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Abstract: One of the world’s major agricultural crops is rice (Oryza sativa), a staple food for more
than half of the global population. In this research, synthetic aperture radar (SAR) and optical images
are used to analyze the monthly dynamics of this crop in the lower Utcubamba river basin, Peru.
In addition, this study addresses the need to obtain accurate and timely information on the areas
under cultivation in order to calculate their agricultural production. To achieve this, SAR sensor
and Sentinel-2 optical remote sensing images were integrated using computer technology, and the
monthly dynamics of the rice crops were analyzed through mapping and geometric calculation of the
surveyed areas. An algorithm was developed on the Google Earth Engine (GEE) virtual platform
for the classification of the Sentinel-1 and Sentinel-2 images and a combination of both, the result
of which was improved in ArcGIS Pro software version 3.0.1 using a spatial filter to reduce the
“salt and pepper” effect. A total of 168 SAR images and 96 optical images were obtained, corrected,
and classified using machine learning algorithms, achieving a monthly average accuracy of 96.4%
and 0.951 with respect to the overall accuracy (OA) and Kappa Index (KI), respectively, in the year
2019. For the year 2020, the monthly averages were 94.4% for the OA and 0.922 for the KI. Thus,
optical and SAR data offer excellent integration to address the information gaps between them, are of
great importance to obtaining more robust products, and can be applied to improving agricultural
production planning and management.

Keywords: SAR; rice; monitoring; changes

1. Introduction

As one of the most vital crops globally, unhusked rice has had a significant impact
not only on human society but also on the natural environment [1]. This cereal performs
an essential role in subsistence [2], covering over 12 percent of the total cultivated land
worldwide and providing sustenance to nearly half of the global population [3]. However,
it is important to note that many farmers are modifying their agronomic practices, such as
adopting new varieties and adjusting their water and fertilization management [4]. These
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changes, in some cases, stem from policy decisions related to imports, exports, and prices,
directly influencing the cultivation dynamics [5].

The acquisition of accurate and timely information about areas dedicated to cultivation
is essential for calculating their agricultural production [6], establishing long-term develop-
ment strategies, and making decisions aimed at ensuring food security [7]. Consequently,
it is necessary to carry out precise and timely mapping and monitoring of rice crops as
a prerequisite for effective agricultural management and to ensure food availability [8].

Therefore, it is crucial to have effective tools to monitor fluctuations in the extent of
this crop [9]. In the last decade, there has been a rapid increase in the use of satellite-based
remote sensing data to map and monitor rice fields [10]. However, the precise mapping of
rice is primarily hindered by the frequent occurrence of clouds in such areas during the rice-
cultivation season, significantly interfering with optical remote sensing observations [11].
For this reason, extensive research has been conducted in recent years on mapping and
monitoring the expansion and reality of rice crops using synthetic aperture radar (SAR)
information [4,12]. SAR data provide the opportunity to obtain information about crops
without restrictions caused by weather and lighting conditions and with a spatial resolu-
tion of 1.5 m [13]. Time-series images, such as the data provided by Sentinel-1, are now
available for free [10]; however, processing Sentinel-1 SAR data (time-series analysis) for
crop monitoring can be a time-consuming task, and a cloud platform could streamline
the process [8].

SAR technology, unlike optical images, has a high capability to capture and store
images under cloudy conditions, light drizzle, and other meteorological phenomena [14].
Additionally, unlike optical imaging systems, SAR images are produced using microwave
signals scattered back from the Earth’s surface. Sentinel-1 SAR images, the first of the five in
the Sentinel series under the European Copernicus program, provide free data. Sentinel-1
consists of the satellites Sentinel-1A and Sentinel-1B, which share the same orbital plane and
capture images in the C-band (approximately a 5 cm wavelength) using SAR technology
(an instrument called C-SAR). This results in a temporal resolution of 6 days for both
satellites and 12 days for each. The C-SAR instrument operates at wavelengths unaffected
by cloud cover or a lack of illumination, allowing data acquisition in areas of interest during
the day or night and under all weather conditions [15].

