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Abstract

This dissertation presents a comprehensive study of advanced remote sensing
methodologies for early crop mapping, employing innovative machine learning tech-
niques to address significant challenges in agricultural monitoring. The research
encapsulates three main studies: ECMDCM (Early Crop Mapping using Dynamic
Clustering Method), CropSTGAN (Crop Spectral-temporal Generative Adversarial
Neural Network), and MultiCropGAN (Multiple Crop Mapping Generative Adversar-
ial Neural Network), each contributing uniquely to the field of precision agriculture.

The ECMDCM introduces a novel dynamic clustering approach using time-
series NDVI and EVI data to enhance the accuracy of early crop mapping across
the continental United States. By optimizing ecoregion delineations through the
elbow and silhouette methods and employing Kmeans++ for clustering, this method
demonstrates significant improvements over traditional static clustering techniques,
offering a more dynamic and precise mapping of crop types.

The CropSTGAN framework addresses the challenges of cross-domain variability
in remote sensing-based crop mapping. It incorporates a domain mapper that
effectively aligns temporal and spectral features across different geographic and
temporal scales, facilitating robust model performance even in the presence of
significant data distribution discrepancies. This framework has been validated
across diverse regions and years, showcasing superior accuracy and adaptability in
comparison to conventional approaches.

Lastly, the MultiCropGAN framework is developed to tackle domain shift and
label space discrepancies, which are prevalent in global agricultural settings. By
incorporating identity losses into the generator’s loss function, MultiCropGAN ensures
the preservation of essential characteristics in the data, enhancing the authenticity
and accuracy of crop type classification. Extensive testing across various North
American regions highlights its effectiveness, particularly in handling divergent label
spaces, thereby improving the reliability and applicability of crop mapping techniques.

Together, these studies not only demonstrate the potential of generative adver-
sarial networks and dynamic clustering in remote sensing but also pave the way for
future innovations in agricultural monitoring. This thesis aims to contribute to the
enhancement of global food security strategies through improved crop monitoring and
management, underlining the critical role of advanced remote sensing technologies in
the future of agriculture.
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1 Introduction

In this chapter, we begin by highlighting the significance of early crop mapping. We
then discuss the limitations and challenges faced by researchers in addressing early
crop mapping over extensive regions, particularly when dealing with issues related to
missing labels. Finally, we outline the contributions of this dissertation and provide
a roadmap for the subsequent sections.
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Chapter 1. Introduction

1.1 Motivation
Early crop mapping plays a crucial role in improving agricultural productivity,

optimizing resource allocation, and enhancing decision-making efficiency. This process
is especially critical as it provides agricultural producers with predictive yield data,
helping decision-makers to adjust strategies timely within the crop growth cycle to
respond to the ever-changing market and environmental conditions.

Firstly, early mapping of crop planting areas can significantly refine the man-
agement of crops. By analyzing data collected from multi-temporal satellite images,
agricultural producers can monitor crop growth conditions, promptly identify areas
affected by pests and diseases, and take swift actions to minimize losses. Additionally,
this process can optimize irrigation and fertilization plans by more precisely allocating
resources to increase crop yield and quality.

Secondly, early crop mapping is particularly important for countries and regions
facing difficulties in data acquisition. In these areas, traditional methods of agri-
cultural data collection are often costly and inefficient. The application of satellite
remote sensing technology provides an effective solution, allowing these regions to
acquire real-time, high-precision agricultural data at lower costs, thus compensating
for the lack of ground data.

Furthermore, as the impact of global climate change on agriculture increases,
early crop mapping helps agricultural producers better adapt to the challenges
brought by climate change. By monitoring the growth status of crops and changes
in environmental conditions, producers can foresee potential risks, such as droughts
or floods, earlier and adjust their crop planting strategies and harvest timings
accordingly to mitigate the adverse effects of climate change.

Although remote sensing technologies have many advantages in crop mapping,
enhancing the accuracy and applicability of these technologies remains a challenge.
The interpretation and utilization of remote sensing data require complex algorithms
and substantial computing resources, and without ground truth data, verifying
and calibrating the accuracy of these data becomes even more difficult. Therefore,
developing new machine learning models and algorithms that can improve the
accuracy and reliability of crop mapping under various geographic and environmental
conditions is a significant research direction in the remote sensing field.

Through continuous technological innovation and methodological improvements,
early crop mapping technologies can better serve global agricultural production, help
countries enhance food security levels, and promote sustainable development in global
agriculture. This holds significant practical significance not only for agricultural
producers and decision-makers but also plays a strategic role in promoting stability
and development in the global food system.
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1.2 Research Challenges and Questions
1.2.1 Early Crop Mapping in a Large Region

Early crop mapping on a large scale involves leveraging advanced remote sensing
technologies, which have grown in popularity due to their non-invasiveness and ability
to quickly gather extensive data. Utilizing multispectral imagery (MSI) captured
by satellites such as Landsat-8 [2, 3, 4], Sentinel-2 [4, 5], and MODIS [3, 6, 7] has
been transformative in providing insights into crop health, vegetation indices, and
land cover classification across vast areas. These technologies enable the assessment
of crop vigor, the identification of stress factors, and the mapping of crop types,
thereby facilitating more informed agricultural decision-making.

The Normalized Difference Vegetation Index (NDVI) [8, 6, 9, 10, 11, 12, 7] and
the Enhanced Vegetation Index (EVI) [8, 10] are particularly crucial in this context.
NDVI helps quantify the greenness and density of vegetation, reflecting the health
of crops by measuring the difference between near-infrared and red spectral bands.
EVI further refines these measurements by incorporating additional spectral bands
to reduce atmospheric and canopy background noise, thus enhancing the accuracy
of vegetation dynamics characterization. These indices, derived from time-series
data from Landsat-8 and Sentinel-2, support various classification methods, such
as decision trees, for crop identification, proving to be highly effective in multiple
studies.

However, the task of accurately mapping crops at a large scale, such as across
the entire Continental United States (CONUS), presents significant challenges. The
heterogeneous nature of crop-growing environments complicates this process. This
heterogeneity stems from complex interactions among various factors like soil type,
climate, and topography, each significantly influencing crop mapping success. For
instance, different soil types across regions can affect vegetation growth and the
spectral reflectance captured by remote sensing data. Similarly, climate variables such
as temperature, precipitation, and solar radiation, as well as topographic features like
elevation and slope, vary considerably across large regions, impacting crop phenology
and productivity.

To address these complexities, the concept of ecoregions has been utilized. Ecore-
gions are defined as geographically distinct areas that exhibit unique ecological
patterns and processes, providing a valuable framework for contextualizing crop
mapping on a large scale. This approach involves analyzing environmental factors
such as soil type, climate, and topography to divide a large area into multiple ecore-
gions, each characterized by unique crop growth dynamics. Crop mapping efforts
can then be tailored to the specific conditions of each ecoregion, thereby improving
the accuracy of the mappings. Methods like ecoregion clustering have shown to
enhance mapping accuracy compared to broader national or state-level mappings by
considering the specific ecological characteristics of each region.

The application of such methodologies not only enhances the accuracy of crop
mapping across large regions but also addresses the challenge of inter-year variability.
Since environmental conditions can vary significantly from year to year, static
ecoregion clustering methods may not suffice. Adapting crop mapping strategies to
accommodate year-to-year climatic variations within each ecoregion is crucial for
maintaining the precision and reliability of crop mapping efforts over time.
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1.2.2 Early Crop Mapping in the Region or Year without Ground
Truth Datasets

Early crop mapping in regions or years without ground truth datasets presents a
significant challenge due to the dependency of deep learning (DL) models on extensive
labeled data for training and validation. These models utilize multi-spectral images
captured by satellites to analyze the spectral features of vegetation, which are
influenced by the structure, leaf biochemistry, and phenological stages of the crops.
The accuracy of such models hinges on the availability of high-quality ground truth
data, which serves as a benchmark for training and assessing the performance of the
classification algorithms.

Unfortunately, in many regions, particularly in underdeveloped countries, obtain-
ing this kind of ground truth data is challenging. It is often costly, labor-intensive,
and sometimes entirely unfeasible. Public crop-type ground truth datasets, such as
the United States Department of Agriculture’s (USDA) Cropland Data Layer (CDL)
[13], provide reliable references but are restricted to a few countries and are typically
released post-harvest, limiting their utility for early crop mapping needs.

The scarcity of ground truth data often forces researchers to adopt a "direct
transfer strategy," where a model trained on data from one region is applied to
another without appropriate retraining. This strategy, however, struggles with the
variability in spectral features across different regions and years, driven by changes
in soil composition, climate conditions, and crop progress. Such variability leads to
a distribution shift between the training data (source domain) and the application
data (target domain), which often results in poor model performance on new and
unseen data, challenging the assumption that data across domains are independent
and identically distributed (i.i.d).

To tackle these cross-domain issues, including those that span both regions and
years, several adaptive strategies have been developed. These strategies aim to
enhance the model’s robustness to changes in the data landscape without relying
on concurrent ground truth data. Techniques such as Domain Adversarial Neural
Networks (DANN) and other related methods like Self-Training with Domain Ad-
versarial Network (STDAN) [14], Phenology Alignment Network (PAN) [15], and
Deep Adaptation Crop Classification Network (DACCN) [16] have been explored.
These methods focus on extracting invariant features from the data across both the
source and target domains, leveraging these features to improve the accuracy of crop
classification maps.

However, these advanced methodologies assume that the differences between data
distributions in various domains are minimal. While they are effective in mitigating
the adverse effects of domain shifts and the absence of labels, their success is often
limited by substantial discrepancies in data distribution across the domains. This
highlights the need for further research into methods that can handle significant
variability in agricultural data and improve the generalizability of crop mapping
models across different geographical and temporal contexts.

By addressing these challenges, the field can move towards more accurate and
timely crop mapping in regions lacking ground truth data, significantly enhancing
global agricultural monitoring and management capabilities.
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1.3 Contributions
In this chapter, we provide a summary of the contributions of this dissertation as

follows:
• ECMDCM [17]: Early Crop Mapping using Dynamic Clustering Method.

We introduce a novel approach to mapping target crops, specifically soybean
and corn, earlier than the harvest period across the United States. Utilizing
time-series NDVI and EVI data, we implement a dynamic ecoregion clustering
method. This method is validated through the use of both the elbow method
and the silhouette method to determine the optimal number of ecoregions.
Following this, we employ the Kmeans++ method to train our ecoregion
clustering model. This model enables us to generate ecoregion maps for the
years 2013 to 2022, comprehensively covering the entire cropland region within
the Continental United States (CONUS). Our results demonstrate that the
dynamic clustering method achieves significantly higher mapping accuracy
compared to traditional static clustering methods, showcasing its effectiveness
in enhancing the precision of early crop mapping in large-scale agricultural
settings.

• CropSTGAN [18]: Crop Spectral-temporal Generative Adversarial Neural
Network. We propose the CropSTGAN framework to address the challenges
of cross-domain variability in remote sensing-based early crop mapping due
to inter-region and inter-year variations. The framework comprises three
key components: a pre-processor, a CropSTGAN domain mapper, and a
TempCNN crop mapper. The CropSTGAN domain mapper is specifically
designed to capture the temporal and spectral features from the time-series
multispectral imagery (MSI) data. It learns to transform data from the target
domain to closely resemble the source domain, facilitating the application
of models across different agricultural contexts. We conducted extensive
experiments to evaluate the effectiveness of the CropSTGAN framework across
different regions and years, focusing on study areas in the USA and China.
These experiments compared the CropSTGAN’s performance against several
baseline methods, including CropTGAN, TempCNN [19], and STDAN. The
results clearly demonstrate that the CropSTGAN framework outperforms these
methods, confirming its superior performance and accuracy in tackling cross-
domain challenges in early crop mapping. This validation underscores the
CropSTGAN’s potential to enhance the precision and applicability of remote
sensing technologies in agricultural monitoring on a global scale.

• MultiCropGAN [20]: Multiple Crop Mapping Generative Adversarial Neural
Network. We introduce the MultiCropGAN framework designed to address
the domain shift issue with label space discrepancies in early crop mapping
tasks. MultiCropGAN is comprised of three main components: a generator,
a discriminator, and a classifier. This comprehensive architecture is aimed at
enhancing the adaptability of crop mapping models to various agricultural con-
texts, especially where label inconsistencies exist between different geographical
domains. To improve the integrity of the mapping data, we propose incorporat-
ing identity losses into the generator’s loss function. This modification ensures
that the generator refrains from making unnecessary alterations to the data,
thereby preserving its essential characteristics. By doing so, the generator helps
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maintain the authenticity and relevance of the geographical features inherent in
the original data, which is critical for accurate crop type classification. To eval-
uate the effectiveness of the MultiCropGAN, we conducted experiments across
diverse agricultural regions in the USA and Canada. These experiments in-
volved a comparative analysis where MultiCropGAN was pitted against various
established methods, including CropGAN, STDAN, DACCN, TempCNN, and
RF [21, 17]. The results from these studies demonstrate that MultiCropGAN
outperforms these baseline methods, showing superior classification metrics,
particularly in scenarios involving divergent label spaces in the target and
source domains. This outcome underscores the potential of MultiCropGAN to
significantly enhance the accuracy and reliability of early crop mapping across
different regions and conditions.
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1.4 Roadmap

Figure 1.1: The Roadmap of this dissertation.

The roadmap of this dissertation is illustrated in Figure 1.1. Chapter 2 introduces
the background of early crop mapping, and related work, followed by a summary of
literature addressing crop mapping faced the large-scale regions and crop mapping
with cross-domain issues. Chapter 3 presents a new method for early crop mapping
for the entire conterminous USA (CONUS) land area using the Normalized Difference
Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) data with a dynamic
ecoregion clustering approach. This approach enables the consideration of the year-
to-year climate variations that significantly impact crop growth, enhancing the
accuracy of our early crop mapping process for a large-scale region. However,
obtaining appropriate ground truth for an arbitrary region is challenging. Chapter 4
introduces the CropSTGAN, a novel solution for cross-domain challenges with large
data distribution discrepancies, that doesn’t require target domain labels. However,
this methodology works on the assumption that the crop-type label spaces between
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the target and source domains are similar. Building upon this study, Chapter
5 introduces the MultiCropGAN to address this label space discrepancies issue.
Following, Chapter 6 concludes the dissertation, and Chapter 7 discusses future
work.
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2 Background and Related Works

This chapter introduces the background of early crop mapping, and related work,
followed by a summary of literature addressing crop mapping faced the large-scale
regions and crop mapping with cross-domain issues.
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Chapter 2. Background and Related Works

2.1 Multispectral Image (MSI), Vegetation Indices,
and Satellite MSI Datasets

2.1.1 MSI

Figure 2.1: Difference between RGB imaging, multispectral imaging (MSI) and
hyperspectral imaging (HSI). [1]

Remote sensing technology has revolutionized the way we observe and understand
the Earth’s surface, ecosystems, and atmospheres from a distance, primarily through
the use of satellites or aircraft. Central to this field is the use of multispectral
imaging (MSI), a technique that captures image data at specific wavelengths across
the electromagnetic spectrum.

As shown in Figure 2.1, compared to an RGB image which includes 3 bands, a
multispectral image is a collection of a few image layers of the same scene, each of
them acquired at a particular wavelength band. Furthermore, unlike the human eye,
which can only see visible light, multispectral cameras record data from both the
visible light spectrum and other bands, including infrared and ultraviolet, providing
a richer and more detailed view of an area than conventional photography.

One of the most impactful applications of multispectral imaging is in agricultural
sciences, particularly in crop mapping. Crop mapping involves the classification and
spatial representation of crop types over a large area, which is essential for monitoring
crop health, predicting yields, and managing agricultural inputs more effectively.
MSI technology is uniquely suited for this task because different crops reflect and
absorb light differently at various wavelengths, including those beyond the visible
spectrum. For instance, healthy vegetation strongly reflects near-infrared light and
absorbs more visible light, a characteristic that can be distinctively captured through
MSI.

2.1.2 Vegetation Indices
Vegetation absorbs solar radiation in different bands, which lie in various fre-

quency ranges and wavelengths, and reflects different percentages of it back into
the atmosphere. The percentage of reflected radiation in specific bands, such as
near-infrared (NIR), red (RED), and blue (BLUE), varies with plant health and
environmental stress. As a result, vegetation indices can effectively reflect the health
and vigor of crops.

Common Vegetation Indices:
• NDVI (Normalized Difference Vegetation Index)
• EVI (Enhanced Vegetation Index)
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Figure 2.2: RGB images reconstructed from the red, green, and blue bands from the
Sentinel-2 MSI images.

Figure 2.3: Corresponding NDVI images.

The most commonly used vegetation index is undoubtedly the NDVI (Normalized
Difference Vegetation Index). NDVI describes the vigor level of vegetation and is
calculated as the ratio between the difference and the sum of the reflected radiations
in the near-infrared and red bands. The formula is:

NDVI = NIR− RED
NIR + RED (2.1)

Vegetation absorbs red-light energy to fuel photosynthesis and create chlorophyll.
Therefore, a healthy plant with more chlorophyll will absorb more red-light energy
and reflect more near-infrared energy than an unhealthy plant. This phenomenon
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makes time-series NDVI a valuable tool for monitoring crop growth and forecasting
yields.

For instance, Figure 2.2 displays RGB images reconstructed from the red, green,
and blue bands of the Sentinel-2 MSI dataset, capturing the growth stages of crops
such as soybean and corn from April to July in a study area in the USA. Additionally,
Figure 2.3 presents the corresponding NDVI images, where green indicates high
NDVI values and yellow indicates low values. As can be observed, over time, the
color transition from yellow to green reflects the increasing NDVI values as the crops
progress through their growth stages.

The Enhanced Vegetation Index (EVI) is another important vegetation index,
designed to optimize the vegetation signal with improved sensitivity in high biomass
regions and better accounting for atmospheric conditions. EVI is calculated using
the NIR, RED, and BLUE bands as follows:

EVI = G · NIR− RED
NIR + C1 · RED− C2 · BLUE + L

(2.2)

where: G is the gain factor, C1 and C2 are the coefficients for the aerosol resistance
term, L is the canopy background adjustment term. Typically, the values for these
constants are: G = 2.5, C1 = 6, C2 = 7.5, and L = 1.

EVI provides improved sensitivity over high biomass regions and better correction
for atmospheric influences, making it a robust index for vegetation monitoring.

In conclusion, both NDVI and EVI are powerful tools for assessing vegetation
health. NDVI is widely used due to its simplicity and effectiveness in providing
insights into plant health and vigor. EVI, with its enhanced sensitivity and improved
atmospheric correction, offers a more refined analysis, especially useful in regions
with high biomass. Together, these indices play a crucial role in remote sensing
applications, enabling accurate monitoring and management of agricultural and
natural ecosystems.

2.1.3 MSI datasets
This chapter also provides a detailed overview of four frequently used MSI datasets:

Sentinel-2, Landsat 7, Landsat 8, and MODIS, highlighting their resolution, spectral
bands, revisit times, and significance.

• Sentinel-2, part of the European Space Agency’s (ESA) Copernicus program,
consists of two satellites: Sentinel-2A, launched in 2015, and Sentinel-2B,
launched in 2017. These satellites provide high-resolution optical imagery and
collectively cover the globe every five days.
The key features of Sentinel-2 include its spatial resolution, which varies across
different spectral bands. Specifically, the spatial resolution is 10 meters for
Bands 2 (Blue), 3 (Green), 4 (Red), and 8 (Near Infrared - NIR). For Bands 5,
6, 7 (Red Edge), 8A (NIR), 11, and 12 (Shortwave Infrared - SWIR), the spatial
resolution is 20 meters. Bands 1 (Coastal Aerosol), 9 (Water Vapor), and
10 (SWIR - Cirrus) have a spatial resolution of 60 meters. In total, Sentinel-
2 encompasses 13 spectral bands ranging from the visible to the shortwave
infrared spectrum. The revisit time for Sentinel-2, when both satellites are
combined, is every five days at the equator.
Sentinel-2’s high spatial resolution and frequent revisit time make it particu-
larly valuable for agricultural monitoring, vegetation analysis, and land cover
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classification. Furthermore, its open access policy encourages extensive research
and operational use, making it a critical resource for scientists and practitioners
in various fields.

• Landsat 7, launched by NASA in 1999, continues the legacy of the Landsat
program, providing critical data for Earth’s surface monitoring. It has several
key features that make it a valuable resource for researchers. The spatial
resolution varies by band: the panchromatic band has a resolution of 15 meters,
the multispectral bands (Bands 1-5 and 7) have a resolution of 30 meters, and
the thermal infrared band (Band 6) has a resolution of 60 meters. Landsat
7 captures data in 8 spectral bands, including blue, green, red, near infrared
(NIR), shortwave infrared (SWIR), and thermal infrared (TIR). The satellite
revisits the same location on Earth every 16 days, providing a consistent time
series of data.
Landsat 7 is invaluable for historical comparisons and trend analysis due
to its long-term data record, which spans over two decades. This extensive
dataset allows researchers to study changes in land use and land cover, monitor
forestry conditions, and conduct comprehensive environmental assessments.
The satellite’s ability to provide detailed and consistent imagery over time
makes it a cornerstone for ongoing research and monitoring efforts.

• Landsat 8, launched in 2013, is the most recent addition to the Landsat series,
providing improved data quality and additional spectral bands. This satellite
offers significant enhancements over its predecessors, particularly in terms of
spatial resolution and spectral coverage. The spatial resolution includes 15
meters for the panchromatic band (Band 8), 30 meters for the multispectral
bands (Bands 1-7, 9), and 100 meters for the thermal infrared bands (Bands
10, 11), which are resampled to 30 meters.
Landsat 8 features 11 spectral bands, including new coastal/aerosol and cirrus
bands, in addition to the standard visible, near-infrared (NIR), shortwave
infrared (SWIR), and thermal infrared (TIR) bands. This broad spectral
coverage allows for more detailed and accurate observations of the Earth’s
surface.
The satellite revisits each location on Earth every 16 days, providing frequent
and regular data that is essential for monitoring changes over time.
Landsat 8’s improved sensors and additional bands enhance its utility for
various applications, including water quality monitoring, vegetation health
assessment, and urban mapping. Its continuity with previous Landsat missions
supports long-term environmental studies, enabling researchers to compare
current data with historical records to analyze trends and changes in the Earth’s
surface.

• MODIS (Moderate Resolution Imaging Spectroradiometer), aboard
NASA’s Terra (launched in 1999) and Aqua (launched in 2002) satellites,
provides comprehensive data covering the entire globe every 1-2 days.
MODIS offers a range of key features that make it an invaluable tool for various
research applications. Its spatial resolution varies across different bands: 250
meters for Bands 1-2 (Red, NIR), 500 meters for Bands 3-7 (Blue, Green,
NIR, SWIR), and 1 kilometer for Bands 8-36 (ranging from visible to thermal
infrared). This spectral diversity, encompassing 36 bands, allows for detailed
analysis of the Earth’s surface and atmosphere. The revisit time for MODIS
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is daily at the equator, thanks to the combined capabilities of the Terra and
Aqua satellites.
The importance of MODIS in research is profound. Its frequent global coverage
and extensive range of data products make it indispensable for climate studies,
large-scale environmental monitoring, and disaster response. MODIS data
supports research on vegetation dynamics, land surface temperature, and
atmospheric studies, providing critical insights into environmental changes and
aiding in effective management and policy-making.

Sentinel-2, Landsat 7, Landsat 8, and MODIS are among the most frequently used
MSI datasets in remote sensing research due to their unique capabilities and extensive
applications. Sentinel-2’s high spatial resolution and frequent revisit time, combined
with the long-term continuity and free access of the Landsat program, provide robust
data for detailed and long-term environmental studies. MODIS’s global coverage
and extensive data products complement these datasets by offering insights into
large-scale and dynamic processes. Together, these datasets form a comprehensive
foundation for a wide range of remote sensing applications and research initiatives.

