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Abstract

Remote sensing is a technology that has been utilized extensively in agriculture due

to its capacity to provide precise and detailed information on various aspects of agricul-

tural production. Farmers and researchers have utilized this technology to gain valuable

insights regarding, among other things, crop phenology, yield prediction, land classification,

soil quality, water management, and environmental monitoring. The present dissertation

is structured into six chapters, with the first serving as an introduction to remote sensing

technology in agriculture and the last chapter offering concluding remarks. The remaining

chapters delve into various applications of remote sensing technology in agriculture.

The second and third chapters examine the potential of remote sensing to classify maize

phenology in Kansas, utilizing three distinct image resolutions. The second chapter iden-

tifies the optimal combination of spectral bands, vegetation indices, and weather data for

phenology classification using Landsat 8 as a source of spectral information. In chapter three,

greater temporal and spatial resolution was tested using Sentinel-2 and Planet Fusion, and

the classification performance of both sources was compared. The model was tested in dif-

ferent areas, and the results emphasized the significance of temporal and spatial resolution

for traits like phenology that can change rapidly.

Chapter four explores the use of remote sensing technology to identify areas in Cambodia

with traditional management practices where conservation agriculture could play a critical

role. The study employs 3-meter daily imagery from Planet Fusion and image segmentation

tools to distinguish between burned patches and bare soil after ploughing. The results

demonstrate that these images, in conjunction with image segmentation tools, have the

potential to identify management practices in areas where obtaining ground-truth data could

be challenging.



Finally, chapter five discusses the current state of the art and the necessary changes to

integrate soil science methods and remote sensing for determining soil organic carbon. This

chapter examines the challenges and opportunities associated with using remote sensing to

monitor soil properties and offers viable solutions for bridging these two domains.
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Chapter 1

Remote sensing and agronomy

1.1 Fundamentals of remote sensing

The sun is the source that fuels processes that take place on earth. It does this by supplying

the light and heat that are essential to maintaining life. The energy from the sun comes in

the form of electromagnetic radiation, where different wavelengths and frequencies (electro-

magnetic spectrum) will interact with matter (Teillet, 2015). This energy will be absorbed,

reflected, or transmitted, depending on the properties of the material (Fig. 1.1). If the object

is a photosynthetic organ, the proportion absorbed will play a crucial role in photosynthe-

sis. Chlorophyll is the primary pigment responsible for absorbing electromagnetic radiation

in the blue and red wavelength regions, which then drives the photosynthesis process. On

the other hand, transmittance occurs when the radiation passes through the plant without

being absorbed or reflected, with the proportion depending on several factors, such as plant

species, leaves angle, season, among some of the most relevant factors (Woolley, 1971). The

reflected proportion of electromagnetic radiation depends on the complex interactions of the
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light with the plant’s surface and the pigments absorbed in different wavelengths (Knipling,

1970; Woolley, 1971).

Taking advantage of these fundamentals, remote sensing is the art and science of collecting

the reflected proportion, from afar (Teillet, 2015). If a sensor is capturing the energy available

provided by an external source (i.e., the sun) we call it passive sensor (Teillet, 2015), when the

opposite occurs and the sensor is the one emitting the energy and capturing the proportion

after the interaction, we call it active sensor (Teillet, 2015) (Fig. 1.2). The main difference

is that active sensors (with a source of energy) can help to collect information during the

day or night, and usually can examine wavelengths not sufficiently provided by the sun.

However, the requirement of carrying a source of energy to adequately impact a target

could present a disadvantage in comparison with their passive counterpart. In general, the

passive sensors used for Earth Observation collect data on the visible, near infrared, thermal,

and microwaves, while the active sensors operate in the microwave band. Although these

sensors can be further classified depending on how far they are from the target, for the scope

of this dissertation we will center only on passive sensors on board satellites, orbiting the

Earth. Lastly, we can additionally define sensors as multispectral or hyperspectral based on

their ability to capture discrete segments of the electromagnetic spectrum (bands) or as a

continuum. Access to these fractions would enable us to observe and comprehend what is

unfolding on Earth, estimate vegetation cover, health, floods, among other features.
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1.2 Understanding satellite images

Satellites for Earth observation (EO) play a critical role in providing information about the

environment, climate, and natural resources (Dubovik et al., 2021). To understand how this

data can be used, first we need to describe the four main characteristics (resolutions), that

will define these sensors. These are spatial, temporal, spectral, and radiometric resolution

(Fig. 1.3).

The spatial resolution refers to the smallest area on the Earth’s surface that can be

captured by the sensor. Spatial resolution is determined by the size of the individual pixel

in the image, with smaller pixel sizes translating in higher spatial resolution, and subsequent

more details can be observed in the image. A wide array of spatial resolutions is available

nowadays, with sensors able to capture at sub-meter level all the way up to half a kilometer

(Teillet, 2015).

The temporal resolution is another important characteristic of these sensors. We can

define temporal resolution as the time that it takes the satellite to complete an orbit and

capture the data over the same point on Earth. Hence, the temporal resolution is determined

by the satellite’s orbit, and swath width. In this sense, we can have satellites that cover the

same area every day, while others capture the same territory every 16 days, for example

(Teillet, 2015).

The spectral resolution refers to the range of wavelengths that a sensor can detect, typi-

cally measured in nanometers, where the narrower the range the greater is the resolution. As

previously mentioned, multispectral sensors capture discrete bands, usually between 4 to 36
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bands, while hyperspectral sensors can divide the same spectrum into hundreds of narrower

bands, creating something close to a continuum (Teillet, 2015).

Finally, the radiometric resolution refers to the ability of the sensor to detect small

differences in the intensity of the electromagnetic radiation. It is measured in bits and

determines the number of discrete levels of brightness that can be detected by the sensor.

Higher radiometric resolution results in more accurate and detailed images but requires more

storage and processing capacity (Teillet, 2015).

1.2.1 Earth Observation satellites and fusion products

According to the database provided by the Union of Concerned Scientists (n.d.), more than

1000 EO satellites, between commercial and governmental, are currently active and orbiting

the Earth. More than half of those are equipped with optical sensors (multispectral and

hyperspectral). Although providing an exhaustive list is beyond the scope of this dissertation,

below are some examples of the most extended for agricultural purposes.

MODIS (Moderate Resolution Imaging Spectroradiometer) is an instrument on board

the Terra and Aqua spacecraft, that provides information about Earth’s surface in almost

real-time. It has 36 spectral bands with different spatial resolution, where most of the bands

(8-36) have 1000 meters, while others range between 250 meters (bands 1-2) and 500 meters

(bands 3-7). This allows for regional analysis, such as land cover, vegetation indices, leaf

area index, gross primary production, and net primary production (Robinson et al., 2018),

etc.
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Landsat, the Landsat program dates back to 1972 when Landsat 1 was launched, and

spans until today with the newly operational Landsat 9 and the Landsat Next mission

planned for the coming years (NASA, n.d.). The first 3 missions, associated to the Landsat

program, collected information on 4 bands (green, red, and two infrared), while missions 4

and 5 had 7 bands (6 in the visual, near infrared and short ware infrared, and one in the

thermal). In 1991 Landsat 7 (still operational) was successfully launched and in addition

to the 7 bands already collected by its predecessors this sensor was also equipped with a

panchromatic band (15 meters). In 2013 Landsat 8 observing in 11 bands, producing 12-bit

data, at 30, 15 and 100 meters became available. Landsat 9, available from 2022, collects

data at 14-bit improving the quality of the images and securing the continuity of the program.

The future looks even brighter with the Landsat next trio of smaller satellites, proposed for

late-2030. This mission will collect data in 26 bands, with finer spatial resolution (10 to 20

meters), and a more frequent revisit time (compared with the other missions’ 16 days). The

Landsat database is one of the most impactful programs (Wulder et al., 2022), that helped

in the advancement of science over the past 50 years, and even more importantly since

2009 when it became freely available for the public (Wulder et al., 2012). More than 700.000

publications are listed using Landsat images, and of those 18 % belong to agricultural studies

(Wulder et al., 2022). Among the many uses related with agriculture (Leslie et al., 2017) we

can highlight its use for mapping crops (S. Wang et al., 2020), evaluating land tenure and

field size (E. V. White & Roy, 2015), forecasting yields (dos Santos Luciano et al., 2021),

crop phenology (Nieto et al., 2021), among many others.
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Another well-extended mission serving EO is the Sentinel program, particularly for the

scope of this dissertation, Sentinel-2A and 2B. Equipped with a multispectral sensor capable

of retrieving 13 bands at 10 to 60 meters, with a cadence of 5 days (Drusch et al., 2012),

its use was rapidly extended thanks in part to the no cost availability. The application of

these images for agricultural purposes is similar to the ones outlined previously for Landsat;

however, is its finer resolution, the feature that standout this product for applications that

requires for example a better temporal revisit and, or higher spatial resolution (Misra et al.,

2020; Nieto et al., 2022; Segarra et al., 2020).

In a distinct category, we can locate satellites with very high resolution (less than 10

meters), primarily utilized for commercial purposes. Some examples of such satellites, and

constellations, include SkySat, PlanetScope, Pléiades Neo, SPOT, and ÑuSat, among others

(European Space Agency, n.d.). These satellites are distinguished by their ability to capture

data ranging from 10 meters to sub-meter, along with a high revisit time and tasking capabil-

ities. Although their spectral resolution is typically restricted to the visual and near infrared,

and occasionally short-wave infrared, the applications for these satellites are extensive.

To take advantage of the differences between different acquisition patterns, in recent years

different researchers, both in academia and private sector, have developed fusion products.

This is the combination of two or more sensors to provide a more complete product, improving

temporal, spectral and spatial resolution. A good example for this is the Planet Fusion data,

which integrates PlanetScope, MODIS/VIIRS, Landsat 8 and Sentinel-2 into an analysis

ready, harmonized, free of clouds and shadows, with daily cadence, 3 meters resolution with
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4 spectral bands (blue, green, read, near infrared) product (Planet, 2022). This product has

been proven useful for a variety of applications, from rice flooding date (Brinkhoff et al.,

2022), monitoring small water bodies (Perin et al., 2021), and to crop phenology (Nieto et

al., 2022).

In a similar note the Harmonized Landsat Sentine-2 (HLS) product combines Sentinel-2

images with Landsat 8 and 9 to obtain a 30-meter product with higher temporal resolution

(2-3 days), improving land monitoring capabilities (Claverie et al., 2018).

1.3 Spectral indices

Spectral indices derive information about the targeted object from the specific combinations

of bands. One of the most well know vegetation indices is the normalized difference vegetation

index (NDVI) developed by (Rouse Jr et al., 1974), combining the reflectance in the red and

near infrared (NIR) bands. This index allows the study photosynthetically active vegetation

to derive conclusions about its status and patterns. The NDVI is widely used to monitor crop

growth and health and assess changes in land cover and vegetation density over time. Other

vegetation indices include the Enhanced Vegetation Index (EVI) (A. Huete et al., 2002),

computed to reduce the impact of atmospheric conditions and soil reflectance on vegetation

signal, and the Soil-Adjusted Vegetation Index (SAVI), which is similar to NDVI but is

adjusted for varying levels of vegetation cover and soil background reflectance. In a similar

fashion, other vegetation indices to retrieve information about bare soil (C. T. Nguyen et

al., 2021), water content, both free water and leaf content (Ceccato et al., 2002), burned
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areas (Parks et al., 2014), and even minerals (Ninomiya, 2002) have been developed over

the years. Hundreds of indices are available across the literature (Montero et al., 2022), but

this dissertation will cover only a tiny fraction of those, based on the available bands in the

tested products.

1.4 A glimpse into the future

Throughout the previous half-century, there has been extraordinary development in satellite

technology (Wulder et al., 2022). Not only has the number of operational satellites expanded,

but so too has the quality of equipment, the scale of satellites, the democratization of data

access, and most importantly, the expansion in the frontiers of science (Dubovik et al., 2021).

The advancement of spectral technologies including multispectral, hyperspectral, optical,

and radar has made a substantial contribution in this regard. The next decade will see a

significant increase in the number of launched satellite missions all around the world, with

several missions collecting data on the hyperspectral range, and active sensing (Dubovik

et al., 2021). In addition, the availability of vast computational resources and archives,

such as Google Earth Engine (Gorelick et al., 2017), in combination with the growing use of

artificial intelligence (Yang et al., 2022), and the sustained reduction in the cost of commercial

imagery, gives an immense potential for achievements previously unimaginable.

Although many studies exploring pipelines to integrate hyperspectral and multispectral,

as well as optical and radar are available, the coming years very likely will see these convert

into products easily deployed to the study of agriculture, helping us to predict in season
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quality traits such as protein content, oil, etc., allowing not only to set commodity prices

based on yields but also segmenting the market based on the quality of the agricultural

product. In a similar way, studies on leaf area index (Kimm et al., 2020), soil moisture

(Gruber et al., 2020), heat stress (Gerhards et al., 2019) will become commercially available

products in the near future, such as the case of Planetary variables from Planet (Planet,

2020).

1.5 Dissertation objectives

Chapter 1 describes the primary research setting, the technology needed for understanding

the topics, and the relevance of this dissertation within the context of agriculture. This

chapter gives the reader a clear knowledge of the research’s aim and scope and the primary

tools that will be used throughout the dissertation.

Chapter 2 presents the potential of Landsat 8 images, tested to address maize phenology

classes in southwest Kansas. The purpose of this chapter was to examine the performance of

Landsat 8 imagery data to effectively monitor growth and development of maize (Zea mays

L.) crop in Kansas, United States (US). Hence, the study provides useful insights on the use

of remote sensing for agricultural system monitoring.

Chapter 3 investigates the performance of high temporal and spatial resolution images

(Sentinel-2 and Planet Fusion) to determine each crop phenological stage for maize crop at

on-farm scale. This chapter also aims to determine the optimal combination of spectral and

meteorological variables for correctly tracking maize development and growth. The main
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findings of this chapter provide critical information for enhancing the use of remote sensing

for crop monitoring.

Chapter 4 focuses on evaluating the use Planet Fusion data to classify burned and bare soil

areas in Cambodia. The study investigates changes in agricultural patterns and management

techniques in this region and provides better assessments for conservation agriculture. This

chapter sheds light on the potential of remote sensing to monitor agricultural systems in

developing countries, where traditional field-based monitoring methods may be restrictive,

labor- and cost-intensive. Chapter 5 discuss the current state of the art and future changes

needed to combine soil science methods and remote sensing for determining soil organic

carbon. This chapter examines the problems and opportunities connected with employing

remote sensing to monitor soil properties, particularly soil organic carbon and provides viable

solutions for linking these two domains.

Lastly, Chapter 6 provides a summary of key findings and a discussion on future steps to

continue strengthening earth observation while preserving sustainable goals and guaranteeing

food security.
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Figure 1.1: Interaction of the incident radiation with the target object, plant, showing the proportion absorbed, transmitted,
and reflected. Right panel show the electromagnetic spectrum with the different proportions of interest.
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Figure 1.2: representing the different types of sensors based on the source of energy. Left side passive sensor where the energy
comes from the sun; right side shows the counterpart, where the energy is emitted by the sensors.
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Figure 1.3: Example with the most extended satellites (and constellations) used for agricultural purposes. Temporal and Spatial
refers to the resolutions and bands was used as a short form for the spectral resolution provided by each satellite. This list is
only for explanatory purposes, it is by no means an extensive one.
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Chapter 2

An integrated approach of field,

weather, and satellite data for

monitoring maize phenology

*Published in Scientific Reports

Nieto, L., Schwalbert, R., Prasad, P.V.V. et al. An integrated approach of field, weather,

and satellite data for monitoring maize phenology. Sci Rep 11, 15711 (2021).

https://doi.org/10.1038/s41598-021-95253-7

Abstract

Efficient, more accurate reporting of maize (Zea mays L.) phenology, crop condition, and

progress is crucial for agronomists and policy makers. Integration of satellite imagery with
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machine learning models has shown great potential to improve crop classification and facil-

itate in-season phenological reports. However, crop phenology classification precision must

be substantially improved to transform data into actionable management decisions for farm-

ers and agronomists. An integrated approach utilizing ground truth field data for maize

crop phenology (2013–2018 seasons), satellite imagery (Landsat 8), and weather data was

explored with the following objectives: (i) model training and validation—identify the best

combination of spectral bands, vegetation indices (VIs), weather parameters, geolocation,

and ground truth data, resulting in a model with the highest accuracy across years at each

season segment (step one) and (ii) model testing—post-selection model performance evalu-

ation for each phenology class with unseen data (hold-out cross-validation) (step two). The

best model performance for classifying maize phenology was documented when VIs (NDVI,

EVI, GCVI, NDWI, GVMI) and vapor pressure deficit (VPD) were used as input variables.

