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ABSTRACT

Despite efforts to end world hunger and undernourishment, food security and food production are serious
concerns in many parts of the world. Accurate and timely information about the agricultural landscape and
crop type atre therefore important for proper food production management and monitoring. Remote Sensing
provides a reliable data source for crop discrimination and large-scale assessment of planted acreage. In this
regard, relatively few studies have exclusively focused on crop discrimination using time series Sentinel-1
SAR data. This study examined whether phenological information ( SAR metrics) obtained from Sentinel-1
time series and Support Vector Machine (SVM) algorithm, a non-parametric supervised learning technique,
would allow to discriminate rice and maize as main crops in the Philippines.

The research utilized secondary dataset made available by the International Rice Research Institute (IRRI)
as part of the Pest and Disease Risk Identification and Management (PRIME) project. The reference data
included field survey and farmer interview data collected between 17th February to 17th April 2019 on 317
crop fields, from which 31 fields were selected in Pangasinan province, where maize was cultivated in only
12 fields during the 2019 growing season. The Sentinel-1 time series data acquired during the same period
and pre-processed by IRRI, were used to extract the temporal mean backscatter for each field at different
growth stages. Statistical tests to determine whether there were significant differences between rice and
maize growth stages were done using the Mann-Whitney U Test. The discrimination of rice and maize was
studied using SVM algorithm, implemented in R environment. The discrimination of crop types in the study
area comprised performing the classification at different growth stages as well as the whole growing season.

The results show that differences exist during the crop development phases that could be utilized to
discriminate rice from maize. The temporal backscatters during the early crop development stage (crop
establishment phase) were not statistically significant in all the three polatizations (VH, VV and VV/VH
ratio). Additionally, no significant difference was observed in the VH polarization at the flowering and
harvest stages. A significant difference was only observed at the flowering and harvest stages in the VV
polarization and VV/VH ratio. The backscatter difference was also significant in the VV/VH ratio
polarization only . Another significant difference was seen in the crop duration between rice and maize. It
was observed that crop establishment phase had the highest overall accuracy (O.A = 80.6%, Kappa = 0.58).
The discrimination of rice and maize at the hatvest stage had the lowest overall accuracy (O.A. = 67.7%,
Kappa = 0.28). This can be explained by the decline in water content and the gradual drying of the plants
at late phenological stages which strongly influence SAR backscatter. Interestingly, the overall accuracy
improved when all the growth stages' featutes were used for crop discrimination (O.A. = 80.6%, Kappa =
0.59). This can be attributed to rich information due to longer time series of data that improved crop
classification. The study demonstrates the importance of including all the polarizations (VH and VV and
their CR) to increase the information content when discriminating cereal crops. The classification results
obtained from running the SVM model at various growth stages show comparable crop type distributions
with field observation. In general, maize was cultivated in the northern part of the study area around San

Roque and Caturday while rice occupied the southern part during the 2019 growing season.

Keywords: Agriculture, Crop discrimination, SVM, Phenology, Sentinel-1, SAR, Time Series, Philippines,
Rice, Maize, Monitoring, Growth Stages.
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1. INTRODUCTION

11. Background

Agriculture is key to the global economy, as its products are essential for human existence (Beckman and
Countryman, 2021). The sector produces an estimated average of 23.7 million tons of food daily and
provides a source of income for many households (CBD, 2016). However, despite efforts to end world
hunger and undernourishment, food security and food production are serious problems in many countries
(Sibhatu and Qaim, 2017). The global need for food is critical. Evidence points to an increase in world
hunger, with an estimated number of nearly 821 million people affected by chronic food deprivation in 2017
(FAO et al,, 2018). Although current estimates suggest slowing down trends, the world is still off track to
achieving Zero hunger and more than 840 million people will be affected by hunger by 2030 if recent trends
continue (FAO et al., 2020). This is particulatly true for the Philippines, a country that is heavily reliant on
agriculture (Briones, 2005). Despite the fact that agricultural areas in the Philippines account for 41.7% of
the total land area of 30 million hectares, the agriculture sector faces many challenges due to a growing
population (Dikitanan ct al., 2017). According to the World Food Programme (2021) “its population of 110
million people is becoming increasingly urban”; with a total number of 10.1 million people in the Philippines
being undernourished (I'AO et al., 2021). This growing population with increased consumption and
changing dietary preferences presents one of the key challenges confronting the Philippines' agriculture
sector (Dikitanan et al., 2017; Godfray et al., 2010). As a result, a constant difficulty is balancing food
availability with the demands of an ever-increasing population (McNairn and Shang, 2016). This outlines
the Philippines’ need for timely and accurate information on crop production for agriculture monitoring,
economic planning, agricultural market management, as well as assessments of food security issues in view
of climate variability and extremes.

In recent years, evidence of climate change’s effects on the agricultural sector is already severe and
widespread; and ensuring food security will be one of humanity’s most complex challenges (I'AO, 2017),
requiring agriculture to develop and evolve to meet these demands. However, when unforeseen disasters
strike, the task of forecasting food production becomes even more challenging (McNairn and Shang, 2016),
specifically in places where the weather is projected to be unpredictable and more variable due to the
increased effects of climate change (Dikitanan et al., 2017). Because of its location in Southeast Asia, the
Philippines is particularly vulnerable to natural disasters such as typhoons, floods, and droughts. These
natural disasters have a negative economic and environmental impact on the affected areas and the people
who live there and therefore limit food production and, in turn, food security (FAO, 2017; Ramos et al.,
2016). As a result, forecasting food supply necessitates continuous and frequent updates of information on
crop production (McNairn and Shang, 2010).

Crop area extent and crop type maps provide critical information to policymakers for agricultural monitoring
(Inglada et al., 2015). The ability to manage the agriculture sector and ensure that it meets the increased
pressure primarily depends on the timely information available to inform decision making. The agricultural
landscape in the Philippines is expected to expand by 5.2 million hectares by 2025, which can only be
accomplished through better agricultural policies that effectively address food security issues (Briones,
2005). The consistent flow of information is critical for various stakeholders and policymakers to identify
threats to the agricultural sector's stability, competitiveness, and profitability. Additionally, this information
plays an essential role in developing and evaluating policies that are put in place and their implementation
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to address these challenges (Fisctte et al,, 2013; McNairn and Shang, 2010) and to prioritise and draw
strategies for improved sustainability of the agro-ecosystems in delivering services to societies. For instance,
one of the government policies in the Philippines which require accurate and immediate knowledge of
potential production is the estimation of shortfalls in crop production and importing the difference in
production, especially rice, to control domestic prices (Chen and Mcnairn, 2006). Besides emphasising
resilient food production, agriculture policies could also help mitigate climate change and promote the
sustainable utilisation of natural resources (D’ Andrimont et al., 2021). Weiss et al., (2020) note that “overall,
policy-makers and local to regional decision-makers will increasingly need updated spatial information on
how agro-ecosystems evolve in order to improve their management.” Therefore, the methods for obtaining
crop information need continuous improvements to effectively implement policies to ensure sustainable
development.

Different methodologies, including total enumeration, have been used to collect information on crop area
estimates. Statistics about crop production data can be obtained from various sources, including agricultural
agencies. The conventional method of compiling this information relies heavily on ground-based field
surveys, which are both time and labour-intensive (Bruzzone et al., 20106; Guarini et al., 2010). Furthermore,
when data is required regularly across large areas, cost and technical resources present substantial constraints
to obtaining such information (FAO, 2016). Remote Sensing provides a reliable data source that can be
frequently used for crop discrimination and large-scale assessment of planted acreage. For many years,
multispectral optical Remote Sensing systems have been the foundation for crop identification and
monitoring (Chen et al., 2018; Mingwei et al., 2008; Mondal and Jeganathan, 2018; Wang et al., 2015a).
Multi-spectral satellite data such as Landsat, RapidEye and Sentinel-2 have commonly been used for crop
mapping (IKhosravi and Alavipanah, 2019; Kobayashi et al., 2020; Ouzemou et al., 2018). Additionally, multi-
temporal imagery has been critical for crop type discrimination as it allows for a more robust classification
than single date imagery (Salehi et al., 2017). Previous studies focusing on large scale crop discrimination
have used optical sensors such as SPOT vegetation (IKhan et al., 2010), PROBA-V (Zhang ct al., 2016) and
MODIS (Wardlow and Egbert, 2008). However, due to the coarse spatial resolution of these sensors, the
classification accuracies tend to decrease due to the heterogeneity in the landscape during the growing season
(Atzberger and Rembold, 2013). The reliance of optical data on the cloud-free cover is a major constraint
and limits image acquisition at regular intervals, limiting the use of optical data for crop mapping (Van Tricht
et al., 2018). This limitation can be addressed by using Spaceborne Synthetic Aperture Radar (SAR) data
(Karthikeyan et al., 2020).

SAR sensors provide a reliable and alternative source of valuable information on vegetation cover
irrespective of solar illumination and cloudiness. SAR data is an effective and important data source for
monitoring crops and other agricultural targets because the quality of SAR images is less affected by
atmospheric conditions (Liu et al., 2019). Prior to 2002, before the launch of the ENVISAT-ASAR satellite,
most research in radar application was focused on single-band and single-polarisation images for crop
mapping (Wang et al., 2015b). However, classification using a single SAR system with a particular
configuration, such as a single image at a certain frequency, polarisation, and incidence angle, is considered
insufficient to achieve the required classification accuracy, especially in fragmented farm areas (Del Frate et
al., 2003; Mashaba-Munghemezulu et al., 2021). With improvements in terms of data and technology,
Sentinel-1 time series SAR data provide new opportunities and have been widely applied in agricultural
condition monitoring, providing a strong complement and support for crop identification when used in
combination with optical data (Wang et al., 2015). However, the majority of current multitemporal crop
classification methods based on radar use a stack of images collected during the whole vegetative season in
the classification process without considering the crops’ phenology (Bargicl, 2017). Hu et al. (2019) observed
that the standard image stacking approach might mask some subtle but potentially critical phenological
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events, despite the fact that time series analysis is a widely used and useful tool for characterising the seasonal
dynamics of crops. Li et al., (2020) further demonstrated an improvement of crop type maps’ accuracy when
information about phenological status was incorporated into the classification scheme. Due to its high
spatial and temporal resolution, Sentinel-1 SAR time series offers a great opportunity to map crop types.
Many of the previous research has taken advantage of the unique capabilities of SAR time series data for
crop discrimination and crop classification, albeit over small areas (Bargiel, 2017; Gella et al., 2021). While
the benefits of SAR are well understood, and the Sentinel-1 seties of satellites offers an unprecedented
opportunity for large-area crop type mapping (Song et al., 2021), its use in national scale agricultural crop
inventories is relatively low. Only a few countries use spaceborne SAR to operationally produce national-
scale maps of their agtricultural landscapes (Dingle Robertson et al., 2020). Dingle Robertson et al. (2020)
add that the lack of familiarity with SAR data by many agricultural end-user agencies, and the lack of a
“scheme” for implementing an operational SAR-based mapping system, are among the barriers to its
operational use. However, a recent study by D’Andrimont et al. (2021) has demonstrated the capability for
large scale crop type mapping based on Sentinel-1 (D’Andrimont et al., 2021). Furthermore, Meroni et al.,
(2021b) utilised Sentinel-1 data to retrieve the phenology of major crop types over Europe. The consistent
time series, therefore, provide a reliable data source to detect different growth stages and monitor phenology
(Wang et al., 2019).

Plant phenology, the timing of seasonal changes or recurrent biological events in plants offers insights into
the ecology and ecosystem processes (Meroni et al., 2021b). This information is critical for crop monitoring
and tracking the conditions and progress of crops in the field (Rembold et al., 2019; Sakamoto et al., 2013).
However, phenology presents many challenges in mapping cropping patterns and individual crop types
because of the spatial and temporal dynamics that substantially change in these agricultural landscapes at
short time intervals during the growing seasons (Bargiel, 2017). Crop type maps that are generated using
satellite Remote Sensing require robust data acquisition at high spatial and temporal resolutions (Song et al.,
2021). Bargiel (2017) argues that current approaches for crop classification based on SAR time series data
and utilising only backscatter intensity values do not take into account knowledge of the dynamics of the
crops' phenology because they classify a stack of images taken during the whole vegetative season. For
instance using multitemporal TerraSAR-X achieved over 90% overall accuracy for classifying six classes
(Sonobe et al., 2014a). Although these studies produced impressive results for the classification of certain
crop types and demonstrated the high potential for radar-based crop classifications, some of them have
difficulty distinguishing between crop types (Bargicl and Herrmann, 2011). Previous research has shown
that information about crop phenological stages particularly shooting, ripening, and harvest stages was
important for crop monitoring and improved the accuracy of crop type maps (Bargiel, 2017; Li et al., 2020).
Schlund and Erasmi, (2020) further demonstrated that phenological information could be extracted from
dense Sentinel-1 time series data.

Time series data can be utilised to derive land surface phenology (LSP), the spatio-temporal development
of the vegetated land surface, despite many phenological events related to vegetation physiological processes
such as flowering and fruiting cannot be directly detected from Remote Sensing (De Beurs and Henebry,
2005; Zeng et al., 2020). Phenological metrics such as the Start of season (SOS), End of Season and Length
of Season extracted from fitted curves of time series provide information on management practices and
crop types over agriculture landscapes (LLopez-Lozano et al., 2015). According to Meroni et al. (2021) “the
estimation of phenological metrics from times-series Remote Sensing data generally consists of three main
steps: 1) data cleaning and flagging; 2) data smoothing and time-series data reconstruction and 3)
phenological metrics extraction based on the reconstructed time series data”. Remote Sensing methods to
study changes in crop phenological developments have been proposed in previous studies based on these
key steps and a recent review of phenology retrieval outlines the methods and instruments in depth (Zeng
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et. al., 2020). In general, there are two common approaches for retrieving phenology from remotely sensed
data. These include the Vegetation Index (VI) change detection and the threshold-based method. However,
the common approach mainly consists of computing spectral vegetation indices with NDVI being widely
used (Zhang et al., 2003). Recently the VI category has included the Cross polarisation Ratio (CR) using
SAR data which may be applied similatly to NDVI (Veloso et al., 20172a). The threshold can be arbitrarily
established as in the fixed method or calculated based on a VI ratio as in the dynamic threshold method
(Lloyd, 1990). The phenology metrics extracted by further smoothing the time series data can be
transformed into a classification strategy by developing a series of classification features as input in the
classifier for further image classification (Mascolo et al., 2016).

