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Abstract. In the era of modern agriculture, satellite imagery has been widely used to monitor
crops, one of which is paddy. This paper tries to describe the vegetation indices, climate, and
soil index features related to paddy glanits and curates a collection of satellite imagery on the
Google Earth Engine (GEE). This paper reveals how GEE can be used to collect and process
multimodal satellite imagery to form a precision agriculture dataset. The objective of this study
is to establish a comprehensive precision agriculture dataset by leveraging multimodal satellite
imagery to monitor paddy crops. The data collected as a dataset originates from 306 locations in
Karawang Regency, Indonesia, during the 2019-2020 period. In the first step, we identify the
relevant features essential for paddy crop analysis. Subsequently, we carefully select image
collections within GEE based on these features. Afterward, we perform data acquisition and
necessary preprocessing through the Google Colab environment. The results showed that
satellite imagery from Sentinel-2 outperforms Landsat 8 in terms of spatial and temporal
resolution. Apart from that, the generated dataset successfully captures the growth patterns of
paddy plants.

1. Introduction

The agricultural sector as the backbone of meeting global food needs has undergone a fundamental
transformation in line with advances in information technology and the development of satellite
imagery. This era of modern agriculture has brought about significant transformation and provided a
solid foundation for innovation in the agricultural sector. This innovation includes a combination of
information technology and the use of increasingly accurate satellite imagery. These innovations provide
deeper insight into the agricultural environment. This allows agricultural actors to make more precise
and effective decisions [1].

In this context, this paper specifically focuses on the field of food crop agriculture, namely wetland
and dryland paddy. As a central aspect of meeting global food needs, paddy farming is the focus.
Precision agriculture is emerging as a key paradigm in efforts to increase productivity, reduce
environmental impact, and address the challenges of climate change [2]. In this practice of precision
agriculture, the role of satellite imagery is increasingly important. Satellite imagery provides an
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important means of understanding and monitoring plant growth dynamics, as well as the complex
interactions between plants and their environment [3].

This paper will review how Google Earth Engine (GEE), as an innovative technology, plays an
important role in collecting, managing, and analyzing multimodal satellite imagery. The main goal of
using GEE is to form rich and in-depth datasets to support precision agriculture. GEE is a sophisticated
platform that allows users to efficiently access, analyze, and combine satellite image data from various
sources [4]. This paper will detail the important features relevant to crop farming within the GEE
framework, including selecting a series of images from the GEE that match those features. In addition,
this paper will also discuss how the integration of spectral data from various satellite imagery sources
can strengthen more accurate monitoring of plant growth and more in-depth predictions of crop yields
[1].

In addition to its technical merits, this paper has the broader goal of providing a database to support
more in-depth precision agricultural analysis. This research has the potential to support the development
of more sophisticated analytical models, including more accurate classification of paddy growth and
yield prediction, to address global challenges in the agricultural sector [2].

2. Study Area

This study was carried out at Karawang regency (latitude 5°56° to 6°34° S and longitude 107°02" to
107°40° E) in West Java, Indonesia (Figure 1). Karawang district, like other regions in Indonesia, has
two seasons, dry and rainy. Monthly precipitation in Karawang ranges from 56.2 to 194.8 mm, surface
temperatures range from 16.6 to 32.2 Celsius, and wind speeds range from 0.0 to 8.2 meters per second.
Due to the favourable conditions, paddy production in this region reached 1.22 million tons in 2022,
covering an area of 204,326 hectares. In this study, satellite imagery of paddy fields was obtained from
306 specific coordinate points during the 2019-2020 period, relying on the Crop Cutting Survey as
ground truth. Crop Cutting Survey is a survey conducted by Statistics Indonesia (Badan Pusat Statistik)
on a regular basis. The main objective of this survey is to obtain information on the yield per hectare
(productivity) of food crops, both paddy and secondary crops. Besides, the survey also collects
information on variables affecting productivity, such as cultivation characteristics and government
assistances to boost productivity [4].
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Figure 1. Study area (Karawang, West Java, Indonesia)
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3. Theoretical Background