This study supports the integration of field ground truth, satellite imagery, and weather

data to classify maize crop phenology, thereby facilitating foundational decision making and

agricultural interventions for the different members of the agricultural chain.

2.1 Introduction

Maize (Zea mays L.) is one of the leading grain crops, with 193 M ha harvested globally

and more than 33 M ha in the United States (US) during the 2018 growing season. US

maize production is largely concentrated in the central region, accounting for roughly 85 %

of total US production (USDA-NASS, 2019) The US Department of Agriculture (USDA) via
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the National Agricultural Statistics Service (NASS) releases a weekly report for in-season

crop progress, termed Crop Progress and Report Conditions (CPRC), which provides a

subjective estimate of crop phenology and condition in major US producing states (USDA-

NASS, 2019). Estimates from the CPRC are based on survey data gathered on a weekly basis

from an extensive network of regional agricultural agents based on their field observations

(Zhong, Hu, et al., 2016).

Although the data is informative, the collection process is labor intensive, time consum-

ing, financially ineffective, and subject to bias (Carletto et al., 2015; Gourlay et al., 2017).

With challenges eminent due to funding restrictions and travel limitations, new approaches

should be pursued, tested, and quickly implemented. An extensive record of scientific liter-

ature portrays the relevance of implementing well-timed management practices to improve

yields and input use efficiency, such as timely irrigation, fertilization, crop protection, and

harvest (Cai, Guan, Nafziger, et al., 2019; Morris et al., 2018; Ruml & Vulić, 2005). Re-

motely sensed satellite data presents a significant opportunity to improve timely agricultural

interventions and monitoring of crop vegetation. With various spectral, radiometric, tempo-

ral and spatial resolutions, satellites function as a critical source of data to aid tracking of

field crop phenology progress (Bolton & Friedl, 2013; Duncan, n.d.; Sakamoto et al., 2005).

Combining satellite data features permit the generation of different vegetation indices (VIs),

such as the Normalized Difference Vegetation Index (NDVI) (Tucker, 1979), Enhanced Veg-

etation Index (EVI) (A. Huete et al., 2002), Green Chlorophyll Vegetation Index (GCVI)

(Gitelson et al., 2003), Global Vegetation Moisture Index (GVMI) (Ceccato et al., 2002) and
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Normalized Difference Water Index (NDWI) (B.-C. Gao, 1995), among many others. These

VIs describe changes in vegetation dynamics and are correlated with plant traits such as leaf

area index, leaf chlorophyll concentration, and canopy water content (Ceccato et al., 2002;

B.-C. Gao, 1995; Gitelson et al., 2003; A. Huete et al., 1994; Nguy-Robertson et al., 2012;

Schlemmer et al., 2013). Integrating remote sensing with ground truth and weather data

has great potential to advance science and improve overall prediction of crop yield, in-season

progress, and crop phenology (Cai, Guan, Lobell, et al., 2019; Sakamoto et al., 2014; Zhong,

Hu, et al., 2016).

The development of programs such as Google Earth Engine (Gorelick et al., 2017) fa-

cilitates dataset manipulation and analysis by integrating all assets in one place. Directly

working in the cloud without downloading large sets of data and using a parallel processing

approach allows computation across a large number of machines (Kennedy et al., 2018).

This new tool accelerates analysis of remote sensing projects over large areas and facilitates

real-time crop behavior and progress exploration (Gorelick et al., 2017). Of the many tools

used to perform classifications, the random forest (RF) algorithm (Breiman, 2001) presents

steady performance with large (Zhong, Yu, et al., 2016) and unbalanced datasets (Pal, 2005)

in addition to modeling non-linearity correlations among the feature space and the dependent

variable.

Recent studies focused on predicting field crop phenology, particularly in maize and other

field crops (Vina et al., 2004; Zhong, Hu, et al., 2016), concentrated on providing estimates

for dormancy, green-up, mid-season growth and development, day of senescence, and end of
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the season. Although these metrics are convenient from a remote sensing analytical view-

point, more detailed phenology descriptions (Ghamghami et al., 2020; Liao et al., 2019) are

typically desirable to provide timely actionable agricultural decisions and interventions. Due

to field data availability, this study is focused on the Southwest (SW) Agricultural District

in Kansas, US. Ground truth data was provided by an industry partner, comprising a large

dataset on crop phenology for maize fields during the 2013-2018 growing seasons. There-

fore, the aim of this research study was to evaluate a classification of satellite-derived maize

crop phenology and integrate in-season weather information to develop a classification model

benchmarked with field survey data. To achieve this overarching goal, we established the

following objectives: i) model training and validation – understand how different variables

affect the model performance and identify the best combination of spectral features, weather

parameters, geolocation and ground truth data, resulting in a model with the highest accu-

racy across years at each season segment (step one); and ii) model testing – post-selection

model performance evaluation for a) each phenology class with unseen data (hold-out cross-

validation); b) temporal transferability; c) spatial transferability (step two).

2.2 Materials and Methods

2.2.1 Study area and environmental conditions

This research was conducted in the SW Agricultural District, comprising a total of 10 coun-

ties, Kansas, US. Annual normal precipitation in this area ranges from 381 to 635 mm from

west to east, with the southwest corner (bordering the states of Oklahoma and Colorado)
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presenting the lowest precipitation (Fig. 2.1). Average mean daily temperature fluctuates

from 12 to 14 °C, with the average minimum ranging from 7.5 to 15 °C and the average max-

imum between 19 and 22 °C (Goodin et al., 1995). The maize growing season spans from

late April (sowing) to late October (harvest), with yields usually enhanced by groundwater

irrigation from the Ogallala Aquifer (Masialeti et al., 2010), which currently has more than

half million of hectares under irrigation (Lanning-Rush, 2016).

2.2.2 Data gathering and feature engineering

Surface reflectance data

Surface reflectance data was accessed via Google Earth Engine (GEE). Landsat 8, 30 meters

spatial resolution, Surface Reflectance (SR) collection, tier 1, was retrieved from the GEE

data repository.

Images from 2013 to 2018 from May to September (season segment, May = 1, June =

2, July = 3, August = 4, September = 5) each year were collected for the path/row 30/34.

Starting the season in May and extending it until September were supported by the Start

of Season Time (SOST) and End of Season Time (EOST) analyses of the NDVI each year

(Hao et al., 2015). Images with less than 30% land cloud cover were selected, and remaining

clouds and shadows were masked by taking advantage of the pixel quality band in the SR

product. Five indices were calculated (NDVI, EVI, GCVI, NDWI and GVMI) over each of

these images, and the mean value per index at each field was stored by season segment.
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Meteorological data

Gridded surface meteorological data from GEE archives was used to extract weather variables

(Abatzoglou, 2013) This dataset integrates high-resolution spatial data (2.5 arc minute, 4km)

from PRISM (Daly et al., 2008) with daily temporal resolution data from the North Amer-

ican Land Data Assimilation System (NLDAS). The main weather variables gathered were

precipitation, mean minimum and maximum temperature, and vapor pressure deficit (VPD).

The Growing Degree Units (GDU) were calculated using the following equation: GDU =

[(Max. temperature (C) – Min. temperature (C))/2] – 10 °C (Base temperature) [35].

Field data collection and Feature engineering

The initial dataset provided by Crop Quest Inc. included more than 70.000 fields distributed

across the states of Kansas, Oklahoma, Colorado, and Nebraska (USA). The first step was

to select only the maize data points within the SW District in Kansas, presenting more than

20.000 fields (Fig. 2.1). This dataset contained geolocated maize phenology measurements

(latitude and longitude), associated with the day of the year (DOY), for crop data collected

from the 2013 to 2018 growing seasons. To not only avoid potential classifier issues due to

the specificity level of the crop growth stages, but also provide informative data more readily

translated into actionable decisions for potential agricultural interventions, the stages were

re-grouped into nine classes (IV1, IV2, EV, LV, ER, LR1, LR2, LR3 and H), as presented

in Table. 2.1.

Remaining data points were geographically aligned and merged with polygon shapefiles
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containing the field boundaries. This new file was uploaded as an asset into GEE and used

to summarize the satellite and weather information within each field. Additionally, as an

approximation, a filter was applied to separate the center-pivot irrigation fields from rainfed

agricultural farms. This filter was built using the Canny Edge Detector (Canny, 1986).

Although this technique returned nearly all fields under irrigation, some omission errors

were present due to the different types of irrigation systems; only circular pivots of 500 m

radius were extracted.

The final dataset included 21 independent variables and Growth Class as the dependent

variable used to train and validate the models (full description in Table. A.1).

2.2.3 Model training and validation, random forest classification

model

Random forest (RF) has been extensively used in the remote sensing field to solve clas-

sification problems. This method has been proven to be easy to train with a little or

non-computational cost while also dealing with complex interactions and highly correlated

variables (Belgiu & Drăguţ, 2016; L. Zhang et al., 2020). Furthermore, RF is extensively doc-

umented in the scientific literature to outperform other methods. In the research conducted

by (Fernández-Delgado et al., 2014), testing 178 classifiers, RF resulted in the classifier with

the best performance. Analysis conducted by (Belgiu & Drăguţ, 2016; Gómez et al., 2016;

Talukdar et al., 2020) among others, presented the same outcome.

Following the abovementioned rationale, all models were trained using a RF classification
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algorithm from scikit learn software (Pedregosa et al., 2011) in a Python 3.8.0 environment

(van Rossum, 2007) This algorithm was adjusted by fine-tuning hyperparameters, executing

a grid search to find the best data combinations, once the best features were obtained. The

main hyperparameters explored in our analysis were the following: bootstrap, maximum

depth of the tree, maximum number of features for the best split, minimum samples per

leaf, minimum samples to perform the split, and the number of estimators (Breiman, 2001).

The best model considered the following: bootstrap = true, maximum depth of the tree =

50, maximum number of features for the best split = 9, minimum samples per leaf = 2,

minimum samples to perform the split = 4, and the number of estimators = 50.

To evaluate the classifier, datasets were split into training, validation, and test sections.

The proportion retained for training and validation was 80% of the total (of this 80%, 80%

were used as training and 20% as validation), and 20% was used as a test for model evaluation,

the numbers for each class each year can be find in Table A.2. An example of the geographical

distribution for field observations is presented as supplementary material (Fig. A.1) The

selected proportions resulted from a sensitivity analysis using the entire dataset spanning

from 2013 to 2018 period with all variables (later referred to as the Full model). In this

analysis, the overall accuracy was used as a metric to measure model performance, with data

proportions adjusted at increments of 10% (from 10 to 90%, to find the optimal combination

for training and validation (80/20%).
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2.2.4 Model testing

Performance measurements

For this study, model classification performance was evaluated using five different metrics

calculated using the test portion of the dataset. These metrics were as follows: precision,

the number of true positives divided by the sum of true and false positives; recall, the

number of true positives divided by the sum of true positives and false negatives; overall

accuracy metric, the sum of all correctly classified elements divided by total elements; kappa

coefficient of agreement, a measure describing how well the model is performing compared

to the randomness (taking into account the possibility of agreement occurring by chance);

and finally, F-score, the harmonic mean of the precision and recall (Congalton, 1991) The

harmonic mean is biased towards observations with lower values. When all values have the

same magnitude, the harmonic and arithmetic means are equivalent. The F-score has a

maximum value of 1, representing perfect precision. Therefore, the F-score is maximized by

simultaneously maximizing precision and recall.

The out of bag score (OOB) was computed in addition to evaluating the performance of

the model. This measure computes the average misclassification ratio of non-training sam-

ples. The importance of this metric relies on offering an unbiased assessment of classification

performance, with values closer to 1 indicating good performance (Belgiu & Drăguţ, 2016).
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Effects of feature selection on model performance

The openly exploration of different combinations of variables to address model performance

was motivated by two main reasons. First to understand how different features affect the

performance of the model (Cai et al., 2018) second to overcome any potential bias resulting

from a feature importance analysis. This technique has been proven to favor variables

presenting high cardinality (Strobl et al., 2008, 2007), condition present on the dataset

for geographical features as well as growth DOY. Nonetheless a feature importance was

calculated for one of the models to observe the behavior.

To test this abovementioned point, the following variable combinations were used for

each year and for each season segment: all bands (B) including spectral bands 2, 3, 4, 5,

6, 7, 10, and 11 for Landsat 8; all bands and all weather parameters (BW), including the

mentioned spectral bands, precipitation, maximum and minimum temperature, VPD, and

GDU; all indices and all bands (VIB), including the mentioned spectral bands and NDVI,

EVI, GCVI, GVMI, and NDWI as vegetation indices; all indices and weather parameters

(VIW), including the five above mentioned weather parameters and five vegetation indices;

only weather parameters (W), testing five weather parameters; only indices (VI), including

only five vegetation indices; indices, weather parameters, and bands together (FULL), and

finally a model only containing latitude, longitude and day of the year (LLD). The models

most stable across years and within season (VIW; W; VI) were trained again analyzing all

possible interactions between the variables presented. Thus, we explored 31 combinations for

the W models, 31 combinations for the VI models, and 1023 combinations for the VIW mod-
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els. The number of models actually fitted was greater than the previous sum (31+31+1023)

due to the grid search approach for fine-tuning the hyperparameters. In order to account for

spatio-temporal correlation in the response variable induced by other features that may not

be captured by remote sensing (surface reflectance) and weather data, all model combinations

included field geolocation and DOY (Moeyersoms & Martens, 2015).

Because not all crop phenology classes were present between season segments due to the

characteristics of this variable, the accuracy values for each model during each season segment

for each year were retrieved to better understand the performance within and between years.

Model performance under temporal and spatial transferability

Following the completion of the first stage, the subsequent analyses were established to better

understand the performance and stability of the final model. To learn about the stability of

the model across years, the dataset was divided into training and validation based on year

separation. For this evaluation, we grouped the 6 years (2013-2018) according to the weather

trend combining average years (2014, 2017) with dry (2013, 2018) and wet ones (2015, 2016).

The same metrics (Overall accuracy, OOB, precision, recall and F1-score) were utilized to

test this analysis.

To explore the ability of the model while leading with spatial transferability (Belgiu

& Drăguţ, 2016), the dataset was divided into training and validation based on spatial

attributes, with a total of 40.519 elements (sum of all the phenological measurements across

the 6 years). This resulted on two datasets, a larger one comprised by the fields located in

the western part of the area under study (training) where fields are more aggregated. The
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validation dataset was smaller and composed by the fields in the east side of the geographic

area.

2.3 Results

2.3.1 Best combination of features and model performance

All models explored in this study classified crop phenology classes with an accuracy above

70%, except for the model combining all 21 variables (accuracy below 60%)(Fig. 2.2). For

this model, we also conducted a feature importance analysis (Fig. A.2). Although most

of the variables shared a similar importance, some were more relevant, such as latitude,

longitude and growth doy, associated to each phenology measurement (variables with high

cardinality), while others such as precipitation were deleterious. For remaining models,

accuracy ranged from 70 to 100% within a season and between years. The models with the

best performance between years and within season were I) combination between vegetation

indices and weather, II) weather III) vegetation indices, and IV) latitude, longitude and doy.

For these four models, all possible combinations between variables were tested. This resulted

in two models with the best performances, one composed by 5 vegetation indices and only

one weather parameter, VPD, where the accuracy assessment ranged from 86% to 98%; and

the other model composed only by latitude, longitude and doy, with an accuracy of 100%

for almost all the season segments – years (Fig. 2.2). Further discussion on this model is

presented in in the discussion, later on this manuscript.
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2.3.2 Classification using VIVPD model

The combination of features optimizing model performance was the following: DOY, EVI,

NDVI, NDWI, GCVI, GVMI, VPD, latitude, and longitude. A more detailed view of model

performance, spanning all growing seasons from 2013 to 2018 period, is presented as a

confusion matrix (Fig. 2.3). The overall accuracy for this classifier was 94%, (OOB 0.94),

and the Kappa coefficient was 0.93. Further details for each year and class are presented

in Table. A.2. Overall, model behavior was similar across classes and years except when

the number of elements (supports) was small (10). The latter scenario can be visualized

with class H for the 2018 year, where only 6 elements were present, and the metrics were

considerably smaller compared to other classes with more elements.