Remote Sensing image classification or the process of assigning pixels into meaningful thematic classes can
be accomplished in two ways: supervised and unsupervised classification (Tolpekin and Stein, 2013).
Application of classification algorithms that result in these discrete categories of crop types based on Remote
Sensing measurements can be a complex task due to the dynamic structure of agro-ecosystems in space
(Weiss et al., 2020). In supervised classification, knowledge of the area of interest is required where classes
are defined in line with what is actually on the ground (ground truth data) during the training process. In
unsupervised classification, a clustering algorithm automatically finds and defines a number of classes to
form clusters in the feature space (Tolpckin and Stein, 2013). The supervised classification approach is
widely used in Remote Sensing where parametric methods such as Minimum-Distance-to-Means and
Maximum Likelihood are commonly used algorithms, despite the increasing acceptance of Machine
Learning (ML) classifiers (Maxwell et al., 2018). However, amidst the big data era and high-performance
computing, Machine Learning classification has become a major focus of the remote-sensing community.
Its application has significantly advanced in many areas, including classification problems (Pfeil et al., 2020).
Various studies have employed ML techniques for crop type classifications and have generally demonstrated
that these techniques provide higher accuracy in comparison to typical parametric classifiers- which assume
the normal distribution of the data without acceptance of various inputs of predictor data (Bargicl, 2017)
(Maxwell et al., 2018). However, Weiss et al. (2020) note that “the accuracy of crop maps still remains
dependent on the performance of the classification methods used to generate them”.

Among the relatively mature ML methods, Support Vector Machines (SVMs) and Random Forest (RF) have
dominated in the Remote Sensing application, including crop classification, as is evidenced by the wide usage
of the technique (Barrett et al., 2014; Dey et al., 2020; Song et al., 2018). A meta-analysis of 251 articles
conducted by Sheykhmousa et al. (2020) discovered that 42% and 68% of the papers employed RF and
SVMs, respectively, in the implementation of ML classification algorithms and attributed its dominance to
the relative ease of implementation of the two classification algorithms as compared to deep learning
algorithms. Sheykhmousa et al. (2020) further note that, while Deep Learning methods are capable of
retrieving complex patterns and informative features from satellite image data, their hidden layers, or “black
box” nature, lead to a loss of interpretability, posing problems in the interpretation of the results. Pfeil et al.
(2020) argue that common ML classifiers, such as RF, treat input variables as independent features and are
not originally designed for time series analysis because they are sensitive to weather-related shifts during the
growing season. Previous research has demonstrated the use of ML techniques with time series data
(Mansaray et al., 2021; Ngo et al.,, 2020). However, the comparison of the two classifiers is somewhat
confusing due to the relatively high similarity in performance in terms of classification accuracies between
RF and SVMs (Mather and T'so, 20106; Sheykhmousa et al., 2020). Sheykhmousa et al. (2020) further add
that although RF and SVMs are well-known and highly ranked ML algorithms, SVM is rarely used to classify
SAR images.
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The review of the literature reveals that the results of the previous studies are contradictory. Therefore, this
research aims to further investigate the performance of SVM classification method when it comes to using
SAR time series data by incorporating phenological metrics. Additionally, the majority of these studies in
the area utilising SAR have focused on specific crop, rice monitoring (Boschetti et al., 2017; K. Clauss et al.,
2018; Kersten Clauss et al., 2018; Nelson et al., 2014; Son et al., 2018). Considering the importance of rice
and maize crops for food security in the area, the current study aims to discriminate crop types by exploiting
the capabilities of Sentinel-1 SAR time series and ML.

1.2, Conceptual framework

The conceptual diagram shows the link between the problem and the potential use of SAR data in
discriminating crop types in the study area (Figure 1.1). The conceptual diagram outlines the geographical
boundary of the system and the relationships between elements (boxes) and processes (arrows) within the
system. The subsystems that are critical in understanding the temporal backscatter from the various crop
types over the growing seasons in the provinces of the Philippines are also indicated. The provinces are
characterised by varying agricultural landscapes with differing growing seasons (wet and dry seasons).
Further, the diagram shows the effects of certain decisions on the farmer that determine whether a crop

field will be cultivated or remain fallow.
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Figure 1. 1 Conceptual diagram linking the problem, the stakeholders and how the systems interact within the study

area




CROP DISCRIMINATION USING TIME SERIES SENTINEL-1 SAR DATA

1.3. Problem statement

Accurate and timely monitoring of crop types is required to inform policymakers about the agricultural
landscape and food production. However, Philippines’ agricultural landscape is becoming more fragmented
due to the rapidly increasing population. The spatial and temporal dynamics that strongly affect these land
cover at short time intervals during the growing seasons further make mapping specific crop types
challenging (Bargiel, 2017). Additionally, the inherent characteristics of most farming areas, such as crop
rotation and seasonal changes in crop morphology, make the classification of crop types using Remote
Sensing technology a difficult task (Dey ct al., 2020). Previous research has demonstrated that phenology
status provides valuable information and increases the accuracy of crop type maps (Chen et al., 2016; Hua
et al., 2019). Furthermore, SAR data is sensitive to crop structure, and the dielectric properties of the target
objects make it relevant for crop monitoring (Nelson et al., 2014). The consistent availability of SAR
observations makes it ideal data for ML classification (ID’Andrimont et al., 2021). However, Gella et al.,
(2021) argue that ““ although these classifiers can incorporate multitemporal observations across the growing
season as a stack of time series images, their implementation strategy does not allow to leverage phenological

information into a classification scheme”.

Considering the importance of rice and maize crops as main crops in the Philippines, the current study will
examine whether phenological information (metrics) obtained from Sentinel-1 time series SAR data as input

into the SVM ML algorithm are able to enhance the crop discrimination.

14. Research objectives

1.4.1. Main objective
The main aim of the study is to analyse the potential of SAR temporal backscatter data for crop type

discrimination using time series Sentinel-1 imagery.
1.4.2. Specific objectives

The specific objectives of the study are:-

i.  To understand the variation of temporal radar backscatter responses (VH, VV and VV/VH ratio)
of the various crop types within the growing season;
ii.  To determine the best SAR metrics in discriminating crop types in the study area;
fii.  To evaluate the performance of SVM in discriminating the studied crop types using various accuracy
metrics; and
iv.  To identify the distribution of the studied crop types in the study area during the 2019 growing
season.

1.5. Research questions and hypothesis
i. How are the crop specific temporal profiles in the study area?

Ho: There is no difference in the temporal backscatter behaviour of the different crop types (rice and maize)
in the study area
ii. ~ Which SAR metrics from the Sentinel-1 time series data are relevant for discriminating crop types
(rice and maize) in the study area?
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Ho: There is no relationship between the SAR metrics extracted from the Sentinel-1 time series data and
the specific growth stages of rice and maize in the study area.

fii.  How can the SVM classification algorithm leverage phenological information from the time series
data?

Ho: Extracted phenological information does not affect the outcome of the classification of time series
data.

iv.  Which growth stage gives higher accuracy in discriminating rice and maize during the growing
seasons?

Ho: There is no significant difference in the overall classification accuracy in discriminating rice and maize
at the various growth stages.

V. How can Sentinel-1 time series data be used to map the distribution of rice and maize within the
2019 growing season in the study area.
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2.  STUDY AREAAND DATA

21. Study area and site characteristics

211.  Location

The proposed study will take place in the Republic of the Philippines, which lies between latitudes 21°20°
and 4°30” north and longitudes 116°55” and 126°36’ east, on the Southeast coast of the mainland of Asia.
An archipelago with over 7,640 islands and approximately 30 million ha of land (Dikitanan et al., 2017), the
Philippines is divided into three main Island groups, namely Mindanao, Luzon, and the Visayas and is split
into 17 regions. Five regions have been selected to develop and test the methodology, namely Pangasinan
(Region I), Cagayan (Region 1I), Iloilo (Region V1), Leyete (Region VIII) and Agusan del Sur (Region XIIT)
(Figure 3.1.) All the sites are spread across the Philippines and represent the four geographic conditions of
the country.
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Figure 2. 1 Climate types in the Philippines. Source Basconcillo et. al., 2018, with modification

2.1.2. Climate

The Philippines has a tropical marine climate, with a mean annual temperature between 25°C to 27°C, with
two marked seasons; annual dry seasons from December to May, and annual wet seasons from June to
December. The climate is classified into four types based on the prevalence of the northwest and southwest
monsoons and the distribution of monthly rainfall (Altoveros and Borromeo, 2007). The monthly average
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rainfall ranges from as low as 120 mm to 270 mm as the highest. The rainfall patterns are grouped into two
with clear dry seasons from November to April in the west coast and east coast regions (Moron et al., 2009).
The western regions of the country mostly belong to Type 1 climate (see Table 2.1). This type of climate
has a distinct summer monsoonal wet and dry season from May to October and November to April.. Climate
Type 2 (Table 2.1) comprises regions along or very near the eastern coast with no pronounced dry season
but with a clear maximum rain period in December, January and February. This climate cover Catanduanes,
Sorsogon, eastern part of Albay, Camarines Norte, Camarines Sur, eastern Quezon, Samar, Leyte and eastern
Mindanao, which are not sheltered from the north-eastern monsoon. Climate Type III is an intermediate
band between types I and II. It has maximum rainfall from May to October with an unclear but relatively
dry season from November to April. Most southern areas belong to type IV, which has evenly distributed
rainfall throughout the year (Figure 2.1 and Table 2.1). Figure 2.2 shows the annual variation of monthly
mean, maximum and minimum temperature, and the monthly precipitation over a 29 year period in Region
I (left) and Region VI (Right).

Table 2. 1 Climate types in the Philippines

Type Description Regions/Provinces Remarks
Two pronounced wet and | Western part of Luzon, Mindanao, The controlling factor is topography.
dry seasons; wet during the | Palawan, Panay and Negros These regions are shielded from the
months  of June to northeast monsoon and even in good
1 November and dry from part from the tradewinds by high
December to May mountain ranges. They are open only
to the southwest monsoon and the
cyclonic storms.
No dry season with a very | Catanduanes, orsogon, eastern part of These regions are along or very near
pronounced maximum rain | Albay, Camarines Norte, Camarines the FEastern coast and are not
2 petiod in  December, | Sur, sheltered either
January and February. eastern Quezon, Samar, Leyte and from the northeastern monsoon and
eastern tradewinds nor from the cyclonic
Mindanao. storms.
Intermediate type with no | Western parts of the Cagayan valley, These localities are only partly
3 pronounced maximum rain | eastern parts of the Mountain region, sheltered from the northeastern
period and short dry season | southern Quezon, Masbate, Romblon, monsoon and tradewinds and are
lasting from one to three | northeastern Panay, eastern Negros, open to the southwest monsoon or at
months central and southern Cebu, eastern least to frequent cyclonic storms.
only. Palawan and northern Mindanao.
Uniformly distributed | Batanes, northeastern Luzon, These regions ate so situated that they
rainfall southwestern Camarines Norte, receive the moderate effects of the
western Camarines Sur and Albay, northeast monsoon and tradewinds
Bondoc peninsula, eastern Mindanao, as well as the southeast monsoon and
4 Marinduque, Western Leyte, northern cyclonic storms.
Cebu, Bohol and most of central,
western and southern Mindanao.
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Figure 2. 2 Monthly Climatology of Min-Temperature, Mean-Temperature, Maximum Temperature and Precipitation
1991-2020 in Region I (left)y and Region VI (Right). Source climate change knowledge portal:
https://climateknowledgeportal.worldbank.otg/ country/philippines/

21.3. Major agricultural systems and their diversity

Agriculture plays a significant role in the Philippines economy, with crop cultivation as the main agricultural
enterprise. However, the share of the agriculture sector in the gross domestic product ( GDP) has declined
from previous years and was just 9% in 2018 (WorldBank, 2020). According to Briones, (2005), “food
crops, particularly rice and corn, continue to be the major contributors to agriculture’s gross value added

and have become major sources of growth.”

Although rice is the most important and key staple food in the Philippines (IKoide et al., 2013; Stuecker et
al., 2018), agricultural diversity exists with major products including maize, coconuts, sugarcane, bananas,
pineapples, and mangoes. Several crop-based systems mostly based on rice, maize, sugarcane and coconut
can be found in the Philippines (Altoveros and Borromeo, 2007). Despite, rice being grown throughout the
year, there is variation in the planting dates due to differences in climate (Table 2.1), with the largest share
cultivated during the wet season (Stuecker et al., 2018). The Philippines’ rice growing regions are mainly
irrigated, although precipitation remains vital in rainfed rice (USDA, 2018). Maize is second to rice as the
most cultivated crop with one-fifth of the Philippines dependent on it as a stable grain, especially in areas
and periods of rice scarcity. Major agricultural systems include lowland irrigated farming, rainfed farming
and upland farming. Roughly 70% of the total rice area is under irrigation, while 30% is rain-fed and upland.
In the upland, farming systems are oriented towards subsistence framing (Legaspi et al., 2021). Irrigated
farm areas mainly grow rice and sugarcane, whereas rainfed areas are planted with coconut, corn and cassava.
Generally, in irrigated areas, the cropping sequence rice-rice is practised mainly for rice, though other crops
such as mungbean, the most important legume in the Philippines, have been raised after two rice cropping

(Altoveros and Borromeo, 2007).

10
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The sites in this research are based on a previous project, Risk Identification and Management (PRIME)
were selected in a way that the four climate types in the Philippines are represented. In Lyete, rice-rice system
is mostly used with most farmers practising transplanting during the crop establishment which commences
in May, both east and west (Nelson et al., 2014). The areas in Agusan del Sur are mainly classified as irrigated
lowland as they rely on irrigation facilities in Rosario and Veruela for a regular supply of water for rice
production (Varela et al., 2013). The cultivated fields especially rice areas in Pangasinan province are more
fragmented during the dry season as the water supply is from the rain and borehole (Asilo et al., 2014). In
Iloilo, the agricultural landscape is mainly rice paddy, although other crops such as maize can be found or
grown as a second crop (Dela Torre et al., 2021). Two major ecosystems exist with mainly irrigated and rain-
fed rice located in the central and eastern part of the province. In Cagayan province, rice is the most
important crop, cultivated both through irrigated and rainfed conditions. About 78% of the province’s total
rice area is irrigated, while 22% is rainfed and can be grown twice a year during the wet and dry seasons
(Nelson et al., 2015).