3.1. Satellite Imagery

Satellite imagery plays an important role in realizing precision agriculture by providing visual insight
into agricultural land from a height. Satellite imagery is image data taken by satellites orbiting the Earth
and includes various visual information about the Earth's surface. This satellite image data is very useful
in understanding the dynamics of plant growth, water availability, soil conditions, and environmental
interactions in agricultural practices [5]. Satellite imagery consists of various spectral bands that record
electromagnetic radiation at various wavelengths, including visible light, near-infrared, and far infrared.
Each of these channels provides unique information about the characteristics of the Earth's surface, such
as soil conditions and vegetation composition. By analyzing data from these various channels,
researchers can understand plant conditions in more depth. In the context of this paper, multimodal
satellite imagery, which combines information from various spectral bands and image sources, becomes
very important. GEE is an efficient tool for managing, analyzing, and combining multimodal satellite
imagery to develop precise agricultural datasets [5].

3.2. Datasets

Datasets in precision agriculture refer to data sets that include a variety of information about agricultural
land, including satellite imagery, weather data, soil data, and other relevant information. Appropriate
collection and management of datasets play an important role in supporting in-depth analysis. One type
of important dataset in precision agriculture is a satellite image dataset. Satellite images from various
sources and spectral channels can be used to understand plant growth dynamics, assess plant health
conditions, and identify zones on agricultural land that require special treatment [6]. These datasets can
cover a certain period, making it possible to monitor changes over long periods. Other datasets include
weather data such as precipitation, temperature, and wind speed. The utilization of GEE significantly
contributes to data collection and management in the precision agriculture domain. GEE allows users to
access and analyse a variety of satellite imagery datasets and geospatial information from various
sources on a global scale. Researchers can integrate data from various sources with GEE to develop rich
and informative datasets [5].

3.3. Google Earth Engine (GEE)

With its specialized capabilities, GEE is a cloud computing platform uniquely tailored for the retrieval,
analysis, and utilization of geospatial data on a highly scalable infrastructure. GEE provides access to
an extensive data set of satellite imagery and geospatial information, including data from sources such
as Landsat, Sentinel, MODIS, and other satellite data. This platform allows researchers to perform global
or local scale analyses quickly and efficiently [5]. In the realm of precision agriculture, GEE assumes a
pivotal role in the acquisition, administration, and analysis of multimodal satellite imagery. GEE has
parallel processing features that enable fast analysis even on large datasets. GEE users can take
advantage of built-in image processing algorithms or develop custom algorithms to perform more
specific analyses. One of GEE's advantages is its ability to combine spectral data from various satellite
image sources. This allows users to combine information from multiple spectral channels to gain a richer
understanding of agricultural conditions. This ability becomes important in understanding the dynamics
of plant growth, changes in land cover, and the interaction of plants with their environment. Researchers
can perform more in-depth temporal, spatial, and spectral analyses through GEE to develop precision
agriculture datasets [5].

4. Methodology

This study is about developing a dataset for data mining, the practical of collecting multimodal satellite
imagery data from various image collections. Figure 2 shows the life cycle of a data mining project, as
defined as a reference model of the CRISP-DM [7]. CRISP-DM has been used in several studies such
as predicting energy consumption [8] and automating seed counts [9]. In the context of a methodology,
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it encompasses detailed depictions of the standard project phases along with the associated tasks for
each phase. CRISP-DM has six sequential phases, since our goal is to create a dataset, we will only
discuss the first two phases, namely business understanding, and data understanding. We will briefly
cover the business understanding phase and focus more on data understanding.

Business

Data
preparation

il

Modeling

Deployment

Evaluation

Figure 2. The CRISP-DM life cycle

4.1. Business Understanding

The business understanding phase places its emphasis on comprehending the project's objectives and
prerequisites. In this study, we aim to develop a satellite imagery dataset that can be used to carry out
analysis related to paddy crops. The conditions needed to do this are data related to crop yields which
will be used as field truth data.