2.3.3 Classification using VIVPD model across years

Table. 2.2 presents the results when the model was transferred across years. In this analysis

the years 2014, 2015, 2017 and 2018 were part of the training dataset, and 2013 and 2016

(dry and wet years respectively) used as validation dataset. The overall accuracy was 93

percent, which was close to the hold-out cross-validation accuracy (Fig. 2.3). Furthermore,

all of the parameters for each class were similar, if not better, with precision values ranging

from 0.85 to 1, recall values ranging from 0.85 to 0.99, and f1 scores ranging from 0.86 to

0.97.

In addition to this split of years, other combinations were tested to observe the behavior

when using only wet years for the validation (2015 and 2016) and not present in the training
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set, and the opposite, allowing only dry years for the validation (2013 and 2018). In both

scenarios the overall accuracy was 0.94 for the first approach and 0.95 for the second, and

OOB score of 0.95 for both.

2.3.4 Classification using VIVPD model across space

The model tested for the spatial transferability of RF resulted on lower values of overall

accuracy and low metrics for some classes, such as H, LR2, ER, intermediate for IV1, EV,LR1

and better for IV2,LV and LH3. In all the cases the values were lower when compared against

the models previously mentioned (Table. 2.3).

2.4 Discussion

The proposed approach to characterize maize phenology presented the following main advan-

tages: i) use of publicly available data as model input, ii) prediction of phenology using high-

spatial resolution (30m), and iii) use of random forest for classification, allowing the trained

model to be easily deployed in GEE for efficient computing processing. These aspects, asso-

ciated with the stable model performance of phenology prediction when transferred across

years, ensures high generalization power. Future uses can be easily adapted for using higher

spatial resolution satellite data (e.g., Sentinel 2, 10 m), providing better opportunities for

small-scale farming in developing countries. In exploring a wide feature space for model

training and validation (5 weather variables, 5 VIs and 8 surface reflectance bands, latitude,

longitude, and DOY for image collection), we found that the full model (considering all 21
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predictors) did not perform well. The inferior results for the full model were potentially

related to the high correlation among the surface reflectance bands. Predictive models suffer

from multicollinearity issues when the independent variables are correlated, causing unpre-

dictable variance in the model outputs (overfitting) (Dormann et al., 2013; Schwalbert et

al., 2018). In the opposite scenario, a model based solely on geographical features and dates

created a potentially spurious ideal classification. When dealing with classification problems,

this situation is often avoided by dropping or transforming the features with high cardinal-

ity (Moeyersoms & Martens, 2015). Even yet, this aspect requires further consideration,

particularly when it comes to classification studies integrating agronomical data.

Alternatively, we documented superior performance when VIs and VPD were combined.

In addition to VPD (Basso & Ritchie, 2018; Fletcher et al., 2007; Messina et al., 2015), VIs

NDVI, EVI, and GCVI have been reported as useful in predicting crop development during

the growing season, especially for maize and soybean (Glycine max L.) (Masialeti et al., 2010;

Nguy-Robertson et al., 2012; Zhong, Hu, et al., 2016). Furthermore, latitude, longitude,

and DOY are strong indicators of how weather and solar radiation patterns influence crop

development (Deines et al., 2019; Z. Jin, Azzari, & Lobell, 2017) and dropping them for the

rest of the models could result on loosing relevant information.

From a testing standpoint, the model comprised of VI and VPD was stable across all

phenology classes, resulting in high classification metrics for the vast majority of them, even

in years when weather dynamics substantially impacted crop progress (F. Gao et al., 2020;

M. A. White et al., 1997), and when tested explicitly for temporal transferability. This
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latter becomes even more relevant if we consider that the classes correctly classified in all

the scenarios correspond with the key developmental stages of the crop, such as emergence,

effective density, and yield definition.

These findings align with what was reported by Cai et al. (2018); S. Wang et al. (2019).

It is worth mentioning that at least one quality image (with less than 30% cloud cover) was

retrieved each month between May and September in every year. Although images were

available, data retrieved from certain fields was not sufficient to balance the dataset with

regard to phenology classes due in part to the characteristics of the ground truth dataset.

This resulted in good precision for classes with more observations but poor performance for

the underrepresented classes with a smaller number of data points (Japkowicz & Stephen,

2002; Shan et al., 2006). The underperformance of the model transferability across space

is also congruent with findings from Belgiu & Drăguţ (2016); Cai et al. (2018); S. Jin et

al. (2018). According to Pelletier et al. (2016); S. Wang et al. (2019) this can be overcome

when the territory remains similar as the training dataset, or they share similar weather

parameters. Although this could be true for land classification problems, our findings suggest

that phenology classification can be more susceptible to these changes.

The lack of quality satellite imagery data, the resulting decrease in the number of classi-

fied fields, and the changing environment with the consequent data shift could be remediated

with at least three possible solutions not currently addressed by this study. First, thanks to

the ability to obtain regular intervals of data for time series analysis, a fusion of satellites

(Bhowan et al., 2009; Liao et al., 2019) would facilitate retrieval of higher-quality data, with
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improved spatio-temporal resolution preventing data loss, and a better scenario for smooth-

ing techniques such as Savitzky-Golay fitting, locally weighed regression, spline smoothing,

and others. Second, because not all classes contained a balanced number of elements, differ-

ent methods can be applied to managed unbalanced data (F. Gao et al., 2017; Kitchenham,

1998), and ultimately result in a more robust classifier. Lastly, integration of remote sensing

data and crop model outputs (i.e., mechanistic- or process-based models) could aid in max-

imizing predictability power and spatio-temporal limits (Azzari et al., 2017; Clevers, 1997;

Dal Pozzolo et al., 2015; Z. Jin, Azzari, Burke, et al., 2017; Lobell et al., 2015; Sibley et al.,

2014).

2.5 Conclusion

Crop phenology monitoring is crucial for agricultural management since it enables growers,

stakeholders, policymakers, and government agencies to determine when the most critical

stages are occurring particularly during non-ideal conditions, due to biotic or abiotic stress,

where the theory departs from the reality. Is particularly in those cases where models like

the one described on this paper can facilitate the report of phenology, and to take more

inform decisions. Improving crop phenology classification is becoming more prevalent as

current and future research focuses on satellite data fusion and the use of mechanistic or

process-based models to enhance spatio-temporal resolution. The findings presented on this

paper showed strong classification metrics across years and proven the ability of spectral

and weather features to assist in phenology classification. The proposed model also has
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been tested for spatial transferability and although promising future work should be put on

understand the mechanism behind the model behavior.
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Figure 2.1: a) area of study highlighting, the USA, in green and Kansas in blue (b) Area of study. The purple points correspond
to phenology measurements in Kansas’s Southwest Agricultural District; the orange area corresponds to Landsat 8 tile 30/34,
which covers the area under study. (c) Zoomed-in highlight of the Southwest Agricultural District (light blue area) and the
location of each phenology measurement. Maps were created using ArcGIS software version 10.7 by Esri. ArcGIS and ArcMap
are the intellectual property of Esri and are used herein under license. Copyright Esri. All rights reserved. For more information
about Esri software, please visit www.esri.com.
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Figure 2.2: Accuracy values for each model during the season from 2013 to 2018. The black horizontal line shows the lowest
value recorded. B = spectral bands 2, 3, 4, 5, 6, 7, 10, and 11 for Landsat 8; BW = spectral bands in addition to precipitation,
maximum and minimum temperature, VPD, and GDU (weather parameters); VIB = spectral bands in addition to NDVI, EVI,
GCVI, GVMI, and NDWI (vegetation indices); VIVPD = vegetation indices and vapor pressure deficit (VPD); W = weather
parameters; VI = vegetation indices; FULL = spectral bands, weather parameters, and vegetation indices; LLD = latitude,
longitude and doy.
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Figure 2.3: For the years 2013 to 2018, a classification matrix was created that included all classified elements, their magnitude,
as well as precision and recall scores. The true classes are on the Y axe, while the model’s predictions are on the X axe. The
number of fields classified is represented visually by the size of the bubbles; the numbers along the main diagonal represent
those successfully classified.
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Table 2.1: Phenology classes (IV1-H) after re-grouping the phenological stages (VE - R6).
IV1 = initial vegetative 1, IV2 = initial vegetative 2, EV = early vegetative, LV = late
vegetative, ER = early reproductive, LR1 = late reproductive 1, LR2 = late reproductive 2,
LR3 = late reproductive 3, H = harvest.

Class Stages on the dataset

IV1 VE-V1
IV2 V2-V4
EV V5-V8
LV V9-Vnth
ER VT-R3
LR1 R4
LR2 R5
LR3 R6
H Harvest

Table 2.2: Classification metrics when 2014, 2015, 2017, and 2018 years were used to train the
model, and 2013 and 2016 as validation dataset. A total of 14431 elements (corresponding
to the phenological measurements for the years 2013 and 2016) were used for validation and
a total of 26088 elements (corresponding to the p phenological measurements for the years
2013, 2015, 2017 and 2018) were used for training.

Class f1-score Precision Recall

IV1 0.91 0.98 0.85
IV2 0.94 0.94 0.94
EV 0.86 0.85 0.86
LV 0.91 0.85 0.96
ER 0.92 0.94 0.91
LR1 0.96 0.98 0.94
LR2 0.88 0.88 0.88
LR3 0.97 0.95 0.99
H 0.95 1.0 0.90

Accuracy 0.93

OOB 0.94
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Table 2.3: Classification metrics when testing for spatial transferability using all the years.

Class F1-Score Precision Recall

IV1 0.60 0.97 0.43
IV2 0.83 0.77 0.90
EV 0.67 0.73 0.62
LV 0.85 0.80 0.91
ER 0.40 0.60 0.30
LR1 0.65 0.55 0.78
LR2 0.33 0.68 0.22
LR3 0.85 0.76 0.96
H 0.23 0.40 0.15

Accuracy 0.72

OOB 0.75
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Abstract

For farmers, policymakers, and government agencies, it is critical to accurately define agri-

cultural crop phenology and its spatial-temporal variability. At the moment, two approaches

are utilized to report crop phenology. On one hand, land surface phenology provides informa-

tion about the overall trend, whereas weekly reports from USDA-NASS provide information

about the development of particular crops at the regional level. High-cadence earth ob-

servations might help to improve the accuracy of these estimations and bring more precise

crop phenology classifications closer to what farmers demand. The second component of the

proposed solution requires the use of robust classifiers (e.g., random forest, RF) capable of

successfully managing large data sets. To evaluate this solution, this study compared the

output of a RF classifier model using weather, two different satellite sources (Planet Fusion;

PF and Sentinel-2; S-2), and ground truth data to improve maize (Zea mays L.) crop phenol-

ogy classification using two regions in Kansas (Southwest and Central) as a testbed during

the 2017 growing season. Our findings suggests that high temporal resolution (PF) data can

significantly improve crop classification metrics (F1-score = 0.94) relative to S-2 (F1-score =

0.86). Additionally, a decline in the F1-score between 0.74 and 0.60 was obtained when we

assessed the ability of S-2 to extend the temporal forecast for crop phenology. This research

highlights the critical nature of very high temporal resolution (daily) earth observation data

for crop monitoring and decision making in agriculture.
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3.1 Introduction

Crop phenology is the study of biological processes such as emergence, flowering, and senes-

cence that are linked to and in response to environmental growing conditions (Liang et al.,

2011). Understanding changes in crop phenology and their response to climatic conditions is

critical for production-beneficial management practices (Ruml & Vulić, 2005). While the lit-

erature describes several initiatives to address crop phenology via earth observations (remote

sensing) (Henebry & de Beurs, 2013; Sakamoto et al., 2010; Shihua et al., 2014; H. Wang et

al., 2020), or mathematical models supported on weather information (Rezaei et al., 2018;

Sharifi et al., 2017), the metrics reported from those studies are not easily translated into

effective agronomic management strategies. For instance, Land Surface Phenology (LSP)

determines the change in green vegetation condition by identifying changes in the vegetation

seasonal pattern using remote sensing technologies (Henebry & de Beurs, 2013), but these

changes do not directly reflect the true phenological stage of a distinctive crop (F. Gao &

Zhang, 2021). Crop phenology shows more relevant stages from an agronomic perspective,

which are closely connected to the critical stages when management approaches may and

should be handled.

In the United States, official phenology crop progress estimates are based on weekly survey

data obtained from a network of regional extension agricultural agents (F. Gao & Zhang,

2021). These reports summarize crop development by agricultural district in percentage

terms, combining some growth stages into broader categories. While this is a valuable source

of knowledge, the data gathering procedure is time-consuming and labor-intensive, and may
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not adequately represent a county or district, or the reality of a single farm, with a high

degree of fidelity (F. Gao et al., 2017). Additionally, a marked decrease in the reporting of

certain crops such as soybean (Glycine max L.), sorghum (Sorghum bicolor L.), or sunflower

(Helianthus annus L.), has been documented in recent years (United States Department of

Agriculture (USDA), 2018a,b), based on the information from the weekly reports, creating

an information gap for critical crops.

Whereas remote sensing technologies have historically assisted in the execution of a va-

riety of Earth observation activities (Vina et al., 2004; M. A. White et al., 1997; X. Zhang

et al., 2003) current sensors and future missions are aiding in addressing tasks that need

high cadence observation (Houborg et al., 2015; Rast & Painter, 2019; Wulder et al., 2019).

These features are one of the most crucial factors to address crop phenology progress and

monitor changes in vegetation dynamics over space and time domains (F. Gao & Zhang,

2021). Sensors with daily or near-daily coverage have not traditionally been available at the

spatial resolution needed for field analysis, while those sensors with high spatial resolution

have been characterized by a comparatively low revisit period. Several fusion efforts are un-

derway to merge those characteristics, scattered through different spaceborne and airborne

sensors, into one product to retrieve higher temporal, spatial, and spectral resolutions (Arun

et al., 2022; Claverie et al., 2018; F. Gao et al., 2017; Liao et al., 2019). Data fusion, leaning

on the use of deep learning and multimodality, is currently the best path to achieve within

season analysis capable of thoroughly characterizing crop growth in both large- and small-

scale environments or landscapes (Arun et al., 2022; F. Gao et al., 2017; Schramowski et al.,
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2020).

Along with high-cadence data, robust classifiers capable of managing large data sets

with acceptable trade-offs and stability while staying computationally feasible are required

for classifying the numerous phenological phases successfully (Gislason et al., 2006). For

decades, Random Forest (RF) (Breiman, 2001) has proved to be useful for remote sensing

applications (Belgiu & Drăguţ, 2016; Pal, 2005; V. F. Rodriguez-Galiano et al., 2012). In

a study comparing more than 170 classifiers, Fernández-Delgado et al. (2014) reported a

superior performance for RF mainly when dealing with large and unbalanced data sets.

These characteristics, along with their simplicity and processing speed, make RF the classifier

of choice in a wide variety of scenarios, where data sets are not large enough to test more

complex machine learning methodologies such as neural networks (V. Rodriguez-Galiano

et al., 2015). A significant question addressed in this publication is whether high-cadence

satellite data influence crop phenology classification for agronomic applications. The focus

of this research is to compare the output of an RF classifier model, testing two different

sources of satellite data varying in their temporal and spatial resolution in combination with

weather data. The specific objectives for this study were: (i) to utilize surface reflectance

data from Planet’s data fusion product (PF-SR) and ESA’s Sentinel-2 sensors to quantify

performance for crop phenology classification; and (ii) to evaluate the spatial transferability

of the generated model by testing its performance in two distinct maize production regions,

Southwest: mainly irrigated with average yields above 11 Mg ha-1; and Central: rainfed,

yields below 9 Mg ha-1, within the state of Kansas, in the Great Plains region of the United
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States (US) during the 2017 growing season.

