the Japan and Philippines NDVI readings, the majority of the NDVI measurements
in S2 were lower than the NDVI measurements in UAV. However, in the section of NDVI
values below 0.1, the S2 NDVI measurements were higher than the NDVI measurements of
UAV, as seen in Figures 8 and 9. This finding requires further investigation and additional
experiments to determine if it consistently exhibits such behavior, as it may be related to
the photosynthetic activities of the crop. It is worth noting that an NDVI value below 0.1
is typically the threshold between the presence of water and crops. Meanwhile, Figure 15
illustrates a sample image from Barangay Magumbali, which shows the detailed NDVI
image captured by the UAV in the Philippines, in comparison to the derived S2 NDVI data.
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Figure 14. S2 RGB images (top) to determine cloud presence and NDVI measurements from UAV
and S2 (bottom).
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Figure 15. Drone-captured vs. satellite-derived NDVI at Barangay Magumbali, Candaba, Pampanga.

The use of multispectral cameras mounted on UAVs has been proven to be effective
in providing highly detailed results for precision agriculture applications, particularly in
monitoring rice paddies, as demonstrated in the studies of Radoglou-grammatikis et al. and
Paddy et al. [8,9]. However, this technology is limited by its high cost and time-consuming
nature, especially when large areas are involved. Therefore, the development of a more
cost-effective and time-efficient alternative for agricultural monitoring would be highly
beneficial. In the first stage of this study, we achieved a high linear correlation of clear sky
observations (Japan and the Philippines) with a lowest value obtained at 0.74 and a highest
value of 0.84, giving an average correlation coefficient of 0.81. According to Calkins (2005),
correlation coefficients between 0.7 and 0.9 indicate variables which can be considered
highly correlated [51]. The deviation from the one-to-one slope ranged from 0.35 to 0.48,
with an average slope of 0.39. Past studies have also shown good results in terms of the
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correlation of NDVIs derived from UAV and S2, such as a correlation coefficient that ranges
between 0.84 and 0.98 by Bollas and Kokinou [21] and a correlation coefficient of 0.97 by
Mangewa et al. [22]. With such good results, the use of satellite data in stage 2 of this study
is highly justified.

4.2. STAGE 2: Estimation of Rice Crop Damage

The reported maximum area of rice cultivation in Barangay Pangclara from mid-2020
to the end of 2022 was 953.3 ha. This information served as the basis for identifying
potential rice-growing areas within the barangay. In order to distinguish non-rice areas,
a clear S2 RGB image was utilized, enabling the visual identification of built-up areas, as
shown in Figure 10a. Using the unsupervised clustering method on the Landsat-8 dataset,
seven clusters were obtained, as illustrated in Figure 10b. Among these clusters, clusters 4
and 6 were found to represent the built-up and possible non-rice areas, with a combined
total area of 24.62 ha. This left a net area of 967.47 ha for the remaining five clusters. The
difference of only 14 ha between this net area and the maximum recorded standing rice crop
data signifies a small disparity, and thus the default seven clusters were no longer adjusted.

The ‘before’ and ‘after’ flood visualizations (Figure 16) were created using S1 C-band
SAR Ground Range collection with VV co-polarization. The collection was filtered by
date for both ‘before’ and ‘after’ images, and a mosaic of filtered images was created. The
resolution was 10 m with a revisit time of 6 days [19,39,40]. The net flood, which represents
the difference in the presence of inundated water before and after the flooding event, was
used to determine the flooded rice areas. The usual method of determining the net flood
was applied for four of the six flooding events. For the remaining two flooding events
(Fabian and Florita), the net flood was immediately equated with the ‘after’ typhoon flood
scenario due to the absence of significant differences between the ‘before’ and ‘after’ flood
scenarios, as illustrated in Figure 17. These cases were investigated by analyzing the rainfall
data within the barangay using CHIRPS rainfall data. The rationale behind such cases was
continuous rainy days prior to the typhoon event, as depicted in Figure 18 for Typhoon
Florita, where the encircled portion indicates continuous rainfall before the typhoon event.
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Figure 17. Cases where the ‘after’ flood scenario from S1 SAR is equated with the net flood, where 
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Figure 18. CHIRPS 2022 rainfall data in Barangay Pangclara under Typhoon Florita showing con-