By analyzing MSI data, scientists and agricultural managers can identify different
crop types and assess their condition throughout the growing season. This capability
is crucial for precision agriculture, where the goal is to optimize field-level management
concerning crop farming practices. Information derived from MSI can help in making
decisions on irrigation, pest and disease control, and harvesting, ultimately leading
to increased efficiency and sustainability in agricultural production.

Furthermore, the ability of MSI to monitor changes over time supports the
dynamic management of crops. This temporal analysis can detect anomalies in crop
development, potentially indicating issues such as water stress, nutrient deficiencies,
or infestations before they can cause significant damage. Regular monitoring through
MSI thus helps in implementing timely interventions, ensuring crop health and
productivity.

Technological advancements in remote sensing have led to improvements in the
spatial, spectral, and temporal resolution of multispectral images, allowing for more
precise and detailed data collection. This progression enhances our ability to manage
natural resources, respond to environmental changes, and conduct scientific research
across disciplines.

In sum, MSI represents a pivotal development in remote sensing, offering compre-
hensive insights that are vital for environmental monitoring, management, and the
sustainable development of our planet. The application of MSI in crop mapping is a
testament to its potential in enhancing agricultural productivity and sustainability,
making it a critical tool in the arsenal of modern agronomy.
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2.2 Problems in Crop Mapping using Time-Series MSI
images

Crop mapping using time-series multi-spectral imaging (MSI) data offers signif-
icant potential for monitoring agricultural landscapes, assessing crop health, and
managing agricultural resources. However, this approach also presents several chal-
lenges that researchers and practitioners must address to ensure accurate and reliable
results. These challenges include issues related to crop location, cloud coverage, crop
calendar and crop rotations, and the handling of big data. Each of these problems is
detailed below.

2.2.1 Crop Location

Figure 2.4: The Geographic Polygons with Climate Zones Clustering. (a) United
Kingdom, (b) Mexico, (c) Ivory Coast, (d) Indonesia, (e) Vietnam.

When attempting to identify and map specific crops over large areas, having
prior knowledge about the general distribution of crops can be crucial. However, this
prerequisite can pose significant challenges:

• Lack of Prior Information: In many cases, detailed and up-to-date information
about the main crops in a location is often unclear. This absence of data can
make it challenging to pinpoint regions where specific crops are cultivated,
complicating the early stages of crop mapping.

• Spatial Variability: Crop types can vary significantly within a large region.
Even within known agricultural zones, the exact boundaries of different crops
can change from year to year due to factors such as market demands, weather
conditions, and farming practices.

• Climate Variability: In large regions, weather and climate conditions can
differ significantly. These variations can lead to differences in crop growth
characteristics, even for the same crop, making it more complex to accurately
map and monitor crop development across diverse environments.

2.2.2 Cloud Coverage
Cloud cover is a significant obstacle in the use of MSI images for crop mapping.

Clouds can obscure the view of the Earth’s surface, leading to incomplete and
unreliable data. In many regions, especially tropical and temperate zones, cloud
cover can be frequent and persistent, reducing the number of usable images. This
problem is exacerbated during the rainy season, which often coincides with critical
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Figure 2.5: Cloud Coverage. Left: The RGB Image. Right: The NDVI Image.

periods of crop growth. Cloud cover can create gaps in the time-series data, making
it challenging to track the development and growth stages of crops accurately. For
instance, Figure 2.5 presents the RGB and NDVI images of the study area in the
USA, where the primary crops are soybean and corn. A significant portion of the
cropland is obscured by clouds, and since MSI cannot penetrate clouds, the white
gaps in the NDVI image are caused by this obstruction. These gaps can lead to
misinterpretations and errors in crop classification and monitoring. Additionally,
even when clouds do not directly cover the target area, the shadows they cast can
degrade image quality, introducing further challenges in data analysis.

2.2.3 Crop Calendar and Crop Rotations
The timing of planting, growing, and harvesting crops (crop calendar) and the

practice of crop rotation (alternating crops in the same field across different seasons
or years) add layers of complexity to crop mapping. Crop calendars can vary
significantly between regions and even within the same region over different years.
These variations depend on factors such as climate, soil conditions, and farming
practices. Even for the same crop, differences in planting dates result in variations
in growth stages, so when monitoring the Vegetation Index at the same time period,
their patterns may not align. This variability requires adaptive algorithms that can
account for changes in crop types and growth stages over time.

Moreover, accurately mapping crops requires precise knowledge of the local crop
calendar, which can be difficult to obtain and maintain. While crop rotation practices
benefit soil health and pest management, they also complicate the crop mapping
process. Different crops have distinct spectral signatures, and rotating crops means
that spectral data collected in one season may not be applicable to the next.

Additionally, the timing of satellite passes may not always coincide with critical
phenological stages, potentially missing key growth periods and impacting the
accuracy of crop classification and yield predictions.

2.2.4 Big Data
Handling the sheer volume of data generated by high-resolution MSI images over

large areas introduces several challenges. High-resolution images, such as those with
30-meter spatial resolution, generate vast amounts of data, especially when covering
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extensive areas like entire countries or continents. For example, mapping the entire
USA with such resolution involves processing and storing petabytes of data. Storing
large volumes of MSI data requires significant infrastructure, including high-capacity
storage solutions and efficient data management systems. This requirement can be a
substantial financial and logistical burden for many organizations. Processing time-
series data for large-scale crop mapping demands substantial computational resources.
Tasks such as image pre-processing, classification, and analysis can be computationally
intensive, necessitating powerful hardware and optimized algorithms. Integrating MSI
data with other datasets (e.g., weather data, soil maps, and agricultural statistics) to
improve the accuracy of crop mapping further increases the complexity and volume
of data to be handled. Efficient data integration and management strategies are
essential to derive meaningful insights from these diverse data sources.

2.2.5 Cross Domain Issue in Crop Mapping
Early crop mapping, which entails identifying the areas where crops are cultivated

prior to the harvest season, serves as a critical foundation for agricultural planning,
resource allocation, crop insurance, and risk management [22, 23]. The identification
process is largely driven by the spectral characteristics of vegetation, which are
influenced by plant structure, leaf biochemistry, and phenological stages [24]. As such,
time-series analysis of multispectral satellite images has become the primary method
for classifying land cover. The surge in satellite data availability and advancements
in technology have led to the adoption of deep learning (DL) for producing detailed
and accurate maps of crop cultivation [25]. These sophisticated DL methods depend
heavily on extensive ground truth data for training and validating models, which
can be sourced directly from field surveys or indirectly from public datasets like the
USDA’s Cropland Data Layer (CDL), though the latter are often considered weak
labels [26, 27, 13].

However, acquiring suitable ground truth data for any given region poses signif-
icant challenges. While public datasets like the CDL offer dependable and timely
data for training purposes, they are limited to a few countries and typically become
available post-harvest, complicating timely application. The process of gathering
these data is not only expensive and labor-intensive but can also be impractical,
particularly in less developed regions. In the absence of local ground truth data,
researchers often resort to a "direct transfer strategy", utilizing labeled data from
other regions to train models before applying them in new areas [28, 29]. However,
spectral features of crops have both inter-region variability and inter-annual variabil-
ity due to changes in soil composition, climate conditions, and crop progress [30].
These differences lead to what is known as the cross-domain issue, including the
cross-year issue and the cross-region issue, where there is a shift in data distribution
between the training data (source domain) and the application data (target domain).
This shift can severely degrade the performance of DL models in new and untested
regions and years, challenging the fundamental machine learning assumption that
training and application data are independent and identically distributed (i.i.d) or
at least similarly distributed.
2.2.5.1 Cross-Year Issue

The cross-year issue deals with the variability in crop spectral signatures from
year to year, which can result from a myriad of factors including meteorological
conditions, changes in crop management practices, and phenological shifts. This
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(a) (b)

Figure 2.6: Ground Truth Data: Green represents corn, yellow represents soybean,
red represents rice, light olive represents fallow cropland, pink represents alfalfa, and
white represents non-cropland. (a) The USA Study Area 2019, (b) China Study
Area 2019.

temporal variation can lead to shifts in data distribution, posing challenges for models
trained on data from specific years. Models that fail to generalize well across different
years can produce inaccurate crop type predictions and yield estimates, which can
mislead resource distribution and crop management strategies.

For instance, Figure 2.6a shows the ground truth data (labels) for the study
area shown in Figure 2.5. Green represents corn, yellow represents soybean, red
represents rice, light olive represents fallow cropland, pink represents alfalfa, and
white represents non-cropland. The temporal NDVI curves in Figure 2.7 display the
Average Time-series NDVI (Normalized Difference Vegetation Index) of corn and
other crops across two different years (2019 and 2020) in this study area, highlighting
how NDVI values change over the growing season. 2.7a represents the data from
2019, while Figure 2.7b reflects data from 2020.

These plots demonstrate the typical seasonal growth patterns of corn, where the
NDVI increases significantly between Day 160 and Day 210 of the year as the crop
matures, reaching its peak between Day 210 and 220, before stabilizing or slightly
declining. Other crops, however, consistently show lower NDVI values, indicating
less dense or less healthy vegetation compared to corn.

The cross-year issue arises due to significant variability in the spectral signatures
of crops like corn, which are influenced by external factors such as changing mete-
orological conditions, crop management practices, and phenological stages. These
temporal variations can alter the distribution of spectral data from one year to
the next, creating challenges for models trained on specific-year data to generalize
effectively across different years.

In this figure, the differences between the NDVI curves from 2019 and 2020
reflect how these factors can shift spectral signatures and impact the overall data
distribution. Models that are not adapted to handle such variability may struggle
to make accurate crop type predictions or yield estimates, potentially leading to
suboptimal decisions in resource allocation or crop management strategies. Thus,
handling cross-year variability is critical for improving the robustness of models used
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Figure 2.7: The Average Time-series NDVI of Corn for the Source Domain and
Target Domain. (a) Jackson County, 2019. (b) Jackson County, 2020.

in crop mapping.

2.2.5.2 Cross-Region Issue

Figure 2.8 illustrates the Average Time-series NDVI of Corn for both the Source
Domain (Jackson County, 2019) and the Target Domain (a study area in China,
2019). Subfigures 2.8a and 2.8b depict the temporal variations in NDVI for corn and
other crops over a period of time (Day of Year), highlighting that crops exhibit a
higher NDVI curve in Jackson county than in the study area of China in 2019.

The cross-region issue is evident when comparing these figures, which underscores
the challenges faced when applying models trained in one geographic area to another.
Differences in soil types, climate conditions, and farming practices between regions,
such as between Jackson County and the study area in China, affect the spectral
signatures of crops like corn. These variations lead to a shift in data distribution,
posing a significant challenge for models. The cross-region variation, particularly in
crop NDVI trends, tends to be more pronounced than cross-year differences, further
complicating model transferability and performance across different regions.
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Figure 2.8: The Average Time-series NDVI of Corn for the Source Domain and
Target Domain. (a) Jackson County, 2019. (b) The study area of China, 2019.

2.2.5.3 Cross-Region Issue with Label Spaces Discrepancies
Adding complexity to the cross-region issue is the problem of label space dis-

crepancies. This occurs when the categories of crops present in the target region do
not match those in the source region used for training. These discrepancies can be
due to different regional crop classifications, the presence of unique local crops not
included in the source dataset, or different stages of crop maturity at the time of
image capture.

For instance, Figure 2.6 illustrates the primary crop types in the study areas of
the USA and China. While both regions include corn and soybean, rice is exclusive
to the China study area. Addressing this aspect of the cross-domain issue requires
not only domain adaptation techniques but also innovative approaches in model
training to accommodate varying label spaces.
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2.3 Platforms
Satellite image processing platforms play a crucial role in various fields, including

environmental monitoring, urban planning, disaster management, and especially
agriculture. These platforms provide access to vast amounts of remote sensing data
and powerful tools for analyzing this data. This Section provides an overview of
four prominent satellite image processing platforms: Google Earth Engine (GEE),
Sentinel Hub, Earthdata (NASA Worldview), and USGS Earth Explorer.

• Google Earth Engine (GEE) is a cloud-based platform designed for planetary-
scale environmental data analysis. It hosts a vast public data archive that
includes petabytes of satellite imagery and geospatial datasets, making it an
invaluable resource for researchers and practitioners. One of its key features
is its massive data catalog, which provides access to a wide range of datasets
from various satellite missions such as Landsat, Sentinel, MODIS, and more.
Additionally, Google Earth Engine offers powerful processing capabilities, allow-
ing users to perform complex analyses using JavaScript or Python APIs while
leveraging Google’s robust cloud infrastructure. This platform is also highly
scalable, capable of efficiently processing large datasets, making it suitable for
global-scale studies. The interactive interface, particularly the Code Editor,
offers an engaging environment for writing scripts, visualizing data, and sharing
results, enhancing the overall user experience and facilitating collaboration.

• Sentinel Hub is an innovative cloud-based platform developed by Sinergise
for processing and analyzing satellite data. It provides easy access to data from
a variety of satellite missions, including Sentinel-1, Sentinel-2, and Landsat-8.
One of its key features is its wide data accessibility, which offers seamless access
to multiple satellite data sources. This allows users to obtain comprehensive
and diverse datasets for their analysis.
The platform also supports customizable processing, enabling users to create
custom scripts to process and visualize data according to their specific needs.
This flexibility ensures that users can tailor their data analysis to suit their
particular requirements. Additionally, Sentinel Hub provides robust APIs and
web services that facilitate integration with other applications and services. This
enhances the platform’s flexibility and usability, allowing it to be incorporated
into various workflows and systems.
Another significant feature of Sentinel Hub is the EO Browser, an intuitive
online tool for exploring and analyzing satellite data. The EO Browser allows
users to interact with and analyze satellite imagery without the need for coding,
making it accessible to a broader range of users, including those without a
technical background. This combination of features makes Sentinel Hub a
powerful and versatile tool for accessing, processing, and analyzing satellite
data.

• Earthdata (NASA Worldview), managed by NASA, provides access to a
wealth of Earth observation data. The Worldview tool is a user-friendly online
application for visualizing satellite imagery and other geospatial data in near
real-time.
One of the key features of Earthdata is its near real-time data access, which
enables timely analysis and decision-making. This capability is crucial for ap-
plications such as disaster response, environmental monitoring, and agricultural
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management, where up-to-date information is essential.
Another important aspect of Earthdata is its comprehensive data coverage.
The platform includes data from a variety of NASA missions, including MODIS
(Moderate Resolution Imaging Spectroradiometer) and VIIRS (Visible Infrared
Imaging Radiometer Suite), among others. This extensive dataset allows users
to perform in-depth analyses across a broad range of scientific and practical
applications.
Moreover, Earthdata’s free and open access policy ensures that all data is freely
available to the public. This openness supports the principles of open science
and research, allowing scientists, educators, policymakers, and the general
public to utilize the data without restrictions.
The Worldview tool within Earthdata offers robust visualization tools that
enable users to overlay various data layers, customize visualizations, and export
images for reports and presentations. This functionality enhances the user’s
ability to interpret and communicate the data effectively, making it a valuable
resource for both scientific research and practical applications.

• USGS Earth Explorer is a web-based application provided by the United
States Geological Survey (USGS) for searching, downloading, and analyzing
satellite imagery and geospatial data. This platform hosts an extensive data
repository that includes a vast archive of remote sensing data from missions
such as Landsat, Sentinel, and others. The advanced search capabilities of
Earth Explorer allow users to find data based on specific locations, time frames,
and other criteria, making it easier to pinpoint relevant datasets. Users benefit
from free access to a wide range of datasets, which can be freely downloaded
for further analysis. Additionally, Earth Explorer provides basic tools for data
visualization and analysis, which are suitable for preliminary investigations
and initial data exploration.

These satellite image processing platforms offer unique strengths and capabilities,
making them indispensable tools for a wide range of applications. Google Earth
Engine excels in large-scale data analysis with its powerful cloud infrastructure,
Sentinel Hub provides flexible and customizable processing solutions, Earthdata
(NASA Worldview) offers near real-time data access with an emphasis on usability,
and USGS Earth Explorer serves as a comprehensive data repository with robust
search functionalities. Together, they represent the cutting edge of remote sensing
and geospatial data analysis, supporting research, decision-making, and innovation
across various fields.
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2.4 Crop Mapping Using Machine Learning Methods
Machine learning is a subset of artificial intelligence (AI) that involves developing

algorithms and statistical models that enable computers to perform specific tasks
without explicit instructions. By learning from data, these algorithms can make
predictions, classify data, and uncover hidden patterns. Machine learning can be
broadly categorized into traditional machine learning and deep learning (DL).

Traditional machine learning encompasses a range of algorithms that often require
structured data and rely heavily on feature engineering, where humans manually
select the attributes that best represent the underlying patterns. Methods like
Support Vector Machines (SVM), Decision Trees (DTs), and Random Forests (RF)
are prominent examples in this category. SVM aims to find the optimal hyperplane
that separates different classes by maximizing the margin between them, while DTs
operate by splitting the data into branches based on decision rules derived from the
features. RF, an ensemble technique, improve prediction accuracy by constructing
multiple decision trees and averaging their outcomes to mitigate the risk of overfitting.

In contrast, deep learning is inspired by the structure and function of the human
brain and focuses on building neural networks that automatically learn hierarchical
representations from large amounts of data. Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and Long Short-Term Memory networks (LSTM)
are some of the widely used architectures in this domain. CNNs are particularly
well-suited for image recognition tasks as they can capture spatial hierarchies by
applying filters to extract features like edges and textures. RNNs, with their ability
to handle sequential data, are often applied to time-series analysis or natural language
processing, though they struggle with long-term dependencies. LSTMs, an advanced
version of RNNs, are specifically designed to address this limitation, making them
highly effective for tasks like speech recognition and sequence prediction.

To generate precise crop cultivation maps from these images, various supervised
DL methods, including CNNs [31, 32], Temporal Convolutional Neural Network
(TempCNN) [19], and LSTM [33, 34], have been explored. Notably, the findings
indicate that DL approaches outperform conventional techniques like SVM [35],
DTs [36, 37], and RF [17, 21]. In this section, the foundational knowledge of these
methods will be introduced. Furthermore, Generative Adversarial Networks (GANs)
will be discussed, as they play a crucial role in my work to address the cross-domain
issues previously mentioned.

2.4.1 Traditional Machine Learning Methods
Crop mapping using remote sensing data has long relied on traditional machine

learning techniques, such as SVM and RF. These methods have been extensively
employed for their effectiveness in handling the spectral and spatial variability inherent
in satellite imagery [38, 39, 40]. SVM and RF classifiers work by learning decision
boundaries and ensemble predictions from labelled data, respectively. Although they
provide a solid foundation for crop classification, their reliance on hand-engineered
features and limited ability to capture complex non-linear relationships restrict their
performance in dynamic and varied agricultural landscapes.
2.4.1.1 Support Vector Machines

SVM is a supervised machine learning algorithm used for classification and
regression tasks, although it is more commonly applied to classification problems.
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The primary objective of SVM is to find a hyperplane that best separates the
data points of different classes in a high-dimensional space. SVM is known for
its effectiveness in high-dimensional spaces and its robustness when the number of
dimensions exceeds the number of samples.

The principle of SVM is to find the optimal hyperplane that maximizes the
margin between the closest data points of different classes, known as support vectors.
The margin is defined as the distance between the hyperplane and the nearest data
points from either class.

In the simplest case, when the data is linearly separable, SVM finds a linear
hyperplane to separate the classes. For data that is not linearly separable, SVM uses
a technique called the kernel trick to transform the data into a higher-dimensional
space where it becomes linearly separable. Common kernel functions include the
polynomial kernel, radial basis function (RBF) kernel, and sigmoid kernel.
Mathematical Formulation

The optimization problem for a linear SVM can be expressed as:

maximize 2
||w||

(2.3)

subject to the constraints:

yi(w · xi + b) ≥ 1 for all i (2.4)

, where: w is the weight vector, b is the bias term, xi represents the feature vectors
of the training data, yi represents the class labels, which are either +1 or −1.

The goal is to maximize the margin, which is equivalent to minimizing |w|, subject
to the constraint that all data points are correctly classified. This can be formulated
as a convex optimization problem:

minimize 1
2 ||w||

2 (2.5)

subject to:

yi(w · xi + b) ≥ 1 for all i (2.6)

In cases where the data is not linearly separable, the optimization problem is
modified to allow some misclassification, introducing slack variables ξi:

minimize 1
2 ||w||

2 + C
n∑

i=1
ξi (2.7)

subject to:

yi(w · xi + b) ≥ 1− ξi and ξi ≥ 0 for all i (2.8)

, where C is a regularization parameter that controls the trade-off between maximizing
the margin and minimizing the classification error.

For non-linear SVM, the kernel trick is applied to transform the input data into
a higher-dimensional space using a kernel function K(xi, xj). The optimization
problem then becomes:
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minimize 1
2 ||w||

2 + C
n∑

i=1
ξi (2.9)

subject to:

yi(
n∑

j=1
αjyjK(xi, xj) + b) ≥ 1− ξi and ξi ≥ 0 for all i (2.10)

, where αj are the Lagrange multipliers.
2.4.1.2 Random Forests

RF is a supervised machine learning algorithm that is widely used for classification
and regression tasks. It is an ensemble learning method, which means it constructs
multiple decision trees during training and combines their outputs to improve the
overall performance and robustness of the model. The primary advantage of Random
Forest is its ability to handle large datasets with higher dimensionality and its
robustness to overfitting.

The principle of Random Forest involves building a multitude of decision trees
and aggregating their results. Each tree in the forest is trained on a random subset of
the data (with replacement, known as bootstrap sampling), and at each split in the
tree, a random subset of features is considered for splitting. This randomness helps
in creating trees that are less correlated and thus improves the overall generalization
of the model.
Mathematical Formulation

For a dataset with n samples, a bootstrap sample is created by randomly sampling
n samples with replacement. This process is repeated to create multiple bootstrap
samples for training individual trees. For each node in the tree, a random subset of
m features is selected from the total p features. The best split is determined based
on this subset of features. For a given input x, the prediction for classification is:

ŷ = majority_vote(T1(x), T2(x), . . . , TB(x)) (2.11)
For regression, the prediction is:

ŷ = 1
B

B∑
b=1

Tb(x) (2.12)

RF is a powerful and versatile machine learning algorithm that excels in both
classification and regression tasks. Its ability to handle high-dimensional data,
robustness to overfitting, and ease of implementation make it a popular choice for
many applications. By aggregating the predictions of multiple decision trees, Random
Forest can provide accurate and reliable results even when dealing with complex and
noisy datasets.

2.4.2 Deep Learning Methods
The introduction of deep learning has significantly enhanced the capabilities

of crop mapping models. Techniques such as CNNs and LSTM are now at the
forefront due to their superior ability to autonomously extract and learn from the
temporal and spatial characteristics present in remote sensing data [31, 34, 41].
These models excel in integrating and analyzing vast amounts of data, allowing
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for nuanced understanding and classification of various crop types. By training
on multi-year, region-specific crop data, deep learning models can adapt to annual
variations and regional specificities, thereby improving the accuracy and robustness
of crop classifications.

To further address the challenges of adapting to new regions and years without
ample labelled data, techniques like direct transfer and unsupervised domain adap-
tation have been implemented. Direct transfer involves applying knowledge gained
from one domain to another, assuming similar data distributions [28, 42]. However,
this method often struggles with cross-domain issues due to significant differences in
environmental and agricultural conditions.

Unsupervised Domain Adaptation (UDA) techniques, such as Domain Adversarial
Neural Networks (DANN), have been developed to bridge the gap between different
regions by aligning deep feature distributions. This approach minimizes the domain
discrepancies through adaptations like the Maximum Mean Discrepancy (MMD) and
its variants, enhancing the model’s generalization capabilities across diverse settings
[14, 15, 16]. These adaptations help mitigate the impact of lacking matched, labelled
datasets across regions, making deep learning models more flexible and applicable in
global agricultural monitoring tasks.