In 2015, Google launched an environmental management and climate change-fighting
tool called Google Earth Engine (GEE). This is a free platform that hosts petabytes of
data spanning over 40 years of remote sensing data, including Landsat; MODIS; the
Advanced Very High-Resolution Radiometer from the National Oceanic and Atmospheric
Administration (NOAA AVHRR); Sentinels 1, 2, 3, and 5; and data from the Advanced
Land Observing Satellite (ALOS). It is a cloud-based platform that enables the parallel
processing of global-scale geospatial data using Google’s cloud infrastructure [16]. GEE
can be controlled using an internet-accessible Application Programming Interface (API)
and an associated web-based Interactive Development Environment (IDE), allowing for
rapid prototyping and visualization of the results [16].

Due to the flexibility of accessing GEE and the availability of the SAR images, there has
been an increase in multitemporal analyses of water bodies [17,18] and land use changes,
among other applications [19,20].

Examining changes in land cover, especially the expansion of rice cultivation, is
crucial. Therefore, for this research, we propose classifying Sentinel-1 SAR images and
Sentinel-2 optical images, jointly and by means of machine learning algorithms, based on
the retrospective values for elements in the SAR images to analyze the monthly dynamics
of land cover in the lower Utcubamba river basin. To achieve this, integration of these
two sensors was performed, and large-scale image classification of the Sentinel-1 SAR and
Sentinel-2 optical remote sensing images was successfully carried out using the GEE cloud
computing technology. With this, we analyzed the monthly dynamics of rice cultivation by
mapping and geometrically calculating the areas studied.
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2. Materials and Methods
2.1. Study Area

The study area is situated between the departments of Amazonas and Cajamarca.
Amazonas, where most of the study area is located, is in northwestern Peru, with an area
of about 3,935,148.57 ha. The region is mostly covered by impenetrable tropical forests that
remain unexplored [21], Amazonas comprises seven provinces and has a population of
around 429,483 inhabitants [22]. The other portion in Cajamarca, also in northwest Peru,
with an area of about 3,295,350.10 ha, consists of 13 provinces and has a population of
approximately 1,454,217 inhabitants [22].

The study area includes zones in Bagua, Utcubamba, and Jaén provinces, as depicted
in Figure 1. The prevailing climate in this region is “hot and dry” [23], with altitudes
ranging from 400 to 1100 m above sea level.
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Figure 1. Location: (A) Republic of Peru, (B) Departments of Amazonas and Cajamarca, (C) Study
area between the provinces of Jaén, Bagua, and Utcubamba.

2.2. Methodological Design

Figure 2 illustrates the flow chart used to determine the dynamics of rice cultivation in
the lower Utcubamba river basin during 2019 and 2020 using images from the Sentinel-1 and
Sentinel-2 missions on the GEE platform. The process started with a manual delimitation
of the study area, followed by the introduction of SAR and Optical images, incorporation
of auxiliary variables, speckle reduction, and inclusion of polygons for classification.

The classification was performed using Random Forest (RF) with Sentinel-1 only,
Sentinel-2 only, and a combination of both, taking into account that this study assumes
that these data are always available. The optimal classification was evaluated, resulting in
the following maps. The classified images were processed in ArcGIS Pro; the minimum
mapping unit considered for this study were areas larger than one hectare. Areas smaller
than this were generalized to avoid overestimation and improve the visualization of
each one; finally, the extent of growth and the stages of each month were determined.
Principio del formulario.
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2.3. Delimitation of the Study Area

The study area was manually delimited using Sentinel-2 optical imagery to mark the
rice plots in 2019 and 2020. This procedure was carried out to avoid precision errors and
confusion in the algorithm since the results may be affected in a subsequent evaluation
analysis [24]. This procedure was executed in ArcGIS Pro software version 3.0.1.

2.4. Dataset

To obtain SAR data, Sentinel-1 images in Interferometric Wide-swath (IW) mode were
used, which are available in GEE. The temporal resolution was 12 days, utilizing cross-
polarization VH and VV, in addition to both Ascending (A) and Descending (D) flight
directions [25], obtaining the combinations VHA, VVA, VHD, and VVD.

To obtain optical data in GEE, Sentinel-2 images were imported with a spatial resolu-
tion of 10 m. Additionally, for months when there was no availability and/or high cloud
coverage, Landsat-8 images with a spatial resolution of 30 m were chosen.