2.2 Data

2.2.1. Field survey data

This study benefited from an existing dataset made available by the International Rice Research Institute
(IRRI) as part of the Pest and Disease Risk Identification and Management (PRIME) project. The reference
data include field survey and farmer interview data collected between 17% February to 17% April, 2019 on
323 crop fields in 5 provinces of Agusan del Sur, Cagayan, Iloilo, Leyte and Pangasinan, introduced earlier.
The field data covered a period between 2017 — 2019. Figure 2.3 shows the distribution of the field sample
in the selected province of the Pangasinan in the Philippines. The farmer interviews correspond to three
growing seasons, the current season (when the data was collected during the dry season of 2019) and the
two seasons before that (wet and dry 2018). The main focus of the current study was to discriminate between
the major crop types that is rice and maize cultivated during the 2019 growing period. However, after a
thorough exploratory analysis of the provided survey data, it was revealed that only Pangasinan had enough
samples for the target crops and was selected for further analysis. Table 2.2 shows the distribution of crop
types and field status in the study area during the time of the survey. The average field size was 1.25 hectares
(Ha), with the smallest being 0.4 Ha and the largest 3.4 Ha.

Table 2. 2 Distribution of field samples during the 2019 dry season in Pangasinan province

Crop type/Field status No.
Rice 19
Maize 12
Others 9
Fallow 32
Total 72

Various information were collected during farmer interviews, including the cultivated crops, crop
establishment method, crop calendar (land preparation, crop establishment date, flowering and harvesting
data), and irrigation schedule. The geographical location of the field and the size were also collected which

was used as input in the backscatter extraction.
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Figure 2. 3 The location of the study area showing Pangasinan province in the Philippines and the distribution of field
samples in the province. Service layer credits: source: Esti, GeoEye, USDA and USGS

22.2.  Sentinel-1 SAR data

Sentinel-1 SAR datasets downloaded from the European Space Agency (ESA’s) Copernicus Hub, were used
in the study. Sentinel-1 operates at 5.404 Ghz (central frequency), which corresponds to 5.6 cm wavelength
(D’Andrimont et al., 2021). SAR time series images from Sentinel-1A with a 12-day revisit time covering the
2019 growing season were used (Table 2.4). The interferometric wide swath (IW) mode with dual
polarimetry was used for this study.

One SAR satellite image covered the study area. Altogether, 17 Sentinel-1A images covering the region were
acquired from 9/09/2018 — 20/03/2019 (Table 2.4). The images are freely available from ESA and the
Ground Range Detected (GRD) data format was selected. The GRD products are processed from focussed
SAR data that has been detected, multi-looked, and projected to the ground range using the WGS84 Earth
ellipsoid model (ESA, 2013). The GRD products, although lack the phase information they have been used
for various agricultural applications, whereas it can be assumed that the backscatter information alone is
adequate for the crop classification purpose (Bargiel, 2017; Son et al., 2018; Tufail et al., 2021; Veloso et al.,
2017b). Table 2.4 shows the images that were used in the current research and the metadata of the selected
SAR images are indicated in Table 2.3.

12
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Table 2. 3 Metadata of the selected SAR images to be used in the study

Attribute Sentinel-1

Polarization Dual Polarimetry (VH, VV)

Orbit Direction Descending

Band (Central Frequency) C-band (5.405GHz)

Azimuth and Range Resolution 22m by 20 m

Pixel spacing 10 m by 10 m

Sensing Mode Interferometric Wide Swath (IW) mode
Incidence angle 300 to 46°

Number of Scenes 282

Observation period

9/09/2018 — 20/03/2019

Table 2. 4 Acquisition of Sentinel-1 images during the 2019 dry season in Pangasinan Province

S-1A acquisitions Tracks/Orbit
T105
VH+VV (descending mode) Month Pangasinan (Region I)
Season Day
201981 September 9;21
October 3;15;27
November 8;20
2019 Season 1 (2019S1) December 2:14:26
January 7;19;31
February 12,24
March 8;20
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3. METHODS

The methodology for discriminating crop types in the study area is outlined in the flowchart (Figure 3.1)
following a similar approach by Fikriyah et al., (2019). The major steps including data collection and pre-
processing were performed by eatlier projects. The pre-processing was performed by IRRI and temporal
mean backscatter computation for each field sample for different growing stages was done by the NRS
Department of the Faculty of Geo-Information Science and Earth Observation at the University of Twente.
The focus was to extract phenological information (SAR metrics) from sentinel-1 SAR time series data,
identification of target crop types and evaluation of results. The dataset used in the study are summarised in
(Tables 2.3 and 2.6) and include Sentinel-1 data and Field survey data.
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Figure 3. 1 Methodological flowchart of the crop type classification process

3.1 Extraction of SAR metrics and analysis of multi-temporal profiles

SAR metrics are additional parameters that are generated from multi-temporal SAR data (Santoro and
Wegmiiller, 2014), with acknowledged potential in crop discrimination. The proposed crop discrimination
was based on features related to the phenology of the studied crops. Previous research has demonstrated

that phenological features are valuable and improve the accuracy of crop type maps (Chen et al., 20106; Li et
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al., 2020). Phenological information as reported by the farmers during the field surveys were used to extract
the backscatter at different growth stages for each field. The study analysed the extracted mean backscatter
of rice and maize and their temporal variation. These metrics are based on the growth and development of

the studied crops during the growing season

The mean backscatter (in VH, VV and VV/VH ratio) was extracted for each crop type at field-level. Four
dates corresponding to Land management practice (LandPrep) and crop growth stages relating to crop
establishment date (CropEDate), Flowering and Harvest (HarvestDate) were identified based on field survey
data. The crop establishment date relates to the transplanting date for transplanted rice or
sowing/broadcasting date for direct-seeded rice, and sowing for maize (non-rice crops). HarvestDate was
the harvesting date for both rice and non-rice crops, while flowering is the flowering date for rice. However,
for maize only two stages (CropEDate and HarvestDate) were recorded in the survey information. Thus
the LandPrep for maize was assumed to be the backscatter at the date after the previous harvest in that field
but before the reported CropEDate. The flowering phase for maize was also inferred from the growth
development of the crop and was taken to be around 76 days after CropEDate (for varieties taking 120-144
days maturity duration). For shorter duration varieties (less than 60 days), flowering was taken to be at 36
days. The HarvestDate for both crop types was, however, considered as the image before the reported
harvest date in the field survey data. This was to ensure that the analysed backscatter represented the actual

crops before the harvest took place.

The SAR metrics considered in this study were the minimum backscatter at CropEDate, maximum
backscatter at the Flowering stage and the backscatter at HarvestDate. The features were extracted from
both polarizations (VH and VV) and their ratio (VV/VH). Due to varying management practices occurting
in the study area, the selected growth stages also varied significantly. For instance, the crop establishment
dates of maize range from 15th October 2018 — 12th February 2019 due to different sowing dates. This
further resulted in different flowering or harvesting dates. Additionally, for rice, due to different crop
establishment methods, transplanted or direct-seeded rice, the heading and maturity were also different for
rice growth. The corresponding time series backscatter for each cultivated field for both crops was different
on one satellite image date. This scenario hindered the utilization of the backscatter directly. Therefore, the
mean backscatter was extracted for each growth stage and used as an input feature in the SVM algorithm.
As only four stages were considered in extracting these metrics, smoothing of the original time series using
Savitzky-Golay filtering (Chen et al., 2004) and other filters such as double logistic functions before

extracting main phenological events were not necessary. Table 3.1 summarises the extracted features at each

stage. A similar trend was also observed in the rice growth-related features.

3.1.1. Backscatter difference

Due to the farming characteristic of rice cultivation, the obvious changes of the plant during the growing
season correspond considerably to the radar backscatter coefficient compared to other non-rice crops such
as maize. From the extracted backscatter for rice and maize, it was observed that the maximum backscatter
was at the flowering stage for both crops the minimum backscatter was noticed at the crop establishment
stage in both polarization. According to Chang et al. (2021), “the backscatter difference between maximum
and minimum values of the time series data during the rice growing season of rice is greater than that of
other non-rice crops.” Therefore, the backscatter difference (BackDiff) in VH, VV and the VV/VH ratio

was further examined for rice and maize.
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31.2. Crop duration

The time interval from sowing/ transplant dates to maturity of crops is another important SAR metric which
can be used to characterise the growth of crops (Chang et al., 2021). However, as the complete time series
was not considered, the crop duration from the field interview was used in the analysis. The growth period
of crops, that is the duration taken for the crops to mature, is an important feature (Nguyen et al., 2016).
Each crop has its own characteristic growth period. In this study, the growth period (Maturity_days) was
estimated as the difference between HarvestDate and the CropEDate. For rice the mean duration for crop
maturity was 93 days (92.79) with minimum and maximum being 62 and 120 days, respectively. The average
duration for Maize growth cycle was 110 days (109.92) with a maximum duration being 144 days and a

minimum of 59 days.

Table 3. 1 Extracted features at different growth stages and the additional variable used in the SVM classification

Stage VH \'A% VV/VH Ratio
Land Preparation LandPrepVH LandPrepVV LandPrepCR
Crop Establishment CropEDateVH CropEDateVV CropEDateCR
Flowering FloweringVH FloweringVV FloweringCR
Harvesting Date HarvDateVH HarvDateVV HarvDateCR
Additional features
Backscatter Difference BackDiffVH BackDiftVV BackDiffCR
Maturity_days” - Crop duration in days estimated from field survey information

3.2. Statistical analysis

The study site represented varied geographic areas characterised by different climates and cropping
practices. Given the spatial-temporal characteristics in these sites, a preliminary exploratory statistical data
analysis was carried out to understand the temporal behaviour of the backscatter in relation to the different
crop types. Statistical tests to determine whether there were significant differences between rice growth
stages and maize during the 2019 growing season was done using the Mann-Whitney U Test. (Gardener,
2012) This statistical test is performed when the data is not normally distributed (non-parametric or skewed)
which was the case for the current study. The statistical analysis was performed in IBM SPSS statistical
analysis software package version 28.0.1.0 (142).

3.3. Support Vector Machines

The Support Vector Machines (SVM) algorithm developed based on the statistical learning theory is one of
the most effective kernel-based classification methods in various machine learning techniques (Mountrakis
etal, 2011). SVM is a supervised non-parametric algorithm that overcomes the shortcomings of traditional
classifiers such as Maximum Likelihood classifiers, as it is insensitive to the underlying distribution of the
input data (LLow et al., 2013; Sheykhmousa et al., 2020). Many advantages have been outlined in support of
SVM in the field of Remote Sensing, including its good performance with limited training datasets and

producing high classification accuracies (Mantero et al., 2005; Pal and Foody, 2010).

The SVM in its simplest original form, is a linear binary classifier. According to Son et al., (2018), “this
algorithm projects training samples in the input space into a high-dimensional space using a kernel function
in which the classes can be separable”. The SVM training algorithm determines an optimal hyperplane to
separate the dataset into discrete classes based on the distribution of the training dataset in feature space (Jia

et al., 2012). As shown in Figure 3.2, SVMs use a subset of the training data set close in the feature space to
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the optimal decision boundary (hyperplane) as support vectors to maximise the margin (Foody and Mathur,
2004; Mather and Tso, 2016). However, in practice basic linear decision boundaries cannot often guarantee
a high accuracy as different classes overlap, making the linear separability difficult (Mountrakis et al., 2011;
Sheykhmousa et al., 2020). An example of the SVM linearly separable data is shown in Figure 3.2. To address
the limitation of linear SVM, Cortes and Vapnik, (1995) introduced an extended SVM using kernel functions
(Figure 3.3). A detailed description of the theoretical development can be found in Burges, (1998). An
assessment of SVM for landcover classification as well as the mathematical formulation of the algorithm is
provided in Huang et al. (2002). Several kernel models exist to build different SVMs and the radial basis
function (RBF) and polynomials are commonly utilised kernels for remotely sensed image analysis
(Mountrakis et al., 2011).
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Figure 3. 2 SVM example of lineatly separable data Figure 3. 3 SVM example of nonlinearly separable data with

kernel trick (Source: Sheykhmousa et al. 2020)

Various studies have used the SVM for the classification of remotely sensed data (Hoody and Mathur, 2004,
Son et al,, 2018). In this study, the radial basis function kernel was used for the classification of the SAR
time series data as previous research has demonstrated to achieve accurate results (Huang et al., 2002; Jia et
al., 2012; Pal and Mather, 2005). Further parameters to be set when using SVM include the kernel specific
parameter and the cost or penalty parameter. The cost and kernel specific parameter for the RBF was initially
selected randomly and the performance was re-valuated using a grid search to identify the best pair
parameter to train the model (Mantovani ct al., 2015). The training data selection for parameter tuning was
based on the leave-one-out cross-validation approach. (Ramezan et al., 2019). The final values used in the
model for the SVM classification for the different approaches were fixed with Cost = 128 and gamma =
0.102 for comparability of the results.

3.31.  SVM Classification

The discrimination of rice and maize was implemented in R using the support vector machine (SVM)
algorithm. Model building, tuning and accuracy assessment were performed using R version 4.2.0, an open-
source language and statistical computing software. SVM is a supervised learning technique considered
superior among machine learning (ML) algorithms. The creation of the algorithm based on SVM (Cortes &
Vapnik, 1995: Vapnik, 1998), several add-on packages within R were used. Specifically, the SVM uses
“kernlab” package for support vector machines and “e1071” that provides various functions required by

the caret package for machine learning algorithms. The classification code was written and performed in
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Rstudio using various packages and libraries. The process was implemented using the identified growth
stages in VH, VV and VV/VH ratio. The classification approaches implemented comprised performing the
classification at early and later development of the crops during the growing season. The significant features

based on the results of the Mann-Whitney U-test were used to train the model as inputs as the first approach.

34. Sampling procedure

Samples in Remote Sensing serve two purposes as training data and test data for training the model and
performing validation of the model respectively. The selection of training samples is an important factor
and one must consider the spatial resolution of the data to obtain reliable classification results (Lu and Weng,
2007). Congalton, (1991) states that “a balance between what is statistical sound and what is practically
attainable must be found.” A variety of sample selection methods both statistical and non-statistical are
commonly used in Remote Sensing. Due to the limited number of samples (31 for both crop types) cross-
validation using Leave-one-out (LOOCYV) approach was used (IKearns & Ron, 1999). This is a resampling
method used to repeatedly draw samples from a training set by splitting the set into two parts. A general
rule of thumb is that the samples used for classification should not be used for evaluation or assessment of
accuracy. As the name implies, in LOOCYV only a single observation is used as a test set (validation). Unlike
using a separate sample of comparable size, which further limits sample size, this method yields an unbiased
estimate of the classification accuracy. Therefore, instead of the reference samples being split into two sets:
training and validation data, for each cycle, 30 measurements were used to build the model (training), and

the remaining single observation was used for testing.