2.4.2.1 Artificial Neural Networks

ANNs are a fundamental component of deep learning, modelled loosely after the
human brain. ANNs consist of layers of interconnected nodes, known as neurons,
where each connection has an associated weight. The network learns by adjusting
these weights based on the error in predictions. ANNs are versatile and can be used
for various tasks, including classification, regression, and time-series forecasting.

The basic structure of an ANN includes an input layer, one or more hidden layers,
and an output layer. Each neuron in a layer is connected to every neuron in the
subsequent layer, and these connections are represented by weights. The information
flows from the input layer through the hidden layers and finally to the output layer,
where a decision or prediction is made.

Mathematical Formulation

The output of a neuron is calculated as a weighted sum of its inputs, passed
through an activation function. For a neuron j in a hidden layer, the output zj can
be expressed as:

zj = σ

(
n∑

i=1
wijxi + bj

)
(2.13)

where: wij represents the weight between the i-th input neuron and the j-th hidden
neuron, xi is the input to the neuron, bj is the bias term for the j-th hidden neuron,
σ is the activation function. The activation function σ introduces non-linearity
into the network, allowing it to model complex relationships. Common activation
functions include the sigmoid function, the hyperbolic tangent function (tanh), and
the rectified linear unit (ReLU). The ReLU function is often used in modern neural
networks and is defined as:

σ(z) = max(0, z) (2.14)
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The output layer produces the final prediction of the network. For a classification
problem with m classes, the output of the network can be expressed as:

ŷk = exp(zk)∑m
j=1 exp(zj)

(2.15)

, where: ŷk is the predicted probability of class k, zk is the output of the neuron
corresponding to class k. This function is known as the softmax function and is
commonly used in the output layer of a neural network for multi-class classification
tasks.

Learning Process

The learning process in an ANN involves adjusting the weights wij to minimize
the error between the predicted output ŷ and the actual target value y. This error is
quantified using a loss function L (y, ŷ), which measures the discrepancy between
the predicted and actual values. A commonly used loss function for classification
problems is the cross-entropy loss, defined as:

L(ŷ, y) = −
m∑

k=1
yk log(ŷk) (2.16)

, where: yk is the true label, represented as a one-hot encoded vector. The goal is to
minimize this loss function by iteratively adjusting the weights using a process called
backpropagation, combined with an optimization algorithm like gradient descent.
During backpropagation, the gradient of the loss function with respect to each weight
is calculated, and the weights are updated in the opposite direction of the gradient:

wij ← wij − η
∂L

∂wij

(2.17)

, where: η is the learning rate, a hyperparameter that controls the step size of the
weight updates. This process is repeated over many iterations, called epochs, until
the loss converges to a minimum, resulting in a trained neural network capable of
making accurate predictions.

2.4.2.2 Convolutional Neural Networks
CNNs are a class of deep learning models specifically designed for processing

structured grid data, such as images. CNNs have revolutionized the field of computer
vision by automating the process of feature extraction and allowing for the hierarchical
learning of features from raw pixel values to complex patterns. Unlike traditional
machine learning methods, CNNs do not require manual feature engineering, making
them particularly effective for image recognition, object detection, and segmentation
tasks.

Principle of CNN

The core idea behind CNNs is the use of convolutional layers to extract spatial
features from the input data. These layers apply a set of filters (also known as
kernels) to the input image, generating feature maps that capture different aspects
of the image, such as edges, textures, and shapes. The key operations in a CNN
include convolution, activation, pooling, and fully connected layers.
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• Convolution Operation:
The convolution operation involves sliding a filter w over the input image
X to produce a feature map F. The filter w is a small matrix of learnable
parameters, and the convolution is performed as follows:

F(i, j) =
M∑

m=1

N∑
n=1

w(m, n) ·X(i + m− 1, j + n− 1) (2.18)

, where F(i, j) is the value of the feature map at position (i, j), w(m, n)
represents the weights of the filter at position (m, n), and M ×N is the size of
the filter. The output feature map F retains the spatial relationships within
the input image while highlighting certain features.

• Activation Function:
After convolution, an activation function is applied to introduce non-linearity
into the model. The most commonly used activation function in CNNs is the
Rectified Linear Unit (ReLU), defined as:

ReLU(x) = max(0, x) (2.19)
, where x is the input to the activation function. The ReLU function sets all
negative values to zero while keeping positive values unchanged, helping the
network learn complex patterns.

• Pooling Operation:
Pooling is a down-sampling operation that reduces the spatial dimensions of
the feature maps, thereby decreasing the computational load and controlling
overfitting. The most common pooling operation is max-pooling, where the
maximum value within a pooling window is selected:

P(i, j) = max
(m,n)∈pool window

F(i + m− 1, j + n− 1) (2.20)

, where P(i, j) is the pooled feature map value at position (i, j), and pool window
denotes the pooling window size.

• Fully Connected Layers:
After several convolutional and pooling layers, the high-level features extracted
by the CNN are flattened into a vector and passed through fully connected
layers. These layers perform the final classification based on the features learned
during the convolutional stages. The output of the fully connected layer can
be represented as:

y = σ(W · z + b) (2.21)
, where y is the output vector (e.g., class probabilities), W is the weight matrix,
z is the input feature vector from the previous layer, b is the bias vector, and
σ is the activation function (e.g., softmax for classification).

Mathematical Formulation
The overall CNN model can be described as a sequence of operations that involve

the convolution of the input with a set of filters, followed by the application of an
activation function, pooling, and finally, classification using fully connected layers.
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For an input image X and a set of filters W = w1, w2, . . . , wk, the feature maps
Fk are computed as:

Fk = ReLU(X ∗wk + bk) (2.22)

, where ∗ denotes the convolution operation, bk is the bias term for the k-th filter,
and ReLU is the activation function applied element-wise.

The pooled feature maps Pk are obtained through the pooling operation:

Pk = MaxPooling(Fk) (2.23)

Finally, the pooled features are flattened and passed through fully connected
layers to produce the output:

y = softmax(Wfc · flatten(P) + bfc) (2.24)

, where Wfc and bfc are the weights and biases of the fully connected layer, and
flatten(P) represents the flattened feature maps.

CNNs are a powerful class of deep learning models that have achieved state-of-
the-art performance in various computer vision tasks. By leveraging convolutional
layers, activation functions, pooling operations, and fully connected layers, CNNs are
able to automatically learn hierarchical features from raw input data. This ability to
extract and utilize complex patterns makes CNNs a cornerstone in the field of image
recognition, object detection, and beyond.
2.4.2.3 Recurrent Neural Networks

RNNs are a class of neural networks designed specifically for processing sequential
data. Unlike traditional feedforward neural networks, RNNs have connections that
form directed cycles, allowing them to maintain a hidden state that can capture
information about previous inputs. This ability to retain memory of past data makes
RNNs particularly well-suited for tasks involving sequences, such as time series
prediction, natural language processing, and speech recognition.

However, standard RNNs suffer from the vanishing gradient problem, which
makes it difficult for them to learn long-term dependencies. To address this issue, the
Long Short-Term Memory (LSTM) network, a special type of RNN, was developed.
LSTMs are designed to better capture long-term dependencies by introducing a more
complex structure in their recurrent connections.
LSTM Architecture

An LSTM network consists of a series of LSTM cells, each of which contains
three key components: an input gate, a forget gate, and an output gate. These
gates control the flow of information into, through, and out of the cell, enabling the
network to maintain and update a cell state that carries information across many
time steps. The key equations governing an LSTM cell are as follows:

• Forget Gate: Determines which part of the previous cell state should be
discarded.

ft = σ(Wf · [ht−1, xt] + bf ) (2.25)

• Input Gate: Decides which values will be updated in the cell state.

it = σ(Wi · [ht−1, xt] + bi) (2.26)
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• Candidate Cell State: Generates the new candidate values for updating the
cell state.

C̃t = tanh(WC · [ht−1, xt] + bC) (2.27)

• Cell State Update: Updates the cell state using the forget and input gates.

Ct = ft ·Ct−1 + it · C̃t (2.28)

• Output Gate: Determines the output of the current cell and the hidden state
for the next time step.

ot = σ(Wo · [ht−1, xt] + bo) (2.29)

• Hidden State Update: Computes the new hidden state based on the updated
cell state.

ht = ot · tanh(Ct) (2.30)

, where: ft, it, and ot are the forget, input, and output gates, respectively. Wf ,
Wi, WC , and Wo are weight matrices. bf , bi, bC , and bo are bias vectors.
ht−1 is the hidden state from the previous time step. xt is the input at the
current time step. Ct is the cell state at the current time step. C̃t is the
candidate cell state. σ is the sigmoid activation function, and tanh is the
hyperbolic tangent activation function.

LSTMs provide a powerful solution to the limitations of standard RNNs by
effectively capturing long-term dependencies in sequential data. The introduction of
gates allows LSTM networks to regulate the flow of information, selectively forgetting,
updating, and outputting parts of the cell state. This architecture has made LSTMs
a foundational tool in deep learning for tasks that involve sequential data, such
as language modeling, translation, and speech recognition. Through the careful
manipulation of information at each time step, LSTMs have enabled significant
advances in the processing and understanding of sequences.
2.4.2.4 Generative Adversarial Networks

GANs consist of two neural networks, a generator and a discriminator, that are
trained simultaneously through adversarial processes. The core idea behind GANs is
to generate new data samples that are indistinguishable from real data, which has
led to their widespread use in applications such as image generation, video synthesis,
and data augmentation.

The GAN framework involves two primary components: the generator, which
tries to create realistic data samples, and the discriminator, which attempts to
distinguish between real and generated (fake) data. These two components are set
up in a game-theoretic scenario, where the generator aims to fool the discriminator,
and the discriminator strives to accurately identify real versus fake data.
Mathematical Formulation

The objective of GANs can be formulated as a minimax optimization problem.
The generator, denoted by G, maps a random noise vector z from a prior distribution
pz(z) to the data space. The discriminator, denoted by D, outputs a probability
that a given sample x is real (i.e., from the true data distribution pdata(x)) rather
than generated by G.

The minimax game between the generator and discriminator is expressed as:
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min
G

max
D

Ex∼pdata(x)[log D(x)] + Ez∼pz(z)[log(1−D(G(z)))] (2.31)

In this equation, D(x) represents the discriminator’s estimate of the probability
that x is a real sample, while G(z) denotes the generator’s output when given
a noise vector z. The generator aims to minimize the term log(1 − D(G(z))),
which corresponds to the discriminator identifying the generated sample as fake.
Simultaneously, the discriminator seeks to maximize its accuracy in classifying real
versus fake samples.

The training process involves iteratively updating the parameters of G and D.
First, the discriminator is trained to maximize the probability of correctly classifying
real and fake samples. Then, the generator is trained to produce samples that are
more likely to fool the discriminator. This process is repeated until the generator
produces samples that the discriminator can no longer distinguish from real data.
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3 Early Crop Mapping Using Dynamic
Ecoregion Clustering: A USA-wide
Study

Mapping target crops earlier than the harvest period is an essential task for improving
agricultural productivity and decision-making. This chapter presents a new method
for early crop mapping for the entire conterminous USA (CONUS) land area using
the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index
(EVI) data with a dynamic ecoregion clustering approach. Ecoregions, geographically
distinct areas with unique ecological patterns and processes, provide a valuable frame-
work for large-scale crop mapping. We conducted our dynamic ecoregion clustering
by analyzing soil, climate, elevation, and slope data. This analysis facilitated the
division of the cropland area within the CONUS into distinct ecoregions. Unlike
static ecoregion clustering, which generates a single ecoregion map that remains
unchanged over time, our dynamic ecoregion approach produces a unique ecoregion
map for each year. This dynamic approach enables us to consider the year-to-year
climate variations that significantly impact crop growth, enhancing the accuracy of
our crop mapping process. Subsequently, a Random Forest classifier was employed
to train individual models for each ecoregion. These models were trained using the
time-series MODIS (Moderate Resolution Imaging Spectroradiometer) 250-m NDVI
and EVI data retrieved from Google Earth Engine, covering the crop growth periods
spanning from 2013 to 2017, and evaluated from 2018 to 2022. Ground truth data
was sourced from the US Department of Agriculture’s (USDA) Cropland Data Layer
(CDL) products. The evaluation results showed that the dynamic clustering method
achieved higher accuracy than the static clustering method in early crop mapping in
the entire CONUS. This study’s findings can be helpful for improving crop manage-
ment and decision-making for agricultural activities by providing early and accurate
crop mapping.

This chapter is based on the work published in the following research paper:
• Wang, Yiqun, Hui Huang, and Radu State. "Early Crop Mapping Using

Dynamic Ecoregion Clustering: A USA-Wide Study." Remote Sensing 15.20
(2023): 4962.
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3.1 Overview
Mapping target crops earlier than the harvest period is an essential task for

improving agricultural productivity and decision-making. Early crop mapping
provides valuable information for crop management, such as predicting yield [43],
monitoring crop growth [44, 45], and identifying areas with high production potential
[46]. In recent years, the application of remote sensing techniques to early crop
mapping has gained widespread popularity, owing to its inherent advantages of non-
invasiveness and rapid data acquisition. By utilizing multispectral imagery (MSI)
captured by satellites like Landsat-8 [2, 3, 4], Sentinel-2 [4, 5], and MODIS [3, 6, 7],
valuable insights into crop health, vegetation indices, and land cover classification can
be obtained. These datasets play a pivotal role in assessing crop vigour, identifying
stress factors, and mapping crop types, and ultimately facilitating more informed
agricultural decision-making.

Among the remote sensing techniques used in early crop mapping, the NDVI and
EVI have emerged as widely employed indicators for monitoring vegetation growth
and identifying different crop types. NDVI quantifies the greenness of vegetation
based on the difference between near-infrared and red spectral bands, allowing for the
detection of vegetation density and health. Similarly, EVI incorporates additional
spectral bands to mitigate the influence of atmospheric and canopy background effects,
providing enhanced accuracy in characterizing vegetation dynamics. Numerous
studies have been conducted to develop and improve early crop mapping methods
using NDVI and EVI data. For instance, both the harmonized time-series NDVI and
EVI from Landsat-8 and Sentinel-2 data are used with the decision tree method for
crop identification [8]. A time series analysis of MODIS NDVI data is utilized to
map crop types for the US central great plains [6]. They applied an unsupervised
classification method (ISODATA) to the 15-date NDVI time series to produce the
crop or non-crop map. Similarly, [47] used a multi-temporal MODIS NDVI approach
to map soybean in the USA for 2015. Furthermore, [48] proves that the general crop
maps produced using the MODIS EVI and NDVI data both had very high overall
(97.0%) and class-specific user’s and producer’s accuracies (ranging from 95% to
100%) for a case study for southwest Kansas.

However, accurately mapping crops at a large scale, such as for the entire CONUS,
is challenging due to the heterogeneous nature of the crop-growing environment.
This challenge arises from the intricate interactions among soil type, climate, and
topography, which significantly influence the success of crop mapping [49, 50, 51,
11, 12, 7]. The crop-growing environment displays substantial spatial and temporal
heterogeneity. Soil types vary across regions, impacting vegetation growth and
the reflectance captured by remote sensing data [50, 12, 7]. Additionally, climate
conditions, including temperature, precipitation, evaporation, wind speed, rainfall,
and solar radiation, exhibit considerable variations, affecting crop phenology and
productivity [49, 50, 51, 11, 12, 7]. Moreover, topographic features, such as slope,
aspect, and elevation, play a vital role in determining crop growth patterns by
influencing factors like solar radiation distribution, water availability, and wind
patterns [50, 12, 7]. The failure to account for these influential factors in the
crop mapping process can lead to inaccurate results, particularly when applied to
large-scale areas. To address this issue, the concept of ecoregions was introduced.
Ecoregions, which are geographically distinct areas with unique ecological patterns
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and processes, provide a valuable framework for large-scale crop mapping. By
integrating knowledge of ecological characteristics within each ecoregion, such as
climate, geology, and topography, it becomes possible to identify suitable crop-growing
areas and predict crop distribution based on shared environmental characteristics.
By leveraging the ecoregional context and incorporating factors like climate, soil
types, topography, crop mapping efforts can be tailored to effectively account for the
heterogeneity of the crop-growing environment, leading to improved mapping accuracy
at a large scale. Therefore, ecoregion clustering methods have been developed
to address this issue [52]. And the static ecoregion clustering method [53] was
used for crop mapping by [7]. The ecoregion clustering method involves analyzing
environmental factors, such as soil type, climate, and topography, to divide the study
area into multiple ecoregions. Each ecoregion has its own unique characteristics
that affect crop growth, and these characteristics are taken into account during
classification. This approach has been shown to improve crop mapping accuracy
compared to country and state-level mapping [7].

Nevertheless, aside from the large-scale problem, the inter-year challenge is also of
great significance for precise crop mapping. The climate variation between different
years within a given region is anticipated to significantly influence the patterns of
Vegetation Indices (VIs) related to crop growth and, consequently, crop mapping
outcomes. The static ecoregion clustering method only provides a single ecoregion
map for the CONUS. They proceed based on the assumption that the ecoregion
remains unchanged over different years.

In order to address this limitation, our study considers the fluctuations in climate
and introduces a dynamic ecoregion clustering approach. In this chapter, we present
a novel approach for mapping target crops (soybean and corn) earlier than the harvest
period in the CONUS using time-series MODIS 250-m NDVI and EVI data from
Google Earth Engine with a dynamic ecoregion clustering method. The dynamic
ecoregion clustering method analyzes sand, climate, elevation, and slope data to
divide the entire cropland areas of the CONUS into multiple ecoregions. It presents
a clear advantage over the static approach as it produces a unique ecoregion map for
each year in the region of interest. This is particularly important considering the
year-to-year variations in climate, which directly impact crop growth and vegetation
indices patterns. A Random Forest classifier was then trained for each different
ecoregion to classify the target crop. The results showed that the dynamic clustering
method achieved significantly higher accuracy than the static clustering method.
Specifically, for soybean mapping in 2018 in the entire CONUS, we observed an
increase in User’s Accuracy from 59.04% to 62.74%, representing a substantial
improvement of 3.7%.

Our contributions can be summarised as follows:
• We propose a novel approach for mapping target crops (soybean and corn)

earlier than the harvest period in the USA using time-series NDVI and EVI
data with a dynamic ecoregion clustering method.

• We employ both the elbow method and silhouette method to ascertain the
optimal number of ecoregions. Subsequently, we train an ecoregion clustering
model using the Kmeans++ method, which allows us to generate ecoregion
maps spanning the years 2013 to 2022, covering the entire cropland region
within the CONUS.

• We demonstrate significantly higher mapping accuracy using the dynamic
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clustering method compared to the static clustering method.

37



Chapter 3. Early Crop Mapping Using Dynamic Ecoregion Clustering:
A USA-wide Study

3.2 Related Works
Various classification algorithms, including unsupervised methods like k-means

clustering and supervised methods like decision trees and deep learning approaches,
have been utilized for crop classification at small scales using Landsat-8 and Sentinel-
2A data. One study [50] focuses on utilizing the Random Forest algorithm for mapping
and predicting rice yield through analysis of Sentinel-2 satellite data. Another
research [8] effort concentrates on creating a high-resolution crop intensity mapping
methodology by integrating data from Landsat-8 and Sentinel-2 satellites using a
random forest algorithm. Furthermore, a hybrid deep-learning architecture called
CerealNet [9] has been introduced for the specific purpose of cereal crop mapping,
utilizing Sentinel-2 time-series data. However, [9] has limitations in its scope, as
it specifically examines a research region characterized by a hot Mediterranean
climate with dry summers. This region selection addresses a common challenge
posed by cloud cover in time-series data analysis of Landsat-8 and Sentinel-2 images.
Cloud cover plays a crucial role in crop mapping by impacting the availability and
quality of remote sensing data. The presence of clouds obstructs satellite imagery,
leading to the loss or concealment of vital information about the Earth’s surface.
Consequently, these cloud-induced data gaps undermine the accuracy and reliability
of crop mapping results. The negative impact of cloud cover on crop mapping
becomes even more pronounced when considering large-scale applications, such as
mapping crops across the entire CONUS. The expansive coverage of such regions
makes them more susceptible to varying cloud cover patterns, resulting in extensive
areas with missing or incomplete data. This increases the risk of biased or inaccurate
crop classification, making it challenging to obtain a comprehensive and reliable
understanding of crop distribution and dynamics at a broader scale.

In order to overcome this limitation of Landsat-8 and Sentinel-2 images, some
works focus on using time-series MODIS data for early crop mapping. MODIS
data can overcome the limitations imposed by cloud cover on crop mapping due
to its unique capabilities. Its moderate spatial resolution allows for wider coverage
and reduces the impact of cloud cover, while its frequent revisit time ensures more
opportunities to capture cloud-free images, enabling a more consistent and reliable
monitoring of crop patterns at regional or global scales. Previous research [54, 10]
has shown that individual major crops, such as corn and soybeans, can be mapped
accurately as early as July and August using MODIS dataset.

However, these studies were also limited in scope, focusing on counties, states, or
groups of states. A crop mapping model that is limited in scope cannot be directly
applied to a large-scale setting due to spatial differences. The presence of spatial
heterogeneity, encompassing diverse factors like soil types, climate, topography,
and other environmental elements, significantly impacts crop growth patterns and
diminishes the model’s accuracy outside of its intended region. Overcoming this
challenge necessitates the integration of spatially explicit information into the method,
effectively capturing and using the spatial variations and encompassing the diverse
conditions present across the target area. There are some works [51, 11], that
use Growing-degree-day (GDD), which is a valuable metric that quantifies the
accumulated heat necessary for the growth and development of vegetation. Its
significance lies in its crop-specific nature, as the magnitude of GDD required during
different growing stages varies for each crop. This characteristic makes GDD a
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Table 3.1: The Methods of Related Work.

Factors
taken into
considera-

tion

Method Dataset Vegetation
Indices

Research
Region

Soil, Climate,
and

Topography
Conditions

[50] Sentinel-2 NDVI, EVI,
LSWI, RGVI2

Shanwei,
Guangzhou(China)

- [8] Landsat-8 and
Sentinel-2

NDVI, EVI Four
subregions in
Kansas(USA),
Gaoteng(South
Africa), Pun-
jab(India),

Shan-
dong(China)

- [9] Sentinel-2 Spectral
bands, NDVI

Gharb
plain(northwest
of Morocco)

- [54] MODIS Phenological
and other
variables

22 States in
the USA

- [10] MODIS NDVI, GCVI,
EVI, LSWI

Champaign
County,

Illinois(USA)
GDD,

Precipitation
[51] Landsat-7 Spectral

bands
Doniphan
County,

Kansas(USA)
GDD [11] MODIS NDVI Kansas (USA)

Precipitation,
Soil conditions
(within admin-

istrative
demarcations)

[12] MODIS NDVI The entire
CONUS

Soil, Climate,
and

Topography
Conditions

[7] MODIS NDVI The entire
CONUS
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valuable tool in crop classification, as it provides insights into the progression and
timing of crop growth. By considering the crop-specific GDD thresholds for various
stages, it becomes possible to leverage this metric for accurate and effective crop
classification and monitoring. Other studies have performed crop classifications at
smaller administrative units such as Agriculture Statistics Counties and Districts
[55], states [54], or Agroecological zones [12]. Nonetheless, these methodologies
either disregard fluctuations in precipitation and soil characteristics or are conducted
within administrative or political demarcations that lack relevance to crop phenology.
Alternatively, they encompass areas of such magnitude that they fail to encompass
the nuanced phenological fluctuations driven by climatic variations.

An ideal approach would be to model regions based on environmental variables
that reflect crop growing conditions and are of small size, created using quanti-
tative analytical methods that are both empirical and reproducible. Multivariate
Geographic Clustering (MGC) algorithms [52] and Multivariate spatio-temporal
clustering (MSTC) [53, 7] have been successfully used to create ecoregions that exist
within similar combinations of ecologically relevant conditions such as temperature,
precipitation, soil, and topographic properties on a map.