3.2 Materials and Methods

3.2.1 Study area

The present study was conducted in the state of Kansas (US) within the Southwest (SW)

region comprising the counties of Morton, Stanton, Grant, and Stevens and the Central

(CK) region constituted by the counties of Stafford and Pratt (Fig. 3.1,a). The precipitation

pattern in Kansas is highly uneven in both quantity and distribution, ranging from over 1000

mm from the southeast to less than 300 mm in the west region of the state. For the two

regions selected in this study, these levels ranged from 500 to 800 mm for the CK (rainfed

region) and from 300 to 500 mm for the SW region (Lin et al., 2017). The size of the fields,

as well as standard management practices such as ground water irrigation, differ in these

two regions. The SW region is mostly dominated by larger fields relative to the CK, and

a higher number of irrigation pivots (fed from the Ogallala Aquifer), resulting in higher

maize yields averaging 11 Mg ha-1 for year 2019 (United States Department of Agriculture

(USDA), 2018b). In contrast, the CK region is characterized by smaller fields and mainly

dominated by rainfed agriculture with an average maize yield of 9 Mg ha-1 for the year 2019

(United States Department of Agriculture (USDA), 2018b).
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3.2.2 Data characteristics

Reference ground field data

Acquiring quality environmental data may be challenging and expensive, even more when

dealing with extensive geographic areas (Hanks et al., 2011; Ruiz-Gutierrez et al., 2016).

This requires not just data collection and subsequent storage, but also the training of a

person capable of delivering the information with minimal to no bias or errors. Despite these

substantial obstacles, ground-truth field data continue to be the most reliable and closest to

the true condition of the system (Dickinson et al., 2012; Hooten et al., 2007). For this study,

we were able to acquire a valuable source of ground-truth data from Crop Quest Inc., which

included geolocated fields spanning many states in the Central region of the United States.

This data set was developed during a five-year period, from 2013 to 2017, by conducting

repeated trips to each farmer field to document maize crop phenology changes during the

growing season. Only the growing season 2017 was analyzed in the present manuscript due

to a conjunction of events, related to the sources of information.

On average, each field was visited 5 times during the season; although, this varied within

all field observation collected and summarized in this large database. The crop phenology

stages present in the data set followed the scale described on Fig. 3.1,b , based on Ciampitti

et al. (2016). The final database included geolocated fields for both regions, crop phenology

measurements per field, and the date of data collection.
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Remote sensing data and weather variables

Google Earth Engine (GEE) was used to retrieve and analyze spectral remote sensing data,

as well as for the weather information (Fig. 3.1, c). This cloud-based platform enabled the

processing of large data sets and provided access to a wide library of pre-processed satellite

images, climate, and land cover data, as well as built-in algorithms and vector data (Gorelick

et al., 2017; Kumar & Mutanga, 2018).

Planet Fusion Product

For the 2017 season, our industry partner provided daily, 3 m resolution, Planet Fusion (PF)

Surface Reflectance (SR) data (Planet Fusion Team, 2021). Planet Fusion constitutes a

comprehensive fusion methodology based on the CESTEM algorithm (Houborg & McCabe,

2018a,b) to inter-calibrate, harmonize, enhance, and fuse multi-sensor data streams lever-

aging rigorously calibrated public mission (i.e., Sentinel-2, Landsat 8, MODIS, and VIIRS)

products in concert with the higher spatial and temporal resolution CubeSat images from the

PlanetScope constellations. PF uses the Framework for Operational Radiometric Correction

for Environmental Monitoring (FORCE) (Frantz, 2019) to generate a harmonized Sentinel-2

and Landsat 8 BRDF adjusted SR product to be used as the calibration target during the

CESTEM-based harmonization step. Additional PF features include: (1) sub-pixel fine geo-

metric alignment of source imagery; (2) rigorous, temporally driven, cloud and cloud shadow

detection; (3) fusion of Sentinel-2 and Landsat 8 data to help fill gaps in PlanetScope cover-

age; and (4) advanced gap-filling. PF delivers daily, gap-filled, 4-band (0.45–0.51, 0.53–0.59,
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0.64–0.67, and 0.85–0.88 µm) sensor agnostic SR data characterized by enhanced radiometric

stability and consistency across space and time to support advanced analytics. The PF data

were provided with a 3 m pixel size as regularly gridded raster tiles (24 by 24 km) in UTM

projection.

Due to the high temporal frequency, spatial resolution, and quality of data, this product

could prove to be an excellent resource for dealing with detailed crop phenology and its

temporal variation. For the SW region, tiles 11E-172 N and 11E-173 N were utilized, as well

as tile 21E-174 N for the CK region. Both spectral and associated metadata from each tile

were uploaded to GEE via the Google Cloud Repository and organized into a collection for

convenient access during feature extraction.

Sentinel-2

Sentinel-2 (S-2) is an optical satellite constellation developed by the European Space Agency

(ESA) that is composed of two complementary spacecraft (S-2A and S-2B). This constellation

was chosen to compare the PF product to a publicly available, well-studied, and widely

reported satellite with a high temporal resolution (median average revisit intervals of 3.7

days, (J. Li & Roy, 2017)) and spatial resolution (10, 20, and 60 m, (Drusch et al., 2012)).

Tile T14SKG covering southwest Kansas, was used to generate level-2A surface re-

flectance data using the Sen2Cor processor (Main-Knorn et al., 2017). This operation was

carried out manually using the Sentinel Application Platform (SNAP) and the Sen2Cor plu-

gin (version 2.8), as not all tiles for level-2A are available from the GEE archives for the year

2017 over the state of Kansas. Once the images were converted to bottom of atmosphere
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reflectance, they were uploaded to GEE for the purpose of calculating the various vegetation

indices.

Even though 12 images were produced for the 2017 growing season, only eight of them

showed less than 20% cloud cover, and only five of them were time corresponding with

observations made during the ground truth field data gathering.

Spectral bands and vegetation indices

A suite of Vegetation indices (VI) including the Normalized Difference Vegetation Index

(NDVI), Enhanced Vegetation Index (EVI), Green Chlorophyll Vegetation Index (GCVI),

Chlorophyll Vegetation Index (CVI), and Normalized Green Index (NGI) were calculated

based on the spectral bands from both products (PF and S-2). Extensive literature is

associated with these indices and their capability to monitor vegetation dynamics (Gitelson

et al., 2003; Tucker, 1977, 1979; Turner et al., 1999; Viña et al., 2011).

NDVI is supported by the fact that green/healthy vegetation will have a higher reflectance

in the near infrared (NIR) while absorbing in the red band due to the chlorophyll content in

the leaf (Tucker, 1979). While extensively utilized, it is well established that this indicator

saturates at intermediate biomass levels, owing mostly to its limited sensitivity to elevated

chlorophyll concentrations, especially problematic in maize fields. The EVI integrates the

blue band to limit the impact of certain atmospheric phenomena and more precisely capture

changes in plant canopy, particularly under high productivity areas (A. Huete et al., 2002;

H. Q. Liu & Huete, 1995), making this vegetation index as an effective alternative to the

problem from using NDVI. GCVI has been proven to present a greater linear connection

47



with the leaf area index of maize than other indices and, unlike NDVI, does not saturate as

quickly at high biomass levels (Gitelson et al., 2003). Lastly, both CVI and NGI have been

widely used due to their responsiveness to changes in the chlorophyll content of the crop

(Sripada et al., 2006; Vincini & Frazzi, 2011).

Weather variables

Weather variables were derived from the GEE archives based on gridded surface meteorolog-

ical data (GRIDMET), (Abatzoglou, 2013). This data set integrates high-resolution spatial

data from PRISM (2.5 arc minute, 4 km) with regular temporal resolution data from the

North American Land Data Assimilation System (NLDAS) (Abatzoglou et al., 2014). The

main meteorological variables retrieved for the analysis were mean, minimum, and maximum

temperatures, precipitation, and vapor pressure deficit (VPD), all on a daily temporal scale.

3.2.3 Data preparation

To extract circular fields linked to irrigated pivot operations, the Canny edge detector

(Canny, 1986) method was implemented on the GEE platform. Using this mask, in conjunc-

tion with the fields under study, we were able to construct a layer that included information

about the geolocation and phenology of each irrigation field in the data set. As a result,

the mean values of the spectral bands (red, green, blue, and NIR), VIs (NDVI, EVI, GCVI,

CVI, and NGI), and the weather parameters (precipitation, minimum temperature, maxi-

mum temperature, and VPD) associated with each field for each given date were all gathered

to construct the main database with both sensors.
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Despite PF daily availability, only images day-coincident with the ground-based phenol-

ogy collections (a total of 91 dates) were utilized (Fig. 3.2). These dates were distributed

between 1 May and 30 October. The same method was applied to S-2 data after filtering

based on a cloud mask with a cloud threshold less or equal to 20%. During that process,

S-2 images with less than 20% cloud cover were retained for the analyses. With this filtering

protocol, only five S-2 images (dates: 15 June, 30 June, 5 July, 25 July, and 14 August) were

available on the same date as the phenology collections (Fig. 3.2). Due to this temporal lim-

itation, additional studies were conducted to also consider phenology data acquired within

3 and 10 days of the image collection. As a result, this stage of the study analyzed three

data sets: (i) containing the spectral band values, VIs, and weather parameters for the exact

phenology date; (ii) same parameters as in (i) spanning three days before and after the crop

phenology collection date (7 days total); and (iii) same parameters as in (i) ranging ten days

before and after the crop phenology collection date (21 days total).

3.2.4 Random forest

The Random Forest (RF) classifier was implemented with the Scikit-Learn library (Pedregosa

et al., 2011), in a Python 3.8 environment. RF represents a supervised classifier, learning

from training samples; thus, the quality of training instances is a key component in the clas-

sification process. The RF classifier, in addition, is an ensemble classifier, in which multiple

decision trees are utilized to improve generalizability and, therefore, resilience by using a

randomly selected subset of training samples and variables (Dietterich, 2000). All these as-
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pects contribute to the creation of accurate classifications, as well as the processing of large

amounts of data. It has been utilized in remote sensing for more than two decades, proving

valuable in the handling of high-dimensional data, unbalanced data sets, and multi-target

problems, while remaining simple and adaptable using multiple hyperparameters (Belgiu &

Drăguţ, 2016; Gómez et al., 2016; Pal, 2005; Pelletier et al., 2016; V. F. Rodriguez-Galiano

et al., 2012; Tatsumi et al., 2015).

To produce a more robust model in this study, the hyperparameters were derived based on

an exhaustive grid search checking for various values at each hyperparameter and retaining

the ones that resulted in the best performance. The data set for this test was created by

combining the variables in their final configuration (further details presented in the section

below). This resulted in the following hyperparameter values: bootstrap: True; maximum

tree depth: 10; maximum number of features required to do the best split: ‘auto’; minimum

sample size per leaf: 2; minimum sample size required to execute the split: 2; number of

trees: 1000. To evaluate performance, the data sets (PF and S-2) were split into training,

validation, and test sections for each experiment. From the total of the data, 70% was used

for training purposes and validation (fraction A) and 30% for model assessment (fraction B).

Fraction A was further divided into 70% for training (fraction Aa) and 30% for validation

(fraction Ab).

Performance metrics

When evaluating the performance of RF, the most commonly used metrics are overall ac-

curacy, precision, recall, and F1-score (Congalton, 1991). Considering the examples in the
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literature we can obtain these metrics following the Equations 3.1, 3.2, 3.3, 3.4 (Goutte &

Gaussier, 2005). Most of the literature studying the performance of these metrics is centered

on balanced binary classifications.

In this paper, the ground-truth data set presents more than 18 classes, where each class

does not contain the same number of samples. According to (Branco et al., 2016), F1-

score, defined as the harmonic mean of precision and recall, can be a useful metric to use

with respect to unbalanced data sets. In contrast, the use of overall accuracy, the total

of correctly identified elements divided by total number of elements to be classified, can

be misleading since it will favor the most represented class (G. H. Nguyen et al., 2009).

Precision represents the fraction of samples assigned to the class that are in fact part of the

class, and recall represents how well the class was predicted.

accuracy =
True positives + True negatives

All samples
(3.1)

precision =
True positives

True positives + False positives
(3.2)

recall =
True positives

True positives + False negatives
(3.3)

F1 score =
Precision x Recall

Precision + Recall
(3.4)
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Feature importance

In classification tasks, feature selection is commonly used to reduce the dimensionality of the

data set (Gislason et al., 2004; V. F. Rodriguez-Galiano et al., 2012) and to inform on the

relative influence of each variable in the model. To narrow down the possible combinations

of variables to produce the best classifier, a feature importance analysis was conducted based

on the PF data set, for both the SW and CK regions. For this purpose, all the variables

(VIs, spectral bands, weather data, geolocation of the fields, and day of the year of field

collections) were utilized.

3.3 Results

3.3.1 Best combination of variables

The analysis of the feature importance from the SW region data set revealed that NIR band

(B4) and EVI, as well as the minimum and maximum temperatures (Tmin and Tmax),

VPD, and DOY, were associated with the highest scores. When all the variables were

combined, we found that the best F1-scores were 0.94 for the SW region and 0.93 for the

CK region. Additionally, and to investigate other model possibilities, several combinations

were attempted (only spectral data; only weather parameters; EVI and weather; B4 and

weather, etc.). The lowest F1-scores were derived when the model was only driven by

weather variables, with 0.79 for SW and 0.76 for CK regions.
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3.3.2 Model performance using PF data in both regions

The model including NIR, EVI, Tmin, Tmax, VPD, and DOY was utilized to classify regions,

yielding F1 values of 0.94 for the SW and 0.93 for the CK regions (Fig. 3.3, a, b). The

classification results for each crop phenological stage are presented as a confusion matrix,

where all the components that were correctly identified are along the main diagonal, as well

as the resulting precision and recall along the X and Y axes.

When examining the SW area in detail, most of stages produced values between 1.0 and

0.75 (recall) and 1.0 to 0.80 (precision), whereas certain stages, such as R1, R3, and V15,

showed poor metrics ranging from 0 to 0.66. Similarly, the findings for the CK region showed

that most stages had recall values ranging from 1.0 to 0.87, but some (R2, V10, V11, V12,

and V13) exhibited recall values below 0.67. When the precision is considered, all stages

ranged from 0.76 to 1.0.

3.3.3 Model performance using Sentinel-2 data

When the same model was applied to S-2 data, the findings were inferior to those previously

discussed in this paper. The first data set included just three crop phenological stages, due to

the season timeframe captured by the images. The classification resulted in an overall high

F1-score (0.86), but inconsistent metrics for each stage, for example, for VT stage both recall

and precision were zero (Fig. 3.4, a). As a second step, the performance of the extended

data set, including data from 3 days before and after the time of field data collection, was

tested. In this experiment, the overall F1-score was reduced to 0.74 but more phenological
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stages were part of the data set. Lastly, the test was repeated by expanding the search from

3 to 10 days before and after the field data collection time. This resulted in an F1-score of

0.58 with several crop phenology stages still not classified (null metrics). When the S-2 data

set was employed, the overall performance was consistently inferior to when the PF product

was utilized (Fig. 3.4).

3.4 Discussion

This study demonstrates the benefits of having access to high-cadence earth observation at

both spatio-temporal dimensions. This analysis employs a simple model trained on spectral

characteristics, meteorological variables, and high-quality ground truth labels to achieve

optimal crop phenology classification, using maize crop in this US region as testbed for this

case study. The findings presented in this study are in accordance with those observed when

tracking crop phenology (Bandaru et al., 2020; Gislason et al., 2004; Liang et al., 2011;

B. Peng et al., 2018; M. A. White et al., 1997), most notably the importance of enhanced

temporal resolution (F. Gao et al., 2017; F. Gao & Zhang, 2021; Nieto et al., 2021).

This combination of variables resulted in overall classification metrics higher than 0.90,

with each phenological stage identified accurately as described in sections above. Despite

the disparities in the characterization of both regions under analysis (SW and CK) in terms

of climate, field size, and average yield, the model performance was similar for both areas

using the same combination of variables. Previous studies have highlighted the importance

of VIs when monitoring changes in crop phenology, and particularly EVI has been found
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to outperform a broad variety of VIs in maize fields (F. Gao et al., 2020; Tatsumi et al.,

2015; Zhong, Hu, et al., 2016; Zhong, Yu, et al., 2016). In addition, promising results were

achieved by Cai, Guan, Lobell, et al. (2019) relying on the NIR band. On the other hand,

inclusion of relevant weather variables is crucial to describing changes in crop phenology and

development, as demonstrated in modeling scenarios (Bai et al., 2010; Cai et al., 2018), with

air temperature among the most relevant variables (Joshi et al., 2021). In addition, VPD has

been strongly associated with water stress and the consequent impact on crop development

(Azzari et al., 2017; S. Zhang et al., 2017).