3.5. Accuracy assessment and evaluation of model performance

Accuracy assessment or validation forms a critical part of most mapping projects based on Remote Sensing
data (Congalton, 2001). In otrder to assess the accutracy of the classification results of the SVM model, a
confusion matrix (error matrix or contingency matrix) a commonly used technique to evaluate classification
results (Congalton and Green, 2019), was established. The matrix was based on the results from each

iteration and used in the research to evaluate the model’s performance (c.f. 3.4).

The confusion matrix was further used to compute a variety of mapping accuracy metrics including uset’s
and producer’s accuracies (UA and PA) and the overall accuracy. The kappa coefficient, another discrete
multivariate measure of map accuracy that takes into account the degree of accuracy resulting from assigning
labels at random was also computed to test if classification results have different levels of accuracy
(Congalton, 1991; Tolpekin and Stein, 2013). Kappa coefficient was used as a measure of agreement between

the model predictions and the field observation.
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4.  RESULTS

This section outlines the main findings of the current study to evaluate the proposed methodology. The
results of SAR metric determination and accuracy assessment are presented, including the findings obtained
from the field survey information, temporal signature analysis of the studied crops as well as the statistical

tests for the discrimination of rice and maize in the study area.

41. Statistical Analysis

411, Histogram analysis

As indicated earlier, rice is the major crop cultivated in the Philippines. The total number of samples from
the selected fields were 31, where maize was cultivated in only 12 fields during the 2019 growing season.
The histograms for the crop development phases and the corresponding average backscatter were utilized
for the various crops to illustrate the statistical temporal behaviour of the different events. The histograms
provide the backscattering time series distribution of the crop type classes during the 2019 dry season.
Figures 4.1 and 4.2 show the histogram of rice and maize fields at various growth stages. The histograms
for all stages do not exhibit a Gaussian-like distribution. The graphs illustrate the distribution of the studied
crops at the identified stages as reported by the farmer. The graphs are shown in VH polarization only as
similar distribution was observed in the other polarizations. The purpose was to explore whether the growth
stages for this class can be distinguished using parametric tests. As can be seen from the figures, the graphs
are not normally distributed and parametric tests are not appropriate.
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Figure 4.1. Histograms illustrating the distribution of
rice at different growth stages in VH channel.
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Based on the backscatter distributions some samples were identified as potential outliers. Farmers could not
have recalled the actual date the event took place. For rice at flowering and harvest stages, one could be
treated as a possible outlier (Figure 4.1). The flowering for maize is estimated from the crop development
while land preparation is taken as a date before crop establishment as these stages were not reported by the

farmers.
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Figure 4. 2. Histograms illustrating the distribution of maize at different growth stages in VH channel

41.2. Significance tests (Mann-Whitney U-Test)

Statistical tests to determine whether there were significant differences between rice growth stages and maize
during the 2019 growing season was done using the Mann-Whitney U Test. This statistical test is performed
when the data is not normally distributed (non-parametric or skewed) and is based on the rank of the data.
The data is summarized using the median or range as the t-test (parametric) is not appropriate in this case
(see Figures 4.1 and 4.2). The p-values for the Mann-Whitney U Test results are summarised in Table 4.1.
As can be seen from the table, a significant difference (p-value < .05) was only observed at the flowering
and harvest phase in the VV polatization and VV/VH ratio. At VH no significant difference was found in
any of the stages. The same phenomena was also observed in the overlap between the box-whisker plots at
the various growth stage (Figure 4.12). The backscatter difference (Table 4.2) was also significant at the
VV/VH ratio only (p-value .008). Other significant difference was seen in the crop duration between rice
and maize (p-value = .018).

21



CROP DISCRIMINATION USING TIME SERIES SENTINEL-1 SAR DATA

Table 4. 1 p-values from Mann-Whitney U-test between rice (n=19) and maize (n=12 )(grouping variable: crop type)
at the various growth stages during the 2019 dry season

VH Vv VV/VH
LandPrep 372 871 292
CropEDate 133 543 .256
Flowering 570 .007 .043
HarvestDate .209 .039 <.001

Table 4. 2 p-values from Mann-Whitney U-test between rice (n=19) and maize (n=12 )(grouping variable: crop type)
using the Backscatter Difference (BackDiff) during the 2019 dry season

VH \'A" VV/VH
BackDiff 199 .071 .008

Figure 4. 3 p-values from Mann-Whitney U-test between rice (n=19) and maize (n=12 )(grouping variable: crop type)
using the Crop duration (Maturity_days) during the 2019 dry season

p-value
Crop duration .018
4.2, Variation of temporal radar backscatter profiles

To understand the variation of temporal radar backscatter responses of the studied crops (rice and maize),

the backscatter intensities of the two crops were examined at each growth stage in the different polarizations
(VH, VV and VV/VH ratio) during the growing season.

As can be seen from the temporal profiles, the variations in the backscatter provide pertinent information
on the developments of the crops (Figures 4.4 and 4.5). The temporal signatures are plotted from the crop
establishment date which is the second image acquisition (12 days) after land preparation stage. For both
crop types, the plots indicate that the backscatter in parallel polarization (VV) at all phenological stages and
their temporal variation are larger compared to the cross polatrization channel (VH). Generally, the
backscatter values for maize is larger than that of rice in both the VH and VV channel. A continuous increase
in the radar backscatter after the crop establishment stage was observed in the VH polarization, which
reached the maximum at the flowering stage before it started decreasing (Figure 4.4). A similar pattern was
observed in the VV channel for the maize class, however, there was a lot of variation in the temporal

backscatter in VV for the rice crop type (Figure 4.4).
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Figure 4. 4. Temporal backscatter of rice and maize in VH and VV from crop establishment to harvest at the end

of the time series. Vertical lines indicate the flowering stages purple (maize) and brown (rice).
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Figute 4. 5. Temporal backscatter of tice and maize in VV/VH from crop establishment to hatvest at the end of

the time series. Vertical lines indicate the flowering stages purple (maize) and brown (rice).

In the VV/VH ratio, Figure 4.5, a decreasing trend in the backscatter for maize and rice was observed from
crop establishment to the harvest phase. Further examination was performed to understand the variation of
temporal radar backscatter responses of a single crop (maize) in different fields. The variation in the
backscatter intensity during the entire growing season (in VH, VV and VV/VH ratio) is shown in Figures
4.6 — 4.8. As can be observed, a lot of variation also exists within the same crop type in different fields.
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Notice the differences in the crop duration that resulted in different harvest dates in the study area. In all
the fields an increasing trend in the backscatter values was observed from the crop establishment in both
the VH and VV channel (Figutes 4.6 and 4.7). In the VV/VH a decreasing trend was noticed in some fields,

reaching a minimum at 84 days, before the backscatter started increasing again. However, in other fields no
clear pattern was observed in the VV/VH ratio.

0 24 48 72 108 120 144
Days after crop establishment

Figure 4. 6. Temporal backscatter of maize in VH for four different fields from crop establishment to harvest at the
end of the time series
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Figure 4. 7. Temporal backscatter of maize in VV for four different fields from crop establishment to harvest at the
end of the time seties.
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Figute 4. 8. Temporal backscatter of maize in VV/VH for four different fields from crop establishment to hatvest
at the end of the time series.

4.3. Multi-temporal SAR metrics

The extracted SAR metrics from the backscatter intensities for rice and maize were plotted at the identified
growth stages during the 2019 growing season as shown in the following figures (Figures 4.8-4.10). The
temporal radar backscatter of the identified four stages follows the expected temporal signature of the
complete time series for both crops. As can be noticed from Figures 4.8-4.10, the mean backscatter values
vary at each growth stage for the two crops in the different polarizations and follow a similar pattern to that
of the complete time series (Figures 4.3 and 4.4). The temporal profile of rice and maize are very similar in
the VH channel (Figure 4.8). Additionally, the signature for maize in both VH and VV channel show a
similar pattern during the growing period (Figures 4.8 and 4.9). However, a peculiar temporal behaviour in
VV is observed for the rice crop that shows a decreasing trend in the backscatter coefficient from the
cropEDate to Harvest.
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Figure 4. 9. Temporal backscatter of rice and maize during the dry season of 2019 in VH polarization with Error
bars representing +/- 1 Standard Error
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Figure 4. 10. Temporal backscatter of rice and maize during the dry season of 2019 in VV polarization with Error
bars representing +/- 1 Standard Error
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Figutre 4. 11. Temporal backscatter Temporal backscatter of rice and maize at vatious crop growth stages in VV/VH
during the dry season of 2019. The error bars at 95% CI indicate the variation at each growth stage.er of rice and

maize at vatious crop growth stages in VV/VH during the dry season of 2019. The error bats at 95% CI indicate
the variation at each growth stage.

To understand the variation of the temporal radar backscatter responses (in VH, VV and VV/VH ratio),
the backscatter time series for the different development phases were further analysed using box-whisker
plots (Figure 4.12). Note the variation in the scale in each polarization (Figure 4.12) and the overlap (in the
median) at VH polarization which relate to the results of the statistical tests (as Mann-Whitney U-test uses

the rank order (median)). This explains why none of the results in the VH channel and also at CropEDate
in all the polarizations are significant (Figure 4.12a).

VH in 2019 dry season
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Figure 4. 12. Box-whisker plots showing the variation of the temporal backscatter coefficient at the crop
development phases in VH (a), VV (b) and the VV/VH ratio (¢) during the 2019 dty season. The plots are
grouped per crop type maize (blue) n= 12, and rice (datk green) n=19. The variation in backscatter at each
stage can be clearly seen. The coloured circles represent the outliers, the thick horizontal black line in the
box is the median, the lower half of the box is the 25th percentile and the upper part of the box is the 75th

percentile, and the extent of the lines represents the minimum and maximum backscatter values.
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VV/VH ratio in 2019 dry season
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Figure 4.12. Box-whisker plots showing the variation of the temporal backscatter coefficient at the crop
development phases in VH (a), VV (b) and the VV/VH ratio (¢) during the 2019 dry season. The plots are grouped
per croptype maize (blue) n= 12, and rice (dark green) n=19. The variation in backscatter at each stage can be
clearly seen. The coloured circles represent the outliers, the thick horizontal black line in the box is the median, the
lower half of the box is the 25th percentile and the upper part of the box is the 75th percentile, and the extent of
the lines represents the minimum and maximum backscatter values.

4.4, Accuracy assessment and evaluation of model performance

The accuracy of the classification results obtained were evaluated using Leave-one-out cross-validation
method. The most common measures of assessing the accuracy was performed as shown in the confusion
matrix. The error matrix shows the standard accuracy metric that are used to carry out the evaluation of the
algorithm performance and the classification results. The following tables (Tables 4.4 - 4.8) show the error
matrices compiled from the overall results of the model using the indicated approach.

44.1. SVM classification using significant features

Table 4.3 shows the error matrix compiled when only significant features (Table 4.1) were used based on
the results of the Mann-Whitney U-Test. That is the backscatter at the flowering stage in VV, cross ratio
(FloweringVV and FloweringCR), harvest date in VV and VV/VVH (HarvDateVV and HarvDateCR) as
well as the Backscatter Difference in VV/VH ratio (BackDIffCR). As can be noted, the results show an

overall accuracy of 83.9% and Kappa = 0.66. Misclassification was also observed to be minimal, with errors
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of omission of 25% and 11% for maize and rice, respectively (Table 4.3). The misclassification errors, both
omission and commission, were lower for the rice class compared to maize. Additionally, the user and

producer accuracy for rice are also higher than maize (Table 4.4).

Table 4. 3 Error Matrix of SVM algorithm for rice and maize using significant features as input in the model (in VV
and VV/VH ratio) as predictors
Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 9 2 11 18 82

Rice 3 17 20 15 85
Total 12 19 31

Error of Omission 25 11

Producer Accuracy 75 89

Overall Accuracy 83.9% , Kappa 65.5% (Substantial)

44.2.  SVM classification all features

When all the features (sixteen features) are used in the model (Table 4.4) a decline of 3.3% is observed in
the overall accuracy compared to using only significant features (Table 4.4) with Kappa reaching 0.59. The
user and producer accuracies for both classes are comparable with few errors of commission and omission

observed when using this approach.

Table 4. 4 Error Matrix of SVM model when using all sixteen variables (in VH, VV and VV/VH ratio)

Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 9 3 12 25 75

Rice 3 16 19 16 84
Total 12 19 31

Error of Omission 25 16

Producer Accuracy 75 84

Overall Accuracy 80.6%, Kappa 59% (Moderate)

443, SVM classification at Crop Establishment Date
Table 4.5 shows the classification results at crop establishment stage. The obtained overall accuracy was
80.6% and Kappa = 0.58. At this stage a lot of maize fields (33%) were omitted and classified as rice.

Table 4. 5 Error Matrix for using featutres at CropEdate (in VH, VV and VV/VH ratio) as predictors
Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 8 2 10 20 80

Rice 4 17 21 19 81
Total 12 19 31

Error of Omission 33 11
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Producer Accuracy 67 89
Overall Accuracy 80.6%, Kappa 57.9%

On the contrary, the rice class had low misclassification errors, with errors of omission and commission of
11% and 19%, respectively (Table 4.5). The user accuracy for both maize and rice (80% and 81%
respectively) were comparable. Table 4.5 indicates that maize had a lower producer accuracy (PA=67%) at
CropEDate than rice with a PA of 89%.

444, SVM classification at Flowering

At the flowering stage, a lot of misclassification (50% omission) was observed in discriminating the maize
class (Table 4.6). It can be noted in the table that the off diagonal cells (in maize) is large at this stage,
indicating poor classification results. Recall that this stage was not reported by the farmers but estimated
based on the growth development of maize, thus there could be errors in estimating this stage. A higher
producer accuracy (PA=89%) was seen in rice, however, the user accuracy for both classes are similar (Table
4.6). Although the obtained overall accuracy was reasonable (74.2%), the computed Kappa (Kappa = 0.42)
was lower compared to the previous approaches (Tables 4.4, 4.5 and 4.6)

Table 4. 6 Error Mattix for using features at the Flowering stage (in VH, VV and VV/VH ratio) as predictors

Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 6 2 8 25 75

Rice 6 17 23 26 74
Total 12 19 31

Error of Omission 50 11

Producer Accuracy 50 89

Overall Accuracy 74.2%, Kappa 42.1%

44.5.  SVM classification at Harvest Date

The final approach assessed the performance of the model and classification results at the harvest date in
the VH, VV and the VV/VH ratio (Table 4.7). Similar to the flowering stage (Table 4.6), misclassification
was more in the maize class compared to rice (Overall Accuracy = 67.7%, Kappa=0.28). However, a slight
decline in the producer accuracy and user accuracy was noticed at the harvest date for both classes (Table
4.7).