4.2. Data Understanding

The data understanding phase entails a comprehensive examination of the available data for the mining
process. This pivotal step is instrumental in pre-empting unforeseen issues in the subsequent phase, as
it encompasses data access and exploration using tables and visual graphics.

4.2.1. Collecting Initial Data. At this point, we are prepared to access the data and incorporate it into
our dataset. Before we start to collect data, there are several things that we must pay attention to, such
as which areas we will collect data from, what timeframe we will use, which features from the image
collections seem most promising, how to merge various data sources, and how missing values are
handled. Potential and tested features that have been used by researchers are inventoried at this stage.
Based on these features, we curate the image collection in GEE. Image collections with the best temporal
resolution and spatial resolution will be selected for data collection according to the features. Apart from
that, the most important thing is that the image collection has data where the research will be carried out
because there are several image collections that specifically only provide data for certain regions or
countries.

4.2.2. Describing Data. The describing data phase aims to describe and analyse existing data such as
data formats, number of records, and field identities, including descriptive statistics and distribution of
variables. This helps identify early patterns, trends, and anomalies in the data to understand the data
present in the dataset in greater depth. With a good understanding of the data, we can make better
decisions about the next steps. A good understanding of the data will help minimize the risk of error and
ensure that analysis results are based on quality and relevant data.
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4.2.3. Exploring Data. In this data exploring phase, we carry out visual exploration and deeper analysis
of the data using visualization techniques and statistical analysis tools. This phase aims to explore new
insights about data through deeper exploration and analysis. The main goal is to identify patterns, trends,
anomalies, and other valuable information that may not be visible in previous stages.

4.2.4. Verifying Data Quality. The verifying data quality phase focuses on checking and verifying data
quality. The main goal is to ensure that the data used is of good quality, free from missing values,
outliers, or data errors that can affect model performance and analysis results.

5. Results and Discussion

5.1. Features and Image Collection

Satellite imagery offers valuable features, such as vegetation indices, which can be empirically extracted
and modelled to quantify biophysical parameters including plant height, leaf width, and chlorophyll
content [10]. The empirical relationship between vegetation indices derived from satellite imagery and
in-situ observations for predicting crop yields has been extensively explored in previous research [11].
Plant spectral properties exhibit species-specific variations but share a common underlying pattern.
Factors such as plant age, drought stress, or pest infestations can alter the spectral reflectance of leaves.
These variations form the fundamental basis for the development of the current vegetation index,
essentially represented as a mathematical formula incorporating multiple spectral channels or
wavelengths, necessitating its computation using a specific formula [12]. Furthermore, climate and
weather data are also frequently employed features. Elevated temperatures, for instance, can negatively
impact yields by reducing pollen fertility [13], diminishing the weight of a thousand grains by 4.6%,
and decreasing the harvest index by 20% [14]. Exposure to wind and rain can similarly influence rice
production by causing paddy plants to lodge [15], thereby affecting grain weight and increasing the
proportion of empty grains [16]. Numerous studies have demonstrated that integrating meteorological
data with satellite imagery enhances the performance of crop yield prediction models [17] [18]. Table 1
provides an overview of the features employed in various studies for predicting paddy yields.

Table 1. Features used in the precision agriculture domain of paddy rice crop

Location é?j?cz Task Features Ref
Bangla- Sentinel-2 Prediction Vegetation indices (NDVI, NDWI, RGVI, MSI, [19]
desh LA
Nepal Sentinel-2 Prediction B2-12, vegetation indices (NDVI), climate [20]