This study also highlights the relevancy of high-cadence satellite data for classifying

crop phenology more accurately. Due to cloud cover only a few S-2 images were available

during the 2017 growing season. This significantly reduced the likelihood of finding an image

acquired on the same day as the field data collection, which affected the ability to classify

the crop phenology stages. In order to emphasize the importance of temporal resolution

for this purpose, a sensitivity analysis using PF data only was conducted evaluating the

performance implications of excluding data from within 1, 2, and 3 days of the date of the

field data collection, respectively. The ability of the classifier to achieve high prediction

metrics was substantially reduced by 12% with the 2-day, and by roughly more than 40%,

with the 3-day departure, especially during crop developmental phases around the time of

flowering (e.g., V12, V13, and V19). These results emphasize the importance of having

access to low-latency spectral data, particularly during periods of rapid crop growth.

Potential caveats and uncertainties from the analysis are related to problems associated
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with multiclass classification and imbalanced data sets. Most of the methods to treat imbal-

anced data sets rely on binary problems (Hsiao et al., 2019) and solutions are not extensively

proven. Having access to daily spectral data as well as increasing the number of ground truth

samples represent key factors in the attempt to build more reliable predictions. In this study,

this was partially overcome using the daily PF product that resulted in very robust and con-

sistent classification results. More efforts are being conducted towards the development and

availability of fusion products, such as the Harmonized Land-sat-Sentinel (HLS); although,

it was not implemented on this analysis since, at the time, it was suggested to not be yet

used for scientific purposes (Hoens et al., 2012).

Further research should focus on verifying the existing model on smaller scales (e.g.,

smallholder farms) to determine its transferability to more complex farming systems and

management approaches, as well as its contribution to precision agriculture initiatives (LP

DAAC, n.d.; Mulla, 2013). Additionally, since this study focused only on maize, a crop

with well-defined stages, further research incorporating soybeans, sorghum, and sunflower,

among others, should be explored. Extending the research period to include seasonal weather

scenarios representative of current and future climatic conditions (e.g., heat, drought, and

changes in rain patterns) in the context of climate change is another critical avenue to

pursue, as is examining the influence of hyperspectral data from DECIS, HISUI, PRISMA,

and future CHIME, and SBG missions (Seeley & Asner, 2021).
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3.5 Conclusions

A proposed random forest model combining satellite-based (NIR band surface reflectance,

and EVI), weather data (maximum and minimum temperatures, and VPD), and day of the

year enabled a high-quality crop phenology classification for maize crops under two con-

trasting production regions. The study highlights the critical importance of having access

to high-cadence earth observation, as well as high-quality ground truth data. Classification

accuracy was shown to decrease significantly when comparing performance metrics from a

scenario with limited temporal availability (S-2 clear-sky images) with a daily data scenario

(Planet Fusion product), particularly when the same image was used to make inferences

about the future or the past. In summary, this study successfully portrayed the spatial

transferability of this satellite- and weather-based crop phenology model applied to con-

trasting maize producing regions while preserving performance. Therefore, this simple crop

phenology model can become a promising tool that still needs to be globally tested.

Most of the existing crop phenology solutions rely on broad metrics as well as large

geographic regions. While these are important tools for policymakers and governments to

use when making global or regional decisions, there is still room for development in terms of

farmer solutions. Additionally, these measurements do not reflect the crop’s real status but

rather the vegetation’s spectral information. This discrepancy between what is reported and

what occurs in the field might result in misconceptions and incorrect conclusions. Improving

crop phenology classification and reporting has a substantial influence on every step of the

food production chain, enabling accurate, proactive, rather than reactive, strategies at the
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regional and field level.
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Figure 3.1: (a) Area of study (a.1) state of Kansas (US), (a.2) Southwest (SW) region; the large orange rectangle represents
the Sentinel-2 tile covering the area; the green rectangle corresponds with the Planet Fusion (PF) tiles over the area; pink dots
represent ground truth field data collection sites, (a.3) Central KS (CK) region; green rectangle corresponds with the PF tile
over the area; yellow dots represent ground truth field data collection sites. (b) Maize phenology stages, with the phenology
scale used during ground truth data collection, following Ciampitti et al. (2016). (c) Sentinel-2 and PF data imagery and
GRIDMET data from the Google Earth Engine (GEE) repository, data availability differs temporally with 8 images collected
for Sentinel-2, and daily data for both PF and weather data during the 2017 growing season, varying with the day of the year
(DOY).
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Figure 3.2: EVI temporal series for the 2017 maize growing season for SW fields using Sentinel-2 (solid green line) and PF (dash
blue line). The shaded area around both lines represent the standard deviation of the EVI values for the fields under study
(pink dots 3.1 (a.2)). Maize phenology progress and development stages is depicted on the x-axis.
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Figure 3.3: (a) Confusion matrices with PF-based classification results for the Southwest region (SW) and for (b) Central KS
region (CK), including recall and precision for each crop phenology stage, and F1-score and overall accuracy (OA).
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Figure 3.4: Confusion matrices with S-2 based classification results for the Southwest (SW) region, (a) including imagery on
the date of data collection, (b) including data within 3 days before and after, (c) including data within 10 days before and after.
All matrices include recall and precision for each crop phenology stage, and F1-score and overall accuracy (OA).
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Chapter 4

Using EfficientNet Pretrained Model

for Segmentation-Based Classification

of Agricultural Land Features: a case

study in Battambang, Cambodia

Abstract

Conservation agriculture is an enticing approach for improving soil health, increasing crop

yields, and offsetting the negative effects of conventional agriculture. Recent changes in land

use and agricultural expansion in Cambodia have brought to rapid changes in soil degra-

dation, threatening long-term productivity of current agricultural systems. To address this

issue, a systematic method for monitoring changes in agricultural land use is required, and
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remote sensing can be a useful tool for achieving this objective. Therefore, the aims of this

study are to implement a segmentation-based method for classifying land features linked to

changes in agricultural land use, placed as a case study in the province of Battambang, Cam-

bodia. To accomplish the image segmentation task, a deep learning model EfficientNetB2

was applied to a dataset that comprised a total of 6 classes (road, vegetation, forest, burned,

bare, and unclassified). Accuracy, Jaccard coefficient, and F1-score were used to evaluate

the performance of the model. The model used to classify all 6 classes resulted on an average

accuracy of 0.88, a Jaccard coefficient of 0.72, and an F1-score of 0.83. The outcomes of

this study demonstrate the potential of combining remote sensing and deep learning models

to effectively classify land features related to agricultural use. This can aid in monitoring

agricultural land changes over time and establish a foundation for building a strategy to

assist farmers in preserving their most valuable asset, their land.

4.1 Introduction

Conservation agriculture has evolved as a promising strategy for food production, empha-

sizing the preservation of natural resources such as soil and water (FAOa, n.d.). A set of

practices linked to conservation agriculture has gained substantial traction in the last decades

due to its potential to improve soil health, increase crop yields, and offset the negative envi-

ronmental implications of conventional farming practices (Palm et al., 2014). By adopting

those practices such as minimal (or reduced) tillage, crop rotation, and cover crops, conser-

vation agriculture aims to develop a robust and sustainable food production system over the
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long term (Hobbs et al., 2008; Lal, 2015). With an overgrowing population and increasing

pressure on natural resources, efficient and sustainable agricultural production is essential

(Lal, 2015).

As in many regions around the globe, new efficient and conservation approaches are

needed to advance towards the Sustainable Development Goals of the United Nations, and

the South Asia region is not exempt from this complex and challenging task. Within this

region, nations such as Cambodia, characterized by the small-scale family farms (FAOb,

n.d.) dominating the agricultural landscape is a relevant hot spot for advancing this critical

aspect for sustainable agricultural intensification.

According to Samkol et al. (2015) most of Cambodian farmers list rice (Oryza sativa L.)

as the main crop, with the average households owning 0.86 hectares (FAOb, n.d.). As a result

of the lack of crop diversification, land tenure, size of farm, and other economic restrictions,

farmers are frequently reluctant to take risks (Haushofer & Fehr, 2014), such as the one posed

by changing the traditional practices, even when on-farm studies have already documented

clear benefits in adoption of conservation practices. In addition, in recent decades, the

conversion of native forested regions to agricultural lands has resulted in rapid changes in

land use (Sourn et al., 2021). This process ends with negative consequences, impacting

natural resources and promoting soil degradation, including soil erosion and decreasing soil

fertility (Lemenih et al., 2005). In the short term, a clear effect on reduction in crop yield

is expected, but in the long-term, this process compromises the overall productivity of the

land (Homma et al., 2003).
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Assessing the status of degraded lands and overall area is relevant to better understanding

the nature of the problem and present solutions. Recent efforts on implementing strategies

avoiding new deforestation (Peter & Pheap, 2015) and investing in expanded protected areas

will help to mitigate the speed of land degradation over time. However, there is a trade-off

between expanding protected areas versus improving the overall management of the newly

established ones (Adams et al., 2019). It is evident that establishing a more systematic

approach for monitoring land changes over time is needed at the country-scale. Following

this rationale, implementation of remote sensing to assist in identifying land degradation

areas (Dubovyk, 2017; Sourn et al., 2022), and identifying regions where soil has been left

exposed (Viña et al., 2003) is a potential path forward. In recent years, access to powerful

computers as well as cloud computing allowed exploration of more complex classification

models, capable of working with larger datasets, and performing end-to-end training (Xie et

al., 2019). The use of deep convolutional neural networks (CNN) started to become more

ubiquitous to perform tasks for land use and classification (Ji et al., 2018; Zhong et al., 2019).

In the case of smallholders in Cambodia, when agricultural fields are small and closely spaced,

evaluating entire images without first segmenting them may result in misclassification due

to the intersection with trees or bare land. In addition to reducing this risk, segmentation

can minimize image noise and eliminate irrelevant characteristics that may hinder the model

performance of the classification process (L. Chen et al., 2021; Shirvani et al., 2023).

Developing a more robust data pipeline for segmentation of remote sensing satellite im-

agery can assist with the classification of land features and provide a foundation for es-
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tablishing a method to track changes in land use and degradation for smallholder farmers

in Cambodia. Therefore, the aims of this study were to implement a segmentation-based

method for classifying features associated with the agricultural management practices, using

high spatial resolution images, with focus in the Battambang province (as a case study) in

Cambodia.

4.2 Materials and methods

4.2.1 Study area

The present research was carried out in Cambodia, more specifically in the province of Bat-

tambang, over the Sangkae District (Fig. 4.1). The district is located between the coordinates

13.1°N and 103.1°E and encompasses approximately 421 square kilometers. The climate of

the region is tropical, with distinct wet and dry seasons.

The average length of the rainy season is from May to October, with the wettest months

from August to September (Sourn et al., 2021). The dry season typically runs from November

to April, with daytime temperatures between 25 and 35 degrees Celsius and nighttime lows

between 20 and 25 degrees Celsius (Sourn et al., 2021). Most of the soils of the region are

composed of lacustrine alluvial, and their high fertility makes them ideal for agricultural use

(Crocker, 1962).
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4.2.2 Satellite imagery and vegetation indices

The analysis of satellite images was temporally concentrated during the dry season for this

region of interest, spanning from November to April, coincident with the time when farmers

prepare the soil for the next planting season.

Planet Fusion (PF) combines the best attributes from public and private satellite sensor

resources to create a sensor-agnostic dataset. This is done by combining data from several

sensors (Sentinel-2, Landsat 8, MODIS, VIIRS, and CubeSat) into a daily, gap free, 3 meters

resolution image. This Analysis Ready Data (ARD) product has been proven in a variety

of scenarios, where both temporal and spatial resolutions are needed. Examples of this

are inter-day change detection, disturbance monitoring, dynamic land use and land cover

classification, crop phenology, vegetation growth monitoring, and biophysical property and

process retrievals (Planet, 2022). The PF data was provided as regularly gridded raster tiles

(24 by 24 kilometers) in UTM projection with a pixel size of 3 meters. The spectral data

and metadata from tile 13E-60N were uploaded to GEE via the Google Cloud Repository

and grouped into a collection to facilitate its later manipulation.

From the satellite imagery data, blue, green, read, and near infrared spectral bands along

with the calculation of the following vegetation indices Normalized Difference Vegetation In-

dex (NDVI), the Soil-Adjusted Vegetation Index (SAVI), and the Normalized Difference

Water Index (NDWI) were employed to acquire information on vegetation patterns, partic-

ularly since paddy rice is the predominant crop in the region. The NDVI (Rouse Jr et al.,

1974) is computed from reflectance measurements in the red and near-infrared (NIR) bands
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and it has been extensively utilized for monitoring vegetation, mapping land cover, and as-

sessing ecosystems. On the other hand, SAVI is a modification of NDVI that implements a

soil adjustment factor that mitigates the impact of soil reflectance on NDVI measurements

(A. R. Huete, 1988), making this index more suitable with sparse vegetation or strong soil

background reflectance. Lastly, the NDWI measures the water content of vegetation and the

existence of water bodies using the reflectance values in the green and NIR bands (McFeeters,

1996), with positive values indicating the presence of water, and negative values the absence

of this element.

4.2.3 Analysis

Change detection - Spectral distance

Change detection is an essential component of remote sensing analysis, identifying and mea-

suring variations in land cover and land use across time (Asokan & Anitha, 2019). Spectral

distance, a frequently employed technique for change detection, evaluates the distance be-

tween two or more spectral signatures and can be determined using several metrics, such

as the Euclidean distance (Carvalho Júnior et al., 2011). In this study, change detection

was performed using spectral distance on PF imagery, employing all the bands and indices

described in the previous section. The purpose was to identify the most appropriate period

during which major changes occurred. This step also assisted on selected relevant areas

generating enough variability for subsequent image segmentation tasks and to avoid relying

solely on subjective human observation.
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To accomplish this, we calculated the Euclidean distance between two consecutive daily

images taken before and after the ”event” date, which was specified as a list of dates from

January 3rd to April 28th, 2020, and 2021. The resulting distances were then sorted, and the

three greatest distances were identified for additional visual assessment with RGB composites

(Table. B.1). It is worth mentioning that only areas with evident agricultural patterns were

used, and areas with permanent forest were masked. After verifying the changes, two major

areas with the greatest distances were identified in the image, and smaller images were taken

from these regions for use in the image segmentation task.

Image segmentation

In general terms, we can define image segmentation as the process of partitioning an image

into homogeneous groups. This process in remote sensing is very well tight to classification

tasks, and in this way, objects are considered as the basic unit for analysis instead of pixels, as

it is the case for other popular classification tool such as Random Forest, k-means, maximum

likelihood (M. Li et al., 2014).

Once the targeted areas and timing were defined during the change detection step, smaller

images (chips) were generated. For this step, 50 random points were assigned within each

area and for each selected time an image of 512 by 512 pixels was retrieved for each point.

This resulted in 200 chips that later were uploaded for mask generation with 3 channel depth

(red, green, and blue).

The labeling step, probably one of the most time-consuming steps in any machine learning

project, was carried out using the tool Doodler Labeler (Buscombe & Goldstein, 2022). This
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free tool allows the user to doodle over the image with a color-coded pen, based on the user

pre-defined classes. This creates as semi-interactive, one-by-one, image labeling assuring

the user though visual inspection if the image was correctly segmented or not (Buscombe

& Goldstein, 2022). For our experiment, 6 classes were defined: road, vegetation, forest,

burned, bare, and unclassified (Table. 4.1). An example for the classification highlighting

the burned areas (crop residue burned before planting next crop) and bare soil is presented

in figure 4.2, where the magenta color belongs to the burned areas and cyan areas is the

label color for the bare soil.