Table 4. 7 Error Mattix for using features at the HarvestDate (in VH, VV and VV/VH ratio) as predictors

Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 5 3 8 37 63

Rice 7 16 23 30 70
Total 12 19 31

Error of Omission 58 16

Producer Accuracy 42 84
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Overall Accuracy 67.7%, Kappa 28% (Fair)

4.5, Distribution of rice and maize during the growing season

The calibrated and evaluated SVM model was used to map the distribution of the target crop types in the
study area during the 2019 growing season. Figures 4.13 — 4.16 show the distribution of rice and maize for
selected polygons at different growth stages.

4.51. Crop distribution using significant features

Figure 4.13 shows the distribution of crops based on SVM classification using significant features from the
results of the statistical tests (Mann-Whitney U-test). It can be observed from the field observations (left)
that the crop types are clustered in one area for both crops. The classification results (right) show that the
rice fields around San Roque and Catuday (found around maize fields) were misclassified as maize. A similar
observation is made in the south-east around Alaminos where the maize field was classified as rice (Figure
4.13). Overall, the accuracy is acceptable (see Table 4.4).
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Figure 4. 13. Map showing the field observation in Pangasinan (left) and SVM classification results (right) using
only significant features (5) based on Mann-Whitney U-test results

4.5.2. Distribution of crops based on SVM classification using all features

The distributions of crops in the study area based on the results of the SVM classification when all the
features were used as input in the model are shown in Figure 4.14. The map zooms in on the two clusters.
A similar pattern was observed when the crop duration (Maturity_days) feature was excluded from the
model (using 15 features).
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Figure 4. 14. Map showing the field observation of crop types in Pangasinan (left) and the SVM classification results
using all (16) features (right) in VH, VV and VV/VH ratio as input to the model.

4.53. Distribution of crops based on SVM classification using all features

The map (Figure 4.15) shows field observation and the distribution of crop types based on the SVM
classification results at CropEDate. The map shows that the discrimination of crops at this stage was
affected by misclassification. More maize fields (four) were classified as rice fields compared to two fields

of rice that were misclassified.
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Figure 4. 15. Map showing the field observation of crop types in Pangasinan (left) and SVM classification results
(tight) using the features from CropEDate (in VH, VV and VV/VH ratio).

4.5.4.

Distribution of crop types Flowering

The distributions of crops in the study area based on the results of the SVM classification when the features

at a later stage of crop development (Flowering) were used as input in the model is shown in Figure 4.16. A

comparison of the two maps shows that a lot of misclassification occurred at this stage. Fifty percent of the

maize fields (six) were misclassified. A similar pattern was observed when the features at HarvestDate were

used in the model. At HarvestDate 58% (7) maize fields were misclassified as rice, see Appendix 1I.
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Figure 4. 16. Map showing the field observation of crop types in Pangasinan (left) and SVM classification results
using features from the Flowering stage (tight) in VH, VV and VV/VH ratio
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5. DISCUSSION

5.1. Variation of temporal radar backscatter responses (VH, VV and VV/VH ratio) of rice and maize
within the growing season

The backscatter coefficients of rice and maize in the study area were observed to increase after crop
establishment, which can be attributed to change in structure and the consequent increase in the biomass,
leading to canopy closure. Generally, the radar backscatter response from the vegetation is mainly influenced
by the shape, size and orientation of plants and leaves as well as the soil moisture and water content of the
vegetation (Pandzi et al., 2020). Therefore, the backscattering intensity observed during the growing cycle
and at each growth stage is as a result of different scattering mechanisms that occur due to changes in the
structure, geometry and dielectric properties of the crops. The farming characteristic of rice cultivation and
the characteristic nature of the radar backscatter plays a key role in discriminating rice fields from other
landcover classes such as maize. Before sowing or transplanting (in the case of transplanted rice), the soil's
surface roughness and moisture content affect the backscattering power as the fields are either cultivated
(rough surface) or uncultivated. The higher backscatter intensity in the VH and VV at land preparation can
be interpreted as the reflection from the bare soils. The recorded backscatter at this stage, -15.96 dB and -
15.5 dB for rice and maize, respectively occurs prior to sowing. The rougher the surface the stronger the
backscatter (Umutoniwase and Lee, 2021). Additionally, the backscatter values increases with an increased
moisture content in both soils and vegetation. The moisture content of farmland areas is affected not only
by rainfall and irrigation, but also by temperature and evaporation (Ma et al., 2021). In the study area, the
monthly rainfall is high in August and continues to decline until March. The temperatures start to increase
following reduced rainfall reaching maximum temperature in May (Figure 3.2). These changes, coupled with
increased evaporation during the dry season, significantly affect the penetration of the microwave signal into
the medium. The fluctuations in the time series can be interpreted as due to the influence of rainfall on the

radar backscatter.

511.  Rice

Rice is cultivated in flooded fields, and the backscatter is at its lowest value due to specular reflection from
the standing water (Chen and McNairn, 2006). Thus the low backscatter in both the VH and VV indicates
the planting period (or transplanting) where the rice fields are completely submerged in water resulting in
specular reflection. As the plant grows through each growth stage, the backscatter increases from -17.25 dB
at CropEDate as a result of volume scattering until the plant reaches a maximum dB of -15.64 at flowering
(reproductive stage) where the backscatter saturates in the VH channel. Prior to harvesting, the rice crop
backscatter decreases due to ripening of the crop which leads to reduced water content in the plant, reaching
-16.11 dB at Harvest Date. This characteristic difference in backscatter at the VH can be used to distinguish
rice from maize. A similar observation was made by (Nguyen-Thanh et al., 2021). Kushwaha et al. (2022)
also noted that the sensitivity of the SAR data depends on the polarization of the image. The cross
polarization (VH) is more sensitive to volume scattering which is influenced by the change in the canopy
and dielectric properties. Each polarization thus represents effectively the change in the seasonal backscatter
signature that is consistent with the growth development phases of the crops. However, a peculiar temporal
behaviour in the VV channel was observed in the results, which showed a continuous decreasing trend from
the crop establishment phase to the harvest date. This observation was also noticed by Phan et al. (2021).
Unlike what is reported in most studies (IKushwaha et al., 2022; Selvaraj et al., 2019; Wei et al., 2019), where

the C-band backscatter is characterised by a continuous increase from the transplanting/sowing phase to
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the heading stage. The inconsistency in the VV trend can be attributed to several factors, including
management practices (direct-seeded/transplanted rice), planting density (with seedrate from 59-120kg/ha)
and supplement irrigation. The VV is sensitive to both surface and volume scattering. In addition, the VH
and VV contain double-bounce scattering indicating vegetation and soil interaction (Veloso et al., 2017). It
can be noticed from the results that large error bars at the land preparation phase as well as harvest dates
are observed, suggesting large variations at these development phases (Figures 4.9 and 4.10). Figure 5.1

shows the backscatter mechanisms in relation to the rice growth phases.

The temporal variation of the VV/VH ratio has similar behaviour to VH and VV, as it is dependent on the
backscatter value from these polatizations. It was obsetrved that the value of VV/VH increased due to the
inundation of the fields with water. A sudden decrease in the backscatter value can be attributed to rainfall/

irrigation during the growing period, as most fields experienced supplement irrigation (Figure 4.11).

Figure 5. 1 Backscatter mechanisms in relation to rice crop growth stages (a — specular reflection, b, ¢ — double-

bounce and d-volume scattering). Source: (Clauss ct al., 2018)

51.2.  Maize

For maize, usually, five different development stages of the plant can be identified (Figure 5.2). The
development period comprise mainly of vegetative and reproductive stages. The plant exhibits a variety of
phenological stages during its growth stages, with its height as one of the measurements that represent the
plant’s growth rate (Abdikan et al., 2018). The temporal variation of maize in both VH and VV backscatter
is almost similar with the VH being lower by 5.56 dB from the VV backscatter. As can be seen from the
temporal profile, the VH backscatter of maize steadily increases after the crop establishment date. The
backscatter increases steadily from -16.54 dB at CropEDate to a maximum of -15.56 dB at the Flowering
stage. This can be attributed to the increase in volumetric scattering due to the accumulation of biomass as
a result of new leaves being formed (emergence of the maize) and subsequently unfolding of leaves
(Khabbazan et al., 2019). At the early stages, the crop establishment date of the maize crop, the radar
backscatter values at VH and VV are dominated by surface soil moisture at the sowing date. The high
backscatter values in both VH and VV at the land preparation stage are due to less moisture in the soil, as
soil moisture greatly influences the fluctuations of the backscatter in the VH and VV. Surface roughness,

in addition to soil moisture, plays a major influence and affects the return signals of the radar backscatter.
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It can be observed from the results that maize has a much higher backscatter than rice (Figures 4.4, 4.9 and
4.10). The growth stages of the maize plant are above the temporal profile of the rice plant except for the
harvest date. This can be attributed to the morphology of the maize stalk, which does not tiller and the
farming characteristics of rice where fields are flooded (Nguyen-Thanh et al., 2021). In the VV backscatter,
the temporal variation of maize is similar to the VH backscatter with the VH being lower by 5.56 dB from
the VV backscatter. As expected the backscatter increase steadily from CropEDate to a maximum at the
flowering stage before reaching low values at HarvestDate. The increase in the VH and VV backscatter
results in a steady decrease in the VV/VH ratio from CropEDate to flowering as a result of the differential
attenuation in the VV and VH (Phan et al., 2021). The minor increase in the VV backscatter is interpreted
as due to the increase in double-bounce scattering between the vertical stalk and the soil during stem
elongation (IKhabbazan et al,, 2019). The VH and VV backscatter reaches the maximum at flowering; during
this stage, there is no more increase in the biomass as the maize develops grains and the radar backscatter
saturates as a result of the tasselling stage. An abrupt decrease in the backscatter is then observed at the
harvest date.

At VV/VH a similar pattern is observed in both crops with increasing backscatter from LandPrep reaching
a maximum at CropEDate when the backscatter starts to decrease again until at the flowering stage. In
maize, the backscatter starts to increase again from the flowering stage while in the rice crop a stable trend
is obsetved in the VV/VH ratio after the flowering stage until reaching the HarvestDate (Figure 4.5). Figure
5.2 shows the growth stages of maize from plant emergence to harvesting.

,.Aﬁﬁ%,.

Planting-emerg Vegetation FloweringYield F Ripeharv Harvest

Figure 5. 2 Growth stages of maize

In terms of understanding the temporal variation of the radar backscatter responses (in VH, VV and
VV/VH ratio) and answering the research question one, the results indicate that the radar backscatter is
susceptible to changes in crop structure. Therefore, average backscatter (dB) values are appropriate to
monitor and detect the growth stages of rice and maize and subsequently discriminate them at various stages.
This observation is consistent with the one made by Aobpaet, (2022) when monitoring the growth stages
of crops using Sentinel-1 SAR data. The results show that the VH and VV/VH are suitable for
discriminating between rice and maize and could identify the different growth stages. This can be attributed
to the sensitivity of the VH and VV/VH to vatiation in vegetation dynamics. In addition, the backscattering
coefficient in the VH polarization accurately distinguishes the phenological stages of the studied crop types

(rice and maize). This result agrees with previous studies (Gao et al., 2013; Umutoniwase and Lee, 2021)
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which also found that the VH is more sensitive to biological parameters and can be used to identify almost

all phenological stages.

5.2. Significance tests

The significance tests (Mann-Whitney U-test) indicate that in the dry season, rice was not significantly
different from maize at the four stages in the VH polarization. Similar results were also obtained at the land
preparation and crop establishment stage in the VV and VV/VH ratio. A significant difference (p-value
<.05) was only observed in the VV polarization and VV/VH ratio at the flowering and harvest stage. In the
reviewed literature, most studies (Nasirzadehdizaji et al., 2019; Pandzi¢ et al., 2020; Veloso et. al., 2017)
focused mainly on monitoring the phenology and growth dynamics of rice and maize using Sentinel-1 SAR
parameters. Very few studies, if not none, have addressed the statistical analysis of the two crops to
determine the difference in the backscatter in the different polarizations. However, despite the unsatisfactory
results in the VH, previous studies have demonstrated the advantages of the cross-polarized (VH)
backscatter in monitoring vegetation phenology (Schlund et al., 2017; Yang et al., 2021). Wang et al. (2022)
found that the VH channel was more sensitive to maize growth, especially at the early stages than the VV
polarization. A study by Abdikan et al., (2018) found high correlation coefficients in the eatly stages of
maize development between SAR backscatter and the plant height as opposed to later growth stages.

One possible explanation for the results at crop establishment is that at this stage, the radar backscatter
coefficients in both VH and VV polarization is that of wet soil. Although almost 60% of the rice fields were
transplanted rice, the rice plant at this stage is small, coming from the nursery with a small canopy. Therefore,
with regard to the VH channel and the crop establishment stage in VV and VV/VH ratio, the first Null
hypothesis (1. Ho) was accepted; this could indicate it is difficult to discriminate these crops at this stage.
On the contrary, significant results were observed in the VV and VV/VH ratio at the flowering and harvest
stages. This could be attributed to the morphology of the maize. The VV for rice showed a downward trend
in the time series due to the vertical structure as a result of tillering, which could explain the difference. The
backscatter difference was also significant in the VV/VH only. Based on these results, (1.Ho) was rejected
and concluded that there was a significant difference in the temporal backscatter behaviour of the two crop

types; rice and maize could be discriminated at flowering and harvest stages.

5.3. Extracted SAR metrics

The SAR metrics in VH, VV and VV/VH ratio accurately discriminated between rice and maize at the
various growth stages. The backscattering intensity and the temporal profiles in VH and VV/VH ratio
capture the different growth stages of rice and maize. Therefore, the extracted SAR metrics correspond to
the different phenological stages of the crops. This observation is in line with the findings by Khabbazan et
al. (2019) who showed that morphological and biomass changes related to crop growth during the growing
season have an influence on the backscattering signal. Results from the significance tests indicate that the
flowering stage and the harvest date (in VV and VV/VH) and the backscatter difference in the cross
polarization ratio are relevant in discriminating rice from maize in the study area. Therefore, the second Null
hypothesis (2. Ho) was rejected; this could mean that the SAR metrics are associated with crop development.
However, for the VV polarization for rice growth, a decreasing trend in the time series was observed. This
finding is in agreement with the study by Phan et al. (2021) who attributed this peculiarity to differences in
cultural practices. Similar results were also observed in the maize time series (Wang et al., 2022) who
concluded that the vertical polarization wave is easily affected in the VV due to the vertical structure of the

maize plant.
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5.4. Accurcy assessment and evaluation of SVM model performance

The discrimination results showed that the overall accuracy of the SVM model using only significant features
in VV and VV/VH was acceptable (OA = 83.9%, Kappa = 0.66). The sensitivity of the microwave signals
to the geometrical characteristics and dielectric properties of crops provides information suitable to monitor
and subsequently discriminate crops at various growth stages. As can been noticed, this was the highest
classification result achieved by the SVM model. The performance of the specific growth stages to
discriminate between the two crops was determined by the P.A. and O.A. (Chang ct. al., 2021).