2.5. Processing in GEE

Several studies have assessed land cover dynamics at various spatial scales, leveraging
the capabilities of GEE. GEE provides access to data and advanced analytical techniques
for big data. In the specific cartography of rice fields, both the research community and
operators often utilize spatial information. Cloud-based platforms like GEE facilitate access
to medium- and high-resolution satellite data, such as images from sensors including Multi
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Spectral Instrument (MSI), Thematic Mapper (TM), Enhanced Thematic Mapper (ETM),
and Operational Land Imager and Thermal Infrared Sensor (OLI.TIRS) [13]. The efficiency
of the GEE platform is highlighted in executing complex workflows for processing satellite
data required in large-scale applications, such as crop mapping [26]. We also made the
code generated during the execution of this research available to promote the transparency
and reproducibility of our results: https://code.earthengine.google.com/0811b809ed89944
f6750cb197e8e5509 (accessed on 23 July 2023).

2.5.1. Image Grouping and Filtering

All available images from Sentinel-1, Sentinel-2, and Landsat 8 were grouped and
filtered based on date ranges corresponding to the specific month under consideration. In
this research, the results were analyzed on a monthly basis, covering individual months
from January to December of 2019 and/or 2020.

2.5.2. Incorporation of Auxiliary Variables

Vegetation and water indices, based on reflectance data from each spectral band, were
employed. Among various multispectral indices, the Normalized Difference Vegetation
Index (NDVI) [27] is commonly used to monitor vegetation health, land use planning, and
ecosystem monitoring [28].

Additionally, the Modified Normalized Difference Water Index (MNDWI) [29–31],
known for its effectiveness in delineating water and providing a relatively constant thresh-
old compared to other water indices, was applied [32]. It is considered the most accurate
available [33] and was selected as a feature for contour extraction in water bodies [34].
Table 1 details the formulas for the aforementioned indices.

Table 1. Spectral indices used as auxiliary variables.

Index Description Formula Source

NDVI Normalized Difference Vegetation Index NDVI =
(

NIR−RED
NIR+RED

)
[27]

MNDWI Modified Normalized Difference Water Index MNDWI = ρGreen−ρSWIR
ρGreen+ρSWIR [31]

2.5.3. Cluster Generation

The purpose of cluster analysis is to group data based on their similarity [35]. To
achieve this, the algorithm automatically normalizes the input numerical attributes and
employs Euclidean distance to measure distances between groups, aiming to minimize
the variation (distances) within the groups [10]. In this research, the GEE platform
“ee.Algorithms.Image.Segmentation.SNIC” was utilized to generate the respective clusters.

2.5.4. Speckle Reduction Filter Application

The noise present in images, commonly known as speckle, is generated during the
SAR image-generation process and has a significant impact on image quality and target-
extraction capabilities [36]. One strategy to reduce this speckle involves multitemporal stack
aggregation, allowing reduction without compromising spatial resolution. This approach
contrasts with the more common speckle-filtering practice, which involves comparing
neighboring pixels in a single-date image and often results in a loss of spatial resolution [37].
Therefore, the GEE platform function “ee.Image.focal_median” was used for speckle reduction
to enhance and refine the image quality of Sentinel-1.

2.5.5. Image Classification

Prior to classification, training samples (polygons) were utilized to generate monthly
maps placed in distinct zones representing various stages of rice cultivation. For the
purposes of this research, they were separated into 4 major groups.

https://code.earthengine.google.com/0811b809ed89944f6750cb197e8e5509
https://code.earthengine.google.com/0811b809ed89944f6750cb197e8e5509
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The first stage is referred to as “Stage 1” (flooded areas), the second stage is referred to
as “Stage 2” (areas with rice cultivation one to two months old), the third stage is referred
to as “Stage 3” (areas with mature rice cultivation), and finally, the fourth stage is named
“Stage 4” (areas covered with rice fields ready to be harvested).

Subsequently, it was decided to use the Random Forest (RF) classifier in a pixel-based
classification to categorize the selected images [38]. The RF, a nonparametric machine
learning classifier, was used for the task of land cover classification by visual or digital
interpretation [39].

For this research, three data groups were classified: the first ones resulting from the
Sentinel-1 mission (SAR data), the second comprising optical data from Sentinel-2 and/or
Landsat 8 based on availability, and finally, the third group consisting of the combination
of SAR and Optical data.