tinuous rainfall (in red circle) prior to typhoon event. 
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Figure 18. CHIRPS 2022 rainfall data in Barangay Pangclara under Typhoon Florita showing continu-
ous rainfall (in red circle) prior to typhoon event.

The S2 NDVI image before the typhoon event was utilized to estimate the standing
rice crop for all six flooding events. However, due to the nature of S2′s optic sensors and
the 5-day revisit time limitation, the interval of days between the typhoon event and the S2
NDVI used varied for each event. This discrepancy resulted from selecting images with
minimal or no cloud cover. Based on the sensitivity analysis, the range of NDVI values
used to determine the standing crop differed for different weather conditions. For clear
skies (Quinta, Ulysses, and Fabian), the NDVI range was 0.4 to 1.0. For events with thin
cloud cover (Florita, Paeng, and Karding), the NDVI ranges were 0.3 to 1.0, 0.2 to 1.0,
and 0.1 to 1.0, respectively. These findings align with the results obtained in Stage 1 of
this study, which demonstrated that the presence of clouds can influence NDVI values by
affecting the absorption and reflection of Near Infrared (NIR) and Red wavelengths of the
radiation spectrum.
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The results of the NDVI sensitivity analysis for different growth stages are as follows:

• Newly broadcasted: ≤0.2 (clear skies), ≤0.1 (thin clouds);
• Newly planted: ≤0.2 (thin clouds);
• Vegetative: 0.2 to 0.4 (thin clouds);
• Reproductive: ≤0.3 (thin clouds), 0.4 to 0.5 (thin clouds), 0.4 to 1.0 (thin clouds).

In general, there were no fixed NDVI values or ranges of NDVI values for a particular
growth stage. The NDVI is influenced by multiple factors, and the condition of the crop and
farm lots varied across the six flooding events. However, the findings of this study could
be further strengthened by continuously monitoring actual field data, such as geotagged
farm lots with recorded and monitored planting activities.

In estimating the damage to rice crops at specific growth stages, we employed a
combination of the S2 NDVI for growth stage identification and the S1 SAR NDVI for rice
area detection. This approach was chosen due to the difficulty in obtaining S2 NDVI data
during or near typhoon events, primarily due to persistent cloud cover. This cloud cover
issue was consistently encountered across all six flood events. Previous studies have also
supported the fusion of S1 and S2 data as an effective approach to enhance data acquisition
and improve the overall quality of data, as demonstrated by Li et al. [52].

Referring to the summary table in Figure 13, the estimation of standing crop demon-
strated an accuracy ranging between 66.1% and 99.2%. In terms of crop damage estimation,
the lowest accuracy of 61.7% was observed during Typhoon Paeng, while the highest
accuracy of 99.7% was achieved for Typhoon Florita. The accuracy of the estimation using
Sentinel-2 ranged from 66.1% to 99.2% with an average accuracy of 85.3%. On the other
hand, the accuracy of the estimation using Sentinel-1 ranged from 61.7% to 99.7% with
an average accuracy of 76.3%. The overall average accuracy of this study, in terms of
estimating standing crop and rice crop damage, is 80.5%. Comparing the recorded damage
data against the estimated damage values, as shown in Figure 12, resulted in a remarkably
high correlation coefficient of 0.96, with the trend line closely aligned to the ideal one-to-one
slope, indicating a strong relationship between the two.

The potential errors that can be attributed to the results of this study include the following:

1. Variations in the analysis dates due to the specific revisit time of S1 and S2 data, which
may not always align with the exact dates of the flooding events.