Comparing the results of crop discrimination at eatly stages (crop establishment) and later stages (flowering
and harvest), Table 5.1, it can be observed that crop establishment had the highest overall accuracy (O.A =
80.6%, Kappa = 0.58). The produce and user accuracy achieved over 80% and 70% , respectively at both
the early and late stages of growth. Therefore, the third Null hypothesis (3.Ho), was rejected; this could
mean that the extracted phenological information had an influence on the outcome of the classification.
This result may come from the fact that the sensitivity of the radar backscatter to variation of vegetation
dynamics at different stages. Nasirzadehdizaji et. al., (2019) when analysing the sensitivity of multi-temporal
Sentinel-1 SAR parameters to crop height and canopy coverage, observed that at early stages of maize
development, the SAR backscatter is more sensitive to crop height compared to later stages. A similar
observation was made by Abdikan et al. (2018) who attributed this phenomenon of maize growth to reduced

SAR penetration as a result of canopy closure. In relation to rice growth similar findings were made by
Kushwaha et al. (2022). This can be observed in the obtained P.A. and U.A. for rice (Table 5.1).

Table 5. 1 Summary of crop discrimination accuracy of the proposed SAR metrics. The P.A, U.A. and O.A. represent

the producer accuracy, user accuracy and the overall accuracy, respectively.

No. Stage/Approach Rice Maize O.A. Kappa
P.A. U.A. P.A. U.A. (%)
@) ) ()
1. Significant 89 85 75 82 83.9 0.66
features only
2. All features 84 84 75 75 80.6 0.59
3. Crop 89 81 67 80 80.6 0.58
Establishment
Date
4, Flowering 89 74 50 75 74.2 0.42
5. Harvest Date 84 70 42 63 67.7 0.28

The discrimination of rice and maize at the harvest stage had the lowest overall accuracy (O.A. = 67.7%,
Kappa = 0.28). This can be explained by the poor sensitivity of SAR backscatter coefficients to crop
biophysical parameters at late phenological stages due to a decline in water content in both the soil and
vegetation and the gradual drying of the plants as demonstrated by previous studies (Abdikan et al., 2018;
[Khabbazan et al. 2019; Pandzic et. al. 2020). These studies demonstrated that estimating the harvesting date

is challenging.

Interestingly, the overall accuracy improved when all the features were used for crop discrimination (O.A.
= 80.6%, Kappa = 0.59).This can be attributed to rich information content due to longer time series of data
that improve crop classification (Tuvdendorj et al., 2022). Chakhar et al. (2021) and Wang et. al. (2022)
observed that the integration of both cross-polarization (VH) and co-polarization (VV) in agriculture
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applications enables the extraction of additional information about crop characteristics. Therefore, the
fourth Null hypothesis (4.Ho) was rejected; different overall classification accuracy exists at the different
growth stages.

5.5. Mapping the distribution of crop types in the study area

Mapping of the distribution of crop types in the study area was based on the discrimination of crop types
following the implemented approach (Table 5.1). Due to the limited number of samples (31 samples) for
developing and validating the model, the leave-one-out cross-validation approach was used to train and test
the SVM model (Kearns & Ron, 1999), with a total number of iterations equal to the sample size (31). Unlike
using a separate sample of comparable size which further limits sample size, this method yields an unbiased
estimate of the classification accuracy. The maps (Figure 4.13 — 4.16) show the distribution of the crop types
in the study area during the 2019 growing season based on the SVM model validation and field observation.
The tuning parameter chosen was critical because it determines whether the model underfits or overfits the
data (Gareth et al., 2013). The tuning of the hyperparameter for the SVM model could result in overfitting
or underfitting of the model, and these affect the classification outcome. The limited sample size used were

few to make a conclusive statistical analysis.

5.6. SAR satellite images, field survey data and ancillary data

This study used time series Sentinel-1 Synthetic Aperture Radar (SAR) data as the major data source
information on the phenological status and development of rice and maize in the study area. SAR data is
increasingly being used for crop monitoring and accurate agriculture management. Due to its unique
advantages, the time series SAR data is less affected by weather conditions and the penetration capability
into the vegetation canopy enables to obtaining structural information about natural targets. This
characteristic provides various unique opportunity to monitor agricultural crops at high temporal and spatial
resolutions. As the agricultural landscapes are very dynamic and marked by significant variation at short time
intervals throughout the growing season (Bargicl, 2017), Sentinel-1 images were ideal and adequate to
monitor changes at different stages. In addition, SAR is sensitive to the structural and dielectric properties
of the target surface, which has proven ability in crop monitoring, including phenology estimation and crop-
type mapping. However, as the fields in the study area were at different phenological stages on the same
SAR image acquisition date due to different cultural practices (sowing and transplanting date) this presented
challenges in the extraction of backscatter. The reported growth stages by the farmers did not coincide
exactly with the time of SAR image acquisition, therefore the few extracted SAR backscatter coincided with
the reported growth stages. Additionally, for maize only two stages were reported by the farmers. In future
field survey data should be collected (or fields selected) synchronously to important crop phenological stages
and satellite pass dates in the study area. This should ensure that ground data covers important phenological
stages based on the Biologische Bundesanstalt, Bundessortenamt and CHemical industry (BBCH) general
scale (Meier et al., 2009).

This study benefited from an existing dataset made available by the International Rice Research Institute
(IRRI) as part of the Pest and Disease Risk Identification and Management (PRIME) project. The provided
tield survey data was considered limited for the selected area of focus. Although various information were
collected during farmer interviews, the presented data were considered to be inadequate for the current
study. Firstly the total number of samples that had the crops of interest, rice and maize, were limited. As
rice is the major crop cultivated in the study area, there were more samples compared to the other crops.

Therefore, the selected fields were only 31, whereas maize was only cultivated in 12 fields during the 2019
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growing season. In addition, there could be some unconscious bias/errors in reporting the dates by the
farmers. It could be possible that some farmers may have forgotten the exact dates when the events took

place or reported incorrect information by mistake.

Despite the limitation being overcome with the use of cross-validation, the distribution of the data presented
challenges in filtering outliers. Few samples at different growth stages were considered outliers (Figure 4.12).
However, due to limited samples, these were also considered in the subsequent analysis as SVM is considered
to be robust to outliers. Additionally, as the initial focus of the data collection was on the identification of
pests and disease risks, it was observed that more focus was placed on rice. In this regard, various growth
stages and other management information were available for rice compared to maize. For instance, only

crop establishment and harvest dates were recorded for maize.

The returned signal towards the satellite antenna is influenced by dielectric properties. In the study area,
monthly climatology data showing the annual variation of monthly mean, maximum and minimum
temperature, and the monthly precipitation over a 29 year period was used to get a general overview of the
effects of temperature and rainfall on the backscatter. However, in future studies, daily temperature and
rainfall data could be incorporated to fully understand the variation in the temporal backscatter of the
different crops.

5.7. Limitations and Recommendations

5.71.  Limitations

The study has demonstrated the potential of using Sentinel-1 time series SAR data to discriminate between
rice and maize at different phenological stages. During the current study however, some limitations
highlighted below were observed that could constrain the extent to which the findings could be generalized

outside the study circumstances.

Limitation of Sample size — The sample size of both rice and maize was limited, 31 observations
altogether. Although validation methodology such as Leave-one-out cross-validation was used to overcome
the limitation of the sample size, a normally distributed sample size is required to filter out any outliers. In
future, there is a need to have more samples that could be used as an independent site (with similar

conditions) to check the performance of the model before the algorithm can be generalised to other areas.

Extraction of growth stages and land management practices — In the provided survey data, the focus
was placed on rice which had various growth stages and land management practices reported. The land
preparation dates, harvest dates and growth stages, including crop establishment dates and flowering dates,
were reported. On the contrary, for maize, only crop establishment and hatrvest dates were reported. The
flowering stage for maize was therefore inferred from the crop development while the land preparation was
taken as the date before crop establishment. This could have introduced some errors.

Limitation of field survey data and Remote Sensing — The reported dates of the field event and the
acquisition of the images were not exactly the same. In most cases, the dates were considered after the
event had taken place. For instance, crop established date for some fields could not occur on the exact image
and therefore the image after was considered for extraction of backscatter. In future, field survey
information should be collected (or fields selected) synchronously to important crop phenological stages
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and satellite pass dates in the study area. This should ensure that ground data covers important phenological

stages based on the BBCH general scale.

5.7.2.  Recommendations
Based on the findings of the research, the following recommendations are proposed for future work
regarding the discrimination of crop types using time series SAR data.
1. Considering the importance of maize for food security in the study area, further work should aim
to increase the sample size to further refine the methodology.
2. 'The future field survey focusing on crop discrimination should ensure that consistent growth
development stages are obtained for crops.
3. The classification was performed at the field-level, however, future work should consider analysing

crop discrimination accuracies outside the field or parcel boundaries
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6. CONCLUSION

The current study evaluated the performance of one of the commonly used nonparametric classifier (SVM)
using SAR time series data and the incorporation of relevant phenological information in discriminating
crop types in the study area. This research has demonstrated the potential of SAR time series in
discriminating rice from maize at different growth development phases. It was established that the crop
types (rice and maize) could be accurately classified at eatly (crop establishment phase) and at later growth
stages (flowering and harvest). Reasonable accuracies were obtained at both stages, although many
misclassifications occurred at later stages, flowering and harvest stages. The study defined relevant growth
stages for detecting the discrimination between rice and maize crops in the study area. Although, the
statistical test (significance tests) showed that some stages were not significant, e.g. crop establishment in
both VH and VV as well as their ratio, the introduction of these features improved the classification
accuracies of the model. This confirms that the integration of both polarizations provides extra information
content that accurately captures the differences that exist during the growth stages. Therefore, this study
analysed the contribution of phenological information to the improvement of crop discrimination. Unlike
using a stack of images taken during the whole vegetation season, we leveraged phenological information at
different stages of crop development into the classification scheme. The SVM model at different growth
stages showed promising results. The main finding from this research is that the average backscatter (dB)
values are appropriate to monitor and detect the growth stages of rice and maize and subsequently
discriminate the two crops at various stages. However, there is a need to repeat the method with a larger
sample size to make a conclusive analysis and generalization of results to other areas.

The specific conclusions of the study based on the research questions are highlighted below:-

i How are the crop-specific temporal profiles in the study area?

These results showed that there were significant differences in the temporal backscatter between rice and
maize at flowering and harvest stages in the VV and VV/VH channels. The significance test results from
the Mann-Whitney U-test showed p-values of .007 and .043 in the VV and VV/VH polarization, respectively
at the flowering stage. At harvest the results show p-values of .039 in VV channel and <.001in the VV/VH.
However, no significant difference (p-value <.05) was observed at the early stages of crop development in
all polarizations.

ii. Which SAR metrics from the Sentinel-1 time series data are relevant for discriminating
crop types (rice and maize) in the study area?

The SAR metrics in VH, VV and VV/VH ratio accurately discriminated between rice and maize at the
various growth stages. At the crop establishment date (minimum backscatter), the classification accuracy of
80.6% and Kappa = 0.58 was obtained. However, in later stages of crop growth despite acceptable accuracy
achieved at flowering (OA = 74.2%, Kappa = 0.42) and harvest stage (OA = 67.7%, Kappa = 0.28), 50%
of the maize were misclassified. When using SAR metrics with significant results from the Mann-Whitney
U-test, overall accuracy of 83.9% and Kappa = 0.66 was obtained. Similar results were also achieved when
all the SAR metrics where used, including crop duration (OA = 80.6% and Kappa = 0.59). However, the
implication of the last two options is that the discrimination of crops has to be performed later in the growth
cycle which is not appropriate for management purposes.

iii. How can the SVM classification algorithm leverage phenological information from the
time series data?

The fields in the study area were at different phenological stages on the same SAR image acquisition date

due to different sowing and management practices. This offers an opportunity to discriminate crop types at
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various stages. However, instead of using a stack of the images taken during the whole growing season,
phenological information at different growth stages (SAR metrics) were extracted and used as input into the
model.

iv. Which growth stage gives higher accuracy in discriminating crop types in the different
growing seasons?

The discrimination of crop types at the crop establishment stage yielded highest overall accuracy (OA =
80.6%, Kappa = 0.58) compared to later stages of the growth cycle (flowering OA = 74.2%, Kappa = 0.42
and harvesting stage OA = 67.7%, Kappa = 0.28).

V. How can Sentinel-1 time series data be used to map the distribution of the crop types
within the 2019 growing season in the study area?

The developed SVM model was used to classify the crop types and map the distribution at the field-level.
The distribution was based on the different growth stages. It was observed from the produced maps that
the crop types were clustered in specific areas. This could be attributed to the availability of irrigation

facilities or rainfall for rainfed rice and maize.
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APPENDICES

Appendix I: Discrimination accuracy of the proposed SAR metrics. The P.A, U.A. and O.A. represent the
producer accuracy, user accuracy and the overall accuracy, respectively

No.