Image augmentation

To increase the variability of the dataset and reduce overfitting, while also increasing the

number of images, data augmentation was applied to the images. The following augmen-

tations were applied: Random crop, this augmentation randomly crops the input image to

the specified ”width” and ”height”. Horizontal and vertical flip, these augmentations flip

the input image horizontally and vertically respectively. Rotation, this augmentation rotates

the input image by a random angle within the specified range of 60 to 300 degrees. Random

brightness and contrast adjustments, this augmentation randomly adjusts the brightness and

contrast of the input image. The brightness was adjusted by a random factor within the

range of -0.2 to 0.3, and the contrast was adjusted by a random factor within the range of -0.2

to 0.2. CLAHE, grid distortion, and optical distortion, this augmentation randomly applies

one of these three types of distortion to the input image. The CLAHE augmentation applies

Contrast Limited Adaptive Histogram Equalization to enhance details in low-contrast areas
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of the image. The Grid Distortion augmentation applies a random grid distortion to the

image to introduce more variation. The Optical Distortion augmentation applies a random

optical distortion to the image to simulate changes in perspective. The final augmented

dataset was used to train the deep learning model.

Convolutional Neural Network – U-Net and Efficient Net

For this analysis, we employed a U-Net architecture from the segmentation models library

(Iakubovskii, 2019). The U-Net is a convolutional neural network architecture that was

initially developed for biomedical image segmentation but has since been adapted for differ-

ent types of image segmentation tasks. A contracting path (consisting of convolutional and

pooling layers that reduce the spatial resolution of the input) is followed by an expanding

path in the U-Net architecture (which consists of transposed convolutions and concatena-

tion operations that increase the spatial resolution of the output). Important for accurate

segmentation, this architecture enables the network to capture both high-level and low-level

features of the input image. Efficient Nets is a family of convolutional neural network archi-

tecture designed to achieve state-of-the-art image classification performance while keeping a

small model size (Tan & Le, 2019). It employs a compound scaling strategy that optimizes

the performance of the model by balancing the number of layers width, and resolution of

the network. For this study, we used EfficientNet B2 (Tan & Le, 2019) as the backbone

to initialize an encoder-decoder segmentation model in the U-Net architecture. This net-

work can take advantage of the pre-trained features learned by EfficientNet B2 to improve

the accuracy of segmentation. The overall model was then compiled with the categorical
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cross-entropy loss, trained using the Adam optimizer, and early stopping was used as a reg-

ularization technique. To evaluate the performance of the model, we implemented K-fold

cross-validation with k=4 folds. The model was trained on the training set, and the accuracy,

Jaccard coefficient, confusion matrix, and F1 score were calculated on the test set.

4.2.4 Metrics

Several metrics commonly used in image segmentation tasks were used to evaluate the perfor-

mance of the model, including accuracy, confusion matrix, F1 score and Jaccard coefficient.

We can define accuracy as the ratio between the correctly classified elements (or pixels) over

the total number; F1 score is calculated as the harmonic mean between precision and recall,

hence these other two metrics were also calculated for the dataset. Precision can be defined

as proportion of true positive predictions among all positive predictions, whereas recall is

the proportion of true positive estimates among all true positive samples (Congalton, 1991).

Jaccard coefficient is the metric most associated to image segmentation, which calculates the

similarity between two sets of data, usually between the true label and the predicted (Wu

et al., 2019).
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4.3 Results

4.3.1 Change detection

The greatest distance between two consecutive daily images occurred on March 18th and

March 22nd, 2021, with a distance of 118. The second-greatest distance was observed be-

tween February 13th and February 17th, 2020, with a distance of 111. The third-greatest

distance was observed between February 18th and February 22nd, 2020, with a distance of

104. Finally, the fourth-greatest distance was observed between April 26th and April 30th,

2020, with a distance of 101. Each pair of images for the four dates were visually inspected

to corroborate the change, and to identify the areas where larger distances were present due

to a sharper change. Those areas were later transformed into polygons to extract random

smaller sections for the segmentation analysis. This process was repeated for each image,

brighter areas displaying a more pronounced change and darker areas where no changes were

detected during that timeframe (Fig. 4.3).

4.3.2 Segmentation results

The deep learning model EfficientNetB2 was applied to the dataset consisting of 6 distinct

classes in order to accomplish the image segmentation task. The model has an adequate

accuracy of 0.88 and it was able to produce segmentation masks with an average Jaccard

coefficient of 0.72. The Jaccard coefficient quantifies the degree to which the predicted and

actual masks resemble one another (Fig. 4.4, c). A good overall performance was indicated

by the fact that the average F1 score was 0.83, which is the harmonic mean of the precision
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and recall scores. The matrix providing class-specific performance (Fig. 4.4, d) displays

along the main diagonal those classes that have been correctly classified. According to the

matrix, the model achieved a higher level of accuracy for the majority of the classes, with

the exception of the road class that it was classified as an element of each of the other classes

(top row).

4.4 Discussion

This work illustrates the potential of combining remote sensing and deep learning models to

effectively classify land features relevant to monitoring changes in agricultural land use in

Battambang province. This approach can be helpful in identifying patterns of burning and

the intensity of tillage, as well as in informing management plans that encourage sustainable

agricultural practices. In addition, the utilization of images with a high spatial resolution,

and scene reduction by prior identification of the areas where larger changes were present,

for proper image segmentation was proven effective. Although the performance of the model

was high (Tan & Le, 2019), there is an opportunity for further improving the current model.

Regarding the performance related to the intersection between the generated masks and

the actual values, the model achieved significantly high values compared to similar analysis

found in the literature. For instance, Huerta et al. (2021) reported 0.57 while mapping

urban settings, while Wu et al. (2019) testing 5 different models over 10 classes were able

to obtain a wide array of values ranging from 0 to 0.96. Shirvani et al. (2023) on the other

hand, sustained high values for semantic segmentation of fires using Residual Attention UNet
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trained with a combination of spectral indices.

Alternative backbones were tested, with results that were significantly below the ones that

were obtained; however, due to limitations in the running environment, the larger model that

we could test was EfficientNetB2. Further investigation should explore the performance of

more complex ones like EfficientNet B7; findings reported by (Tan & Le, 2019) highlight this

difference with a substantial increase in the overall metrics.

Despite the encouraging findings and high model performance (Tan & Le, 2019), there is

an opportunity for further improving the current model. For example, the sample size is con-

siderable small, and even though image augmentation techniques are a reliable alternative,

it would be preferable to have large, labeled datasets to achieve better results. In addition,

this research was only carried out over a limited area featuring very specific timeframes and

landscapes. It is recommended that additional heterogeneous areas be included in order to

test the performance of the model across a wider range of landscapes.

In this preliminary study, spectral features were not investigated, since the band (short

wave-infrared) that better correlates with burned patches and bare soil was not available

in the dataset. An interesting approach was carried out by Illarionova et al. (2021), using

a generative adversarial network (GAN) approach to generate the NIR band from RGB

channels from high-resolution satellite imagery and use this to segment forest in the images.

This could be a relevant step forward to further improve this classification and for more

precisely monitoring agricultural land changes for smallholder farmers.
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4.5 Conclusion

This study offers the basis for the application of remote sensing and deep learning models in

recognizing patterns of burning and tillage intensity with the goal of monitoring agricultural

land use that promotes sustainable agriculture practices. For image segmentation, it has been

demonstrated that high spatial resolution images and scene reduction approaches, together

with the detection of areas with significant changes in advance, is an effective strategy.

However, there are drawbacks to this study, such as the relatively small sample size and the

need to include more diverse areas to test the efficacy of the model across a broader range of

landscapes. In addition, future study may investigate the use of more complex models and

spectral characteristics for segmentation.
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Figure 4.1: a) Cambodia (purple) and its neighboring countries. b) zoomed-in view of Cambodia and the Battambang province,
shaded in a dark green color. White dotted box shows the area of study, presented in section c. c) Detailed view of the study
area with the NDVI map for March 28th 2020. The NDVI map highlights the vegetation density in the area, with forest in the
East and bare soil covering the rest of the image. The map is an example of the high spatial resolution captured with the use
of Planet Fusion images.
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Figure 4.2: a) shows an image over the selected territory, with both burned (darker values) and bare soil (brighter values) areas.
b) corresponds to the classification after doodling over the left image. Magenta maps over the burned areas while dark cyan
maps over the bare soil.
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Figure 4.3: change detection over the area of study, after subtracting permanent forest. The darker the image less or no change
was detected, brighter pixels indicate stronger changes. This image corresponds to the second pair February 13th and February
17th, 2020. Dotted squares highlight the areas selected for further analysis.
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Figure 4.4: a) and b) panels showing an example image from the test batch and the corresponding prediction in purple and
yellow, corresponding to two classes, burned and bare. c) shows the intersection over the union with the outline from the
predicted mask. d) image shows the confusion matrix with the accuracy values for each class. Elements along the main diagonal
correspond to the correctly classified ones, while those outside the diagonal are misclassified.
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Table 4.1: Classes and corresponding description.

Class Description

Road Linear segments with clear bare soil
Vegetation annual vegetation
Forest Trees groups around fields
Burned Dark brown areas
Bare Bare soil

Unclassified Elements unable to be classified within the 5 classes
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Chapter 5

Limitations and future perspectives

for satellite-based soil carbon

monitoring

* Under review in Science of the Total Environment

Nieto, L.; Houborg, R.; Tivet, F.; Prasad, P.V.V.; Olson, B.J.S.C.; Ciampitti, I.A.

Abstract

Soil organic carbon (SOC) plays a crucial role in terrestrial C storage and ecosystem ser-

vices. Agricultural management practices have the potential to increase C inputs and reduce

its losses. However, uniform standard protocols for measuring, monitoring, and assessing

changes using remote sensing is lacking for SOC in the scientific literature. In this discussion
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paper, we present techniques for collecting and analyzing ground samples and employing

remote sensing to quantify SOC, along with its limitations and future perspectives. Our

analysis identified a number of key limitations to advancing the science for remotely sensed

terrestrial C in croplands including i) lack of consensus in sampling depth and density, ii)

the absence of a standard (or universally accepted) laboratory procedure and statistical

methodology, and iii) lack of details on imagery pre-processing or information on the spec-

tral properties of the targeted soils. Establishing standard protocols for ground-truth data

collection and remote sensing approaches, as well as a knowledge of the impacts of diverse soil

types, land uses, and landscapes on C assessment, are all required to enhance the accuracy

and reliability of future SOC assessments.

5.1 Introduction

Terrestrial carbon (C) comprises more than 3,000 petagrams (Pg) of C (Lal, 2004), with the

potential to store significantly more by absorbing CO2 from the atmosphere. The terrestrial

C component influences several ecosystem services, including soil water cycle, soil structure,

plant nutrition, and plant growth (Rawls et al., 2003). The largest proportion of this pool,

around 1500 Pg C, exists as soil organic C (SOC) in an equilibrium between sequestration

and emissions as a sink or source. Initiatives such as “4 per 1000” explore the potential

that soil has to capture more atmospheric C (Minasny et al., 2017), helping to tackle global

challenges such as climate change, land degradation, biodiversity loss, and food security (Lal,

2006).
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Agricultural management practices have the potential to help to achieve this goal in two

fundamental ways: i) by increasing C inputs, and ii) by lowering C losses, both of which

can be accomplished via implementation of best management practices such as optimal

fertilization rates, use of cover crops, and no-tillage agroforestry, crop – livestock integration,

amongst others (Tiefenbacher et al., 2021). However, to fully understand these dynamics and

use them to contribute to the improvement of C storage, we must first be able to precisely

measure and monitor changes of soil C over time, along with an accurate description of land

use and management practices that are among the main drivers of SOC dynamics. This

discussion paper presents a brief summary on (i) the limitations associated with soil data

collection and remote sensing approaches for SOC assessments; (ii) the importance and need

for standard protocols for measurements and associated issues; and (iii) future directions

necessary to advance towards a more homogeneous implementation of remote sensing for

SOC assessment (Fig. 5.1)

5.2 Current scenario: progress and global footprint

Globally, several attempts have been made to advance the understanding of SOC dynamics

from the sky (Angelopoulou et al., 2019). This becomes particularly important when looking

for solutions that: (i) allow for efficient global deployment, (ii) are non-destructive, (iii) cost

effective, and (iv) can be easily updated. These studies may involve optical and/or radar

sensors, soil spectral libraries, and proxies such as digital elevation models or other co-

variables. In recent review studies Angelopoulou et al. (2019) and Vaudour et al. (2022)
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described and discussed the role of different sensors, spectral ranges, methodologies, and

spatial distribution over the past decades.

From a SOC ground sampling perspective, soil data collection presents a broad range

of sampling depths (0-10 cm, 0-20 cm, 0-30 cm or 0-100 cm), number of samples per unit

area (0.1 samples km-2 to 2.7 samples km-2, to 201 per field), and laboratory methodologies

(wet oxidation and dry combustion) (Casa et al., 2013; Castaldi et al., 2016; D. Chen et

al., 2019; Vaudour et al., 2022). While these studies were distributed across the world, the

geographical scope has been limited to small regions and many regions/countries remain

heavily under-represented or not represented at all.

From a remote sensing standpoint, sensors mounted on planes or drones tend to be costly.

Add to that the requirement for highly qualified personnel to conduct the flights, the addi-

tional time for pre-processing of the images, calibration and understanding of images, and

the limited scalability of the findings. On the other hand, spaceborne platforms can retrieve

data from anywhere across the world, with significantly reduced cost. Spaceborne sensors

deliver data with varying spatial, temporal, and spectral resolutions, such as MODIS for

regional scale studies or PlanetScope images for field-level analyses. Increasing availabil-

ity of analysis-ready data (ARD) and free access via government or educational initiatives

are additional benefits of satellite-based sources. Significant advancements in cloud com-

puting infrastructure (e.g., Google Earth Engine, AWS) (Gorelick et al., 2017) have also

contributed to a greater uptake of satellite-based data by enabling an increasing number of

images to be analyzed/processed in very little time. The past years have seen an explosion

86



in satellite-based studies (Vaudour et al., 2022), coincident with the launch of Sentinel-2.

Sentinel-2 represents a significant advance over previous sensors with improvements in both

spatial, temporal, and spectral resolution, allowing for enhanced super-spectral analyses at

10 meters with a 5-day revisit (Drusch et al., 2012). Add to that, studies based on other

multi-spectral missions such as Landsat and MODIS (Y. Peng et al., 2015; Sayão & De-

mattê, 2018) and hyperspectral systems such as HyMap, Hyperion, PRISMA, and CHRIS

(Hbirkou et al., 2012; Hong et al., 2020). While multi-spectral sensors collect data in dis-

crete bands (channels) across the electromagnetic spectrum, hyperspectral imaging (HSI)

typically measures in 100’s of continuous bands. HSI has been shown to deliver more precise

retrievals given access to high spectral resolution information across specific portions of the

electromagnetic spectrum (Angelopoulou et al., 2019; Chabrillat et al., 2019). The disad-

vantage, however, is in relation to the cost per image, spatial coverage and trained personnel

to process the data. The utility of spaceborne HSI has traditionally been hindered by a lack

of global monitoring missions in addition to more complicated image pre-processing tasks

(atmospheric rectification, radiometric interferences) (Angelopoulou et al., 2019).

5.3 Limitations of current approaches from ground col-

lection to remote sensing

Multiple attempts have been made on a global scale for quantifying SOC, as presented

by Vaudour et al. (2022), but still large uncertainties are associated with its estimation
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(Stockmann et al., 2015). For the purpose of this review and discussion, these uncertainties

may be divided into three major categories: those connected with i) characterizing land use

and management practices, ii) soil sample collection and analysis, and those linked to iii)

remote sensing tools and image processing.

Land use and management practices are among the main drivers of SOC dynamics gov-

erning biomass-C inputs and outputs, diversity of organic inputs and their turnover rate

associated with soil aggregation processes, abundance and diversity of soil biota that will

shape the different SOC pools. Land use and management practices are usually not fully

described in soil database or simply refer to generic terms such as conventional and best

management practices with few descriptive elements that do not always allow an external

reader to assess the nature of the practices and/or the historical path of the land use (Fujisaki

et al., 2022).

Spatial distribution, sampling density (number of samples per unit of area), sample depth,

bulk density, laboratory methodologies, and statistical methods are among the sources of

uncertainty in the second group. The importance of sampling density for SOC prediction

was studied by Long et al. (2018) who tested 20 different densities and concluded that

sampling density affects the accuracy while presenting a correlation with the landscape,

and soil orders ultimately affecting C stocks estimations (de Moraes Sá et al., 2013). This

emphasizes the complexity associated with conducting research on a worldwide scale, as the

required sample density would be substantially larger in order to capture the variability.