(precipitation, temperature, relative humidity), soil
China MODIS Prediction Vegetation indices (EFI, SIF), climate, soil [21]
South MODIS Prediction Vegetation indices (NDVI, OSAVI, RDVI, MTVI, [22]
Korea. EVI, LSWI), Climate
North
Korea
South MODIS Prediction Vegetation indices (NDVI, EVI, LAI, FPAR), [23]
Korea climate (precipitation, temperature, solar radiation)
China Sentinel-1, Prediction VV, VH, EVI, NDRE, Meteorological data (tmax, [24]
Sentinel-2 tmin, tmean, precipitation, sunshine duration,
relative humidity, EAT, AAT, solar radiation)
China Sentinel-2 Classification ~ BSI, LSWI, GCVI, NDVI, EVI, PSRI [25]
Malaysia Sentinel-1 Classification ~ VH [26]
Malaysia,  Sentinel-1 Classification ~ VH [27]
Indonesia
Pakistan Sentinel-2 Classification B1-12, NDVI, NDWI, NDMI [28]
USA USDA- Classification RGB, NIR [29]
NAIP
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Location Image Task Features Ref
Source
Indonesia  Sentinel-1, Classification  VV, VH, B2-12, NDVI, EVI, LSWI [30]
Sentinel-2
Brazil Sentinel-1 Classification  VV, VH [31]
China Sentinel-1 Classification  VV, VH [32]
China Sentinel-2, Classification Blue, Green, Red, NIR, SWIR1, SWIR2, EVI, WI, [33]
MODIS Meteorological data
China Sentinel-1, Classification ~ VV, VH, B1-12, NDVI, Phenology [34]
Sentinel-2
India Sentinel-1, Classification VV, VH, B1-12, NDVI [35]
Sentinel-2
Indonesia  Landsat 8 Classification B1-7, EVI, NDVI, NDBI, NDWI [36]
China Landsat 8 Segmentation B1-7 [37]
Bangla- WorldView- Segmentation ~ Blue, Green, Red, NIR [38]
desh 3

Satellite imagery exhibits variability in spatial resolution (ranging from kilometers to meters),
temporal resolution (spanning from monthly to daily), and spectral characteristics. Researchers in the
agricultural domain commonly utilize diverse satellite image datasets, including MODIS
[21][22][23][33], Sentinel-2 [19][20][24][25][28][30][33][34][35], Sentinel-1 [24][26][27][30][31][32]
[34][35], Landsat 8 [36][37]. In some instances, researchers employ multimodal satellite imagery,
incorporating Sentinel-2 multispectral data alongside Sentinel-1 radar data [24][30][34][35].
Concurrently, other studies [33] make use of multispectral data from both MODIS and Sentinel-2. A
summary of several datasets and image collections available within the GEE is presented in Table 2.

Table 2. Image collections in GEE

Data Provider Dataset Image Collection Band Resolutlon
Spatial Temporal
European Sentinel-2 COPERNICUS/S2 B1-12 10-60 m 5-day
Union/ESA/C SR_HARMONIZED
opernicus Sentinel-1 SAR COPERNICUS/S1_GR VvV, VH 10 m daily
GRD D
USGS USGS Landsat8  LANDSAT/LCO08/ SR_B*, ST_B10 30m 8-day
C02/T1 L2
NASA MODIS Terra MODIS/061/ sur_refl_b01, 250 m daily
MOD09GQ sur_refl _b02
MODIS Leaf MODIS/061/ Fpar, Lai 500 m 4-day
Area Index MCD15A3H
University of  TerraClimate IDAHO_EPSCOR/ pr, tmmx, tmmn, 4638.3m monthly
California TERRACLIMATE def, aet, pdsi, soil,
Merced vs, srad
NASA / NASA SRTM USGS/SRTMGL1 elevation 30m -
USGS / JPL- Digital Elevation 003
Caltech

Table 3 presents the features employed for predicting paddy yields, which have been associated with
the image collection within the GEE. This mapping process is undertaken to streamline data acquisition,
ensuring alignment between the collected data and the specified features.
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Table 3. Mapping of features to image collection