However, an identified limitation of the study [7] is that they assume that the
ecoregion boundaries remain constant, which may not accurately represent the true
variability. In addition, they solely present a single 500-ecoregions map directly
utilizing MSTC without incorporating any decision-making process to determine the
optimal number of ecoregions. In order to overcome these limitations, our proposed
method introduces a dynamic ecoregion map that adjusts the boundaries based on
climate data specific to each year’s crop growing season. Additionally, we employ
the elbow method to ascertain the optimal number of ecoregions. This dynamic
approach ensures a more precise and up-to-date understanding of crop phenology
across diverse regions by adapting the ecoregion boundaries to reflect the evolving
environmental conditions for each growing season. Ultimately, in conjunction with
the crop classifier, this approach enhances the accuracy of early crop mapping results.
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3.3 Data and methods
In this section, we present the study area and data in Section 5.3.1, the system

overview in Section 4.4.2, the development of the dynamic ecoregions in Section 3.3.3,
and the training and evaluation methods of the crop classification model in Section
3.3.4.

3.3.1 Study area and data
In this chapter, we focus on mapping soybean and corn across the entire cropland

area of the CONUS.
To achieve this, we split the cropland area into several ecoregions using soil,

climate, elevation, and slope data as environmental data. The cropland area can be
precisely delineated by the cultivated layer within the CDL, a crop-specific land cover
raster map dataset available for the entire CONUS at 30 m resolution provided by the
USDA [13]. As shown in Table 3.2, our soil data with a resolution of 250m*250m was
obtained from the ISRIC SoilGrids Dataset [56] and included parameters such as bulk
density, clay particle proportion, total nitrogen, soil pH, sand particle proportion,
silt particle proportion, and soil organic carbon content for 2015. We utilize ERA5,
the 5th major atmospheric reanalysis produced by ECMWF [57], with a resolution
of 11132m*11132m from 2013 to 2022 as the climate data which is comprised of air
and soil temperature, precipitation, evaporation, wind speed, solar radiation, runoff,
and soil water volume. We also incorporated elevation data with a resolution of
231.92m*231.92m from the GMTED2010 Dataset [58] for 2010 and calculated the
slope based on the elevation.

Furthermore, we use remote sensing data as the classification input data. We
extract time-series MODIS 250-meter NDVI and EVI data from Google Earth Engine
[59]. The data is captured at a 16-day interval, covering the growing seasons between
2013 and 2022. Our objective is to locate the target crops, namely corn and soybeans,
at an earlier stage in the entire CONUS. Corn harvest commences on September 1st,
while soybean harvest begins on October 1st. Consequently, each year, we collect
VIs data from April 1st to mid-July, encompassing a total of seven-time points. This
approach accounts for the 16-day temporal frequency of the MODIS data and aligns
with the vegetation growth patterns during this period. The CDL data was used
as the ground truth for the classification training and evaluation process. Our crop
classifiers were trained over 2013–2017 and applied to the period 2018–2022 as test
years.

3.3.2 System Overview
The system architecture of our early crop mapping system with dynamic ecoregion

clustering method is shown in Figure 4.6. In summary, our proposed ecoregion
clustering algorithm fetches and standardizes soil, climate, elevation, and slope data
from various sources to build a clustering model using the K-means++ method [60].
This model is trained exclusively on target cropland regions from 2013, resulting in
a well-trained ecoregion clusterer. Using this clusterer, we are able to partition the
complete cropland area expanse into multiple distinct ecoregions, a process repeated
annually within the timeframe spanning 2013 to 2022. With the provided ecoregion
maps, we create a specific early crop mapping classifier using the Random Forest
method for the same ecoregion. These classifiers utilize time-series 250m-resolution
MODIS NDVI and EVI data from 2013-2017 to predict early crop mapping for
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Table 3.2: The Metrics for Ecoregion Clustering.

Conditions Metrics Resolution (m) Dataset

Soil Conditions pH, Soil organic
carbon content,

Bulk density, Sand
content, Silt
content, Clay
content, Total

nitrogen, Organic
carbon density

250 ISRIC SoilGrids
Dataset

Climate
Conditions

Temperature of air
at 2m above the
surface of land,

Amount of solar
radiation, Total

evaporation, Total
precipitation,

Eastward
component of the

10m wind,
Northward

component of the
10m wind.

11132 ERA5-Land
Dataset

Topography
Conditions

Elevation, Slope 231.92 GMTED2010
Dataset
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Figure 3.1: The system architecture comprises a dynamic ecoregion clustering method
and a specific crop classifier for each ecoregion. Inputs to the system are represented
by green blocks, system outputs are represented by orange blocks, and system
processes are depicted in blue blocks.
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2018-2022, incorporating dynamic ecoregion maps for each year. We conducted a
random sampling of NDVI and EVI data points within each ecoregion, spanning from
April 1st to mid-July, to gather our training data. This timeframe aligns with our
objective of early locating target crops such as corn and soybean, as they are typically
harvested starting from September 1st. We merge the training data points from
multiple training years to train a dedicated crop mapping classifier for each ecoregion.
Finally, we applied each classifier to the corresponding ecoregion and mosaiced the
crop mapping results from all ecoregions to obtain the final crop mapping outcome.

3.3.3 Development of dynamic ecoregions
Our study focuses on accurately mapping the growing area of soybean and corn

crops before their harvest periods throughout the entire cropland area of the CONUS.
To achieve this goal, we utilize a dynamic ecoregion clustering method that relies on
soil, climate, elevation, and slope data from various sources. Due to the absence of
multi-year soil and topography data, our assumption is that soil quality, elevation,
and slope conditions remain relatively stable over time, while climate conditions
exhibit variability. Various methods exist for ecoregion clustering, with hierarchical
clustering [61] being one such approach known for accommodating datasets with
nested or hierarchical structures. However, for our specific scenario, we prefer to
adopt a simpler clustering method. This decision is driven by the intention to
maintain simplicity in our current approach while preserving compatibility for future
integration of multi-year soil and topography data. Consequently, we have chosen a
direct clustering method for ecoregion clustering, with the expectation that it will
facilitate a smoother transition when more comprehensive data becomes available in
the future.

Each year, we initiate the process by reprojecting the data into a 10000-meter
resolution. In the case of soil data, we compute the average metric value by consoli-
dating values from various depths. When dealing with climate data, we determine
both the mean and variance for each metric within the specified crop growth period.
Notably, when it comes to wind speed, we combine the eastward and northward
components to create a total wind speed, discarding the directional information.
Then we randomly sample 10000 points from the target crop region as the training
data. Subsequently, we employ the Principal Component Analysis (PCA) method to
reduce the data dimensions from 20 (8 for soil conditions, 10 for climate conditions,
and 2 for topography conditions) down to 5. We trained our dynamic ecoregion
clustering model using the K-means++ method and the pre-processed training data
from 2013 and applied it to the entire cropland area, as determined by the cultivated
layer of CDL, for the years 2013-2022.

This allows us to identify regions with similar environmental characteristics,
which is essential for accurate early crop mapping. In order to determine the optimal
number of clusters, we utilize the elbow method to calculate the within-cluster sum
of squares (WCSS) value using Equation (3.1):

WCSS =
n∑

i=1

mi∑
j=1

(xij − ci)2 (3.1)

,where n denotes the total number of ecoregion clusters, mi denotes the number
of pixels contained within cluster i, xij denotes the vector representing each pixel
within cluster i, and ci represents the centroid vector of cluster i. This allows us
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to strike a balance between cluster granularity and computational efficiency. If the
number of clusters is too small, the environmental similarities may not be unique
enough for each cluster, compromising the accuracy of our results. Conversely, if
the number of clusters is too large, it may result in excessive computational cost,
hindering the practical application of our approach. By finding the optimal number
of clusters, we are able to maximize the accuracy of our approach while ensuring its
computational feasibility.

The resultant ecoregion maps with different ecoregion numbers, were then used
in our crop classification training and testing processes. For instance, Figure 3.2a
displays the entire cropland area of CONUS for the year 2013, as obtained from
the CDL layer. We restrict our analysis to the green region that corresponds to
the soybean cropland region. We determine the optimal number of ecoregions as
10, identified through the WCSS value. Subsequently, we employ our well-trained
ecoregion clustering model to the entire cropland area to generate the ecoregion map
for 2013, which is shown in Figure 3.2c. The ecoregion maps from 2014 to 2022 for
soybean mapping are also shown in Figure 3.3.
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(a)

(b)

(c)

Figure 3.2: The ecoregion map with 10 clusters of 2013 for soybean mapping. (a)
shows the soybean cropland region filtered out by the CDL cultivated layer of 2013,
where the green color represents the soybean cropland, and the black color represents
the non-soybean cropland. (b) displays the ecoregion map of the soybean cropland
region, where each color represents a specific ecoregion. (c) shows the ecoregion map
of the entire cropland region, where each color represents a specific ecoregion.
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(a) The ecoregion map of 2014

(b) The ecoregion map of 2015

(c) The ecoregion map of 2016

47



Chapter 3. Early Crop Mapping Using Dynamic Ecoregion Clustering:
A USA-wide Study

(d) The ecoregion map of 2017

(e) The ecoregion map of 2018

(f) The ecoregion map of 2019
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(g) The ecoregion map of 2020

(h) The ecoregion map of 2021

(i) The ecoregion map of 2022

Figure 3.3: The dynamic ecoregions maps with 10 clusters for 2014-2022.
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Table 3.3: The MMD values between the ecoregion 1 and each ecoregion.

ER 1 2 3 4 5 6 7 8 9 10
MMD
(10−3)

0.13 222.88 95.96 114.54 29.14 56.31 186.52 52.58 80.69 92.94

To illustrate the variation in time-series vegetation indices of our target crop, we
present the time-series average NDVI and EVI curves of soybean for each ecoregion
based on ten clusters in 2013 in Figure 3.4. It is evident that the patterns of these
features exhibit significant differences across different ecoregions. To demonstrate
distinctions among the distributions of VIs data across various ecoregions, we employ
the Maximum Mean Discrepancy (MMD) as a measure. MMD allows us to measure
the discrepancy between the distributions of VIs from different ecoregions, providing
a quantitative measure of the similarity. Specifically, we compute MMD values
between ecoregion 1 and all other ecoregions in our analysis. To ensure statistical
robustness, we perform the following steps:

• We randomly sample 20,000 data points from ecoregion 1.
• For ecoregions 2-10, we also draw random samples of 10,000 data points each.
• For ecoregion 1, we calculate the MMD by comparing two subsets of 10,000

data points each, where the first subset consists of the initial 10,000 data points,
and the second subset comprises the last 10,000 data points.

• For the other ecoregions (ecoregions 2-10), we compute the MMD by comparing
the initial 10,000 data points from ecoregion 1 with the 10,000 data points
from each of the other ecoregions.

The resulting MMD values are summarized in the Table 3.3. The MMD within
ecoregion 1 is notably lower than the MMD between ecoregion 1 and the other
ecoregions, providing clear evidence of significant variations in VIs data distribution
among different ecoregions.

Moreover, to highlight the varying patterns of VIs within a specific region across
disparate ecoregions over different years, we have designated two distinct areas,
which changed the ecoregion types between 2014 and 2021, as illustrated in Figure
3.5. The distribution of soybean VIs data is then presented using t-distributed
stochastic neighbour embedding (t-SNE) [62] in Figure 3.6. Evident disparities in
these distributions between the years 2014 and 2021 are discernible, underscoring
the fluctuating nature of soybean growth-related VIs data within these designated
regions.

3.3.4 Crop classification model
Once the ecoregions are established, a specific early crop mapping classifier can

be trained for each different ecoregion based on the cropland region, which is filtered
out by the cultivated layer of the CDL. Random Forest classification models have
become a popular tool for mapping land cover due to their flexibility in handling
nonlinear relationships between input features and class membership, and their
intuitive decision rules. During training, the tree grows by recursively partitioning
the data into less heterogeneous groups until the desired level of accuracy or purity is
achieved. The final model is constructed when all leaf nodes are generated, with each
leaf node representing either a pure class or a mixture of two classes, determined
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Figure 3.4: Time-Series Average NDVI and EVI of Soybean in Different Ecoregions
in 2013. Left for NDVI. Right for EVI.
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(a)

(b)

Figure 3.5: The Sample Regions. (a) shows the sample regions with the 2014
ecoregion map. (b) shows the sample regions with the 2021 ecoregion map.
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Figure 3.6: The soybean VIs data distribution. The x- and y-axes represent the
features following dimension reduction using PCA. (a) shows the soybean VIs data
distribution in region 1. (b) shows the soybean VIs data distribution in region 2.
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by the proportion of training pixels in the node. However, these models are prone
to overfitting, which can lead to poor generalization performance. To address this
issue, we applied a bagging procedure and trained a random forest consisting of 50
classification tree models. Using a binary target-crop and non-target-crop training
dataset, we locate our target crop across the corresponding ecoregion with the well-
trained classifier. This approach significantly improved the stability and prediction
accuracy of the model.

Since the CDL with the cultivated layer has been available only since 2013, the
model was trained and validated in the years 2013–2017 and tested independently in
the years 2018–2022.

Model training within the training period:
As per the USDA crop calendar, the seeding for corn and soybean typically

begins after April 1st. Hence, we extracted time-series MODIS 250-m NDVI and
EVI images with a 16-day temporal frequency from April 1st until the middle of
July for 2013-2017. For each year, we compose these VIs images into one image as
the composed image. Each composed image comprised seven NDVI bands and seven
EVI bands. For each training year, we randomly selected 10,000 training sample
points from the composed image for each different ecoregion, with half for target-crop
points and half for non-target-crop points. Then we merge all the training sample
points for the same ecoregion to train the ecoregion-specific crop classification model.

Model evaluation within the test period:
In order to evaluate our crop classification model, we first extracted the VIs

images and provided the composed images for the years 2018-2022. To assess the
effectiveness of our approach, we designed an experiment to compare the results
of using a dynamic ecoregions map versus a static one. For the static map, we
sample the training points from the 2013-2017 period and classify the target crops
for 2018-2022 only using the ecoregion map from 2013, as shown in Figure 3.2c,
with fixed boundaries for each ecoregion. In contrast, for the dynamic map, we
sample the training points from the 2013-2017 period based on the ecoregion maps
for 2013-2017, as shown in Figures 3.2c, 3.3a, 3.3b, 3.3c, 3.3d, and classify the target
crops for 2018-2022 based on each year’s specific ecoregion map, as shown in Figures
3.3e, 3.3f, 3.3g, 3.3h, 3.3i. The following results show that in most cases the dynamic
model outperformed the static model. These findings demonstrate the benefits of
using dynamic ecoregion maps in crop classification and highlight the importance of
accounting for climate fluctuations when developing land cover maps.

Evaluation metrics:
To evaluate the accuracy of our classification, we used three metrics: Producer’s

Accuracy, User’s Accuracy and Overall Accuracy, which are defined in equations
(3.2), (3.3) and (3.4):

Producer′s Accuracy = TP

TP + FN
× 100% (3.2)

User′s Accuracy = TP

TP + FP
× 100% (3.3)
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Overall Accuracy = TP + TN

TP + TN + FP + FN
× 100% (3.4)

, where TP, TN, FP, and FN refer to the numerical values in a confusion matrix
that correspond to true positive (correctly predicted positive cases), true negative
(correctly predicted negative cases), false positive (incorrectly predicted positive
cases), and false negative (incorrectly predicted negative cases) outcomes, respectively.

The Producer’s Accuracy represents the map’s accuracy from the map producer’s
perspective, indicating the probability that a ground feature is correctly classified by
the map. On the other hand, the User’s Accuracy represents the map’s reliability
from the user’s perspective, i.e., the probability that a feature on the map is actually
present on the ground. The Overall Accuracy typically quantifies the fraction of all
CDL pixels, encompassing both target crop and non-target crop pixels, that our crop
classification method correctly identifies and maps.
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3.4 Experiments and Results
3.4.1 Dynamic ecoregion maps
Determine the elbow point (cluster number):

Rather than directly dividing the CONUS into 500 clusters as in [7], we employed
both the elbow method and silhouette method to determine the optimal number
of clusters for our approach. This allowed us to balance cluster granularity with
computational efficiency, ensuring both accuracy and practicality. Specifically, we
calculated the environmental dissimilarities for different cluster numbers in the
training year 2013, as shown in Figure 3.7 and 3.8. As depicted in Figure 3.7, we
found that ten clusters were optimal, while the dissimilarity significantly decreased
with a noticeable reduction starting at ten clusters for both soybean and corn
cropland regions. Further insights gleaned from Figure 3.8 indicate that, for corn, a
configuration of two clusters attains the highest silhouette score, while for soybean,
this optimal number becomes to five.

As a result, to further evaluate the effectiveness of our approach, we conducted
experiments with different cluster numbers, including two, five, and ten, and com-
pare our resulting metrics with those of a static clustering method. By comparing
these results, we can confirm the superiority of our dynamic clustering method and
demonstrate its capability to identify the target crops accurately. Additionally, we
prove that the mapping result with ten ecoregion clusters has the highest accuracy
in most cases in the following experiments.

The visualization of dynamic ecoregion maps:
As depicted in Figure 3.2a, the green area corresponds to the soybean cropland

region, whereas the black region represents non-soybean cropland from the year
2013. Notably, we only train the ecoregion clusterer using data from the target
cropland region. The resulting ecoregion cluster map for the soybean cropland region
is displayed in Figure 3.2b, while the ecoregion cluster map for the entire cropland
region, encompassing both soybean and non-soybean croplands, is illustrated in
Figure 3.2c.

Moreover, in Figure 3.3, we present the dynamic ecoregion maps for the years
2014-2022 for the soybean mapping task. Notably, the ecoregions in the north and
middle of the CONUS exhibit significant changes over the years and especially in
2021, while the ecoregions in the southern region experience relatively less variation
over time.

3.4.2 Comparison of mapping result metrics across the continen-
tal United States

Our experiment serves as a compelling validation of the effectiveness of our
approach, as it demonstrates significantly improved accuracy for soybean and corn
mapping across the CONUS in most cases when we compare our method with a
static one.
3.4.2.1 Metrics for soybean mapping

In Table 3.4, we present a detailed comparison of the Producer’s Accuracy and
the User’s Accuracy between our dynamic ecoregion method and the static ecoregion
method. Notably, we observe consistent trends in the User’s Accuracy across different
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Figure 3.7: Within-cluster sum of squares (WCSS) of the environmental dissimilarity
based on the pro-processed environmental data for different numbers of ecoregions in
the corn cropland region (left) and soybean cropland region (right), during ecoregion
clustering training in 2013.
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Figure 3.8: The silhouette score based on the pro-processed environmental data
for different numbers of ecoregions in the corn cropland region (left) and soybean
cropland region (right), during ecoregion clustering training in 2013.
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Table 3.4: The experiment metrics for soybean early crop mapping based on different
numbers of ecoregions.

Test year Ecoregion
number

Producer’s Accuracy User’s Accuracy

dynamic static dynamic static

2018

1 - 61.32 - 62.47
2 60.61 59.74 67.52 67.01
5 62.74 59.04 67.96 67.76
10 61.40 58.85 67.94 67.50

2019

1 - 82.39 - 45.58
2 83.97 83.86 48.35 48.06
5 83.61 82.94 49.96 48.94
10 84.81 83.85 50.17 49.35

2020

1 - 78.65 - 51.97
2 78.30 77.89 56.09 56.05
5 76.40 76.18 56.42 56.30
10 78.84 76.92 56.47 56.70

2021

1 - 70.06 - 59.27
2 70.67 70.04 64.47 63.36
5 71.41 69.47 63.86 63.48
10 73.33 69.87 63.94 63.54

2022

1 - 78.10 - 54.63
2 79.83 78.79 57.55 56.99
5 80.30 77.58 56.42 57.46
10 80.66 78.80 58.38 58.21

years. With the utilization of ten different ecoregions, our dynamic ecoregion method
achieves the highest Producer’s Accuracy for soybean mapping in all years except
for 2018. In that specific year, our method employing five different ecoregions
yields the highest Producer’s Accuracy. Furthermore, our analysis reveals that the
most significant improvements in Producer’s Accuracy using our dynamic ecoregion
method occurred in 2018 and 2021. Specifically, in 2018, we observed an increase in
Producer’s Accuracy from 59.04% to 62.74%, representing a substantial improvement
of 3.7%. Similarly, in 2021, our dynamic ecoregion method yielded an impressive
improvement of 3.46%, increasing User’s Accuracy from 69.87% to 73.33%. These
findings emphasize the efficacy of our approach in accurately identifying and early
mapping soybean crops across diverse environmental conditions.

Regarding the User’s Accuracy, our dynamic ecoregion method with two, five
and ten different ecoregions outperforms the static ecoregion method in most years.
However, in 2020, the static ecoregion map exhibited better performance in terms of
User’s Accuracy. This exceptional result suggests that the static ecoregion map might
offer advantages under specific circumstances, but overall, our dynamic ecoregion
method consistently demonstrates superior accuracy. The mapping result with ten
ecoregion clusters has the highest accuracy in most cases in the following experiments.
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Table 3.5: The experiment metrics for corn early crop mapping only using NDVI.
Dynamic and static method with 10 ecoregions. Normal presents the early crop
mapping method without ecoregions

Test
year

Producer’s Accuracy User’s Accuracy

dynamic static normal dynamic static normal
2018 57.94 54.79 59.25 64.88 64.63 58.76
2019 84.06 83.29 82.21 48.38 47.63 43.55
2020 79.29 77.15 79.51 53.02 53.19 48.56
2021 72.78 77.15 70.82 58.66 53.19 54.36
2022 78.82 75.92 76.82 55.88 56.21 52.30

Additionally, we conducted an experiment to compare early crop mapping results
using both NDVI and EVI against using only NDVI. Figure 3.5 displays the Producer’s
Accuracy and User’s Accuracy for the method exclusively utilizing NDVI. Notably,
except for the year 2020, the Producer’s Accuracy when employing NDVI and EVI
is consistently higher than when using only NDVI. In most instances, the NDVI
and EVI combination yields an approximately 2% improvement. Furthermore, when
considering User’s Accuracy across all years, the NDVI and EVI approach consistently
outperforms the exclusive use of NDVI. Particularly, in 2021, the NDVI and EVI
method achieves a remarkable 5.81% increase in accuracy compared to the NDVI-only
approach. Consequently, in this study, we adopt the combined use of NDVI and EVI
for our early crop mapping models.

Figure 3.9 presents our soybean early mapping result for the CONUS in 2021.
To demonstrate the accuracy of our approach, we selected a sample test region
and compared our soybean mapping result with 250m resolution to the soybean
ground truth with 30m resolution from the CDL layer. Our result exhibits a broad-
level spatial agreement with the CDL, indicating the effectiveness of our approach.
However, due to the coarser resolution of MODIS products, our mapping result
lacks sharpness and accuracy along the field boundaries. Furthermore, Figure 3.10a
illustrates the pixel-wise overall accuracy using the dynamic method, where the
colour scale indicates the accuracy, with greener colours representing higher overall
accuracy. Figure 3.10 highlights the regions where the pixel-wise overall accuracy
from the dynamic method outperforms the static method. It is evident that the
dynamic method exhibits notably higher overall accuracy than the static method,
particularly within regions where there has been a shift in ecoregion types between
2013 and 2021. This contrast is particularly pronounced in the northern part of the
CONUS.