Thereby making it even more challenging, costly, and laborious to collect and analyze the
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data. In addition, if the propagation of error is not properly considered, scaling up field

level data to regional or larger scales is likely to introduce substantial uncertainties. In

this context, the spatial auto-correlation between samples plays a key role in combination

with the methodology used to interpolate the values to move from sampling level to field or

regional level. Few studies have been conducted covering extensive geographical areas across

the globe (Vaudour et al., 2022). It is impossible for such a limited evaluation with such a

low sample density to accurately portray the intricacy of this topic in its entirety. Regarding

soil sample depths, (Vaudour et al., 2022) highlighted the wide range of sample depths used

in literature studies in addition to the lack of a complete characterization of other relevant

management conditions. The importance of sample depth and its effect on SOC stocks has

been highlighted (Olson & Al-Kaisi, 2015), concluding that optimal depth should correspond

with the root zone (e.g., 1-2 meters). However, this contributes to the challenge related with

the cost of the analysis as well as the Intensity and laboriousness of the task.

Bulk density not only affects the flow of water and oxygen within a soil profile and

the availability of nutrients but could be also source of large uncertainties when estimating

SOC stocks. In overall, bulk density differed among land management uses and over time,

with usually greater bulk densities under no-till cropping systems during the first years of

implementation when compared with conventional management (Y. Li et al., 2020). SOC

stocks should always be estimated as an equivalent mass in order to reduce uncertainties in

the results analysis (Wendt & Hauser, 2013). Unfortunately, many studies do not correct

soil thickness based on difference of bulk density across management practices, resulting on
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one of the main reasons for high uncertainty in SOC storage estimates (Walter et al., 2016),

specifically when comparing the effect of management practices (Wendt & Hauser, 2013).

Attempts are also made to substitute missing bulk density data on soil database covering

large scale. (Xu et al., 2016) compared several methods and reported that statistical methods

involving the mean and median tend to overestimate the SOC storage by 50%, while methods

using pedo-transfer functions underestimated the SOC by 8%, with a decreasing accuracy

with sampling depth.

In terms of laboratory procedures for soil C determination, wet oxidation and dry com-

bustion are the two most often stated procedures (Davis et al., 2017; Meersmans et al.,

2009), despite efforts to establish the latter one as the norm. This leads to another source

of uncertainty when comparing soil libraries and samples from various times and years. Wet

oxidation methods fail to completely oxidize SOC, resulting in an underestimation of the

SOC content. A recovery factor of 1.33 is usually found in the literature, used to estimate

the total SOC, however this factor must be changed based on land use, soil type, climate,

depth, and other variables (Tivet et al., 2012). Vaudour et al. (2022) advise adding this

information to the metadata in order to compare varied sources and the same source across

different periods in order to partially mitigate this issue. In addition, the intrinsic error

associated with the laboratory (equipment and technicians) is another factor that should

be included in the metadata, especially if data from different laboratories will be compared

(Mountier et al., 1966).

The selection of an appropriate model of SOC estimation, has a significant impact on
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the uncertainties associated with the final estimate. Various modeling techniques can be

employed. Many published studies use multivariate methods, with partial least squares

regression as the most prevalent option. In recent years more complex algorithms such as

support vector machine, artificial neural networks, random forest, Bayesian analysis, hybrid

and ensemble models have become increasingly common due to enhanced computer power

and cloud computing (Tajik et al., 2020). These machine learning methods can effectively

account for nonlinear data relationships and integrate supplementary variables in the learning

process. Due to the fact that SOC dynamics and correlations with other variables are

often non-proportional and even non-monotonic (Croft et al., 2012), nonlinear techniques

become a core requirement for analyzing SOC dynamics. The proper model selection, hence,

is determined by the available data, objectives, and level of understanding of underlying

processes.

The remote sensing-based uncertainties (i.e., last group) are associated with (i) spatial

resolution, (ii) image pre-processing, (iii) the spectral properties of the targeted soil (soil

moisture, cover, soil type, etc.), and (iv) temporal analysis when assessing SOC. Insufficient

spatial resolution can significantly limit the accuracy of SOC estimates via remote sensing.

Remote sensing data may lack the granularity to differentiate between various SOC levels

on the ground and this type of pixel mixing can result in erroneous estimations (Zhou et al.,

2021). In addition, image pre-processing steps such as atmospheric correction, absorption

effects, and topographic effects are frequently implied but not explicitly stated in the liter-

ature. Differences in pre-processing procedures and lack of universal ARD (analysis ready
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data) standards can contribute to wrongful assessments, especially when looking at the same

area at different times.

Soil moisture may alter the precision of remote sensing based SOC estimates (Jiang et

al., 2016). The reflectance of the soil surface, depends on soil moisture that may indirectly

control SOC retrievals via impacts on surface reflectivity (Nocita et al., 2013). Similarly,

the presence of surface cover may further influence the precision of SOC estimates via its

impact on surface reflectivity (Angelopoulou et al., 2019; Chabrillat et al., 2019). Variations

in the spectral reflectance signature of the soil may also impact the precision of SOC given

the influence of soil type, mineralogy, and SOC concentration (Dematte et al., 2009; J. Liu

et al., 2018). These potentially confounding features and complexities become even more

relevant when the assessments are extrapolated to larger areas, since heterogeneity is more

likely to be part of the landscape.

In terms of temporal analysis (i.e., intra and inter-year) the literature is considerably

scarce on the topic. For example from the perspective of the resolution and time of satellite

data acquisition, Vaudour et al. (2019) found that the image date has an impact on the SOC

assessment, while (Shi et al., 2022) highlighted that a multitemporal composite consistently

outperformed single-date images.

To quantify changes in-field SOC and the impact of different management practices over

C stocks, long term analysis is required along with diachronic assessments to improve the

accuracy of SOC accumulation rates (Junior et al., 2013). The Food and Agriculture Or-

ganization of the United Nations (FAO), for example suggest 5 to 10 years before impacts
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can be measured (Clara et al., 2017). In this sense the literature is still scarce even with

decades old satellite missions, such as Landsat, being available. In addition, the conversion

rate of biomass inputs to SOC can be highly variable based on management practices. For

example, Fujisaki et al. (2018) assessing 48 tropical studies observed a mean conversion rate

of C inputs to SOC of 8.2% with a range from - 7.3 to 35.6% with biomass-C inputs being the

main predictor of SOC accumulation rate. The conversion rate of biomass to C could depend

on factors such as no-tillage, use of cover crops, rotation, restitution of biomass inputs, and

years of implementation. This highlights the need to have a clear description of agricultural

practices along with soil attributes.

5.4 Future perspectives

Fujisaki et al. (2022) called for a harmonized thesaurus to give genericity to the terms describ-

ing land use and management practices across large soil database for the evaluation of soil

carbon storage. The authors proposed a hierarchical tree based on three main management

practices (i.e., annual and perennial croplands, grasslands, and forest and tree plantations)

subdivided on land managers’ point of view including plant, biomass, amendments manage-

ment but also erosion, fire, and land clearing management. This being one example, the

absence of a uniform and well-established ground-based protocol for SOC estimation is one

of the major obstacles in the field. This is owing to a wide range of sampling strategies (such

as sample depth, density, and bulk density) and laboratory tests (such as dry combustion

and wet oxidation), which have led to inconsistent methodologies for SOC measurement
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and evaluation. This prevents us from accounting for unbiased estimations and from estab-

lishing a foundation for more knowledgeable contributions of each biome, ecosystem, crop,

and activity to the overall C system. A first step to help accelerate and upscale the use of

remote sensing tools to address C dynamics, should lean towards a deeper understanding

of the effect of sampling density to cover the variability and diversity of soil type at catena

scale, sampling depth, soil thickness corrected by bulk density, sampling dates, historical

information, management practices, and laboratory methods for different soil types around

the world (Fig. 5.1).

The increasing presence and potential democratization of hyperspectral systems such as

the Environmental Mapping and Analysis Program (EnMAP) launched on April 2022 and

emerging HIS systems such as Copernicus Hyperspectral Imaging Mission for the Environ-

ment (CHIME, collaboration between European Space Agency and US National Aeronautics

and Space Administration, ESA-NASA), Tanager (Planet), and TD-2 (Pixxel) embrace the

opportunity for significant science innovations. These systems have the potential to deliver

higher resolution and accuracy in SOC evaluations, playing an essential role in enhancing

our comprehension of the effects that agricultural management practices have on the ter-

restrial storage of carbon. Still, uncertainties presented previously, associated with spatial

resolution, image pre-processing, and temporal assessment hold valid for this technology as

well.

SOC estimation is a complex and multidimensional issue, affected by the various factors

mentioned above. To achieve more accurate and consistent SOC estimations, it is necessary
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to establish a uniform and well-established protocol, that accounts for the variability and

diversity of scenarios around the world. A concerted effort by the scientific community to

tackle these challenges and develop a more comprehensive approach is crucial for achieving

sustainable goals.

5.5 Conclusions

This study discussed the current challenges, limitations, and next steps related to advancing

the use of remote sensing to monitor terrestrial C in croplands. The major limitations for

expanding this discipline are linked to: (i) lack of consensus in sampling density and depth,

(ii) lack of proper bulk density assessment, (iii) lack of standard laboratory procedures, (v)

lack of details on imagery pre-processing steps, (vi) missing information on the spectral

properties of the targeted soil, and (vii) lack of multi-temporal approaches. Our ability to

accurately quantify SOC and its dynamics in space and time comes down to how well can

address and resolve these obstacles.

In summary, this study highlights the need for standardized protocols in terms of ground-

truth data collection and remote sensing approaches, along with an improved understanding

of the interlinked impacts of differences in soil types, land use, and landscape heterogeneity

on C assessment.
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Figure 5.1: Current limitations and future perspectives for soil organic carbon (SOC) assessments from soil sample collection
and analysis to remote sensing.
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Chapter 6

Conclusions

The advancement of remote sensing technology has led to a revolution in the monitoring and

management of agricultural systems in a remarkably brief span of 50 years. With thousands

of satellites continuously orbiting the earth and collecting invaluable insights on multiple

traits, the potential of this technology to facilitate agricultural practices, enhance food se-

curity, and promote sustainable agriculture knows no bounds. The present dissertation

delved into the deployment of various satellite imagery on the optical range to undertake

several classification tasks in the realm of plant-soil-management systems, with the dual aim

of understanding current practices and identifying literature gaps that could contribute to

advancing the state of the field.
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6.1 Best combination (Chapter 2)

In an effort to efficiently report maize phenology, the second chapter investigates the use of

Landsat 8 imagery and weather data over southwest Kansas. The chapter’s aim is to iden-

tify the optimal combination of variables that would culminate in the most reliable classifier,

availing ground-truth data from 2013 to 2018. This chapter focuses on two pivotal objec-

tives: (i) model training and validation, which seeks to fathom how distinct variables influ-

ence model performance and to identify the best combination of spectral features, weather

parameters, geolocation, and ground truth data, consequently yielding the most accurate

model across years; and (ii) model testing for each phenology class, temporal transferability,

and spatial transferability.

The analysis suggested by this study demonstrates that the combination of NDVI, EVI,

GCVI, NDWI, GVMI, and vapor pressure deficit is the most efficacious ensemble, resulting

in a high accuracy that surpasses 0.94, accompanied by comparable values for temporal

transferability. Albeit the findings are encouraging, there exists potential for improvement.

For example, the phenology classes used in the study do not correspond to the phenological

stages typically employed in agronomy to describe crop development. Due to the limited

availability of Landsat 8 images during the maize growing season in the region, entire stages

of development were not captured during the physiological stage due to a lack of images. The

limitations of this experiment culminated in the formulation of a hypothesis, which became

the primary focus of chapter three, wherein temporal resolution took center stage.
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6.2 Resolution matters (Chapter 3)

Chapter three aimed to test the hypothesis that emerged from chapter two, specifically

whether satellite temporal and spatial resolution plays a significant role in classifying maize

phenology. To carry out this experiment, daily 3-meter images from Planet Fusion were

compared against Sentinel-2 for the year 2017 using more than 20 phenology stages, which

are terms that are typically used in the field of agronomy to describe the development of

crops.

The findings of this experiment unequivocally demonstrated the importance of high-

cadence imagery for accurately capturing traits that change rapidly during the growing

season, such as crop development. The model trained with Planet Fusion spectral data

achieved an overall accuracy of 0.94 for all classes, while the Sentinel-2 counterpart was able

to register an accuracy of merely 0.60 for the same task.

After identifying the significance of temporal resolution, the next pertinent question

focuses on the potential significance of spatial resolution. To thoroughly scrutinize this

matter, it becomes apparent that the Kansas fields, with an average size of 50 hectares do

not present a sufficiently rigorous testing ground. Consequently, chapter four explored this

feature in small-holder settings where field dimensions and landscape complexity exceed

those examined in chapters 2 and 3.
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6.3 Finding patterns (Chapter 4)

Chapter four endeavors to assess the spatial resolution of satellite imagery and its capacity

to differentiate between two distinct agricultural practices in Cambodia: straw burning and

bare soil after tillage.

The agricultural landscape of Cambodia’s Battambang province is characterized by small

fields, with an average size of 0.86 hectares, with two distinct seasons: the dry season from

November to April and the wet season from May to October. This distinctive environment

presented an optimal opportunity to evaluate the spatial and temporal resolution of Planet

Fusion imagery, combined with deep learning techniques for image segmentation.

The results of this experiment evinced a similarity score of 0.72 for image segmentation

and an accuracy score of 0.90 for the targeted practices during the selected time period.

The availability of high spatial resolution images (3 meters) and ground labels for analysis

bolstered the relevance of the achieved similarity score, attesting to the potential of these

images to appraise land features in small-holder regions such as Cambodia where in-situ

ground-truth data collection may pose challenges.

The impact of this chapter is aimed towards facilitating the implementation of sustainable

practices that can aid farmers in preserving soil properties and fertility, thereby augmenting

the sustainability and productivity of agriculture in the region.

The subsequent question concerns whether the scientific community’s efforts can be seam-

lessly integrated and juxtaposed within the existing literature. In order to shed light on this

conundrum, chapter five focuses on a topic that has gained popularity in recent years: the
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use of remote sensing data for carbon assessment.

6.4 Why do we need protocols? (Chapter 5)

Using remote sensing tools, the fifth chapter, which is presented as a discussion paper,

highlights the significance of standardized protocols in soil trait assessments, particularly soil

organic carbon. The chapter draws upon a comprehensive review of the literature, revealing

prominent discrepancies. The absence of a consensus regarding the sampling depth at which

soil samples are collected for ground-truth data is one of the many causes for concern.

Second, while the field of soil science has an established procedure for laboratory analysis,

the literature on remote sensing employs a variety of methods for analyzing soil samples

in order to compare them to remotely sensed features. In addition, the level of detail in

image preprocessing and the methodologies used to extrapolate results from the field to

the regional level are not adequately reported. Furthermore, large areas of the globe are

underrepresented in soil trait assessments, posing a significant challenge for estimations. The

absence of a protocol makes it impossible to compare the results of different studies. These

findings underscore the pressing need for further research to improve our comprehension of

the crucial role of remote sensing to study soil properties, as a proxy for food production

and sustainable intensification, as well as the importance of implementing protocols that

can be easily understood by scientists from various disciplines, promoting inter and multi-

disciplinary efforts.
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6.5 Looking ahead

The field of remote sensing is in a constant state of evolution, with commercial firms and

governments around the world launching new missions each year. These endeavors have

resulted in the development of novel sensors and innovative means of integrating pre-existing

data, rendering this industry one of the most dynamic in the present era. However, the

primary challenge remains in leveraging these advancements to amplify our food systems

in a sustainable and cost-effective manner, thereby mitigating waste and safeguarding our

valuable resources for future generations. Such an endeavor necessitates a concerted and inter

and multi-disciplinary effort, requiring knowledge from diverse fields such as agricultural

science, geography, statistics, among others. Still there is a long way ahead of us, but

incentives are placed on the right track.
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M. F., . . . others (2013). Soil-specific inventories of landscape carbon and nitrogen stocks

under no-till and native vegetation to estimate carbon offset in a subtropical ecosystem.

Soil Science Society of America Journal , 77 (6), 2094–2110.

Dickinson, J. L., Shirk, J., Bonter, D., Bonney, R., Crain, R. L., Martin, J., . . . Purcell, K.