2.5.6. Evaluation of Accuracy Metrics

In order to measure the accuracy of the classification results and provide a compre-
hensive assessment of the algorithm’s performance, we calculated two common statistical
indicators that offer precision metrics for Land Use and Land Cover (LULC) maps [40].
These indicators are Overall Accuracy (OA) and Kappa Index (KI).

2.5.7. Export of Maps Generated in GEE

Finally, the maps for all processed months were exported in Geotiff format. Firstly,
they were exported as “LULC,” a dataset that provided information on land distribution
and use, i.e., the various rice coverages. Secondly, they were exported as bands of the
visible light spectrum, a dataset that, when combined, produces a visual representation
similar to what we would see with the naked eye from space. The combination of both
formats aided in the visual analysis conducted in the post-classification phase.

2.6. Post-Processing Sorting

The products generated in GEE were imported into ArcGIS Pro version 3.0.1 software
in order to improve the quality of each monthly map; a spatial filter was applied to
reduce the pepper salt effect (areas smaller than one hectare was generalized), and the
calculation of areas for each rice stage evaluated was performed. For this purpose, toolbox
functions were used, such as Majority Filter, Raster to Polygon, Eliminate, Dissolve, and
Calculate Geometry.

2.7. Shapiro–Wilk Test

A comparison between the years 2019 and 2020 was carried out with the objec-
tive of identifying statistical differences. To establish the normality of the data, the
Shapiro–Wilk test was applied, using the null hypothesis (H0) with a p-value < 0.05,
indicating that the sample follows a normal distribution, and the alternative hypothesis
(H1) with a p-value > 0.05 that contradicts the normality of the data [41].

Subsequently, a t-test for paired samples was performed, where H0 is accepted if the
p-value > 0.05, indicating that the mean value of the years is equal, and H1 is accepted if
the p-value < 0.05, suggesting that the mean values of the years are different. All this was
performed in R 3.3.0 software, using the ggplot 2 library [41].

3. Results
3.1. Distribution and Availability of Data

Figure 3 details the monthly distribution and availability of SAR and Optical data
used in this study. It can be observed that, generally, a greater amount of SAR data can
be obtained from the GEE platform. In total, 79 and 89 SAR images were obtained for the
years 2019 and 2020, respectively. Similarly, 52 and 44 Optical images were acquired for the
years 2019 and 2020, respectively.
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Figure 3. SAR and Optical images available for 2019 and 2020.

3.2. Accuracy Metrics and LULC Maps

For the year 2019, as seen in Figure 4, the classification using Sentinel-1 data for the
OA metric obtained the lowest accuracy value in the month of February, with a precision of
70.99%, and the highest accuracy in January, with a precision of 94.27%. Regarding the KI
metric, the lowest accuracy was achieved in August, with a value of 0.6147, and the highest
accuracy was attained in January, with a precision of 0.9191.

Similarly, the classification using only Sentinel-2 data for the OA metric obtained the
lowest accuracy value in the month of July, with a precision of 73.02%, and the highest
accuracy in May, with a precision of 97.72%. Regarding the KI metric, the lowest accuracy
was achieved in July, with a value of 0.6420, and the highest accuracy was attained in May,
with a precision of 0.9676.

Finally, the classification using the combination of Sentinel-1 and Sentinel-2 data for the
OA metric obtained the lowest accuracy value in the month of November, with a precision
of 90.51%, and the highest accuracy in March, with a precision of 100%. Regarding the KI
metric, the lowest accuracy was achieved in November, with a value of 0.8720, and the
highest accuracy was attained in March, with a precision of 1.
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Figure 4. Accuracy metrics for 2019 for Sentinel-1 only, Sentinel-2 only, and combined Sentinel-1 and
Sentinel-2 classifications.

Similarly, for the year 2020, as shown in Figure 5, the classification using only Sentinel-
1 data for the OA metric obtained the lowest accuracy value in the month of October, with
a precision of 65.67%, and the highest accuracy in January, with a precision of 90.72%.
Regarding the KI metric, the lowest accuracy was achieved in February, with a value of
0.6295, and the highest accuracy was attained in January, with a precision of 0.8716.

Similarly, the classification using only Sentinel-2 data for the OA metric obtained
the lowest accuracy value in the month of December, with a precision of 68.71%, and the
highest accuracy in June, with a precision of 95.63%. Regarding the KI metric, the lowest
accuracy was achieved in December, with a value of 0.5810, and the highest accuracy was
attained in June, with a precision of 0.9359.