3.4.2.2 Metrics for corn mapping

Given the successful performance of our soybean mapping approach using ten
different ecoregions and computational efficiency considerations, we extend our ex-
periment to map corn crops using the same approach. As shown in Table 3.6, our
dynamic ecoregion mapping method demonstrates similar levels of Producer’s Accu-
racy across different years, except for 2021, where we observe a notable improvement
from 82.04% to 83.83%, representing a 1.79% increase over the static method. In
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Figure 3.9: The soybean cropping result for the entire conterminous U.S. land area
in 2021 (left). The ground truth of soybean cropland in a sample test region at 30-m
resolution from the CDL layer (Right Top), and our soybean mapping result in the
sample test region at 250-m resolution (Right Bottom)

Table 3.6: The experiment metrics for corn early crop mapping based on ten
ecoregions.

Test year Producer’s Accuracy User’s Accuracy

dynamic static dynamic static
2018 85.70 85.58 62.51 62.46
2019 60.14 60.36 77.72 76.62
2020 77.77 77.38 68.81 68.39
2021 83.83 82.04 65.55 67.21
2022 70.76 70.87 73.31 72.49
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(a)

(b)

Figure 3.10: Soybean mapping pixel-wise Overall Accuracy for 2021. (a) illustrates
the pixel-wise overall accuracy using the dynamic method, where the colour scale
indicates the accuracy, with greener colours representing higher overall accuracy.
(b) highlights the regions where the pixel-wise overall accuracy from the dynamic
method outperforms the static method.
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Figure 3.11: The corn cropping result for the entire conterminous U.S. land area
in 2021 (left). The ground truth of soybean cropland in a sample test region at
30-m resolution from the CDL layer (Right Top), and our corn mapping result in
the sample test region at 250-m resolution (Right Bottom)

Table 3.7: The metrics of corn mapping based on ecoregion-changed fields.

year Producer’s Accuracy User’s Accuracy Overall Accuracy

dynamic static dynamic static dynamic static
2018 85.53 86.51 63.29 61.75 71.32 70.02
2019 61.45 64.71 77.94 71.55 77.47 75.42
2020 73.37 72.96 64.97 60.49 74.98 71.76
2021 87.59 80.05 59.17 65.72 69.93 72.83
2022 73.09 75.03 70.28 65.21 73.31 71.66

terms of User’s Accuracy, our dynamic approach outperforms the static method, with
the greatest improvement observed in 2019 from 76.62% to 77.72%. Overall, these
results demonstrate the effectiveness of our dynamic ecoregion mapping approach
for mapping corn crops, with improvements in both Producer’s Accuracy and User’s
Accuracy compared to the static method. Similar to the soybean mapping result,
Figure 3.9 presents our corn mapping results for the CONUS in 2021.

To confirm our dynamic approach’s superiority over the static method, we
conducted another experiment focusing solely on the ecoregion-changing regions in
the corn-growing area. As shown in Table 3.7, our dynamic method’s User’s Accuracy
outperformed the static method in almost all cases, except for 2021. For Producer’s
Accuracy, both methods showed improvement or decline in different years. Therefore,
we calculated the overall accuracy, which showed that the dynamic method in most
cases outperformed the static method, with the largest improvement observed in
2020 from 71.76% to 74.98%. These results confirm the effectiveness of our dynamic
ecoregion mapping approach for corn crops, especially in regions undergoing rapid
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ecoregion changes.
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3.5 Discussion
Our study demonstrates that our approach, incorporating dynamic ecoregion

clustering and random forest classification, yields markedly higher accuracy compared
to the static clustering method in the context of early crop mapping for target crops
such as soybean and corn across the entire cropland region.

We employed the elbow method and silohuette method to ascertain the optimal
number of ecoregion clusters. This approach allowed us to strike a balance between
accuracy and computational efficiency, enabling us to achieve satisfactory early crop
mapping results while conserving computational resources. However, there exists
a limitation: when there is significant climate variability affecting the vegetation
index (VIs) patterns of the target crops, but not substantial enough to alter the
ecoregion boundaries, our system may struggle to address this scenario effectively.
As illustrated in Figure 3.10a, the overall accuracy is notably low in the Southern
USA. This issue becomes apparent when examining Figure 3.2c and 3.3, where, for
the Southern USA region (depicted in blue), the ecoregion remains unchanged from
2013 to 2022. Consequently, our method fails to account for VIs pattern fluctuations
in this region during this time period.

In our investigations, we observe that our dynamic ecoregion method, employing
two, five, and ten distinct ecoregions, typically outperforms the static ecoregion
method across most years in early soybean mapping. Particularly, the ecoregion
configuration with ten divisions yields the most accurate outcomes. However, an
interesting anomaly arises in the year 2020, where the static ecoregion map exhibits
superior User’s Accuracy performance. This divergence implies that the static ecore-
gion map could possess advantages in specific scenarios, although overall, our dynamic
ecoregion method generally exhibits enhanced accuracy. Notably, a comparison of
pixel-wise overall accuracy between the dynamic and static methods for the soybean
mapping underscores that the dynamic approach significantly outperforms the static
approach in regions where shifts in ecoregion types between 2013 and 2021 have
occurred. This contrast is particularly evident in the northern CONUS, confirming
the enhanced robustness of our method against climate fluctuations between different
years.

Interestingly, we find that the dynamic method outperforms the static method
significantly in soybean mapping, while the improvement is less pronounced in corn
mapping. Although the exact cause has not been explored in this chapter, it is
plausible that climate fluctuations exert a more substantial impact on soybean
growing than on corn growing.

In conclusion, our proposed approach not only attests to its efficacy in terms of
soybean and corn mapping but also highlights the benefits of dynamic ecoregion
clustering in coping with the intricate influences of climate fluctuations on crop
mapping accuracy. Furthermore, our result map provides early insights into crop
conditions, significantly preceding the CDL release. This timeliness is pivotal for
making informed decisions early in the growing season. While the USDA unveils its
CDL layer in January or February of the following year, our results are accessible
by mid-July of the same year, offering information approximately 7 months ahead
of the CDL. In addition, producing and updating a 250m map proves to be more
resource-efficient when compared to the maintenance of a nationwide 30m map,
particularly for research and monitoring purposes. However, the lower resolution of
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MODIS VIs data causes reduced accuracy in mapping target crops, when contrasted
with Sentinel-2 and Landsat data. This decrease in resolution results in the loss
of finer details and subtleties within the agricultural landscape, thereby presenting
challenges in distinguishing between various crop types and detecting smaller-scale
changes. It’s important to note that this limitation constitutes a constraint within
our work.
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3.6 Conclusion
This chapter introduces an innovative approach for early crop mapping across

the entire land area of the CONUS by utilizing NDVI and EVI data combined with
a dynamic ecoregion clustering technique. Unlike static ecoregion clustering, which
generates a single unchanging ecoregion map, our dynamic approach results in a
unique ecoregion map for each year. This dynamic strategy enables us to incorporate
the year-to-year climate variations that significantly influence crop growth, thereby
heightening the precision of our crop mapping process.

With the ecoregion maps for 2013-2022 established by the dynamic ecoregion
clustering, a specific early crop mapping classifier can be trained for each different
ecoregion. We used a bagging procedure and trained a random forest consisting of 50
classification tree models to locate our target crop for each ecoregion separately across
the entire cropland region of the CONUS. The model was trained and validated in the
years 2013-2017 and tested independently in the years 2018-2022. The results showed
that the dynamic clustering method achieved significantly higher accuracy than the
static clustering method. Our method has significant implications for forecasting
crop yield and food production for countries.

In our future research endeavors, we intend to broaden the scope of our work
by applying the dynamic ecoregion method to estimate target crop yields. This
represents a crucial evolution of our current approach, as it will enable us to not
only identify and map crops within distinct ecological regions but also predict and
quantify their potential yields. By harnessing the power of this method, we aim to
provide valuable insights into agricultural productivity, aiding farmers, policymakers,
and researchers in making informed decisions.
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4 Cross Domain Early Crop Mapping
using CropSTGAN

Driven by abundant satellite imagery, machine learning-based approaches have re-
cently been promoted to generate high-resolution crop cultivation maps to support
many agricultural applications. One of the major challenges faced by these approaches
is the limited availability of ground truth labels. In the absence of ground truth, ex-
isting work usually adopts the "direct transfer strategy" that trains a classifier using
historical labels collected from other regions and then applies the trained model to
the target region. Unfortunately, the spectral features of crops exhibit inter-region
and inter-annual variability due to changes in soil composition, climate conditions,
and crop progress, the resultant models perform poorly on new and unseen regions or
years. Despite recent efforts, such as the application of the deep adaptation neural
network (DANN) model structure in the deep adaptation crop classification network
(DACCN), to tackle the above cross-domain challenges, their effectiveness diminishes
significantly when there is a large dissimilarity between the source and target regions.
This chapter introduces the Crop Mapping Spectral-temporal Generative Adversarial
Neural Network (CropSTGAN), a novel solution for cross-domain challenges, that
doesn’t require target domain labels. CropSTGAN learns to transform the target
domain’s spectral features to those of the source domain, effectively bridging large
dissimilarities. Additionally, it employs an identity loss to maintain the intrinsic
local structure of the data. Comprehensive experiments across various regions and
years demonstrate the benefits and effectiveness of the proposed approach. In ex-
periments, CropSTGAN is benchmarked against various state-of-the-art (SOTA)
methods. Notably, CropSTGAN significantly outperforms these methods in scenarios
with large data distribution dissimilarities between the target and source domains.

This chapter is based on the work published in the following research paper:
• Wang, Yiqun, Hui Huang, and Radu State. "Cross Domain Early Crop

Mapping using CropSTGAN." IEEE Access (2024).

Contents
4.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
4.3 Data and Study Areas . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.1 Study area . . . . . . . . . . . . . . . . . . . . . . . . . . 76
4.3.2 Reference Data . . . . . . . . . . . . . . . . . . . . . . . 77



Chapter 4. Cross Domain Early Crop Mapping using CropSTGAN

4.3.3 Remote Sensing Data . . . . . . . . . . . . . . . . . . . . 79
4.4 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . 80
4.4.2 System Overview . . . . . . . . . . . . . . . . . . . . . . 80
4.4.3 Pre-processor . . . . . . . . . . . . . . . . . . . . . . . . 82
4.4.4 CropSTGAN Domain Mapper . . . . . . . . . . . . . . . 82
4.4.5 TempCNN Crop Mapper . . . . . . . . . . . . . . . . . . 86

4.5 Experiment Setup and Results . . . . . . . . . . . . . . . . . . . 88
4.5.1 Experiment Setup . . . . . . . . . . . . . . . . . . . . . . 88
4.5.2 Training Setup . . . . . . . . . . . . . . . . . . . . . . . 97
4.5.3 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . 97
4.5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
4.5.5 The t-SNE Visualization . . . . . . . . . . . . . . . . . . 101

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
4.6.1 Analysis of crop mapping results . . . . . . . . . . . . . 102
4.6.2 Advantages of CropSTGAN . . . . . . . . . . . . . . . . 102
4.6.3 Limitations of CropSTGAN . . . . . . . . . . . . . . . . 103

4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
4.8 Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

70



4.1. Overview

4.1 Overview
Early crop mapping, i.e. determining the cultivation regions of crops before their

harvest season, is the fundamental building block for agricultural planning, resource
allocation, crop insurance, risk management[22, 23] and many other agricultural
applications. Since the spectral features of vegetation are determined by their
structure, leaf biochemistry and phonological stages [24], time-series analysis on
multi-spectral images captured by satellites is the dominant approach for land cover
classifications. With the rapid growth in data volume and increasing accessibility of
satellite imagery, deep learning (DL) based remote sensing has been promoted in
recent years to produce high-resolution, high-accuracy crop cultivation maps [25].
This class of approaches relies on a large amount of ground truth data, also known
as labels, to train and validate the classification model. The ground truth can be
obtained from surveys as first-hand labels[26, 27], or use public datasets, such as the
United States Department of Agriculture (USDA)’s Cropland Data Layer (CDL), as
weak labels for model training [13]. Different DL architectures, such as convolutional
neural networks (CNNs), Temporal Convolutional Neural Network (TempCNN) [19],
deep autoencoders and recurrent neural networks with long short-term memory
(LSTM), are explored for crop mapping tasks [31, 32, 34]. The results suggest DL
approaches outperform conventional support vector machine (SVM) and tree-based
models in providing semantic information on the input images.

Unfortunately, obtaining appropriate ground truth for an arbitrary region is
challenging. Public crop-type ground truth datasets, such as Cropland Data Layer
(CDL) produced by National Agricultural Statistics Service (NASS), provide reliable
and timely references for model training. However, these datasets are only available
for a few countries and are usually released after harvest season. The collecting
process can be costly, labour-intensive, and sometimes unfeasible, especially in
underdeveloped countries. In the absence of ground truth, existing work usually
adopts the "direct transfer strategy" that trains a classifier first using available
labelled data for other regions and then applies the trained model to the target region
[28, 29]. Nevertheless, spectral features of crops have both inter-region variability
and inter-annual variability due to changes in soil composition, climate conditions,
and crop progress [30]. These variability collectively contribute to the distribution
shift between the training data (source domain) and the test data (target domain),
called the cross-domain issue. Consequently, the direct transfer strategy often leads
to poor performance on new and unseen regions and years as it compromises an
implicit assumption of the machine learning-based crop mapping approaches: the
labelled training data from the source domain and the data from the target region
are independent and identically distributed (i.i.d), or at least come from similar
distributions.

To address this cross-domain issue, including cross-region and cross-year issues,
various methods have been developed aiming to enhance the model’s ability on
unseen domains. One effective approach involves training the model by incorporating
multi-year data and the respective phonological metrics as the major inputs [51].
This method helps the model to capture the temporal variations in spectral patterns
for target crops caused by changing environmental and climate conditions. Their
methodology augments the model’s proficiency in generalizing across diverse years
within a singular region for which multi-annual ground truth data exists. However,

71



Chapter 4. Cross Domain Early Crop Mapping using CropSTGAN

the predicament of cross-regional issue remains unaddressed.
To mitigate the challenges associated with both inter-regional and inter-annual

cross-domain issues, methodologies such as Domain Adversarial Neural Networks
(DANN) [63] and their derivatives have been deployed. These approaches endeavour
to delineate invariant features from data across both target and source domains, lever-
aging these features for enhanced accuracy in crop classification mappings. However,
these methodologies hinge on the presupposition that the data distributions between
the target and source domains exhibit relatively minor disparities. Furthermore, all
these methodologies operate under the assumption that the crop types are identical
in both the source and target domains.

To address this domain shift challenge encountered in early crop mapping endeav-
ors under relevantly substantial discrepancies in data distribution across the domains,
this chapter introduces the Crop Mapping Spectral-temporal Generative Adversarial
Neural Network (CropSTGAN) framework. The system’s primary goal is to identify
a specified crop variety, such as corn, within a target area lacking labelled data.
To fulfil this aim, the CropSTGAN framework employs an unsupervised domain
adaptation (UDA) strategy, a technique for adapting a model from a source domain
with labelled data to an unlabelled target domain. The innovative method learns a
function that transforms the spectral characteristics features of the target area to
the source domain while retaining their local structure. For instance, the spectral
features of corn in the target domain may diverge from those in the source domain.
The CropSTGAN framework first transforms the target domain’s spectral features to
resemble those of the source domain, thereby minimizing the discrepancies in feature
patterns between the transformed target data and the original source data, all the
while maintaining the distinguishability of corn and other land cover types within
the target region. This process enables the straightforward application of a crop
mapping model, trained within the source domain, to the target domain without
diminishing its precision.

From the highest level, the proposed CropSTGAN system consists of three
key components: the pre-processor, the CropSTGAN domain mapper, and the
TempCNN crop mapper. The pre-processor module employs linear interpolation
to fill gaps due to cloud coverage in the Multi-Spectral Images (MSI), ensuring
a complete time series. The CropSTGAN domain mapper, a modification of the
CycleGAN architecture [64], is designed with a specific structure to capture the
temporal features from the time-series MSI data and transform them from the
target domain to the source domain. The CropSTGAN consists of two generator
networks and two discriminator networks. The generators learn to transform data
points from one domain to another domain, while the discriminators distinguish
between the transformed data points provided by the generators and the original
data points. Finally, the TempCNN crop mapper, a CNN-based model shared
structure with the CropSTGAN discriminators, can be directly applied to the
transformed target data to accurately determine the cultivation locations of the
specified target crop on the target domain. To evaluate the distinct architecture
of the CropSTGAN domain mapper, comparative experiments were undertaken
utilizing a simpler, analogous structure named Crop Mapping Temporal Generative
Adversarial Neural Network (CropTGAN), alongside benchmarking against several
state-of-the-art (SOTA) methodologies, including TempCNN and STDAN. The
empirical findings corroborated that the CropSTGAN architecture enhances crop
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mapping accuracy under the relevantly substantial discrepancies in data distribution
across the domains.

Our contributions can be summarized as follows:
• Propose the CropSTGAN framework, consisting of a pre-processor, a CropST-

GAN domain mapper, and a TempCNN crop mapper, to address the cross-
domain issue due to the inter-region and inter-year variations in remote sensing-
based early crop mapping under substantial discrepancies in data distribution
across the domains.

• Design the CropSTGAN domain mapper to capture the temporal and spectral
features from the time-series MSI data and learn to transform the target domain
data into the source domain.

• Conduct cross-region and cross-year experiments in the study areas from
the USA and China to evaluate the CropSTGAN framework. The results
demonstrate superior performance compared to CropTGAN and several SOTA
methods confirming the effectiveness and accuracy of the CropSTGAN frame-
work for cross-domain early crop mapping.

• Conduct the comprehensive series of experiments based on CropSTGAN for
cross-region analysis using MSI data collected at intervals of 50, 60, 70, 80,
and 90 days starting from May 1st. The results indicate that longer time-series
lengths yield better metrics, with results stabilizing from 80 days and the best
performance observed at 90 days.
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4.2 Related Works
Remote sensing-based crop-type mapping has undergone significant advancements

with the adoption of machine learning methods. Traditionally, techniques such as
SVM and random forest (RF) have been widely utilized for crop classification using
remote sensing data [38, 39, 40]. However, the advent of deep learning has brought
about a revolution in this field by leveraging their ability to automatically extract
meaningful representations from data.

Deep learning models, such as LSTM networks and CNNs, have exhibited impres-
sive performance in crop type mapping using remote sensing imagery [31, 34, 41].
They excel at capturing temporal and spatial characteristics, enabling accurate clas-
sification of various crop types. By training on labelled crop datasets, these models
can learn complex relationships between spectral, spatial, and temporal features,
leading to improved accuracy in distinguishing crop types.

To locate the target crop in the target domain without ground truth data, direct
transfer techniques have been introduced, allowing the knowledge learned from a
source domain, where labelled samples are abundant, to be directly applied to the
target domain [28, 42]. It involves training models on regions with abundant labelled
samples and directly applying them to other regions or years. This approach assumes
that the knowledge learned from the source domain is applicable to the target
domain. While direct transfer can be a simple and effective method, it may encounter
a cross-domain problem when it comes to effectively capturing and comprehending
the intricate relationships and variations in crop patterns across different regions
and years.

To address the cross-year issue, training the model with multi-year crop data
proves to be a valuable adaptation method. Recent studies, including [51], emphasize
the importance of incorporating multi-year crop data from a specific region as it
enhances the model’s understanding of temporal patterns, variations, and trends
within that geographic context. This approach enhances the accuracy and reliability
of crop classification by considering inter-annual climate variations and capturing
the unique characteristics of the region. Leveraging region-specific multi-year data
enables the model to become more robust to phenology shifts, ensuring consistent
performance across different years. Training on multi-year crop data from the same
region serves as an effective adaptation technique, resulting in more precise and
dependable crop mapping outcomes within a particular geographic area. A key
drawback of the multi-year crop data training method is its high reliance on labelled
data. To effectively train deep learning models, a large number of accurately labelled
samples are needed. However, collecting such a vast amount of labelled data from
diverse regions and years is a challenging task. The process is time-consuming, costly,
and often impractical due to the effort and resources required. Moreover, it fails to
address the issue of the cross-region issue.

To tackle the challenges of cross-year and cross-region adaptability, current
methods adopt two main strategies. From a sample perspective, fine-tuning pre-
trained models with a few high-quality target domain samples is a common practice.
This method adapts the original model to the new data distribution. For example, [65]
improved deep models for nationwide land cover classification using high-confidence
pseudo-labels. Similarly, [66] involved annotating new target domain samples to
refine RF classifiers via active learning. However, this technique often necessitates
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labelling samples, which is not feasible for large-scale studies.
From a feature perspective, in the field of UDA, earlier studies have developed

DANN-based methods to align samples from various regions into a unified feature
space, minimizing disparities in deep features. For instance, [14] introduced the
STDAN, a novel unsupervised domain adaptation framework for crop type classifica-
tion. In the STDAN study [14], two case studies comprising four areas from Gangwon
Province and Gyeongsang Province, Korea were selected. These areas, while not
geographically distant, exhibit slight environmental differences. Moreover, the PAN
[15] and the DACCN [16] extended the loss function using the Maximum Mean
Discrepancy (MMD) and the Multiple Kernel variant of Maximum Mean Discrepancy
(MK-MMD), achieving improved accuracy compared to CNN and LSTM methods
without domain adaptation. Similarly, the PAN study [15] chose three areas from
Sichuan Province, Hubei Province, and Anhui Province in China, all positioned at
similar longitudes, also leading to minor environmental variations (Wang, 2021). The
DACCN study [16], addressing cross-country issues for the first time in crop mapping
experiments, selected sub-areas from Heilongjiang Province and Jilin Province, China
as target domains, with four sub-areas from different states in the USA as source
domains. This cross-country setup introduced significantly larger environmental vari-
ations compared to the previous studies. Additionally, the study included cross-year
experiments in the USA. Notably, DACCN’s performance metrics were significantly
lower for cross-country issues than for cross-year experiments, indicating a reduction
in efficiency due to substantial discrepancies in data distribution across countries. In
other words, although these approaches adeptly tackle the issue of missing labels
and diminish the detrimental impacts of domain shifts, their efficacy is constrained
by relevantly substantial discrepancies in data distribution across the domains.

This chapter introduces the CropSTGAN framework, designed to tackle the
challenge of cross-domain early crop mapping without the need for labelled data
from the target domain, even when there are significant differences between the data
distributions of the target and source domains.
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(a)

(b)

Figure 4.1: The Study Areas. (a) The Study Area in Jackson County, Minnesota,
USA. (b) The Study Area, Jilin Province, China.

4.3 Data and Study Areas
4.3.1 Study area

This chapter chose corn as the example crop to demonstrate the cross-domain
capability of the proposed approach. The objective is to map corn cultivation
locations in a target domain using models trained by labelled data from a source
domain. The target and source domains could differ in their geographic locations
(i.e., cross-region) or be in the same region in different years (i.e., cross-year). Note
that, the proposed approach can be applied to other types of crops. Toward this end,
the study areas include the two regions: Jackon County of the USA, and one study
area from Jilin Province, China. For a visual depiction of the geographical locations
of these areas, please refer to Figure 4.1.

The study areas are characterized by unique environmental conditions such as
temperature, precipitation, elevation, and solar radiation, which also vary over years.
The 5th major atmospheric reanalysis (ERA5) produced by ECMWF [57], is utilized
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Table 4.1: The environmental conditions of the source domain and the target domains.
"SA" represents the Study Area. "T" represents the yearly average temperature.
"P" stands for the average hourly precipitation. "E" signifies the average hourly
evaporation. "R" indicates the surface net solar radiation.

SA Year T(K) P(mm/h) E(mm/h) R(kJ/m^2)
Jackson 2019 289.02 2.60 -1.01 4688.12
Jackson 2020 289.93 1.48 -1.11 5118.46
Jackson 2021 290.76 1.06 -1.06 5245.53

SA in China 2019 290.03 1.99 -1.99 12542.54

Figure 4.2: The Crop Calendar for Corn. The red lines represent the average dates.

in our work with a resolution of 11132m× 11132m from 2019 to 2021 as the climate
data which is comprised of air and soil temperature, precipitation, Evaporation,
and solar radiation. Table 5.1 presents the environmental metrics for these areas.
Additionally, the corn cropping schedules differ among the regions, as depicted in
Figure 4.2. These variations influence corn growth, resulting in distinct MSI feature
patterns of the same crop across the different areas and time periods. Figures 2a, 2b,
and 2c show the average NDVI values curves for the early growth stages of corn and
other crops in Jackson County from 2019 to 2021. Figure 2d presents the curves in
the study area of China. The corn growth NDVI patterns in Jackson County vary
across the different years. Additionally, a clear distinction is evident between the
NDVI values in Jackson County and those in the Chinese study area.