Feature Band Unit Image Collection
Elevation elevation m USGS/SRTMGL1 003
Slope slope 0 USGS/SRTMGL1_003
Minimum temperature tmmn C IDAHO_EPSCOR/TERRACLIMATE
Maximum temperature tmmx C  IDAHO_EPSCOR/TERRACLIMATE
Precipitation accumulation pr mm  IDAHO_EPSCOR/TERRACLIMATE
Wind-speed VS m/s IDAHO_EPSCOR/TERRACLIMATE
Surface downward shortwave radiation srad W/m? IDAHO_EPSCOR/TERRACLIMATE
Soil moisture soil mm  IDAHO_EPSCOR/TERRACLIMATE
Actual evapotranspiration aet mm  IDAHO_EPSCOR/TERRACLIMATE
Palmer Drought Severity Index pdsi - IDAHO_EPSCOR/TERRACLIMATE
Frac_tlo_n of Photosynthetically Active Fpar i MODIS/061/MCD15A3H
Radiation
Leaf Area Index Lai - MODIS/061/MCD15A3H
VV, VH Polarization VvV, VH - COPERNICUS/S1_GRD

B1-12 nm  COPERNICUS/S2_SR_HARMONIZED
Multispectral/Surface Reflectance SR_BL-7 wm - LANDSAT/LCO8/C02/T1_L2
sur_refl_b01,

sur_refi_b02 nm  MODIS/061/MOD09Q1

The vegetation index is a calculated numerical value derived from specific spectral bands [12]. Table
4 provides an overview of various vegetation indices associated with crop yield predictions, along with
the corresponding mathematical formulas employed.

Table 4. Vegetation Indices and their corresponding spectral bands
and mathematical formulas

Name Formula Ref
NDVI NIR — Red [39]
NIR + Red
MSI SWIR1 [40]
NIR
GNDVI NIR — Green [41]
NIR + Green
ExG 2 X Green — Red — Blue [42]
NDWI Green — NIR [43]
Green + NIR
VARI Green — Red [44]
Green + Red — Blue
PVR Green — Red [45]
Green + Red

5.2 Data Acquisition

The data acquisition process commences with the initial data collection phase, which relies on a
combination of ground-truth data, factors influencing crop yields, and image retrieval from GEE.
Ground-truth data is sourced from the Crop Cutting Survey, and the corresponding survey coordinates
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serve as reference points for extracting image data from GEE. At this stage, the data generated consists
of spectral band information obtained from the image collection, corresponding to specific coordinates
and timestamps. Since the spectral data we gather originates from Sentinel-2 Level 2A and Landsat 8
Level 2, which have undergone radiometric and atmospheric corrections, additional corrections are
unnecessary, thus conserving time and resources. Our primary task during this preprocessing phase is
cloud and cloud shadow masking to ensure that the extracted band values accurately represent ground
conditions. Subsequently, we proceed to calculate vegetation indices using established formulas. The
outcome of this process encompasses vegetation indices and other relevant data that align with the
specified features. Figure 3 illustrates the stepwise procedure of data acquisition.

Extracted Band from

Features Image Collection

Image Collection from Vegetation indices,
Google Earth Engine Data Collecting Data Preprocessing Feature Engineering climate, and soil dafa

Figure 3. Data acquisition procedures

This research leveraged the capabilities of GEE, with a notable departure from traditional JavaScript-
based console interaction. Instead, we harnessed the power of Python within the Google Colab
environment to interface with GEE seamlessly. Subsequently, the data produced by GEE was efficiently
stored on both Google Drive and local storage repositories. The architecture underpinning this data
acquisition process is visually presented in Figure 4.