(2012). The current state of citizen science as a tool for ecological research and public

engagement. Frontiers in Ecology and the Environment , 10 (6), 291–297.

Dietterich, T. G. (2000). Ensemble methods in machine learning. In Multiple classifier sys-

tems: First international workshop, mcs 2000 cagliari, italy, june 21–23, 2000 proceedings

(Vol. 1, pp. 1–15). Springer Berlin Heidelberg.

Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., . . . others (2013).
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Tivet, F., Carlos de Moraes Sá, J., Borszowskei, P. R., Letourmy, P., Briedis, C., Ferreira,

A. O., & Burkner dos Santos Thiago Massao Inagaki, J. (2012). Soil carbon inventory by

wet oxidation and dry combustion methods: effects of land use, soil texture gradients, and

sampling depth on the linear model of c-equivalent correction factor. Soil Science Society

of America Journal , 76 (3), 1048–1059.

Tucker, C. J. (1977). Asymptotic nature of grass canopy spectral reflectance. Applied optics ,

16 (5), 1151–1156.

Tucker, C. J. (1979). Red and photographic infrared linear combinations for monitoring

vegetation. Remote Sensing of Environment , 8 (2), 127–150. doi: 10.1016/0034-4257(79)

90013-0

Turner, D. P., Cohen, W. B., Kennedy, R. E., Fassnacht, K. S., & Briggs, J. M. (1999).

Relationships between leaf area index and landsat tm spectral vegetation indices across

three temperate zone sites. Remote sensing of environment , 70 (1), 52–68.

Union of Concerned Scientists. (n.d.). Satellite database. Retrieved from https://www

.ucsusa.org/resources/satellite-database (Retrieved March 7, 2023)

United States Department of Agriculture (USDA). (2018a). Crop progress and condi-

tion. https://www.nass.usda.gov/Statistics by State/Kansas/Publications/Crop

Progress and Condition/historic.php. (Accessed on December 20, 2021)

United States Department of Agriculture (USDA). (2018b). Usda/nass quick stats. https://

quickstats.nass.usda.gov/. (Accessed on July 15, 2021)

131

https://www.ucsusa.org/resources/satellite-database
https://www.ucsusa.org/resources/satellite-database
https://www.nass.usda.gov/Statistics_by_State/Kansas/Publications/Crop_Progress_and_Condition/historic.php
https://www.nass.usda.gov/Statistics_by_State/Kansas/Publications/Crop_Progress_and_Condition/historic.php
https://quickstats.nass.usda.gov/
https://quickstats.nass.usda.gov/


USDA-NASS. (2019, February). Crop production 2018 summary. Retrieved from https://

www.nass.usda.gov/Publications/Todays Reports/reports/cropan19.pdf

van Rossum, G. (2007). Python programming language. In Usenix annual technical confer-

ence (Vol. 41, p. 36).

Vaudour, E., Gholizadeh, A., Castaldi, F., Saberioon, M., Bor̊uvka, L., Urbina-Salazar, D.,

. . . et al. (2022). Satellite imagery to map topsoil organic carbon content over cultivated

areas: an overview. Remote Sensing , 14 (12), 2917.

Vaudour, E., Gomez, C., Loiseau, T., Baghdadi, N., Loubet, B., Arrouays, D., . . . La-

gacherie, P. (2019). The impact of acquisition date on the prediction performance of

topsoil organic carbon from sentinel-2 for croplands. Remote Sensing , 11 (18), 2143.

Viña, A., Gitelson, A. A., Nguy-Robertson, A. L., & Peng, Y. (2011). Comparison of

different vegetation indices for the remote assessment of green leaf area index of crops.

Remote sensing of environment , 115 (12), 3468–3478.

Vina, A., Gitelson, A. A., Rundquist, D. C., Keydan, G., Leavitt, B., & Schepers, J. (2004).

Monitoring maize (zea mays l.) phenology with remote sensing. Agronomy Journal , 96 (4),

1139–1147.

Viña, A., Peters, A. J., & Ji, L. (2003). Use of multispectral ikonos imagery for discriminating

between conventional and conservation agricultural tillage practices. Photogrammetric

Engineering & Remote Sensing , 69 (5), 537–544.

132

https://www.nass.usda.gov/Publications/Todays_Reports/reports/cropan19.pdf
https://www.nass.usda.gov/Publications/Todays_Reports/reports/cropan19.pdf


Vincini, M., & Frazzi, E. (2011). Comparing narrow and broad-band vegetation indices

to estimate leaf chlorophyll content in planophile crop canopies. Precision Agriculture,

12 (3), 334–344.

Walter, K., Don, A., Tiemeyer, B., & Freibauer, A. (2016). Determining soil bulk density

for carbon stock calculations: a systematic method comparison. Soil Science Society of

America Journal , 80 (3), 579–591.

Wang, H., Ghosh, A., Linquist, B. A., & Hijmans, R. J. (2020). Satellite-based observations

reveal effects of weather variation on rice phenology. Remote Sensing , 12 (9), 1522.

Wang, S., Azzari, G., & Lobell, D. B. (2019). Crop type mapping without field-level

labels: Random forest transfer and unsupervised clustering techniques. Remote sensing

of environment , 222 , 303–317.

Wang, S., Di Tommaso, S., Deines, J. M., & Lobell, D. B. (2020). Mapping twenty years of

corn and soybean across the us midwest using the landsat archive. Scientific Data, 7 (1),

307.

Wendt, J., & Hauser, S. (2013). An equivalent soil mass procedure for monitoring soil

organic carbon in multiple soil layers. European Journal of Soil Science, 64 (1), 58–65.

White, E. V., & Roy, D. P. (2015). A contemporary decennial examination of changing

agricultural field sizes using landsat time series data. Geo: Geography and environment ,

2 (1), 33–54.

133



White, M. A., Thornton, P. E., & Running, S. W. (1997). A continental phenology model for

monitoring vegetation responses to interannual climatic variability. Global biogeochemical

cycles , 11 (2), 217–234.

Woolley, J. T. (1971). Reflectance and transmittance of light by leaves. Plant physiology ,

47 (5), 656–662.

Wu, Z., Gao, Y., Li, L., Xue, J., & Li, Y. (2019). Semantic segmentation of high-resolution

remote sensing images using fully convolutional network with adaptive threshold. Con-

nection Science, 31 (2), 169–184.

Wulder, M. A., Loveland, T. R., Roy, D. P., Crawford, C. J., Masek, J. G., Woodcock, C. E.,

. . . others (2019). Current status of landsat program, science, and applications. Remote

sensing of environment , 225 , 127–147.

Wulder, M. A., Masek, J. G., Cohen, W. B., Loveland, T. R., & Woodcock, C. E. (2012).

Opening the archive: How free data has enabled the science and monitoring promise of

landsat. Remote Sensing of Environment , 122 , 2–10.

Wulder, M. A., Roy, D. P., Radeloff, V. C., Loveland, T. R., Anderson, M. C., Johnson,

D. M., . . . others (2022). Fifty years of landsat science and impacts. Remote Sensing of

Environment , 280 , 113195.

Xie, B., Zhang, H. K., & Xue, J. (2019). Deep convolutional neural network for mapping

smallholder agriculture using high spatial resolution satellite image. Sensors , 19 (10),

2398.

134



Xu, L., He, N., & Yu, G. (2016). Methods of evaluating soil bulk density: Impact on

estimating large scale soil organic carbon storage. Catena, 144 , 94–101.

Yang, L., Driscol, J., Sarigai, S., Wu, Q., Chen, H., & Lippitt, C. D. (2022). Google earth

engine and artificial intelligence (ai): a comprehensive review. Remote Sensing , 14 (14),

3253.

Zhang, L., Liu, Z., Ren, T., Liu, D., Ma, Z., Tong, L., . . . Li, S. (2020). Identification of

seed maize fields with high spatial resolution and multiple spectral remote sensing using

random forest classifier. Remote Sensing , 12 (3), 362.

Zhang, S., Tao, F., & Zhang, Z. (2017). Spatial and temporal changes in vapor pressure deficit

and their impacts on crop yields in china during 1980–2008. Journal of Meteorological

Research, 31 (4), 800–808.

Zhang, X., Friedl, M. A., Schaaf, C. B., Strahler, A. H., Hodges, J. C., Gao, F., . . . Huete,

A. (2003). Monitoring vegetation phenology using modis. Remote sensing of environment ,

84 (3), 471–475.

Zhong, L., Hu, L., Yu, L., Gong, P., & Biging, G. S. (2016). Automated mapping of soybean

and corn using phenology. ISPRS Journal of Photogrammetry and Remote Sensing , 119 ,

151–164.

Zhong, L., Hu, L., & Zhou, H. (2019). Deep learning based multi-temporal crop classification.

Remote sensing of environment , 221 , 430–443.

135



Zhong, L., Yu, L., Li, X., Hu, L., & Gong, P. (2016). Rapid corn and soybean mapping in

us corn belt and neighboring areas. Scientific reports , 6 (1), 1–14.

Zhou, T., Geng, Y., Ji, C., Xu, X., Wang, H., Pan, J., . . . Lausch, A. (2021). Prediction

of soil organic carbon and the c: N ratio on a national scale using machine learning and

satellite data: A comparison between sentinel-2, sentinel-3 and landsat-8 images. Science

of the Total Environment , 755 , 142661.

136



Appendix A

Appendix A, Chapter 2

137



Figure A.1: Example of geographical distribution of the phenology samples for 2016. Panel (a) presents both the training and
test datasets. Panel (b) white points present the distribution for the test dataset. Panel (c) blue points present the distribution
for the training dataset.
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Figure A.2: Feature importance analysis for all the variables present in the dataset. The variables are described in Appendix
A, Table 1.
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Table A.1: Summary of variables used for random forest classification models. All variables
were extracted from GEE archives with the exception of DOY, latitude, longitude, and
growth classes, which were extracted from the ground truth dataset provided by Crop Quest
Inc.

Group Variable name Description

Bands B2 Reflectance value for band 2, blue (Landsat 8)
Bands B3 Reflectance value for band 3, green (Landsat 8)
Bands B4 Reflectance value for band 4, red (Landsat 8)
Bands B5 Reflectance value for band 5, near infrared (Landsat 8)
Bands B6 Reflectance value for band 6, short wave infrared 1 (Landsat 8)
Bands B7 Reflectance value for band 7, short wave infrared 2 (Landsat 8)
Bands B10 Reflectance value for band 10, thermal infrared 1 (Landsat 8)
Bands B11 Reflectance value for band 11, thermal infrared 2 (Landsat 8)
Indices NDVI Normalized Difference Vegetation Index
Indices EVI Enhanced Vegetation Index
Indices GCVI Green Chlorophyll Vegetation Index
Indices GVMI Global vegetation Moisture Index
Indices NDWI Normalized Difference Water Index
Indices DOY Day of the year
Latitude Latitude Latitude value for the phenology data point
Longitude Longitude Longitude value for the phenology data point
Weather GDU Growing Degree Units
Weather Precipitation Cumulative Precipitation
Weather TMax Maximum Temperature
Weather TMin Minimum Temperature
Weather VPD Vapor Pressure Deficit
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Table A.2: Summary of metrics presenting the results of overall accuracy, OOB, kappa value,
precision, recall, F-score, and supports for each class (IV1, IV2, EV, LV, ER, LR1, LR2,
LR3, H) from 2013 to 2018. Acronyms defined in Table 1 description

Year Class Overall OOB Kappa Precision Recall F1-score Test Training

2013 IV1 0.95 0.95 0.95 1.00 0.96 0.98 195 455

IV2 0.96 0.98 0.97 344 802

EV 0.93 0.96 0.94 134 312

LV 0.99 0.99 0.99 212 494

ER 0.96 0.88 0.92 50 116

LR1 0.94 0.95 0.95 389 907

LR2 0.93 0.87 0.90 264 616

LR3 0.96 0.99 0.97 546 1274

H 0.96 0.85 0.90 60 140

2014 IV1 0.97 0.96 0.94 1.00 0.90 0.94 134 312

IV2 0.98 0.99 0.99 252 588

EV 0.96 0.97 0.96 111 259

LV 0.95 0.99 0.97 225 525
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Continuation of Table A.2

ER 1.00 0.90 0.95 56 130

LR1 0.93 0.98 0.95 477 1113

LR2 0.97 0.98 0.93 146 340

LR3 0.96 0.98 0.97 453 1057

H 1.00 0.83 0.90 43 100

2015 IV1 0.92 0.92 0.88 0.97 0.84 0.90 189 441

IV2 0.88 0.96 0.92 331 772

EV 0.91 0.92 0.91 190 443

LV 0.99 0.96 0.95 184 429

ER 0.87 0.98 0.92 77 179

LR1 0.93 0.90 0.91 296 690

LR2 0.94 0.85 0.88 322 751

LR3 0.92 0.98 0.95 501 1169

H 0.92 1.00 0.96 34 79

2016 IV1 0.96 0.95 0.94 1.00 0.94 0.97 132 308

IV2 0.97 0.97 0.97 427 996

EV 0.94 0.95 0.95 264 616

LV 0.98 0.97 0.98 177 413

ER 0.98 0.94 0.96 100 223
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Continuation of Table A.2

LR1 0.93 0.95 0.94 417 973

LR2 0.91 0.83 0.87 186 434

LR3 0.96 0.99 0.97 444 1036

H 0.94 1.008 0.97 17 39

2017 IV1 0.94 0.95 0.93 0.98 0.98 0.98 205 478

IV2 0.97 0.97 0.97 613 1430

EV 0.94 0.89 0.92 203 473

LV 0.95 0.96 0.96 202 471

ER 0.91 0.96 0.93 121 282

LR1 0.94 0.98 0.96 477 1113

LR2 0.96 0.85 0.90 271 632

LR3 0.95 0.96 0.96 494 1152

H 1.00 0.97 0.98 61 142

2018 IV1 0.95 0.94 0.91 1.00 0.82 0.90 91 212

IV2 0.95 0.99 0.97 439 1024

EV 0.96 0.88 0.92 161 375

LV 0.86 1.00 0.93 66 154

ER 1.00 0.86 0.92 42 98

LR1 0.94 0.94 0.94 267 623
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Continuation of Table A.2

LR2 0.90 0.88 0.90 159 371

LR3 0.96 0.98 0.97 410 956

H 1.00 1.00 1.00 6 14
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Appendix B

Appendix B Chapter 4

Table B.1: Before and after dates, and the distance between both

before date after date distance

2021-03-18 2021-03-22 118.042

2020-02-13 2020-02-17 111.486

2020-02-18 2020-02-22 103.871

2020-04-26 2020-04-30 101.127

2021-02-13 2021-02-17 92.907

2020-02-23 2020-02-27 88.992

2020-01-28 2020-02-01 85.763

2021-03-28 2021-04-01 79.841
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Continuation of Table B.1

2021-01-23 2021-01-27 79.495

2021-02-18 2021-02-22 78.895

2021-01-08 2021-01-12 78.096

2021-03-23 2021-03-27 77.168

2020-01-03 2020-01-07 76.286

2021-02-23 2021-02-27 75.964

2020-02-08 2020-02-12 75.505

2020-03-23 2020-03-27 73.172

2020-02-03 2020-02-07 72.820

2020-03-08 2020-03-12 72.102

2021-02-03 2021-02-07 66.642

2021-02-08 2021-02-12 64.498

2020-01-08 2020-01-12 63.243

2021-01-28 2021-02-01 61.874

2021-01-18 2021-01-22 57.514

2020-02-26 2020-03-01 56.530

2021-03-13 2021-03-17 56.204

2021-01-13 2021-01-17 55.467

2021-02-26 2021-03-02 53.712

2021-01-03 2021-01-07 53.675
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Continuation of Table B.1

2020-03-13 2020-03-17 53.143

2020-04-18 2020-04-22 52.273

2020-01-18 2020-01-22 51.046

2020-03-03 2020-03-07 50.370

2020-03-18 2020-03-22 50.002

2021-03-08 2021-03-12 48.329

2020-01-13 2020-01-17 47.421

2020-04-23 2020-04-27 47.354

2020-03-28 2020-04-01 46.843

2020-01-23 2020-01-27 46.677

2020-04-03 2020-04-07 42.279

2021-03-03 2021-03-07 41.488

2020-04-13 2020-04-17 40.576

2020-04-08 2020-04-12 34.287
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