4.3.2 Reference Data
The CDL is used as the ground truth for the source domain. The CDL [13], a

crop-specific land cover raster map dataset available for the entire conterminous U.S.
land area (CONUS) at 30 m resolution provided by the USDA, regularly provides
information on the annual temporal and spatial distribution of corn, as well as the
area dedicated to its cultivation. As shown in Figure 4.5a, the main crop types in
the study areas are corn and soybean, with alfalfa being a minor crop, cultivated in
smaller proportions. Additionally, there are idle cropland.

For the target domain, official ground reference data for China is currently
unavailable. Fortunately, [27] published maps of corn, soybean, and rice with a
spatial resolution of 10 meters for Northeast China from 2017 to 2019. As a result,
the 2019 crop maps from [27] are regarded as the ground truth reference for the
study area in China. As shown in Figure 4.5b, the main crop types in the study
areas are corn, soybean, and rice.

The ground truth data used are either from publicly available datasets or previous
research efforts. Consequently, during model comparison, the evaluation is based
on determining which model aligns more closely with previous methods rather than
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Figure 4.3: The Average Time-series NDVI of Corn for the Source Domain and
Target Domain. (a) Jackson County, 2019. (b) Jackson County, 2020. (c) Jackson
County, 2021. (d) The study area of China, 2019.

accurately reflecting reality. This is a significant shortcoming in model evaluation
within the crop mapping research field. A more accurate evaluation method would
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involve using manually labeled data, but this process is extremely labor-intensive
and time-consuming, making it impractical to undertake. However, the ground truth
data from the USDA CDL and the 2019 ground truth data for China both achieve
classification accuracies of approximately 85% to 95% for major crop-specific land
cover categories. These datasets are widely used in crop mapping research papers
for evaluation purposes, and the impact of this accuracy on the evaluation process is
not particularly pronounced or severe.

4.3.3 Remote Sensing Data
The remote sensing data in this work are MSI images captured by the Sentinel-2

satellites, which have been widely used for many agricultural applications in the
community [31, 67]. Sentinel-2 provides high-resolution MSI images (up to 10m) with
a revisit time of 5 days, allowing for frequent monitoring of crop growth and changes.
Its wide spectral coverage, including visible, near-infrared, and shortwave infrared
bands, enables accurate assessment of vegetation health, crop type identification,
and mapping. In this study, 10 bands, including B2 (Blue), B3 (Green), B4 (Red),
B5 (Red Edge 1), B6 (Red Edge 2), B7 (Red Edge 3), B8 (Near-Infrared), B8A (Red
Edge 4), B11 (Shortwave Infrared 1) and B12 (Shortwave Infrared 2), are used to
map the target crop in early seasons.

As described, our primary objective is to locate the specific crop (corn) with
cross-domain problems at an earlier growth stage. As a result, the time series remote
sensing data should start after the planting period and conclude before the onset
of the crop harvest period. Referring to Figure 4.2, it can be observed that the
corn harvesting season typically starts in early September in the USA and begins
in early October in China. Planting, on the other hand, starts at the beginning of
April in the USA, and in mid-April in Jilin Province, China. As a result, the date
of our annual collection of remote sensing data spans from May 1st to July 30th,
encompassing a total of nine-time points with a ten-day observation window.

Additionally, this work employs the Dynamic World dataset [68]. It is a high-
resolution 10m near-real-time (NRT) Land Use/Land Cover (LULC) dataset and
features class probabilities and label data for nine distinct categories, including
cropland. It is utilized to identify and select areas of cropland, enabling us to
maintain a concentrated analysis solely within these regions.
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Figure 4.4: The Architecture of the Pre-processor.

4.4 Methodology
4.4.1 Problem Statement

Let X denote the time series remote sensing input data and Y denote the ground
truth labels. Each sample x can be expressed as a temporal form [x1, x2, ..., xt],
where xi represents input at time i. xi can be further expanded as [xi1, xi2, ..., xib],
containing multi-spectral bands information from band 1 to band b. Each ground
truth label, denoted as y, is represented as a binary number, which corresponds to
the categories of corn and other crops. Let Xt denote the time series input target
data, Xs denote the time series input source data, and Ys denote the GT for Xs.
Each sample xs has a corresponding ys.

Our objective is to identify target crops to get target labels Yt in the target
domain during their early growth stages, utilizing labelled source domain data (Xs,
Ys) and unlabelled target domain data (Xt). This approach addresses challenges
related to the cross-domain issue and the large data distribution discrepancies issue.

4.4.2 System Overview
The architecture of our CropSTGAN framework is depicted in Figure 4.6, show-

casing both the training and mapping dataflows. This system includes three main
components: the pre-processor, the CropSTGAN domain mapper, and the TempCNN
crop mapper. During training, the pre-processor enhances MSI images quality by
filling gaps through linear interpolation, ensuring complete MSI image series Xs

and Xt for both source and target domains. The CropSTGAN domain mapper,
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(a) (b)

Figure 4.5: Ground Truth Data: Green represents corn, yellow represents soybean,
red represents rice, light olive represents fallow cropland, pink represents alfalfa, and
white represents non-cropland. (a) The USA Study Area 2019, (b) China Study
Area 2019.

Figure 4.6: The Architecture of the CropSTGAN Framework.

trained with randomly sampled data from these MSI images, enables the transfer
of time-series remote sensing data between domains: Xt → Xs and Xs → Xt. The
TempCNN crop mapper is then trained on labelled source domain data (Xs, Ys) to
identify the target crop in the source domain at an early stage.

For mapping, the process begins with the pre-processor supplying the target
domain MSI image series Xt. These images are then transformed by the CropSTGAN
domain mapper from the target to the source domain as X′

s. The trained TempCNN
crop mapper uses these transformed images X′

s to locate the target crop Yt in the
target domain. This system design ensures accurate and reliable early-stage crop
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Table 4.2: The Generator Structure. Each encoder layer consists of an instance
normalization layer, an activation layer and a pooling layer. Each decoder layer
consists of an instance normalization layer, an activation layer and an upsampling
layer.

Layer Input Shape Output Shape Activation
Input 9×10 9×10 -

Encoder 1 9×10 9×1×8 LeakyReLU
Encoder 2 9×1×4 7×1×8 LeakyReLU
Encoder 3 7×1×8 5×1×16 LeakyReLU
Encoder 4 5×1×16 3×1×32 LeakyReLU
Decoder 4 3×1×32 5×1×16 LeakyReLU
Decoder 3 5×1×16 7×1×8 LeakyReLU
Decoder 2 7×1×8 9×1×4 LeakyReLU
Decoder 1 9×1×4 9×10×4 LeakyReLU

Output 9×10×4 9×10 ReLU

mapping in the target domain, particularly useful when labelled data is scarce or
nonexistent, thereby overcoming the challenges of cross-domain mapping.

4.4.3 Pre-processor
The pre-processor aims at providing complete time-series MSI data by filling

gaps between MSI images due to cloud cover, atmospheric interference, or sensor
limitations. The processing pipeline is outlined in Figure 4.4.

The procedure illustrated in the figure begins with the collection of MSI images
covering the entire targeted study areas, sourced from the Sentinel-2 Dataset at
consistent 10-day intervals. The primary objective is to detect the target crop at
an early growth stage, addressing cross-domain challenges. Therefore, the selected
time series of remote sensing data spans from May 1st to July 30th, starting post-
planting and concluding pre-harvest, resulting in nine image sets. To refine the
focus on agricultural lands, the method employs a cropland mask from the Dynamic
World dataset during the crop’s growing season, adjusting it to a uniform 30-meter
resolution. This step ensures the exclusion of non-agricultural areas, concentrating
the analysis on crop areas within the nine groups of MSI images. For each set,
cloud detection is performed using Sentinel Hub’s tool, filtering out cloud-covered
areas. The process averages the values of cloud-free images to produce a composite
MSI image with a clear 30-meter resolution. This approach yields nine high-quality,
cloud-free time-series MSI images, each comprising 10 bands and maintaining a
30-meter spatial resolution. Finally, the ground truth data are reprojected into the
same projection system of the MSI images with 30-m resolution. Subsequently, the
MSI data are aligned with the corresponding ground truth labels, and the training
data along with the matched labels are extracted.

4.4.4 CropSTGAN Domain Mapper
4.4.4.1 The Generators and Discriminators Structures

The domain mapper is referred as CropSTGAN, which stands for Crop Mapping
Spectral-temporal Generative Adversarial Network. CropSTGAN domain mapper
serves as the key component in our framework for transforming time-series remote
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(a)

(b)

Figure 4.7: The CropSTGAN Domain Mapper Structure. (a) Cycle 1: The training
process involves data flowing from the target domain to the source domain and
then back to the target domain. The notation X′

s represents the transformed target
domain data, while X′

t denotes the data transformed back to the target domain. (b)
Cycle 2: The training process involves data flowing from the source domain to the
target domain and then back to the source domain. The notation X′

t represents the
transformed source domain data, while X′

s denotes the data transformed back to the
source domain.

Table 4.3: The Discriminator/Crop Mapper Structure. The last layer of the Discrim-
inator uses ReLU as its activation function, while the Classifier employs Softmax.

Layer Input Shape Output Shape Activation
Input 9×10 9×10 -

Conv 1 9×10 9×1×8 LeakyReLU
Conv 2 9×1×8 7×1×8 LeakyReLU
Conv 3 7×1×8 5×1×8 LeakyReLU
Conv 4 5×1×8 3×1×8 LeakyReLU
Flatten 3×1×8 24 -

FC1 24 4 ReLU
Output 4 1 ReLU or Softmax

sensing data points between different domains. As shown in Figure 4.7, the domain
mapper consists of two generator networks, G and F , and two discriminator networks,
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Table 4.4: The Generator Structure of CropTGAN. Each encoder layer consists
of an instance normalization layer, an activation layer and a pooling layer. Each
decoder layer consists of an instance normalization layer, an activation layer and an
upsampling layer.

Layer Input Shape Output Shape Activation
Input 9×10 9×10 -

Encoder 1 9×10 9×10×4 LeakyReLU
Encoder 2 9×10×4 7×10×8 LeakyReLU
Encoder 3 7×10×8 5×10×16 LeakyReLU
Encoder 4 5×10×16 3×10×32 LeakyReLU
Decoder 4 3×10×32 5×10×16 LeakyReLU
Decoder 3 5×10×16 7×10×8 LeakyReLU
Decoder 2 7×10×8 9×10×4 LeakyReLU
Decoder 1 9×10×4 9×10×4 LeakyReLU

Output 9×10×4 9×10 ReLU

Table 4.5: The Discriminator/Crop Mapper Structure of CropTGAN. The last layer
of the Discriminator uses ReLU as its activation function, while the Classifier employs
Softmax.

Layer Input Shape Output Shape Activation
Input 9×10 9×10 -

Conv 1 9×10 9×10×8 LeakyReLU
Conv 2 9×10×8 7×10×8 LeakyReLU
Conv 3 7×10×8 5×10×8 LeakyReLU
Conv 4 5×10×8 3×10×8 LeakyReLU
Flatten 3×10×8 240 -

FC1 240 4 ReLU
Output 4 1 ReLU or Softmax

DX and DY . In the training process, the generators and discriminators play distinct
roles. The generators’ primary task is to transform the data from one domain to
another: G : Xt → X′

s and F : Xs → X′
t, while the discriminator’s main objective is

to differentiate between real and transformed data. As the training progresses, both
networks improve iteratively until an equilibrium is reached where the generator
generates highly realistic data and the discriminator cannot reliably distinguish
between real and fake samples. For example, when the discriminator Ds can not
distinguish whether the transformed data X′

s generated by the generator G is from
the source domain or not, it means that the generator G has been well-trained.

The generator and discriminator structures are depicted in Table 4.2 and Table
4.3, respectively. Each generator consists of four encoders and four decoders. Its
first encoder layer, equipped with 4 filters with a 3 kernel size, captures temporal
features across all 10 spectral bands. Subsequent encoders use the same kernel size
but increase filter counts to 8, 16, and 32, respectively. The decoders, designed to
mirror the encoders, reverse the encoding process, thereby reconstructing the original
input features.

The discriminator shares a similar design with the generator’s encoder, with the
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distinction that its convolution layers uniformly utilize 8 filters. It then incorporates
a flatten layer and a fully connected layer, with dimensions of 24 and 4, respectively.
Its final layer is a fully connected layer with a single output, aimed at distinguishing
between the transformed target domain data and the source domain data.

To assess the distinctive architecture of the CropSTGAN domain mapper, we
conducted comparative experiments with a simpler yet analogous model named
CropTGAN. This model features encoders with identical filter counts and sizes
as those in CropSTGAN. The primary distinction between the generators and
discriminators of the two models lies in the configuration of the first layers. Specifically,
the CropTGAN generator and discriminator independently extract features from the
temporal dimension on each band in their respective first encoder and convolutional
layers. The details of the generators and discriminators are documented in Table 4.4
and Table 4.5.
4.4.4.2 Losses

As shown in Figure 4.7, there are two cycle training processes:
• In the first cycle training process (Cycle 1), data from the target domain is

first transformed to the source domain and then reverted back to the target
domain: G : Xt → X′

s → X′
t and

• In the second cycle training process (Cycle 2), data from the source domain is
first transformed to the target domain and then reverted back to the source
domain: F : Xs → X′

t → X′
s

To ensure the creation of effective generators, the losses for both training processes
are established as follows:
Adversarial Loss

This loss function is inspired by GANs and encourages the generator to produce
transformed data from one domain that is indistinguishable from real data in the
other domain. It is computed by the discriminator network, which aims to classify
the generated data as fake while the generator aims to fool the discriminator by
generating realistic data (source domain data).

Ladv1(G, Ds, Xt, Xs) =Exs∼pdata(xs)[log Ds(xs)]+
Ext∼pdata(xt)[1− log Ds(G(xt))]

(4.1)

Ladv2(F, Dt, Xs, Xt) =Ext∼pdata(xt)[log Dt(xt)]+
Exs∼pdata(xs)[1− log Dt(G(xs))]

(4.2)

Cycle Consistency Loss
The cycle consistency loss ensures that the transformed data from one domain to

another domain and back to the original domain is consistent with the original data.
It measures the difference between the original input data and the data reconstructed
after going through both generator mappings. Through the minimization of this loss,
the preservation of crucial features during the transformation process is enforced.

Lcyc1(G, F, Xt) = Ext∼pdata(xt)[||xt − F (G(xt))||1] (4.3)

Lcyc2(F, G, Xs) = Exs∼pdata(xs)[||xs −G(F (xs))||1] (4.4)
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Identity Loss
The identity loss encourages the generator to preserve the identity of the input

data. It computes the difference between the generator output and the input data.
The objective of minimizing this loss is to ensure that the generator does not make
unnecessary alterations to the data and maintains its essential characteristics.

Lid1(G, Xt) = Ext∼pdata(xt)[||G(xt)− xt||1] (4.5)

Lid2(F, Xs) = Exs∼pdata(xs)[||F (xs)− xs||1] (4.6)

Total Loss
The total loss is a combination of these losses, weighted by respective coefficients:

Ltotal =Ladv1(G, Ds, Xt, Xs)+
αLcyc1(G, F, Xt)+
βLid1(G, Xt)
Ladv2(F, Dt, Xs, Xt)+
γLcyc2(F, G, Xs)+
δLid2(F, Xs)

(4.7)

, where α, β, γ, δ are the weight parameters:

α = Ladv1

Lcyc1
, β = Ladv1

Lid1
, γ = Ladv2

Lcyc2
, δ = Ladv2

Lid2
(4.8)

Our aim is to maintain the training gradients of different loss types close to a 1:1:1
ratio. The total loss can be expressed as a minimax function:

min
G,F

max
Dt,Ds

Ltotal(G, F, Dt, Ds, Xt, Xs). (4.9)

, where the generator seeks to minimize the loss while the discriminator aims
to maximize it to achieve high-quality time-series MSI data transformation while
maintaining consistency and identity preservation.
Training stop criteria based on the Total Loss

The total loss is employed as an evaluation metric. After the GropSTGAN
network has reached a stable state for the training process after several training
epochs, the model is selected associated with the smallest total loss. This particular
model is then designated as our well-trained model. This approach allows us to
tackle the absence of paired datasets for evaluation in CropSTGAN and obtain an
objective measure of the model’s performance.

4.4.5 TempCNN Crop Mapper
The TempCNN crop mapper denoted as C, structured similarly to the CropST-

GAN domain mapper’s discriminators Dx and Dy as outlined in Table 4.3, is trained
solely with labelled source domain data (Xs, Ys). The binary cross-entropy loss:

Lclass(C) = −
∑

s

(ys log(C(xs)) + (1− ys) log(1− C(xs))) (4.10)
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, is used as the training loss for the TempCNN crop mapper. Its purpose is to locate
the target crop within the source domain. However, applying this mapper directly in
the target domain often leads to subpar results due to discrepancies in the variation
of data distribution between the domains. To address this issue, the target domain’s
MSI data must first be transformed to the source domain using the domain mapper’s
generator. As illustrated in the right portion of Figure 4.6, this transformed data is
then processed by the TempCNN crop mapper to generate mapping results:

Yt = C(G(Xt)) (4.11)

This integrated approach ensures accurate and reliable early crop mapping in the
target domain, even in the absence of the target domain ground truth data.
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4.5 Experiment Setup and Results

Table 4.6: Cross-Year Experiment Metrics Comparison: Targeting Jackson County
2020. The best metrics are indicated in bold, while the second-best metrics of the
baseline methods are underlined.

(a)

CropSTGAN CropTGAN
OA F1 Kappa OA F1 Kappa

S1 0.9602 0.9613 0.9205 0.9477 0.9503 0.8952
S2 0.9619 0.9630 0.9239 0.9346 0.9403 0.8681
S3 0.9641 0.9657 0.9281 0.9440 0.9477 0.8874

Avg 0.9621 0.9633 0.9242 0.9421 0.9461 0.8836
(b)

STDAN TempCNN
OA F1 Kappa OA F1 Kappa

S1 0.9651 0.9670 0.9299 0.9688 0.9704 0.9376
S2 0.9550 0.9530 0.9122 - - -
S3 0.9549 0.9582 0.9093 - - -

Avg 0.9583 0.9594 0.9171 0.9688 0.9704 0.9376

4.5.1 Experiment Setup
This work designs two sets of experiments to comprehensively evaluate the

cross-domain performance of the proposed CropSTGAN method:
• The first set of experiments investigates the cross-year scenario, where Jackson

County from 2020 to 2021 is considered as the target domain, and Jackson
County in 2019 serves as the source domain. The discrepancies in data distri-
bution between these domains are relatively slight.

• The second series of experiments explores cross-region scenarios, incorporating
a study area in China and Jackson County. When Jackson County 2019 serves
as the source domain, the target domain is the study area in China 2019.
Conversely, when the study area in China 2019 is the source domain, Jackson
County 2019 becomes the target domain. The discrepancies in data distribution
across the domains are relatively large.

To evaluate the distinct architecture of the CropSTGAN domain mapper, com-
parative experiments were undertaken utilizing a simpler, analogous structure named
CropTGAN. Within this framework, both the discriminators’ and generators’ en-
coders share the same filter numbers and sizes as those in CropSTGAN but focus solely
on extracting features from the temporal dimension. Additionally, we benchmarked
the CropSTGAN framework against various SOTA methods, including TempCNN
and STDAN.

Furthermore, a series of experiments based on CropSTGAN were conducted for
the cross-region analysis using MSI data collected at intervals of 50, 60, 70, 80, and
90 days starting from May 1st or the 150th day of the year, in order to determine
the impact of different time-series input data lengths on the results of our method.
Notably, with each reduction of two data points, one pair of encoder and decoder
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(a)

(b) (c)

(d) (e)

(f) (g)
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(h) (i)

Figure 4.8: Corn Crop Mapping Results Comparison with Jackson County 2020 as
the Target Domain. (a) displays the ground truth. The crop mapping results are
depicted in (b) for CropSTGAN, (d) for CropTGAN, (f) for STDAN, and (h) for
TempCNN. In this visualization, green denotes corn, and white represents other
types. The corresponding error images are illustrated in panels (c), (e), (g), and (i)
for CropSTGAN, CropTGAN, STDAN, and TempCNN, respectively. Red highlights
the misclassified pixels, and white represents correctly classified pixels.

Table 4.7: Cross-Year Experiment Metrics Comparison: Targeting Jackson County
2021. The best metrics are indicated in bold, while the second-best metrics of the
baseline methods are underlined.

(a)

CropSTGAN CropTGAN
OA F1 Kappa OA F1 Kappa

S1 0.9608 0.9616 0.9216 0.9581 0.9573 0.9163
S2 0.9701 0.9701 0.9401 0.9396 0.9396 0.8792
S3 0.9660 0.9663 0.9320 0.9523 0.9534 0.9047

Avg 0.9656 0.9660 0.9312 0.9500 0.9501 0.9001
(b)

STDAN TempCNN
OA F1 Kappa OA F1 Kappa

S1 0.9597 0.9604 0.9195 0.9338 0.9387 0.8669
S2 0.9673 0.9685 0.9345 - - -
S3 0.9677 0.9688 0.9354 - - -

Avg 0.9649 0.9659 0.9298 0.9338 0.9387 0.8669
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(a)

(b) (c)

(d) (e)

(f) (g)
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(h) (i)

Figure 4.9: Corn Crop Mapping Results Comparison with Jackson County 2021 as
the Target Domain. (a) displays the ground truth. The crop mapping results are
depicted in (b) for CropSTGAN, (d) for CropTGAN, (f) for STDAN, and (h) for
TempCNN. In this visualization, green denotes corn, and white represents other
types. The corresponding error images are illustrated in panels (c), (e), (g), and (i)
for CropSTGAN, CropTGAN, STDAN, and TempCNN, respectively. Red highlights
the misclassified pixels, and white represents correctly classified pixels.

Table 4.8: Cross-Region Experiment Metrics Comparison: Targeting China 2019.
The best metrics are indicated in bold, while the second-best metrics of the baseline
methods are underlined.

(a)

CropSTGAN CropTGAN
OA F1 Kappa OA F1 Kappa

S1 0.8790 0.8901 0.7557 0.8539 0.8744 0.7019
S2 0.8935 0.9033 0.7847 0.8457 0.8675 0.6850
S3 0.8842 0.8968 0.7654 0.8663 0.8755 0.7311

Avg 0.8856 0.8967 0.7686 0.8553 0.8725 0.7060
(b)

STDAN TempCNN
OA F1 Kappa OA F1 Kappa

S1 0.8416 0.8613 0.6771 0.8448 0.8657 0.6826
S2 0.8353 0.8576 0.6630 - - -
S3 0.8339 0.8583 0.6590 - - -

Avg 0.8369 0.8591 0.6664 0.8448 0.8657 0.6826
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(a)

(b) (c)

(d) (e)

(f) (g)
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(h) (i)

Figure 4.10: Corn Crop Mapping Results Comparison with the Study Area of China
2019 as the Target Domain. (a) displays the ground truth. The crop mapping results
are depicted in (b) for CropSTGAN, (d) for CropTGAN, (f) for STDAN, and (h)
for TempCNN. In this visualization, green denotes corn, and white represents other
types. The corresponding error images are illustrated in panels (c), (e), (g), and (i)
for CropSTGAN, CropTGAN, STDAN, and TempCNN, respectively. Red highlights
the misclassified pixels, and white represents correctly classified pixels.