Environment " Cloud computing Storage .
Platform : :

I
v
t
h
o] Google Drive

Python n
A ;

‘ P Google Earth Engine
’ |
Google Colab

Local Storage

Figure 4. Data acquisition architecture

X ICDSOS
I@@ International Conference 375

on Data Science and Official Statistics



©

>
B S Wijaya et al |@(®

5.3 Dataset

5.3.1 Data Structure

The data obtained through the satellite image acquisition process is stored in a CSV and TIF file,
generating a total of 42,948 data records from 306 coordinate points spanning the period of 2019-2020.
Notably, 53.95% of the acquired data was marked as null, primarily due to the cloud and cloud shadow

masking procedures. Detailed insights into the dataset's structure and metadata are presented in Figure
5.

latitude, longitude,date,ndvi,msi,gndvi,exg,msavi2,ndwi,evi,vari,pvr,mtvi,wdrvi, rgvi
-6.43537624,107.3890357,2019-11-06,0.6523,0.5013,0.5483,0.0311,0.3531,-0.5483,0.
-6.43537624,107.38908357,2019-11-11,0.6716,0.52085,0.5777,0.0276,0.3413,-0.5777,08.4367,0.2984,0.1534,0.2994,0.0089,0.6536
-6.43537624,107.38908357,2019-11-16,0.7940,0.4829,0.7095,0.0299,0.4532,-0.7095,08.5255,08.3393,0.1935,0.4091,08.2705,0.8036
-6.43537624,107.38908357,2019-11-21,0.4713,0.5717,0.3785,0.0210,0.2618,-0.3785,0.4418,0.2616,0.1130,0.2624, -0.2848,0.4232
-6.43537624,107.3890357,2019-12-01,0.8014,0.4784,0.7202,0.0320,0.4631,-0.7202,0.5169,0.3125,0.1919,0.4040,0.2893,0.8083

0.3279,0.1619,0.3156,-0.0255,0.63087

latitude, longitude,date, temp_min,temp_max,wind_speed,srad,precipitation,evapotranspiration,pdsi,soil_moisture
-6.43537624,107.3896357,2019-08-01,22.00,33.20,2.40,231.00,6.00,69.90,-2.80,142.90
-6.43537624,107.3896357,2019-09-01,22.70,34.00,2.70,253.76,5.00,50.50,-3.60,96.70
-6.43537624,107.3896357,2019-10-01,23.70,34.50,2.00,251.30,57.00,76.40,-3.906,74.30

-6.43537624,107.3896357,2019-11-01,23.80,33.40,1.30,248.00,105.00,108.10,-4.80,66.00
-6.43537624,107.3890357,2019-12-01,23.50,32.10,1.00,198.00,334.00,119.50,-4.39,263.60

latitude, longitude,id_loc,date,file

-6.43537624,107.3890357,117,2019-11-086, karawang/117_20619-11-86.tif
-6.43537624,107.3890357,117,2019-11-11, karawang/117_20619-11-11.tif
-6.43537624,107.3890357,117,2019-11-16, karawang/117_20619-11-16.tif
-6.43537624,107.3890357,117,2019-11-21, karawang/117_2019-11-21.tif
-6.43537624,107.3890357,117,2019-12-01,karawang/117_2019-12-081.tif

Figure 5. Structure of vegetation indices data (top), climate and soil data (middle), and RGB satellite
images metadata (bottom)

Utilizing the derived vegetation index data, we conducted a straightforward analysis by plotting
graphs depicting NDVI and EVI against date. The NDVI and EVI datasets were resampled using the
median method with a monthly interval. The outcomes are illustrated in Figure 6. The graph shows a
clear pattern, with NDVI displaying peak values indicative of the vegetative phases of paddy growth,
while the valleys correspond to planting or harvesting periods. Notably, the data from Sentinel-2
consistently generates a clearer and more coherent pattern compared to Landsat 8. This discrepancy can
be attributed to the superior spatial and temporal resolution capabilities of Sentinel-2 in contrast to
Landsat 8.
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Figure 6. Comparison of NDVI and EVI between Sentinel-2 (left) and Landsat 8 (right)
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5.4 Discussion
Numerous aspects can be explored concerning the establishment of a precision agriculture dataset
utilizing satellite image data through GEE.