Stage/Approach

Features

Rice

Maize

P.A.
(o)

UA.
(o)

P.A.
(o)

UA.
(o)

O.A.
%)

Kappa

Significant

features only

FloweringVV
FloweringCR
HarvDateVV
HarvDateCR
BackDiffCR

89

85

75

82

83.9

0.66

All features

LandPrepVH
LandPrepVV
LandPrepCR
CropEDateVH
CropEDateVV
CropEDateCR
FloweringVH
FloweringVV
FloweringCR
HarvDateVH
HarvDateVV
HarvDateCR
BackDiff VH
BackDiffVV
BackDiffCR
Maturity_days

84

84

75

75

80.6

0.59

Crop
Establishment
Date

CropEDateVH
CropEDateVV
CropEDateCR

89

81

67

80

80.6

0.58

Flowering

FloweringVH
FloweringVV
FloweringCR

89

74

50

75

74.2

0.42

Harvest Date

HarvDateVH
HarvDateVV
HarvDateCR

84

70

42

63

67.7

0.28
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Appendix Il: Map showing the field observation of crop types in Pangasinan (left) and SVM classification
results (right) using the features from Harvest Date (in VH, VV and VV/VH ratio).
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Appendix lll: Error Matrix of SVM model when using CropEDate (in VH only)

Reference classes

Predicted Maize Rice Total Error of User
(Classification Results) Commission (%)  Accuracy (%)
Maize 11 8 19 42 58

Rice 1 11 12 8 92
Total 12 19 31

Error of Omission 8 42

Producer Accuracy 92 58

Overall Accuracy 74.2%, Kappa 44.8% (Moderate)
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Appendix IV: Code used for the SVM model at different growth stages

### Using SVM with Leave-One-Out Cross-Validation (LOOCV) in R

rm(list = Is(all.names = TRUE)) # will clear all objects, including hidden objects

gc() # free up memory and report memory usage

# set working directory. This will be the directory where all the files ate located

setwd("'C:/ Analysis")

# load required libraries (Note: if these packages are not installed, then install them first and then load)

# rgdal: a comprehansive repository for handling spatial data

# raster: for the manipulation of raster data

# caret: for the machine learning algorithms

# sp: for the manipulation of spatial objects

# nnet: Artificial Neural Network

# randomForest: Random Forest

# kernlab: Support Vector Machines

# ¢1071: provides miscellaneous functions requiered by the caret package

install.packages("pacman"); pacman::p_load(rgdal,raster,caret,sp,nnet,randomForest,kernlab,e1071,readr)

# Read the data

training set <- read.csv("'samples_final april.csv")

str(trainingset) # check the structure of data frame with the function str():

head(training_set)

#Land Preparation (LandPrep), Crop Est. Date (CropEDate), Flowering and Hatrvest Date (HarvestDate)
in VH, VV and VV/VH Ratio (CR)

#plot the data

gplot(CropEDateVH, FloweringVH,data = training_set, color=Croptype, main="Scatterplot CropEDate
vs Flowering in VH", xlab="Crop Est. Date (dB) in VH", ylab="FLW (dB) in VH")
gplot(CropEDateVV, FloweringVV,data = training set, color=Croptype, main="Scatterplot CropEDate
vs Flowering in VV", xlab="Crop Est. Date (dB) in VV", ylab="FLW (dB) in VV")

gplot(CropEDateCR, FloweringCR,data = trainingset, color=Croptype, main="Scatterplot CropEDate vs
Flowering in VV/VH", xlab="Crop Est. Date (dB) in VV/VH", ylab="FLW (dB) in VV/VH")
#Backscatter at FID (field-level) at CropEDate

gplot(CropEDateVH, FID,data = training_set, color=Croptype, main="Scatterplot CropEDate vs FID in
VH", xlab="Crop Est. Date (dB) in VH", ylab="Farm ID")

#Re-label the class vatiable to have meaningful values (1=Rice, 2= Maize)

training set$class|training_set$class==1] <- "Rice"

training set$class|training set$class==2] <- "Maize" # Do the same for the test dataset
head(training_set)

View(training_set)

#Convert the class variable to type factor

training set$class <- as.factor(training set$class) # converting to a factor

class(training set$class) # confirm if its a factor

#cross-validation is applied for tuning hyperparameters ¢ and sigma for the svmRadialsigma approach

# and for training and validating the model when the sample size is small

# k-Fold with k=10 is mostly used as opposed to LOOCYV due to computation cost

#However, our sample size = 31 is ok for LOOCV
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# First approach is to do a random search first
set.seed (123)
fitControl <- trainControl (method = "cv", #cross-validation of the training data
number = 10, search = 'random’,
savePredictions = TRUE,
allowParallel = TRUE, # allow use of multiple cores if specified in training
verboselter = TRUE)
model_svm <- caret::train(class ~ HarvDateVH + HarvDateVV + HarvDateCR , #Note only features
at Harvest Date (HarvestDate) in VH, VV and VV/VH ratio are included in the model here
data=training set, method = "svmRadialSigma", metric="Accuracy", trainControl =
fitControl, tuneLength = 20)
#using all features in the model (15)
SVM.rbf.model <- caret:train(class ~ LandPrepVH + LandPrepVV+ LandPrepCR + #Land preparation
stage
CropEDateVH + CropEDateVV+ CropEDateCR + #Crop Establishment Stage
FloweringVH + FloweringVV + FloweringCR + # Flowering stage
HarvDateVH + HarvDateVV + HarvDateCR + #Harvest stage
BackDiffVH + BackDiffVV + BackDiffCR, # Backscatter difference at FLW and CE
data=training set, method = "svmRadialSigma", metric="Accuracy", trainControl =
titControl, tuneLength = 20)
model_svm # to view the details of the model
model_svm$bestTune # to view the best accuracy and sigm and ¢
SVM.rbf.model
SVM.rbf.model$bestTune
#Now do grid search with values of ¢ and sigma from the model
# Set up a resampling method in the model training process
set.seed(41)
fitControl_a <- trainControl(method

—n

cv", # repeated cross-validation of the training data
number = 10, # number of folds #note the serach = 'random' has been removed
#repeats = 5, # number of repeats

savePredictions = TRUE,

allowParallel = TRUE, # allow use of multiple cores if specified in training
verboselter = TRUE) # view the training iterations

# Generate a grid search of candidate hyper-parameter values for inclusion into the models training
# The hyper-parameter values should be based on values from the results of random search to achieve high
accuracies
# For example, the parameters should be a range but include a combinations which gives you the highest
accuracy.
svm.grid_a <- expand.grid(sigma=seq(from = 0.1, to = 0.4, by = 0.1), # controls for non-linearity in the
hyperplane

C=seq(from = 0.2, to = 2.2, by = 0.1)) # controls the influence of each support vector #
range made based on random serach values
# Train the support vector machines model
model_svm_1 <- caret:train(class ~ HarvDateVH + HarvDateVV + HarvDateCR, #Note only features
at Crop Establishment Date (CropEDate) in VH, VV and VV/VH ratio ate included in the model
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data=training set, method = "svmRadialSigma", metric="Accuracy", trainControl =

titControl_a, tuneGrid = svm.grid_a)

model_svm_1 # to view the details of the model
model_svm_1$bestTune # to view the best accuracy and sigma and ¢
### Having understanding of the accuracy we perform cross validation now with k = 10
###k-Fold cross-validation
#Appllying k-fold Cross Validation
Hset.seed(42)
#define training set
#load the required package :lattice
#load the required package:ggplot2
# in creating the folds we specify the target feature (dependent variable) and # of folds
#folds = createFolds(training_set$class, k = 31) #requires the caret package
#Randomly shuffle the data
training set<-training_set[sample(nrow(training set)),]
#Create 31 equally size folds
folds <- cut(seq(1,nrow(training_set)),breaks=31,labels=FALSE)
#Perform Leave-one-out cross validation
for(iin 1:31){

#Segement your data by fold using the which() function

testIndexes <- which(folds==i,arr.ind=TRUE)

testData <- training_set|testIndexes, |

trainData <- training set[-testIndexes, |

#Use the test and train data partitions however you desire...
H
View(testData)
# now apply (train) the classifer on the training fold #takes 10 seconds average
svm_model <- caret:train(class ~ HarvDateVH + HarvDateVV + HarvDateCR, #Note only features at
Crop Establishment Date (CropEDate) in VH, VV and VV/VH ratio are included in the model

data=trainData,
method = "svmRadialSigma", metric="Accuracy", trainControl = fitControl_a, tuneGrid

= svm.grid_a)
svm_pred = predict(svin_model, newdata = testData) # ok model
svm_pred # ok
print(svm_model) #ok
#summary(svm_model)
Hcreate a confusion matrix
#Hcm = table(testData$class, svm_pred) #ok
#cm Hok
svm_errorMat = table(svm_pred,testData$class) # Take note of the reference classes (true) and the
predicted (classified)
svm_errorMat # Final matrix shows only one obs. classified 100% accurate or not (misclassified)
#cm <- confusionMatrix(table(trainData$class, svm_pred))
accuracy = sum(diag(cm))/sum(cm)

accuracy
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O.Accuracy<- sum(diag(cm))/sum(cm)

O.Accuracy

### END ###

#kappa cutoffs - as rules of thumb for interpretation
# .81 - 1.00 Almost perfect

# .61 - .80 substantial

# .41 - 60 Moderate

# .21 - .40 Fair
# .00 - .20 Slight
# <.00 Poor

#summary(svm_model) # see that all predicator are statistically signficant
#displaying the svm_model
HHtHHH IR R AR ###H#END HEREHHARBHA#HH B HHHARBRBR AR
#FIXED COST AND SIGMA
svm.model <- caret:train(class ~ HarvDateVH + HarvDateVV + HarvDateCR, #Note only features at
Crop Establishment Date (CropEDate) in VH, VV and VV/VH ratio are included in the model
data=trainData,
method = "svmRadialSigma", metric="Accuracy", cost = 32, sigma = 0.2496192)
svm.pred = predict(svm.model, newdata = testData) # ok model
svm.pred
print(svm.model)
Husing svm (e1071)
svm.model2 <- svm(class ~ HarvDateVH + HarvDateVV + HarvDateCR, #Note only features at Crop
Establishment Date (CropEDate) in VH, VV and VV/VH ratio are included in the model
data=trainData,
method = "svmRadialSigma", metric="Accuracy", cost = 1.3, sigma = 0.1)
svm.pred2 = predict(svm.model2, newdata = testData) # ok model
svm.pred?2
print(svm.model2)
summary(svim.model2)
pred2.cm = table(testData$class, svm.pred2)
pred2.cm?2 = table(svm.pred2,testData$class) # ok Reference is rice, classifed maize
pred2.cm?2
# Radial Basis Function (RBF) Kernel
SVM.rbf.model <- svm(class ~ HarvDateVH + HarvDateVV + HarvDateCR,
data=trainData, type="C-classification", kernel = "radial", cost = 100, gamma=0.102, scale
= FALSE)
ypred=predict(SVM.rbf.model, newdata = testData)
ypred
CM=table(prediction=ypred,truth=testData$class)
OA=sum(diag(CM))/length(testData$class)
CM
OA
summary(SVM.rbf.model)

# Radial Basis Function (RBF) Kernel using ALL features (15 features)
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SVM.tbf.model <- svm(class ~ LandPrepVH + LandPrepVV+ LandPrepCR + #Land preparation stage
CropEDateVH + CropEDateVV+ CropEDateCR + #Crop Establishment Stage
FloweringVH + FloweringVV + FloweringCR + # Flowering stage
HarvDateVH + HarvDateVV + HarvDateCR + #Harvest stage
BackDiff VH + BackDiffVV + BackDiffCR, # Backscatter difference at FLW and CE

—n

data=trainData, type="C-classification", kernel radial", cost = 100, gamma=0.102, scale
= FALSE)

ypred=predict(SVM.rbf.model, newdata = testData)

ypred

CM-=table(prediction=ypred,truth=testData$class)

OA=sum(diag(CM))/length(testData$class)

CM

OA

summary(SVM.rbf.model)
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Appendix V: Training samples in VH polarization

FID | X_coord Y_coord Attributes CropEstMethod | LandPrepVH | CropEDateVH | FloweringVH | HarvDateVH | Maturity_days [ class | Croptype
Direct seeded

105 179597.10 1780574.00 Irrigated Rice rice -16.556 -18.577 -15.113 -16.384 113 1 Rice
Direct seeded

121 | 165295.70 | 1793559.00 | Irrigated Rice rice -14.750 -16.708 -16.975 -15.210 99 1 | Rice
Direct seeded

123 165927.70 1793542.00 Irrigated Rice rice -18.434 -19.192 -15.567 -16.909 120 1 Rice
Direct seeded

125 166904.30 1792646.00 Irrigated Rice rice -17.087 -18.943 -15.763 -15.640 85 1 Rice
Direct seeded

127 | 166756.40 | 1793130.00 | Irrigated Rice rice -16.773 -16.773 -15.948 -15.777 99 1 | Rice
Direct seeded

103 | 177535.80 | 1781271.00 | Irrigated Rice rice -16.960 -18.516 -15.035 -16.884 105 1 | Rice
Direct seeded

102 176311.60 1787156.00 Irrigated Rice rice -14.457 -15.173 -15.334 -15.054 99 1 Rice
Transplanted

101 | 176855.40 | 1781983.00 | Irrigated Rice rice -17.394 -16.859 -15.755 -16.683 84 1 | Rice
Transplanted

107 | 177706.00 | 1780775.00 | Irrigated Rice rice -14.932 -18.146 -15.164 -15.647 92 1 | Rice
Transplanted

115 | 178706.40 | 1786535.00 | Rainfed Rice rice -15.085 -16.893 -15.444 -14.555 92 1 | Rice
Transplanted

117 | 180426.10 | 1783849.00 | Rainfed Rice rice -14.496 -16.832 -15.716 -15.598 62 1 | Rice
Transplanted

134 | 160831.60 | 1799965.00 | Rainfed Rice rice -14.544 -15.313 -14.896 -15.474 84 1 | Rice
Transplanted

149 | 160486.20 | 1785740.00 | Irrigated Rice rice -14.568 -17.745 -16.362 -17.753 90 1 | Rice
Transplanted

150 | 162318.60 | 1786664.00 | Rainfed Rice rice -15.036 -14.813 -16.191 -18.611 101 1 | Rice
Transplanted

155 | 155939.50 | 1779181.00 | Irrigated Rice rice -15.770 -17.837 -15.119 -15.105 83 1 | Rice
Transplanted

171 | 170529.60 | 1807353.00 | Irrigated Rice rice -16.513 -18.688 -15.272 -15.737 90 1 | Rice
Transplanted

177 158871.20 1802716.00 Itrigated Rice rice -16.895 -16.221 -16.019 -17.021 83 1 Rice
Transplanted

109 | 177659.60 | 1780193.00 | Irrigated Rice rice -17.646 -17.903 -15.288 -15.431 84 1 | Rice
Transplanted

170 | 159107.00 | 1803877.00 | Rainfed Rice rice -15.398 -16.622 -16.214 -16.576 98 1 | Rice
Direct seeded

136 | 158714.60 | 1801441.00 | Maize maize -16.097 -16.630 -16.174 -17.443 120 2 | Maize
Direct seeded

138 | 159097.00 | 1802431.00 | Maize maize -15.447 -16.911 -16.378 -16.486 59 2 | Maize
Direct seeded

164 | 160151.30 | 1805123.00 | Maize maize -14.782 -15.725 -15.008 -15.931 120 2 | Maize
Direct seeded

166 | 159936.00 | 1804500.00 | Maize maize -16.396 -16.881 -16.042 -16.061 59 2 | Maize
Direct seeded

167 | 161723.20 | 1801539.00 | Maize maize -14.786 -16.370 -15.038 -17.002 121 2 | Maize
Direct seeded