Finally, the classification using the combination of Sentinel-1 and Sentinel-2 data for
the OA metric obtained the lowest accuracy value in the month of October, with a precision
of 89.47%, and the highest accuracy in January, with a precision of 98.40%. Regarding the
KI metric, the lowest accuracy was achieved in October, with a value of 0.8523, and the
highest accuracy was attained in January, with a precision of 0.9780.
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Figure 5. 2020 accuracy metrics for the Sentinel-1 only, Sentinel-2 only, and combined Sentinel-1 and
Sentinel-2 classifications.

In this regard, the best classification for the export of LULC maps was selected. For
all months, the classifications of the combination of Sentinel-1 and Sentinel-2 images were
chosen since they generally achieved higher accuracy for both calculated metrics. Table 2
details the average accuracy values for both years and all three classifications. The best
classifications were obtained in the combination of Sentinel-1 and Sentinel-2, with an OA of
96.4% and KI of 0.951 for the year 2019 and an OA of 94.4% and KI of 0.922 for the year 2020.

Table 2. Overall average accuracy metrics for both years.

Sentinel-1 Sentinel-2 Sentinel 1 and 2

Year OA KI OA KI OA KI

2019 83.3% 0.771 87.3% 0.826 96.4% 0.951
2020 79.7% 0.717 85.6% 0.803 94.4% 0.922
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3.3. Mapping of Classified Rice Areas

Figures 6 and 7 display classified maps of rice areas for every month in the years 2019
and 2020, created from the combination of SAR and Optical images, showcasing the four
stages (stage 1, stage 2, stage 3, and stage 4).
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3.4. Geometric Attributes

Figure 8 depicts the variation in areas (hectares) resulting from the combination of
SAR and Optical images for Stage 1, Stage 2, Stage 3, and Stage 4. It can be observed that
for water-covered areas, there is no abrupt monthly change compared to the other stages.
For Stage 2, there is a significant monthly variation, with March 2019 and February 2020
registering the highest changes. This suggests that the majority of newly planted areas are
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typically cultivated in the first quarter of each calendar year. For the phenological stage
of harvest (Stage 4) in rice cultivation, it is observed that producers typically harvest their
plots during the months of July to December for both years.
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Figure 8. Area variation in hectares for Stage 1, Stage 2, Stage 3, and Stage 4.

Table 3 presents the overall summary for each studied year. Concerning harvest values,
it can be observed that there is no significant variation between the two years, with a total
of 108,800.401 hectares for the year 2019 and 110,127.272 hectares for the year 2020.

Table 3. Estimated area (ha) for the years 2019 and 2020.

2019 2020

Stage 1 17,089.974 25,243.385
Stage 2 81,691.886 80,662.511
Stage 3 54,911.457 46,749.004
Stage 4 108,800.401 110,127.272

3.5. Shapiro–Wilk Test

Table 4 shows the results of the Shapiro–Wilk test for the years 2019 and 2020, which
evaluates the normality of the data. For the year 2019, a p-value of 0.05646 is obtained,
slightly higher than the significance level of 0.05, which indicates that the null hypothesis
that the distribution of the data is normal is accepted. Similarly, for the year 2020, the
p-value is 0.005821, which is less than 0.05, indicating that the data also have normality for
that year.

Table 4. Shapiro–Wilk test.

Shapiro–Wilk Normality Test

Year 2019 Year 2020

data: df_19$Value data: df_20$Value

W = 0.95375, p-value = 0.05646 W = 0.92813, p-value = 0.005821

In Table 5, given the high p-value and the confidence interval that includes 1, the null
hypothesis cannot be rejected. Therefore, the variance of both years is significantly equal.
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Table 5. F test to compare two variances.

F Test to Compare Two Variances

data: df_19$Value and df_20$Value

F = 1.0729 num df = 47 denom df = 47 p-value = 0.8104

alternative hypothesis: true ratio of variances is not equal to 1

95 percent confidence interval: Upper Limit Lower limit

sample estimates: 0.6014441 1.913864

ratio of variances 1.072885

Figure 9 displays the statistical difference between the “Stages” in the years 2019
and 2020, with the hectares on the x-axis and the p-values on the y-axis. It is observed
that the statistical difference is minimal for each stage and year, which suggests a normal
distribution of the data.
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4. Discussion

Obtaining accurate and timely crop data on a global scale is crucial for ensuring food
security and sustainable development. The use of satellites for remote sensing provides
an economical monitoring alternative compared to the conventional method of on-site
inspection, which requires expensive human resources and consumes a significant amount
of time [42].