2. The accuracy of the recorded damage data may be questioned due to the generalized
cropping calendar used and the lack of specification regarding rice varieties, as harvest
dates can vary.

3. Due to the 6-day revisit time of SAR data, this study lacks the capability to precisely
determine the duration of inundation days. Consequently, it becomes challenging to
differentiate between total damage, defined by the MAO as rice crops submerged for
two days or longer, and partial damage, which refers to rice submerged for less than
two days.

A more advanced study such as one using open data and machine learning can also
estimate crop damage brought about by typhoons. However, the utilization of machine
learning methods in this study may be impeded by the limited availability of datasets,
which is insufficient for training a model capable of minimizing errors and optimizing its
predictive accuracy. This limitation mirrors the challenge faced by Boeke et al. (2019) in
their study, where they combined open data with regression and classification machine
learning algorithms to predict rice loss due to typhoons in a case study in the Philippines.
The support vector classifier performed the best, achieving a recall score as high as 88%
but with a precision score as low as 10.84%. According to them, the data from 11 typhoons
used to train both regression and binary classification models were inadequate, resulting in
imprecise predictions [53].

In summary, open-source data and UAV imagery offer numerous advantages for
crop damage assessment, including high spatial and temporal resolution, accessibility,
cost-effectiveness, scalability, and remote sensing capabilities. However, they also present
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challenges related to weather dependency, technical expertise, equipment cost, regulatory
compliance, and data processing. Despite these limitations, the potential benefits of using
these advanced technologies outweigh the challenges, especially in terms of their ability
to provide timely and comprehensive information for effective disaster response and
agricultural management. With continued advancements in technology and increased
capacity building efforts, open-source satellite data and UAV imagery hold great promise
for revolutionizing crop damage assessment practices worldwide.

5. Conclusions

This study was able to ascertain and establish the correlation between NDVI mea-
surements obtained from UAVs and those derived from the S2 satellite, subsequently
achieving a fast and reliable estimation of rice crop damage using satellite-derived infor-
mation. The use of multispectral cameras mounted on UAVs has proven highly effective
in precision agriculture applications, particularly for monitoring rice paddies, providing
detailed results with higher spatial resolutions. However, when assessing larger areas and
conducting damage assessments, satellite imagery emerges as a valuable alternative. This
study demonstrated a strong correlation of up to 0.84 between UAV- and satellite-derived
NDVI measurements. Having an additional tool for swiftly determining the extent of
flood damage to crops with confidence is crucial, where satellite-derived information, such
as S1 and S2 data, presents a favorable approach in agricultural monitoring. This study
showcased remarkable accuracy in crop damage estimation, reaching up to 99.7% with an
average accuracy of 76.3% for S1, and up to 99.2% with an average accuracy of 85.3% for
S2, with an overall average accuracy of 80.5% in estimating standing crop and rice crop
damage. The correlation between the recorded damage data and estimated damage values
yielded a very high coefficient of 0.96. Overall, integrating open-source satellite data and
UAV imagery into crop damage assessment workflows can enhance the efficiency, accuracy,
and timeliness of agricultural decision-making processes, benefiting farmers, researchers,
and policymakers alike.

However, this method is not intended to completely replace the conventional approach
to estimating crop damages, as it also has its limitations, which have been discussed
in this study. Instead, it is intended to serve as an additional tool that can accelerate
and improve the estimation process. Further studies should be conducted to explore the
correlation between the NDVI derived from UAVs and S2-derived NDVIs. This study has
demonstrated promising results, indicating the potential for employing linear regression
and bias correction techniques to align the satellite-derived NDVI readings with UAV-
derived NDVI readings. Additionally, the proposed methodology can also be evaluated in
other areas with reliable recorded damage data to further test its accuracy and reliability.
Furthermore, as this study is in its initial stage, machine learning methods can be employed
in the future if sufficient and reliable damage data can be obtained.
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