169 | 162489.80 | 1801865.00 | Maize maize -15.695 -15.450 -14.217 -17.560 144 2 | Maize
Direct seeded

135 | 160411.60 | 1798745.00 | Maize maize -14.811 -16.447 -15.622 -17.509 121 2 | Maize
Direct seeded

104 | 17715840 [ 1786161.00 | Maize maize -16.309 -16.943 -17.721 -17.928 143 2 | Maize
Direct seeded

130 | 161976.60 | 1799525.00 | Maize maize -14.514 -16.454 -15.698 -15.221 100 2 | Maize
Direct seeded

163 | 165221.00 | 1801621.00 | Maize maize -16.423 -17.008 -15.568 -15.351 90 2 | Maize
Direct seeded

176 | 159587.30 | 1802419.00 | Maize maize -15.264 -16.632 -14.834 -16.632 136 2 | Maize
Direct seeded

132 | 161868.00 | 1798818.00 | Maize maize -15.500 -17.009 -14.469 -15.448 106 2 | Maize
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Appendix VI: Training samples in VV polarization

FID X_coord Y_coord Attributes CropEstMethod | LandPrepVV | CropEDateVV | FloweringVV | HarvDateVV | Maturity_days | class | Croptype
Irrigated Direct seeded
105 | 179597.10 | 1780574.00 | Rice rice -10.022 -10.021 -10.612 -10.973 113 1 | Rice
Irrigated Direct seeded
121 | 165295.70 | 1793559.00 | Rice rice -9.009 -8.661 -11.940 -11.094 99 1 | Rice
Irrigated Direct seeded
123 | 165927.70 | 1793542.00 | Rice rice -12.186 -9.235 -10.869 -11.164 120 1 | Rice
Irrigated Direct seeded
125 | 166904.30 | 1792646.00 | Rice rice -9.628 -13.557 -11.484 -11.191 85 1 | Rice
Irrigated Direct seeded
127 | 166756.40 | 1793130.00 | Rice rice -8.663 -8.663 -9.201 -11.682 99 1 | Rice
Irrigated Direct seeded
103 177535.80 1781271.00 Rice rice -10.548 -11.945 -12.022 -12.583 105 1 Rice
Irrigated Direct seeded
102 | 176311.60 | 1787156.00 | Rice rice -8.662 -7.633 -10.523 -10.676 99 1 | Rice
Irrigated Transplanted
101 | 176855.40 | 1781983.00 | Rice rice -11.125 -10.789 -10.868 -11.239 84 1 | Rice
Irrigated Transplanted
107 | 177706.00 | 1780775.00 | Rice rice -10.174 -9.588 -10.211 -9.623 92 1 | Rice
Rainfed Transplanted
115 | 178706.40 | 1786535.00 | Rice rice -8.828 -9.346 -9.322 -9.675 92 1 | Rice
Rainfed Transplanted
117 | 180426.10 | 1783849.00 | Rice rice -9.482 -10.721 -10.059 -10.994 62 1 | Rice
Rainfed Transplanted
134 | 160831.60 | 1799965.00 | Rice rice -9.282 -9.184 -9.554 -9.931 84 1 | Rice
Irrigated Transplanted
149 | 160486.20 | 1785740.00 | Rice rice -8.835 -10.396 -10.935 -11.667 90 1 | Rice
Rainfed Transplanted
150 162318.60 1786664.00 Rice rice -10.340 -9.813 -10.444 -10.884 101 1 Rice
Irrigated Transplanted
155 | 155939.50 | 1779181.00 | Rice rice -8.204 -9.015 -8.805 -9.598 83 1 | Rice
Irrigated Transplanted
171 | 170529.60 | 1807353.00 | Rice rice -9.047 -9.084 -9.703 -9.888 90 1 | Rice
Irrigated Transplanted
177 158871.20 1802716.00 Rice rice -10.838 -10.008 -11.260 -11.574 83 1 Rice
Irrigated Transplanted
109 | 177659.60 | 1780193.00 | Rice rice -11.352 -10.151 -10.020 -10.429 84 1 | Rice
Rainfed Transplanted
170 | 159107.00 | 1803877.00 | Rice rice -10.203 -10.635 -10.386 -10.213 98 1 | Rice
Direct seeded
136 158714.60 1801441.00 Maize maize -9.732 -9.160 -9.423 -9.948 120 2 Maize
Direct seeded
138 159097.00 1802431.00 Maize maize -10.074 -10.252 -9.437 -10.247 59 2 Maize
Direct seeded
164 | 160151.30 | 1805123.00 | Maize maize -9.552 -9.285 -9.409 -10.146 120 2 | Maize
Direct seeded
166 | 159936.00 | 1804500.00 | Maize maize -8.903 -9.676 -9.104 -9.141 59 2 | Maize
Direct seeded
167 161723.20 1801539.00 Maize maize -9.786 -10.194 -10.164 -11.232 121 2 Maize
Direct seeded
169 | 162489.80 | 1801865.00 | Maize maize -10.696 -10.425 -9.082 -11.340 144 2 | Maize
Direct seeded
135 | 160411.60 | 1798745.00 | Maize maize -9.160 -9.460 -10.001 -11.272 121 2 | Maize
Direct seeded
104 | 177158.40 | 1786161.00 | Maize maize -9.948 -10.242 -11.619 -8.170 143 2 | Maize
Direct seeded
130 | 161976.60 | 1799525.00 | Maize maize -9.474 -10.162 -9.137 -9.433 100 2 | Maize
Direct seeded
163 | 165221.00 | 1801621.00 | Maize maize -9.987 -10.041 -10.090 -9.068 90 2 | Maize
Direct seeded
176 | 159587.30 | 1802419.00 | Maize maize -9.641 -9.804 -9.940 -9.826 136 2 | Maize
Direct seeded
132 | 161868.00 | 1798818.00 | Maize maize -10.213 -10.196 -8.856 -9.463 106 2 | Maize
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Appendix VII: Training samples in VV/IVH ratio polarization

FID X_coord Y_coord Attributes CropEstMethod | LandPrepVV | CropEDateVV | FloweringVV | HarvDateVV | Maturity_days | class | Croptype
Direct seeded

105 | 179597.10 | 1780574.00 | Irrigated Rice rice -10.022 -10.021 -10.612 -10.973 113 1 | Rice
Direct seeded

121 165295.70 1793559.00 Irrigated Rice rice -9.009 -8.661 -11.940 -11.094 99 1 Rice
Direct seeded

123 | 165927.70 | 1793542.00 | Irrigated Rice rice -12.186 -9.235 -10.869 -11.164 120 1 | Rice
Direct seeded

125 | 166904.30 | 1792646.00 | Irrigated Rice rice -9.628 -13.557 -11.484 -11.191 85 1 | Rice
Direct seeded

127 | 166756.40 | 1793130.00 | Irrigated Rice rice -8.663 -8.663 -9.201 -11.682 99 1 | Rice
Direct seeded

103 177535.80 1781271.00 Irrigated Rice rice -10.548 -11.945 -12.022 -12.583 105 1 Rice
Direct seeded

102 | 176311.60 | 1787156.00 | Irrigated Rice rice -8.662 -7.633 -10.523 -10.676 99 1 | Rice
Transplanted

101 176855.40 1781983.00 Irrigated Rice rice -11.125 -10.789 -10.868 -11.239 84 1 Rice
Transplanted

107 177706.00 1780775.00 Irrigated Rice rice -10.174 -9.588 -10.211 -9.623 92 1 Rice
Transplanted

115 | 178706.40 | 1786535.00 | Rainfed Rice rice -8.828 -9.346 -9.322 -9.675 92 1 | Rice
Transplanted

117 | 180426.10 | 1783849.00 | Rainfed Rice rice -9.482 -10.721 -10.059 -10.994 62 1 | Rice
Transplanted

134 | 160831.60 | 1799965.00 | Rainfed Rice rice -9.282 -9.184 -9.554 -9.931 84 1 | Rice
Transplanted

149 160486.20 1785740.00 Irrigated Rice rice -8.835 -10.396 -10.935 -11.667 90 1 Rice
Transplanted

150 | 162318.60 | 1786664.00 | Rainfed Rice rice -10.340 -9.813 -10.444 -10.884 101 1 | Rice
Transplanted

155 | 155939.50 | 1779181.00 | Irrigated Rice rice -8.204 -9.015 -8.805 -9.598 83 1 | Rice
Transplanted

171 | 170529.60 | 1807353.00 | Irrigated Rice rice -9.047 -9.084 -9.703 -9.888 90 1 | Rice
Transplanted

177 | 158871.20 | 1802716.00 | Irrigated Rice rice -10.838 -10.008 -11.260 -11.574 83 1 | Rice
Transplanted

109 | 177659.60 | 1780193.00 | Irrigated Rice rice -11.352 -10.151 -10.020 -10.429 84 1 | Rice
Transplanted

170 | 159107.00 | 1803877.00 | Rainfed Rice rice -10.203 -10.635 -10.386 -10.213 98 1 | Rice
Direct seeded

136 | 158714.60 | 1801441.00 | Maize maize -9.732 -9.160 -9.423 -9.948 120 2 | Maize
Direct seeded

138 | 159097.00 | 1802431.00 | Maize maize -10.074 -10.252 -9.437 -10.247 59 2 | Maize
Direct seeded

164 | 160151.30 | 1805123.00 | Maize maize -9.552 -9.285 -9.409 -10.146 120 2 | Maize
Direct seeded

166 | 159936.00 | 1804500.00 | Maize maize -8.903 -9.676 -9.104 -9.141 59 2 | Maize
Direct seeded

167 | 161723.20 | 1801539.00 | Maize maize -9.786 -10.194 -10.164 -11.232 121 2 | Maize
Direct seeded

169 | 162489.80 | 1801865.00 | Maize maize -10.696 -10.425 -9.082 -11.340 144 2 | Maize
Direct seeded

135 160411.60 1798745.00 Maize maize -9.160 -9.460 -10.001 -11.272 121 2 Maize
Direct seeded

104 | 177158.40 | 1786161.00 | Maize maize -9.948 -10.242 -11.619 -8.170 143 2 | Maize
Direct seeded

130 | 161976.60 | 1799525.00 | Maize maize -9.474 -10.162 -9.137 -9.433 100 2 | Maize
Direct seeded

163 | 165221.00 | 1801621.00 | Maize maize -9.987 -10.041 -10.090 -9.068 90 2 | Maize
Direct seeded

176 | 159587.30 | 1802419.00 | Maize maize -9.641 -9.804 -9.940 -9.826 136 2 | Maize
Direct seeded

132 | 161868.00 | 1798818.00 | Maize maize -10.213 -10.196 -8.856 -9.463 106 2 | Maize
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Appendix VIII: Training samples showing the Backsactter Difference and Maturity in days

FID X_coord Y_coord Attributes CropEstMethod BackDiffVH | BackDiffVV | BackDiffCR | Maturity_days | class | Croptype

Irrigated

105 179597.10 1780574.00 Rice Direct seeded rice 3.464 -0.591 -4.054 113 1 | Rice
Irrigated

121 165295.70 1793559.00 Rice Direct seeded rice -0.267 -3.279 -3.012 99 1 | Rice
Irrigated

123 165927.70 1793542.00 Rice Direct seeded rice 3.625 -1.634 -5.259 120 1 | Rice
Irrigated

125 166904.30 1792646.00 Rice Direct seeded rice 3.180 2.073 -1.107 85 1 | Rice
Irrigated

127 166756.40 1793130.00 Rice Direct seeded rice 0.825 -0.537 -1.362 99 1 | Rice
Irrigated

103 177535.80 1781271.00 Rice Direct seeded rice 3.481 -0.077 -3.558 105 1 | Rice
Irrigated

102 176311.60 1787156.00 Rice Direct seeded rice -0.160 -2.889 -2.729 99 1 | Rice
Irrigated

101 176855.40 1781983.00 Rice Transplanted rice 1.103 -0.079 -1.182 84 1 Rice
Irrigated

107 177706.00 1780775.00 Rice Transplanted rice 2.982 -0.623 -3.605 92 1 Rice

115 178706.40 1786535.00 Rainfed Rice Transplanted rice 1.449 0.024 -1.425 92 1 Rice

117 180426.10 1783849.00 Rainfed Rice Transplanted rice 1.116 0.662 -0.454 62 1 Rice

134 160831.60 1799965.00 Rainfed Rice Transplanted rice 0.417 -0.370 -0.787 84 1 | Rice
Irrigated

149 160486.20 1785740.00 Rice Transplanted rice 1.383 -0.539 -1.922 90 1 | Rice

150 162318.60 1786664.00 Rainfed Rice Transplanted rice -1.377 -0.631 0.747 101 1 | Rice
Irrigated

155 155939.50 1779181.00 Rice Transplanted rice 2.718 0.210 -2.508 83 1 | Rice
Irrigated

171 170529.60 1807353.00 Rice Transplanted rice 3.415 -0.619 -4.034 90 1 | Rice
Irrigated

177 158871.20 1802716.00 Rice Transplanted rice 0.202 -1.251 -1.454 83 1 | Rice
Irrigated

109 177659.60 1780193.00 Rice Transplanted rice 2.615 0.131 -2.484 84 1 | Rice

170 159107.00 1803877.00 Rainfed Rice Transplanted rice 0.408 0.248 -0.160 98 1 Rice

136 158714.60 1801441.00 Maize Direct seeded maize 0.456 -0.263 -0.719 120 2 | Maize

138 159097.00 1802431.00 Maize Direct seeded maize 0.533 0.815 0.282 59 2 | Maize

164 160151.30 1805123.00 Maize Direct seeded maize 0.717 -0.124 -0.841 120 2 Maize

166 159936.00 1804500.00 Maize Direct seeded maize 0.839 0.572 -0.266 59 2 Maize

167 161723.20 1801539.00 Maize Direct seeded maize 1.333 0.030 -1.303 121 2 | Maize

169 162489.80 1801865.00 Maize Direct seeded maize 1.233 1.343 0.110 144 2 | Maize

135 160411.60 1798745.00 Maize Direct seeded maize 0.825 -0.541 -1.366 121 2 | Maize

104 177158.40 1786161.00 Maize Direct seeded maize -0.778 -1.377 -0.599 143 2 | Maize

130 161976.60 1799525.00 Maize Direct seeded maize 0.756 1.025 0.269 100 2 | Maize

163 165221.00 1801621.00 Maize Direct seeded maize 1.440 -0.049 -1.489 90 2 Maize

176 159587.30 1802419.00 Maize Direct seeded maize 1.798 -0.136 -1.934 136 2 | Maize

132 161868.00 1798818.00 Maize Direct seeded maize 2.540 1.339 -1.201 106 2 | Maize
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