5.4.1 Area of Interest. The research area of interest in this study corresponds to the region covered by
the Crop Cutting Survey. The projected paddy harvest productivity, as per official statistical data
released by Statistics Indonesia [4], is quantified in quintals per hectare, prompting our adoption of a 1-
hectare (10,000 square meters) boundary for our research area. For each existing coordinate point, a 1-
hectare area is delineated. In Figure 7, we illustrate the obtained area, defined using a 100-meter buffer
around Sentinel-2 and Landsat 8 satellite images. Sentinel-2 exhibits a 10-meter spatial resolution for
the Red, Green, and Blue spectral channels, while Landsat 8 offers a 30-meter resolution. This disparity
in resolution influences the resulting pixel area; Sentinel-2 satellite imagery represents a 10x10 pixel
configuration, whereas Landsat 8 employs a 3x3 pixel arrangement. Consequently, there is a difference
in the resulting area size, with Sentinel-2 encompassing 1 hectare, while Landsat 8 covers only 0.81
hectares.

Figure 7. Comparison of pixel area between Sentinel-2 (left) and Landsat 8 (right)

5.4.2 Sequence of Data Processing

The sequence of data processing steps significantly impacts the computed vegetation index values. This
pertains to the order of calculating the vegetation index formula and the subsequent resampling process.
Table 5 presents the spectral values for a specific coordinate point in May 2019, while Table 6 showcases
the NDVI and EVI values for May 2019 based on varying processing sequences. Upon examination, it
becomes evident that variations in processing order lead to disparities in the calculated values.

Table 5. Spectral band values from Sentinel-2 for a selected coordinate point *

Date Aerosol Blue Green Red RE1I RE2 RE3 NIR RE4 \V/‘ga;g: SWIRL SWIR2

05-05-19 0.087 0.086 0.118 0.076 0.152 0.352 0.443 0.433 0.488 0.468 0.199 0.097
10-05-19 0.227 0.235 0.221 0.185 0.228 0.297 0.341 0.327 0.344 0.652 0.205 0.180
15-05-19 0.032 0.044 0.085 0.068 0.146 0.287 0.342 0.336 0.385 0.368 0.208 0.114
20-05-19 0.028 0.048 0.086 0.085 0.158 0.262 0.308 0.306 0.350 0.340 0.237 0.150
25-05-19 0.053 0.069 0.103 0.127 0.184 0.229 0.256 0.254 0.295 0.290 0.288 0.195
30-05-19 0.033 0.060 0.092 0.130 0.168 0.194 0.219 0.221 0.252 0.241 0.285 0.208
* longitude 107.5151737 and latitude -6.175384333 with 100-meter buffer
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Table 6. Variation in NDVI and EVI for May 2019 due to data
processing order

Vegetation First Order Score
Indices Calculate VIs Resampling ~ Difference
NDVI 0.450 0.499 0.049

EVI 0.428 0.359 0.069

Despite the disparities in values, they do not impact the graphical representation. Figure 8 illustrates
the graphs of NDVI and EVI when calculating the vegetation index first and resampling first.
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Figure 8. Comparison of NDVI and EVI between calculating vegetation indices first (Left) and
resampling first (Right)

6. Conclusion

In this study, we analysed features relevant to the paddy crop and compared them across various image
collections available in the Google Earth Engine (GEE) platform. Our data acquisition process was
implemented using Python and Google Colab, guided by ground-truth data. During the data
understanding phase, it became evident that the satellite imagery produced by Sentinel-2 outperformed
that of Landsat 8. Notable considerations in crafting these precision agriculture datasets include defining
the specific region of interest and establishing a structured sequence for data processing. Additionally,
the presence of clouds and cloud shadows remains a common challenge associated with satellite
imagery. While efforts were made to mask clouds and their shadows for enhanced data accuracy, the
issue of data loss due to excessive cloud cover occasionally emerged. To address this, several techniques
can be used to impute missing data [46], thereby complementing the study, and elevating the overall
quality of the dataset.
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