This study emphasizes the importance of combining data from Optical and SAR
images through the multifunctional platform of GEE during the growth phases of rice culti-
vation (i.e., vegetative, reproductive, and maturation). However, previous studies [28,43]
developed vegetation and farmland monitoring methods using remote sensing, relying
solely on Optical images such as Landsat and Sentinel-2 databases. Similarly, other re-
search [4,7,13,44,45] has employed Sentinel-1 time series (SAR data), primarily for mapping
and monitoring rice crop stands, identifying land use and cover, and identifying wa-
ter coverage. This improved the validation and suitability of the results, demonstrating
a positive correlation in crop yield prediction.

In recent years, there have been successful efforts to integrate various datasets, such
as Landsat, Sentinel-1, Sentinel-2, and PlanetScope (PL) [42,46–49]; the latter has become
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available more recently on the GEE platform [16]. This combination produces more robust
results compared to using a single data source, and it generally achieves higher accuracy.
For example, a study by [50] classified a highly diverse agricultural region for 2020 and
2021, achieving accuracies of 95.2%. That research study concluded that integrating both
satellite datasets enhanced overall accuracy by 2.94%.

In this research, integrated data from Sentinel-1 and Sentinel-2 were used to classify
rice-cultivation dynamics, and this combination yielded the best results in terms of accuracy,
as measured by OA and KI metrics. The highest precision results for both years were
between 97.8% and 100%. This is similar to the findings of [50], who concluded that the
combination of Sentinel-1 and Sentinel-2 data enables accurate early mapping of crops in
the studied area, achieving an OA of up to 95.02%.

The scenarios reveal that the monthly temporal series offers superior performance in
terms of classification accuracy compared to individual images within monthly windows.
Similarly, ref. [40], through a comparative analysis, determined that achieving precise
mapping of crop types at a regional level involves using a combination of multiple images
with single-moment characteristics and images derived from temporal series of Sentinel-1
and Sentinel-2, resulting in outstanding performance.

This approach enables precise mapping of various crop types with a resolution of
10 m for extensive areas. The OA and Kappa Coefficient (KC) turned out to be 84.15% and
0.80, respectively. Another example is the research by Vizzari [42], which aimed to evaluate
the advantages of land cover classification by integrating PlanetScope (PL) datasets with
Sentinel-2 and Sentinel-1 data. The integration of PL data with S2 and S1 datasets improved
overall accuracy results for PB and OB (82 versus 67% and 91 versus 82%, respectively).

5. Conclusions

This research confirmed that Optical and SAR data offer excellent integration to
address information gaps between them and are of great importance to obtaining more
robust products. Unfortunately, classification methods using only Sentinel-1 SAR data
are challenging to handle. Therefore, it is necessary to work by combining them with
optical data from Sentinel-2 or Landsat 8 to achieve better results. This combination was
conducted on a monthly and metric basis to ensure a sufficient amount of updated data
without interference from clouds. A total of 79 SAR images were obtained in 2019 and
89 in 2020; likewise, the quantity of optical images was 52 in 2019 and 44 in 2020. It is worth
noting that a semi-automatic methodology was applied to process optical and SAR images
using the GEE platform for the years 2019 and 2020 in the provinces of Utcubamba, Bagua,
and Jaén.

The spatial dynamics of rice cultivation were successfully determined, achieving
an average monthly precision of 96.4% and 0.951 for OA and KI, respectively, in the year
2019. For the year 2020, the monthly averages were 94.4% for OA and 0.922 for KI. In another
way, the harvest results were 108,800.401 hectares for the year 2019 and 110,127.272 hectares
for the year 2020. This indicates and reaffirms that, during the first year of the pandemic
(2020), producers and the cultivated lands of basic food items in the Peruvian family basket
were crucial for survival, as they continued their activities without interruptions. Finally,
the proposed approach is accurate and cost-effective, as the data on the platforms used are
open source and freely available.
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