Table 4.9: Cross-Region Experiment Metrics Comparison: Targeting Jackson County
2019. The best metrics are indicated in bold, while the second-best metrics of the
baseline methods are underlined.

(a)

CropSTGAN CropTGAN
OA F1 Kappa OA F1 Kappa

S1 0.8790 0.8901 0.7557 0.8409 0.8585 0.6783
S2 0.8743 0.8802 0.7485 0.8428 0.8594 0.6812
S3 0.8687 0.8799 0.7351 0.8361 0.8505 0.6690

Avg 0.8740 0.8834 0.7464 0.8399 0.8561 0.6762
(b)

STDAN TempCNN
OA F1 Kappa OA F1 Kappa

S1 0.8156 0.8364 0.6270 0.8465 0.8620 0.6900
S2 0.8383 0.8549 0.6735 - - -
S3 0.8431 0.8496 0.6856 - - -

Avg 0.8323 0.8470 0.6620 0.8465 0.8620 0.6900

94



4.5. Experiment Setup and Results

(a)

(b) (c)
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(h) (i)

Figure 4.11: Corn Crop Mapping Results Comparison with Jackson County 2019
as the Target Domain. (a) displays the ground truth. The crop mapping results
are depicted in (b) for CropSTGAN, (d) for CropTGAN, (f) for STDAN, and (h)
for TempCNN. In this visualization, green denotes corn, and white represents other
types. The corresponding error images are illustrated in panels (c), (e), (g), and (i)
for CropSTGAN, CropTGAN, STDAN, and TempCNN, respectively. Red highlights
the misclassified pixels, and white represents correctly classified pixels.

Table 4.10: Early Crop Mapping Results with Different Time-Series Length Inputs
using CropSTGAN. "1" denotes the first series of cross-region experiments, where
the study area in China is used as the target domain. "2" denotes the second series
of cross-region experiments, where the study area in the USA is used as the target
domain.

Day of Year 1 2
OA F1 Kappa OA F1 Kappa

190 0.6823 0.6704 0.3663 0.5947 0.6359 0.1815
200 0.7710 0.7819 0.5195 0.7655 0.7818 0.4268
210 0.8830 0.8817 0.7600 0.7615 0.7819 0.5195
220 0.8739 0.8850 0.7467 0.8619 0.8638 0.7243
230 0.8856 0.8967 0.7686 0.8740 0.8834 0.7464
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Figure 4.12: The Mapping Overall Accuracy with Different Time-Series Length Input
using CropSTGAN.

structures is removed from the domain mapper generator, and one convolutional
layer is removed from both the domain mapper discriminator and the crop mapper.

4.5.2 Training Setup
In each experiment, all data points from both the source and target domains are

used. The TempCNN is trained using 70% of labelled data from the source domain.
The remaining 30% is divided equally into validation and test datasets. To train the
CropSTGAN model, all the sampled data from the target domain and the source
domain are used. During training, a batch size of 256 is used. All methods’ training
persisted until the completion of 500 epochs or upon convergence, as determined
by an early stopping criterion set at 50 epochs. For optimization, the Adaptive
Moment Estimation (Adam) optimizer is employed with a learning rate of 0.005 and
an exponential decay rate of 0.9 for the first moment estimates.

Every method was repeatedly trained on each subset from scratch 3 times with
the same training configuration. Notably, the TempCNN model was only trained once
and served as the crop mapper for the CropSTGAN, resulting in a single TempCNN
outcome for each test. Moreover, in the CropSTGAN and CropTGAN framework
training processes, it’s worth noting that the initial coefficient values of the total loss
function in the experiments are set to 10. The initial coefficient values in our total
loss function are chosen to ensure the stability and effectiveness of the CropSTGAN
and CropTGAN training processes. Setting the initial values to 5 or 20 yields similar
final experimental results, but it slows down the convergence process of the training
loss function.

4.5.3 Evaluation Metrics
To assess the performance of the binary corn crop mapping, the following metrics

are used:
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Overall Accuracy (OA)

represents the proportion of all correctly classified items to the total number of
items in the dataset.

F1 Score

is a single metric that combines precision and recall to provide an overall measure
of a model’s accuracy in classification tasks. It balances the trade-off between correctly
identifying positive instances and minimizing false positives and false negatives.

The Kappa coefficient

measures the agreement between the predicted and observed classifications, taking
into account the agreement that would occur by chance alone.

4.5.4 Results
Tables 4.6 and 4.7 present the results for the first set of cross-year experiments.

Tables 4.8 and 4.9 present the results for the second set of cross-region experiments.
Across two sets of experiments, our CropSTGAN method demonstrates the highest
average metrics, except for the cross-year experiment targeting Jackson County 2020.

In the first set of experiments targeting Jackson County 2020, the CropSTGAN
achieved remarkable results, securing second place with an average OA of 96.21%, an
F1 score of 96.33%, and a Kappa coefficient of 92.42%. These results represent a slight
improvement over STDAN. Additionally, CropSTGAN outperformed CropTGAN,
underscoring the effectiveness of its unique structure, with increases of +2.00%
in OA, +1.72% in F1, and +4.06% in Kappa. However, it was slightly outpaced
by the TempCNN, which took first place with an OA of 96.88%, an F1 score of
97.04%, and a Kappa of 93.76%. When Jackson County 2021 plays as the target
domain, CropSTGAN significantly surpasses TempCNN in performance, with an
increase of +3.180% in OA, +2.73% in F1 Score, and +6.43% in Kappa Coefficient.
CropSTGAN also outperforms STDAN, leading by a slight margin. Meanwhile,
CropTGAN ranks third. Figures 4.8 and 4.9 display the visualization of cross-year
experimental results and their error images using CropSTGAN, CropTGAN, STDAN,
and TempCNN. In the second set of experiments, CropSTGAN outperformed all,
securing the top spot in both tests. Specifically, when targeting the study area
of China, CropSTGAN achieved an OA of 88.56%, an F1 score of 89.67%, and
a Kappa coefficient of 76.86%. These metrics are markedly higher than those of
TempCNN, showing increases of 4.08% in OA, 3.10% in F1, and 8.60% in Kappa.
Conversely, with China as the source domain and Jackson County 2019 as the target
domain, CropSTGAN reached an OA of 87.40%, an F1 score of 88.34%, and a Kappa
coefficient of 74.64%, surpassing TempCNN by 2.75% in OA, 2.14% in F1, and
5.64% in Kappa. Additionally, CropTGAN outperformed TempCNN in the first
cross-region experiment but underperformed in the second. Interestingly, STDAN
performed worse than TempCNN in both experiments. Figures 4.10 and 4.11 present
the results and error images from cross-region experiments.

Furthermore, Table 4.10 presents the cross-region experiment results of early crop
mapping using different lengths of time-series MSI data. As shown in Figure 4.12, in
both experiments, longer time-series lengths yield better result metrics. The results
begin to stabilize from a length of 80 days, spanning from the 150th day of the year
to the 220th day. The best metrics are observed for the 90-day length, from the
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(a)

(b)

Figure 4.13: The t-SNE Visualization of Corn Data Points for the Cross-Year
Experiments: Comparison between Target Domain Data, Transformed Target Domain
Data, and Source Domain Data. (a) Jackson County 2020 as the target domain. (b)
Jackson County 2021 as the target domain.
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(a)

(b)

Figure 4.14: The t-SNE Visualization of Corn Data Points for the Cross-Domain
Experiments: Comparison between Target Domain Data, Transformed Target Domain
Data, and Source Domain Data. (a) The study area of China as the target domain.
(b) Jackson County 2019 as the target domain.
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150th day of the year to the 230th day, which is the longest duration tested in these
experiments.

4.5.5 The t-SNE Visualization
To assess the effectiveness of our CropSTGAN method in addressing the domain

shift problem, t-distributed stochastic neighbour embedding (t-SNE) [62] is utilized
for the visualization to analyze the distribution of the target data, transformed target
data, and source domain data of the target crop. By using t-SNE, the data points
are projected into a two-dimensional space while preserving their local relationships.
Figure 4.13 and 4.14 show the t-SNE visualization that illustrates the distribution of
corn data points for the cross-year and cross-region experiments.

In the visualization, the orange points represent MSI data points of corn cropland
sourced from the target domain, offering a glimpse into the data distribution within
that domain. The green points denote the transformed corn cropland MSI data
points from the target domain to the source domain, employing our proposed method.
Finally, the blue points indicate the original corn cropland MSI data points extracted
from the source domain.

Upon analyzing the t-SNE visualization, it is evident that the distribution of
corn cropland MSI data points between the source and target domains differs.
This disparity highlights the presence of a domain shift, which poses challenges for
accurate crop mapping under the target domains. However, the application of our
CropSTGAN domain mapper resulted in an improvement in the similarity between
the data distribution of the transformed target domain data (green points) and the
source domain data (blue points), compared to the similarity between the original
target domain data (orange points) and the source domain data (blue points). This
resemblance enables the TempCNN crop mapper, trained on the source domain, to
effectively process the transformed remote sensing data obtained from the target
domain. It coincides with our excellent crop mapping results for these years and
this county. For example, in the cross-year experiments, the corn data distribution
between the source domain (2019) and target domain (2020) is significantly more
similar than that between 2019 and 2021. This explains why the direct method
TempCNN performs better for 2020 (OA is 96.88%) than for 2021 (OA is 93.38%).
Conversely, the transformed target data provided by our CropSTGAN domain
mapper maintains a similar distribution to the source data for both 2020 and 2021.
Consequently, the final results are also close to each other, with OAs of 96.21% and
96.56%, respectively. Furthermore, the target data distribution in the cross-region
experiments between China and the USA is more disparate than in the cross-year
experiments, leading to significantly worse results when using the direct method.
Although the transformed target data distribution is closer to the source data, it is
not as close as in the cross-year experiments. Consequently, CropSTGAN achieves
better results than the direct method, but not as good as the results in the cross-year
experiments.
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4.6 Discussion

4.6.1 Analysis of crop mapping results

In the cross-year experiments, CropSTGAN and STGAN showed similar per-
formance, indicating that CropSTGAN effectively addresses the inter-annual cross-
domain challenge, comparable to the state-of-the-art (SOTA) method. In cross-region
experiments, CropSTGAN achieved better results than STGAN. As evident from
Figure 4.13 and 4.14, the MSI data distribution discrepancy is more pronounced in
cross-region experiments than in cross-year ones. Under the significant differences in
data distribution, CropSTGAN outperforms STGAN, benefiting from the identity
loss.

Moreover, CropSTGAN outperformed CropTGAN in all experiments, highlighting
the effectiveness of the CropSTGAN domain mapper structure. Additionally, when
there is a significant difference in data distribution between the source and target
domains, the results from both CropSTGAN and CropTGAN were significantly
better than those obtained by directly applying a CNN-based crop classifier, trained
on the source domain, to the target domain.

4.6.2 Advantages of CropSTGAN

Most existing crop mapping related studies rely heavily on a large number of
local labelled data for modeling and making predictions, and thus tedious and costly
sample collection needs to be carried out extensively and frequently. The sharing
of collected labelled samples is an effective way to address the dilemma of ground
truth sampling. However, due to the differences in climate conditions across regions
and years, trained crop classification models may lose their validity when applied to
new domains. Therefore, the CropSTGAN was developed to address the distribution
discrepancy existed between the source and target domains, that is, cross-domain
issue.

In order to address this issue, most SOTA methods, like STDAN, strive to
extract invariant features across target and source domains to tackle cross-domain
challenges. However, their effectiveness is often limited by significant differences in
data distribution between these domains. In contrast, our CropSTGAN demonstrates
superior performance in scenarios with large data distribution disparities, as evidenced
by our experimental results. For instance, in the cross-year experiments, the corn
data distribution between the source and target domains is markedly more congruent
compared to the cross-region experiments, as illustrated in Figures 1 and 2. This
alignment elucidates why the direct method, TempCNN, performs substantially
better in cross-year experiments (96.88% OA for 2020, 93.38% for 2021) compared
to cross-region experiments, where the target domain is the China study area with
84.48% OA, and the USA study area with 84.65% OA. In cross-year experiments,
CropSTGAN and STDAN yield comparable metrics. However, in cross-region
experiments, CropSTGAN achieves significantly higher metrics, with 88.56% and
87.40% OA, compared to STDAN, which attains 83.69% and 83.23% OA. Notably,
STDAN performs worse than the direct method TempCNN in these scenarios, which
has 84.48% and 84.65% OA.
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4.6.3 Limitations of CropSTGAN
However, it is important to acknowledge the limitations of our work. One

limitation of our CropSTGAN work is the underlying assumption that the primary
crops in the target domain and the source domain are consistent. This assumption,
which implies uniformity in the dominant crop types, may not always hold true in
practice, particularly when considering diverse agricultural practices across different
regions. In future research, addressing this limitation and developing methods that
can accommodate variations in primary crop types across domains will be a valuable
direction for enhancing the robustness and applicability of our approach.
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4.7 Conclusion
In conclusion, we introduced the CropSTGAN framework, which integrates a

pre-processor, a domain mapper, and a TempCNN crop mapper, specifically designed
to overcome the challenges of cross-domain early crop mapping caused by inter-region
and inter-year variations. Notably, the framework is versatile, enabling not only crop
mapping but also the classification of various land cover types. The CropSTGAN
domain mapper is designed to extract both temporal and spectral features from
time-series MSI data, effectively transforming target domain data to the source
domain. The TempCNN crop mapper, trained by the labelled source domain data,
takes the transformed target domain data as input to locate the target crop for the
target domain.

Our comprehensive evaluation, conducted across various regions in the USA and
China and spanning different years, demonstrates the CropSTGAN framework’s
superior performance. It outperforms several baseline and SOTA methods, including
TempCNN and STDAN, thereby validating its effectiveness and accuracy in cross-
domain early crop mapping scenarios, even with large data distribution disparities
between the target domain and source domain.
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4.8 Future Works
In this work, our experiment focused solely on the classification of corn. In

the future, we will extend our method to multiple crop mapping by replacing the
binary crop mapper with a multi-crop mapper. Additionally, the limited revisit
time of MSI images constrains the performance of the crop mapping classifier. For
large-scale regions, there may be missing image pairs between the source domain and
target domain, further restricting the applicability of our method. To address these
challenges, we plan to integrate time-series MSI data from multiple datasets to fill
gaps and enhance revisit times. This approach will enable us to obtain more stable
temporal images and better evaluate our method.
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5 Cross Domain Early Crop Mapping
with Label Spaces Discrepancies us-
ing MultiCropGAN

Mapping target crops before the harvest season for regions lacking crop-specific
ground truth is critical for global food security. Utilizing multispectral remote sensing
and domain adaptation methods, prior studies strive to produce precise crop maps
in these regions (target domain) with the help of the crop-specific labelled remote
sensing data from the source regions (source domain). However, existing approaches
assume identical label spaces across those domains, a challenge often unmet in reality,
necessitating a more adaptable solution. This chapter introduces the Multiple Crop
Mapping Generative Adversarial Neural Network (MultiCropGAN) model, comprising
a generator, discriminator, and classifier. The generator transforms target domain
data into the source domain, employing identity losses to retain the characteristics of
the target data. The discriminator aims to distinguish them and shares the structure
and weights with the classifier, which locates crops in the target domain using the
generator’s output. This model’s novel capability lies in locating target crops within
the target domain, overcoming differences in crop type label spaces between the target
and source domains. In experiments, MultiCropGAN is benchmarked against various
baseline methods. Notably, when facing differing label spaces, MultiCropGAN signif-
icantly outperforms other baseline methods. The Overall Accuracy is improved by
about 10%.

This chapter is based on the work published in the following research paper:
• Wang, Yiqun, Hui Huang, and Radu State. "Cross Domain Early Crop Mapping

with Label Spaces Discrepancies using MultiCropGAN." ISPRS Annals of the
Photogrammetry, Remote Sensing and Spatial Information Sciences 10 (2024):
241-248.
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5.1. Overview

5.1 Overview
Mapping target crops in the early stages before the harvest season is crucial

for a variety of agricultural applications such as agricultural planning, resource
allocation, crop insurance, and risk management [22, 23]. To locate the target crops,
the primary method involves analyzing time-series multispectral images (MSI), while
MSI provides detailed spectral information, essential for understanding vegetation’s
spectral characteristics, influenced by its structural composition, leaf biochemistry,
and phenological stages. To generate precise crop cultivation maps from these images,
various supervised Deep Learning (DL) methods, including Convolutional Neural
Networks (CNN) [31, 32], Temporal Convolutional Neural Network (TempCNN)
[19], and Long Short-Term Memory (LSTM) [33, 34], have been explored. Notably,
the findings indicate that DL approaches outperform conventional techniques like
Support Vector Machine (SVM) [35], Decision Trees (DTs) [36, 37], and Random
Forest (RF) [21, 17].

These methods leverage publicly available datasets such as the United States
Department of Agriculture (USDA)’s Cropland Data Layer (CDL) [13] as the ground
truth (GT).

Unfortunately, the collection of GT for crop types is expensive. In instances
where GT data is absent, prevailing approaches adopt the "direct transfer strategy".
This strategy involves training a classifier using labelled data from different regions
(source domain) and then applying this trained model to regions lacking GT (target
domain) [28, 29]. However, the trained model performs badly due to differences in soil
composition, climate conditions, and crop progress, leading to discrepancies between
the distributions of source and target data, commonly known as cross-domain or
domain shift issue [30].

To address domain shift, Domain Adversarial Neural Networks (DANN) [63] and
its variants, such as Self-Training with Domain Adversarial Network (STDAN) [14],
Phenology Alignment Network (PAN) [15], and Deep Adaptation Crop Classification
Network (DACCN) [16], are employed. These models aim to extract invariant
features from both target and source domain data, subsequently using these invariant
features for crop mapping classification. Alternatively, Generative Adversarial Neural
Networks (GAN) [69], such as the Crop Generative Adversarial Network (CropGAN)
[18], are utilized. CropGAN transforms time-series MSI data from the target domain
to the source domain while preserving local structures. This transformation enables
a pre-trained crop mapper classifier, using labelled data from the source domain, to
accurately locate the target crop using the transformed target domain data.

However, these methodologies are predicated on the assumption that the crop-
type label spaces between the target and source domains are similar. While effective
in addressing missing labels and mitigating the adverse effects of domain shifts, these
strategies are limited by the disparities in label spaces between the domains. When
discrepancies in label spaces occur between these domains, the extractor or generator
still endeavors to align the data distributions of both domains. Consequently, some
data from one domain must correspond to the other domain data associated with the
labels absent in the first domain, leading to misclassification by the crop classifier. To
address this label space discrepancies issue, the Multiple Crop Mapping Generative
Adversarial Neural Network (MultiCropGAN) is presented in this chapter. Our
contributions can be summarized as follows:
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• Introduce the MultiCropGAN, comprising a generator, a discriminator, and
a classifier, as a solution to mitigate the domain shift issue with label space
discrepancies encountered in early crop mapping tasks.

• Propose to incorporate identity losses into the generator’s loss function to
ensure that the generator refrains from making unnecessary alterations to the
data, thereby preserving its essential characteristics.

• Conduct the experiments based on study areas encompassing the USA and
Canada. A comparative analysis was undertaken, pitting MultiCropGAN
against various baseline methods, including the CropGAN, STDAN, DACCN,
TempCNN, and RF. MultiCropGAN demonstrates the highest classification
metrics when handling divergent label spaces in the target and source domains.
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5.2 Related Works
Within a confined area, specific crop types often exhibit minimal variability in the

growth period, offering reliable priors for accurate sample inference. However, outside
these labelled regions or domains, significant phenological disparities arise within
the same crop type due to variations in environmental conditions. This presents a
considerable challenge for cross-domain classification. Existing approaches address
this challenge through two distinct perspectives:

From a feature perspective, previous works introduced DANN variant methods to
map samples from diverse regions into a shared feature subspace, thereby reducing
differences in deep features. For instance, [14] presents the STDAN, a novel unsu-
pervised domain adaptation framework for crop type classification. Moreover, the
DACCN [15] and the PAN [16], extended the loss function using the Maximum Mean
Discrepancy (MMD) and the Multiple Kernel variant of Maximum Mean Discrepancy
(MK-MMD), achieving improved accuracy compared to CNN and LSTM methods
without domain adaptation. From a sample perspective, two distinct methods
emerge. The first method involves fine-tuning pre-trained models by utilizing a few
high-quality samples from the target domain. This process enables the adaptation
of the original model to the new distribution. For instance, in [65], deep models
were refined for nationwide land cover classification by incorporating pseudo-labels
with high confidence. Similarly, in [66], new samples from the target domains were
annotated to adjust RF classifiers through active learning. However, this approach
often requires labelling additional samples, making it impractical for extensive area
research. On the other hand, the second method, exemplified by the CropGAN
[18], involves employing a GAN model to learn a mapping function. This function
transforms time-series MSI sample data from the target domain to the source domain
while preserving local structures. This transformation allows a pre-trained crop
mapper classifier, utilizing source domain labelled data, to accurately process the
transformed data, thereby enabling high-accuracy crop mapping without labelled
data in the target domain.

However, the approaches discussed earlier, regardless of their perspective, face
limitations arising from differences in label spaces between the target and source
domains. As far as our knowledge extends, we are the pioneering contributors to
tackling label space discrepancies from a sample perspective. This is achieved through
the utilization of a GAN model combined with specially designed identity losses.
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5.3 Problem Statement
Let X denote the time series remote sensing input data and Y denote the GT.

Each sample x can be expressed as a temporal form [x1, x2, ..., xt], where xi represents
input at time i. xi can be further expanded as [xi1, xi2, ..., xib], containing multi-
spectral bands information from band 1 to band b. Each GT label, denoted as y, is
represented as a one-hot vector comprising four elements, which correspond to the
categories of corn, soybean, spring wheat, and other crops. Let Xt denote the time
series input target data, Xs denote the time series input source data, and Ys denote
the GT for Xs. Each sample xs has a corresponding ys.

Our objective is to identify target crops to get target labels Yt in the target
domain during their early growth stages, utilizing labelled source domain data (Xs,
Ys) and unlabelled target domain data (Xt). This approach addresses challenges
related to the cross-domain issue and the label space discrepancies issue. The source
and target domains correspond to the study areas detailed in Section 5.3.1, while
the specific challenges are elaborated upon in Sections 5.3.2 and 5.3.3.

5.3.1 Study Areas

Figure 5.1: The Study Areas in the USA and Canada. The locations of our study
areas are denoted by red dots.

The study areas are located in two countries: the USA and Canada. As depicted
in Figure 5.1, Study Areas A (Traill County) and B (Cavalier County) are located
in North Dakota, the USA, whereas Study Areas C and D are in Manitoba and
Alberta, Canada, respectively. The geographic coordinates for Study Area C range
from longitudes −97.97 to −96.59 and latitudes 49.22 to 49.59. Study Area D is
defined by longitudes −112.96 to −112.53 and latitudes 49.79 to 50.06.
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Figure 5.2: The Temporal NDVI Curves of Different Crops during Their Growing
Period in Study Areas. (a) Study Area A and B. (b) Study Area C. (c) Study Area
D.
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5.3.2 Cross Domain Issue

Table 5.1: The Environmental Conditions of the Study Areas. "S" denotes study
areas, "T" annual average temperature, "P" average hourly precipitation, "E" average
hourly evaporation rate, "R" surface net solar radiation, and "El" elevation.

S T(K) P(mm/h) E(mm/h) R(kJ/m2) El (m)
A 287.37 2.04 -1.01 4794.21 287.60
B 284.85 1.95 -0.93 4368.04 470.35
C 285.61 2.12 -0.95 4376.90 237.58
D 285.90 0.68 -0.64 5079.23 896.98

Figure 5.3: The Crop Calendar delineates the planting and harvesting schedules for
target crops in the USA (above) and Canada (below).

The Normalized Difference Vegetation Index (NDVI) calculated as a ratio between
the red (Red) and near-infrared (NIR) values by

NDVI = NIR− Red
NIR + Red (5.1)

, is usually used to quantify vegetation greenness. Figure 5.2 displays the average
NDVI value curves for the target crops and other crop types throughout their growth
stages in different study areas. It is important to recognize that variations in NDVI
curves for a specific crop across different regions can be attributed to different environ-
mental conditions, as detailed in Table 5.1, and varying crop calendars, as illustrated
in Figure 5.3. These factors contribute to distinct phenological characteristics in
crops within these regions. Consequently, when a model trained on source domain
data is directly applied to the target domain, it frequently underperforms, termed as
the cross-domain issue.

5.3.3 Label Space Discrepancies Issue
Current cross-domain methods aim to align the data distribution between the

source and target domains to mitigate the domain shift problem, assuming that the
crop types between these domains are identical. However, in the context of real-world
applications, these domains often display a variety of crop types. For instance, Table
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Table 5.2: Crop Types in Study Area A, B, C, and D. "✓" denotes the presence of a
crop, while "-" indicates its absence.

Crops A B C D
Corn ✓ ✓ ✓ ✓
Spring wheat ✓ ✓ ✓ ✓
Soybean ✓ ✓ ✓ -
Sunflower ✓ ✓ ✓ -
Barley ✓ ✓ ✓ ✓
Canola ✓ - ✓ ✓
Peas ✓ - - ✓
Sugarbeets - ✓ - ✓
Dry Beans ✓ ✓ - -
Pasture and Forages - - ✓ ✓
Canary seed - - ✓ -
Oats - - ✓ -
Rye - - ✓ -
Flax seed - - ✓ -
Potatoes - - - ✓
Lentils - - - ✓

5.2 illustrates the diverse crop types present in the study areas. The absence of
certain crop types in each domain leads to a significant difference between the data
distributions, which the current cross-domain methods cannot resolve, known as the
label space discrepancies issue.
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5.4 Methodology
To address the cross-domain issue and label space discrepancies, the Multicrop-

GAN model is proposed. It transforms the target domain data into the source domain
while preserving the characteristics of the target domain data related to crop types
absent in the source domain. Figure 5.4 illustrates our proposed MultiCropGAN
model, consisting of a generator, a discriminator, and a classifier. The primary goal
of the generator is to transform data from the target domain into the source domain.
Meanwhile, the discriminator’s objective is to differentiate between the transformed
target data and the original source data. The classifier and the discriminator are
structurally identical and share weights, with the exception of the output layer.
Trained with source data and labels, the classifier’s purpose is to categorize crop
types in the target domain using the transformed target data produced by the
generator.

Figure 5.4: The MultiCropGAN Structure with Training Dataflow. It comprises
three essential components: the generator, the discriminator, and the classifier.

5.4.1 Data Preprocessing
The preprocessing, shown in Figure 5.5, aims at providing complete time-series

remote sensing data by filling gaps between MSI images due to cloud cover, at-
mospheric interference, or sensor limitations. There are four dataset used in the
preprocessing:

• The Sentinel-2 MSI images, widely recognized and employed in numerous
agricultural applications within the scientific community [31, 67], are utilized
as remote sensing data. Sentinel-2 captures high-resolution MSI images up to
10 meters, with a 5-day revisit time, enabling frequent crop growth monitoring.

• The Dynamic World dataset [68] is utilized, providing detailed class probabilities
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Figure 5.5: The Preprocessing.
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and labels with a 10-meter resolution for nine distinct land categories, notably
including cropland.

• The CDL [13], a crop-specific land cover raster map accessible for the entire
contiguous U.S. land area at a 30-meter resolution, is provided by the USDA.
It serves as the training GT for the USA.

• Similarly, the Canada Agriculture and Agri-Food Canada (AAFC) Annual
Crop Inventory [70], with a 30-meter spatial resolution, is employed as the GT
for Canada in the test process.

The procedure, shown in Figure, starts by acquiring MSI images with six bands,
including B2 (Blue), B3 (Green), B4 (Red), B8 (NIR), B11 (Shortwave Infrared 1),
and B12 (Shortwave Infrared 2), encompassing the entire designated study areas.
These images originate from the Sentinel-2 Dataset and are captured at regular
10-day intervals as an image sequence. Our primary goal is to identify target crops
with label space discrepancies and cross-domain problems during an early growth
stage. Consequently, the time series remote sensing data should start after the
planting period and end before the onset of crop harvest. As depicted in Figure 5.3,
the earliest target crop harvesting season commences in August. As a result, nine
image groups are compiled, spanning from May 1st to July 30th. Simultaneously,
to eliminate non-agricultural lands in the MSI images, the process extracts the
cropland mask during the crop growing season from the Dynamic World dataset
and reprojects it to maintain a consistent 30-meter resolution. After excluding
non-agricultural lands using the cropland mask extracted from the Dynamic World
dataset, the MSI images in the nine image groups specifically focus on agricultural
lands. Within each image group, Sentinel Hub’s cloud detector [71] is utilized to
implement cloud masks on the Sentinel-2 MSI images. This merging process retains
the mean values of the cloud-free MSI images, resulting in a composite MSI image at
a clear, 30-meter resolution. Consequently, a set of nine high-quality time-series MSI
images is generated and characterized by their absence of clouds and gaps. These
images encompass six bands, all with a spatial resolution of 30 meters.

5.4.2 Model Structure
In the MultiCropGAN framework, the generator operates as an autoencoder. The

encoder is composed of three residual blocks, each featuring two one-dimensional
convolutional (Conv1D) layers followed by a MaxPooling layer. The Conv1D layers
are characterized by 32 filters with a kernel size of 3. Meanwhile, the MaxPooling
layers have a pool size of 3 and a stride of 1. The encoder is followed by a flatten
layer and a sequence of fully connected layers with dimensions 96, 64, 64, 64, and
96, respectively. The decoder, mirroring the encoder, employs Conv1DTranspose
layers, which are specifically designed for transposing a Conv1D layer. This technique
reverses the transformation performed by the corresponding Conv1D layers in the
encoder, thus aiding in reconstructing the original input features from their encoded
state. The discriminator and classifier adopt the same encoder structure as the
generator. This is followed by two fully connected layers, featuring dimensions of 32
and 16, respectively. The discriminator’s output layer is a fully connected layer with
a dimension of 2, designed to distinguish between generated target data and original
source data. Conversely, the classifier’s output layer is a fully connected layer with
a dimension of 4, tasked with identifying target crops (such as corn, soybean, and
spring wheat) and other crop types.
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5.4.3 Losses
5.4.3.1 Adversarial Loss

The adversarial loss function is defined by

Ladv(G, D, Xt, Xs) =Exs∼pdata(xs)[log D(xs)]+
Ext∼pdata(xt)[1− log D(G(xt))]

(5.2)

, which aims to drive the generator to produce transformed data within the target
domain that closely resembles real data from the source domain. The discriminator’s
objective is to distinguish the generated data as fake data, while the generator’s goal
is to craft realistic data to deceive the discriminator.
5.4.3.2 Identity Loss

The identity losses are defined by

Lidt(G, Xt) = Ext∼pdata(xt)[||G(xt)− xt||1] (5.3)

Lids(G, Xs) = Exs∼pdata(xs)[||G(xs)− xs||1] (5.4)

, which encourage the generator to preserve the identity of the input data. It
computes the difference between the generator output and the input data. The
objective of minimizing this loss is to ensure that the generator does not make
unnecessary alterations to the data and maintains its essential characteristics.
5.4.3.3 Class Loss

The class loss, denoted as the multi-class cross-entropy loss, is defined by the
equation:

Lclass(C, Xs, Ys) = −
∑

ys · log(C(xs)) (5.5)

This loss function encourages the classifier to extract features that encompass class-
related information. These features are shared with the discriminator since the
classifier and the discriminator have shared weights. The discriminator utilizes these
features to discern whether the data originates from the original source domain or
not.
5.4.3.4 Total Loss

The total loss is defined by

Ltotal =αLadv(G, D, Xt, Xs)+
β(Lidt(G, Xt) + Lids(G, Xs))+
σLclass(C, Xs, Ys)

(5.6)

, where α, β, σ are the weight parameters. The total loss can be expressed as a
minimax function:

min
G,C

max
D
Ltotal(G, D, C, Xt, Xs, Ys) (5.7)

, where the generator seeks to minimize the loss while the discriminator aims to
maximize it.
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5.5 Experiments
In this section, our proposed MultiCropGAN is compared with other state-of-

the-art (SOTA) algorithms, including CropGAN, STDAN, DACCN, TempCNN, and
RF, on two experiments of cross-domain time series early crop classification with
discrepancies in label spaces. The classification encompasses four labels, comprising
three types of target crops (corn, soybean, and spring wheat) and a category for
other crop types.

5.5.1 Experimental Setup
Two experiments are set up in this chapter:
• The first experiment employs study areas A and B as the source domain, while

study area C is designated as the target domain. Despite the alignment of
target crop types with those in the source domain, variations exist in the types
of other crops.

• In the second experiment, study areas A and B function as the source domain,
and study area D serves as the target domain, specifically lacking soybean.
The variations in the types of other crops are retained.

In the experiments, Our method and SOTA methods are categorized into two
groups. MultiCropGAN, CropGAN, STDAN, and DACCN fall under the cross-
domain methods category, while TempCNN and RF are classified as direct methods.

5.5.2 Training Setup
The experiment utilizes data sampled from 2019. From the source domain, 5, 000

data points are randomly selected for each of nine existing crop types, as detailed
in Table 5.2, amounting to a total of 45, 000 data points. These are balanced and
accompanied by source domain labels. In contrast, for each target domain, 150, 000
data points were randomly sampled, lacking label information and resulting in
unbalanced data. For the training and evaluation of models, the source data was
distributed as follows: 80% was dedicated to training, and the remaining 20% was set
aside for evaluation, specifically for the application of early stopping criteria. Notably,
all target data were utilized in the training process of the cross-domain methods and
testing process of all methods. All methods are trained solely on the training sets
to acquire well-trained models for these two experiments. Every compared method
was repeatedly trained on each subset from scratch 5 times with the same training
configuration. Our MultiCropGAN was trained with α = 1, β = 20, σ = 1 in the loss
function. The RF classifier was trained using specific parameters: tree_num = 50
and leaf_size = 15. The optimizer employed in all deep learning methods underwent
a substitution, being replaced by the Adam optimizer, initialized with a learning rate
of 0.0005 and configured with β = (0.9, 0.998). The RF classifier underwent training
using the sklearn library, while all deep models were constructed using Tensorflow.
Training persisted until the completion of 500 epochs or upon convergence, as
determined by an early stopping criterion set at 50 epochs.

5.5.3 Experimental Results
Two metrics, the Overall Accuracy (OA) and Weighted F1 Score, are utilized

to assess the performance of the proposed MultiCropGAN model. Tables 5.3 and
5.4 present the OA and F1 score results of our method in comparison to the SOTA.
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Table 5.3: Experiment Metrics for the First Experiment: Best metrics are indicated
in bold, while the best metrics of the SOTA methods are underlined.

(a)

MCGAN (Ours) CropGAN STDAN
OA (%) F1 (%) OA F1 OA F1

S1 80.90 80.91 74.47 73.89 70.52 69.66
S2 81.86 81.87 70.90 71.29 72.68 71.00
S3 81.64 81.54 72.81 72.02 68.98 67.51
S4 82.96 82.93 70.48 69.28 73.68 72.76
S5 81.08 81.04 73.39 73.87 64.88 61.77
Avg 81.69 81.66 72.41 72.07 70.15 68.54

(b)

DACCN TempCNN RF
OA (%) F1 (%) OA F1 OA F1

S1 72.52 72.04 71.44 70.37 67.93 66.90
S2 68.06 67.05 71.06 70.19 68.23 67.11
S3 67.82 65.02 66.76 63.37 66.07 64.71
S4 71.68 71.03 71.80 70.39 66.95 65.59
S5 73.86 72.27 70.90 68.78 67.35 66.09
Avg 70.79 69.48 70.39 68.62 67.31 66.08

Across two experiments, our method demonstrates the highest average OA and F1
score.

In the first experiment, our approach achieved an average OA of 81.69% and an
average F1 score of 81.66%. This marked a notable improvement, with a +9.28%
increase in OA and a +9.59% boost in F1 score when compared to the CropGAN
model’s performance, which had an OA of 72.41% and an F1 score of 72.07%, securing
the second position in the rankings. Among the cross-domain methods, DACCN
claimed the third position, surpassing STDAN in performance. Within the category
of direct methods, TempCNN exhibited slightly better results than STDAN but
lagged behind DACCN. Notably, RF demonstrated the weakest performance among
all the methods, with an OA of 67.31% and an F1 score of 66.08%.

In the second experiment, our approach achieved an OA of 79.69% and an F1
score of 80.54%. In contrast, the RF model secured the second position, attaining an
OA of 77.01% and an F1 score of 77.09%. Noteworthy is the performance of the direct
method TempCNN, which secured the third position with an OA of 73.53% and an
F1 score of 74.32%, outperforming the other three cross-domain methods. Among
these cross-domain methods, CropGAN demonstrated superior performance with
an OA of 70.91% and an F1 score of 71.35% compared to STDAN, which achieved
an OA of 68.75% and an F1 score of 69.09%. Furthermore, STDAN outperformed
DACCN, which attained an OA of 67.63% and an F1 score of 67.94%.

The second experiment presents a more intricate scenario concerning discrepancies
within the label space, in contrast to the first experiment. This complexity is
characterized not only by a diversity of other crop types but also by the conspicuous
absence of soybeans among the target crop categories. As depicted in Figure 5.6(a),
it is evident that soybeans (depicted in yellow) are not present in the target domain,
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Table 5.4: Experiment Metrics for the Second Experiment: Best metrics are indicated
in bold, while the best metrics of the SOTA methods are underlined.

(a)

MCGAN (Ours) CropGAN STDAN
OA (%) F1 (%) OA F1 OA F1

S1 79.96 80.27 70.00 69.25 64.19 63.06
S2 80.89 80.96 68.78 68.75 71.87 73.01
S3 79.53 80.55 70.94 72.97 69.40 70.76
S4 77.39 79.47 72.82 73.43 69.63 68.69
S5 80.68 81.45 72.03 72.37 68.65 69.92
Avg 79.69 80.54 70.91 71.35 68.75 69.09

(b)

DACCN TempCNN RF
OA (%) F1 (%) OA F1 OA F1

S1 67.24 68.52 71.68 72.35 76.78 76.93
S2 70.01 70.96 73.88 74.41 76.93 77.00
S3 66.89 65.25 72.05 73.26 77.27 77.25
S4 66.94 67.89 74.76 75.52 76.99 77.13
S5 67.07 67.07 75.27 76.07 77.09 77.12
Avg 67.63 67.94 73.53 74.32 77.01 77.09

although they exist in the source domain. Figures 5.6 and 5.7 provide visual
representations of the results obtained through both our methodology and SOTA
approaches, specifically tailored to address the challenges of the second experiment.
In the results, it becomes apparent that CropGAN and TempCNN misclassify parts
of corn, spring wheat, or other crop types as soybean pixels. Moreover, STDAN,
DACCN, and RF exhibit trends of misclassification of corn and spring wheat as
other crops.
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(a)

(b) (c)

(d) (e)
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(f) (g)

(h) (i)

Figure 5.6: Visualization of the Second Experiment Results Employing Cross-Domain
Deep Learning Methods. In this visualization, yellow denotes corn, orange signifies
soybean, green indicates spring wheat, and white represents other crops. (a) displays
the GT for crop types. The crop mapping results are depicted in (b) for MultiCrop-
GAN, (d) for CropGAN, (f) for STDAN, and (h) for DACCN. The corresponding error
images are illustrated in panels (c), (e), (g), and (i) for MultiCropGAN, CropGAN,
STDAN, and DACCN, respectively. Red highlights the misclassified pixels.
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(a) (b)

(c) (d)

Figure 5.7: Visualization of the Second Experiment Results Employing the TempCNN
and RF. The crop mapping results are depicted in (a) for TempCNN, and (c) for RF.
The corresponding error images are illustrated in (b) for TempCNN, and (d) for RF.
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5.6 Discussion
When there are moderate differences in label spaces across various cross-domain

methods, such as those observed in the first experiment, cross-domain deep learning
methods exhibit superior performance over TempCNN and RF. Notably, when
DACCN incorporates the MMD loss to extract the invariant features more strictly,
it demonstrates higher performance than STDAN. CropGAN outperforms both
STDAN and DACCN, possibly due to its utilization of the identity loss calculated
from the source domain data. Particularly noteworthy is the exceptional performance
of MultiCropGAN, surpassing all the other methods, thereby establishing itself as
the most effective method in this context.

However, in scenarios characterized by substantial disparities among target crop
labels, as evident in the second experiment, TempCNN and RF demonstrated
superior performance compared to several cross-domain methods (such as CropGAN,
STDAN, and DACCN). This could be attributed to the attempts made by these
cross-domain methods to align data distributions between the target and source
domains, despite the inherent differences caused by the absence of soybeans in
the target domain. Despite DACCN’s more rigorous attempts to extract invariant
features by employing MMD loss compared to STDAN, it exhibited less effective
performance. Notably, CropGAN consistently demonstrated superior performance
compared to both STDAN and DACCN. As expected, MultiCropGAN maintained
its position as the top-performing approach, surpassing even TempCNN and RF.
One of the key contributing factors to MultiCropGAN’s success is its use of two
identity losses, which ensure that the generator retains crucial data characteristics
without unnecessary alterations.
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5.7 Conclusion
This chapter introduces MultiCropGAN, an innovative generative adversarial

neural network designed to tackle the issue of domain shift resulting from diverse
regions and variations in label spaces during early crop mapping, leveraging multi-
temporal multispectral input data. The MultiCropGAN model comprises three key
components: a generator, a discriminator, and a classifier. Additionally, we introduce
identity losses for both target and source domain data to ensure that the generator
maintains essential data characteristics throughout the transformation process. The
classifier is trained using source domain data and their respective labels, sharing
model weights with the discriminator to enable the latter to leverage class-related
features for distinguishing between generated target domain data and original source
domain data.

Finally, our MultiCropGAN is evaluated against several SOTA methods in scenar-
ios marked by variations in crop label spaces. Experiments conducted across the USA
and Canada demonstrated that MultiCropGAN outperforms various SOTA methods,
including CropGAN, STDAN, DACCN, TempCNN, and RF. The comparative anal-
ysis shows MultiCropGAN achieving the highest classification metrics, particularly
effective in handling divergent label spaces in target and source domains. The results
show that MultiCropGAN notably enhances classification outcomes for the target
domain without utilizing any label information specific to the target domain.
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6 Conclusions

In this dissertation, we presented three research focuses encompassing a suite
of innovative approaches in remote sensing-based crop mapping, addressing various
challenges through advanced methodologies and significantly enhancing the precision
and reliability of early crop mapping.

The ECMDCM (Early Crop Mapping using Dynamic Clustering Method) in-
troduces a novel approach to mapping target crops like soybean and corn earlier
than the harvest period across the United States. Utilizing time-series NDVI and
EVI data, the method employs a dynamic ecoregion clustering technique. The
clustering process involves validating the optimal number of ecoregions using both
the elbow and silhouette methods, followed by training an ecoregion clustering model
using the Kmeans++ method. This model enables the generation of comprehensive
ecoregion maps from 2013 to 2022, covering the entire cropland region within the
Continental United States (CONUS). The method demonstrates a significantly higher
mapping accuracy compared to traditional static clustering methods, illustrating its
effectiveness in large-scale agricultural settings.

The CropSTGAN (Crop Spectral-temporal Generative Adversarial Neural Net-
work) framework tackles the challenges posed by cross-domain variability due to
inter-region and inter-year differences, which are significant in remote sensing-based
crop mapping. The framework includes a pre-processor, a CropSTGAN domain map-
per, and a TempCNN crop mapper, all designed to address substantial discrepancies
in data distribution across domains. The domain mapper captures and transforms the
temporal and spectral features from time-series multispectral imagery (MSI), aligning
data from the target domain to closely resemble the source domain. This alignment
facilitates the application of models across different agricultural contexts. Extensive
testing across various regions and years in the USA and China shows that CropST-
GAN outperforms the simpler yet analogous model named CropTGAN and existing
methods such as TempCNN, and STDAN, confirming its superior performance and
accuracy in managing cross-domain challenges in early crop mapping.

Lastly, the MultiCropGAN (Multiple Crop Mapping Generative Adversarial
Neural Network) provides a robust solution to the domain shift issue with label
space discrepancies in early crop mapping tasks. This framework is designed to
address label inconsistencies across geographic domains and includes a generator,
a discriminator, and a classifier. An innovative feature of this framework is the
integration of identity losses into the generator’s loss function to minimize unnecessary
alterations to the data, thus preserving its essential characteristics and enhancing the
authenticity of the geographical features. Comparative analysis in diverse agricultural
regions of the USA and Canada against established methods such as CropGAN,
STDAN, DACCN, TempCNN, and RF shows that MultiCropGAN exhibits superior
classification metrics. It is particularly effective in scenarios involving divergent label
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spaces between the target and source domains.
These methodologies contribute significantly to the advancement of agricultural

remote sensing, highlighting the potential of specialized machine learning models to
adapt to various geographic and temporal variations, ensuring more accurate and
reliable crop mapping across different settings.
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7 Future Works

In this chapter, we present potential future research directions that are in line with
this dissertation.
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Chapter 7. Future Works

Based on the methodologies and findings of our three main papers, there are several
promising directions for future research that can further enhance the application
and effectiveness of remote sensing-based crop mapping. Here, we explore potential
advancements in two key areas: Early Warning Systems and Yield Estimation.

7.1 Early Warning System
Building on the dynamic clustering and generative adversarial network approaches

developed in our papers, future work could focus on integrating these methods into
an Early Warning System for agriculture. The primary goal would be to utilize
our models to accurately locate and monitor target crops during the early growing
period before harvest. Following the identification of these crops, we can integrate
environmental time series data such as temperature, precipitation, and other relevant
climatic factors to analyze trends and predict potential anomalies.

The proposed Early Warning System would leverage the spatial and temporal data
processing capabilities of our models to forecast adverse conditions that might affect
crop health and productivity. By predicting such anomalies early in the crop cycle,
this system could provide crucial insights to farmers and agricultural stakeholders,
enabling them to take preemptive measures to mitigate risks associated with extreme
weather events, pest outbreaks, or other ecological threats. This approach not
only enhances crop management practices but also supports sustainable agricultural
strategies by reducing potential losses and improving resilience to environmental
changes.

7.2 Yield Estimation based on the Early Cropping
Results

Another promising area for future research is the application of our established
methods in yield estimation. Utilizing the accurate and early identification capabilities
of our models, such as the CropSTGAN and MultiCropGAN, future studies could
focus on estimating crop yield based on the condition and coverage of crops identified
during the early stages of growth. These estimations could then be used to predict
market supply and potential price fluctuations, providing valuable information for
economic planning and market stability.

The integration of yield estimation processes would involve analyzing the data
captured by our models to assess the health and vigor of the crops. This analysis,
coupled with historical yield data and current agricultural practices, could be used to
model expected yields and anticipate market trends. Such predictive analytics could
be invaluable for farmers in managing their crop sales strategies, for governments in
planning food security measures, and for investors and businesses in navigating the
agricultural market dynamics.

In summary, these future research directions aim to expand the utility of the
sophisticated remote sensing technologies developed in our papers. By focusing on
practical and impactful applications like Early Warning Systems and Yield Estimation,
the advancements can directly contribute to improving agricultural productivity,
sustainability, and economic efficiency. These efforts will continue to build on the
strong foundation laid by the existing research, pushing the boundaries of what can
be achieved with remote sensing and advanced data analytics in agriculture.
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