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Abstract

Small-scale ocean fronts play a significant role in absorbing the excess heat and CO2
generated by climate change, yet their dynamics are not well understood. Existing
in-situ and remote sensing measurements of the ocean are of inadequate spatial and
temporal coverage to globally map small-scale ocean fronts, and existing algorithms
to generate ocean front maps are computationally intensive. We propose machine
learning (ML) models to detect temperature and chlorophyll ocean fronts from un-
processed satellite imagery, significantly reducing the standard resources and compu-
tational times needed for detecting ocean fronts. These models are developed with
resource-constrained satellite imaging platforms like CubeSats in mind, as such plat-
forms are able to address the spatial and temporal coverage challenges. The highest
performing models achieve accuracies of 96% and make predictions in milliseconds
using less than 100 MB of storage; these capabilities are well-suited for CubeSat
deployment.
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Chapter 1

Introduction

1.1 The Importance of Ocean Fronts

The seemingly continuous ocean is full of discrete features such as ocean fronts. Ocean

fronts are narrow zones of strong gradients of water properties (such as tempera-

ture, salinity, nutrients, etc.) that separate distinct, relatively uniform water masses.

Ocean fronts are the main structural elements of the oceanic realm, impacting every-

thing from marine trophic levels to the climate. They occur on a variety of spatial

and temporal scales, from fronts a few meters long that last days to fronts thousands

of kilometers long that last millions of years [6].

Ocean fronts play a key role in the ecology of marine life–providing habitats for

activities such as foraging, reproduction, nursing, and migration. Fishermen have

routinely tracked ocean fronts to monitor marine life [6], but scientists have recently

also started tracking ocean fronts to monitor climate change. The ocean absorbs

almost all of the excess heat and about a third of the CO2 generated by fossil fuel

emissions and land-use changes. While the dynamics through which heat and CO2

are absorbed by the ocean are not fully understood, this absorption may be influenced

by small-scale ocean fronts [16].

Although ocean fronts are typically stationary or seasonally periodic, recent ocean

front tracking indicates irregular, erratic ocean front activity. Perhaps the most fa-

mous example of this is the Gulf Stream, a large-scale ocean front that has lately
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weakened in intensity, and is likely approaching collapse [8]. The collapse of the Gulf

Stream would have a disastrous impact on global weather systems, leading to greater

cooling and more powerful storms across the Northern Hemisphere, as well as severe

disruption to the rain that billions of people rely on for crops in Africa, South Amer-

ica, and India [17]. Ocean front tracking is essential for making timely, informed

decisions about climate change.

1.2 Tracking Ocean Fronts

The two most commonly tracked types of ocean fronts are sea surface temperature

(SST) fronts and chlorophyll-a concentration (CHL) fronts. Traditionally, CHL and

SST measurements are captured in-situ using buoys, gliders, and science cruises.

Local maps of CHL and SST are created from these measurements, then fronts are

hand-drawn on these maps in areas of sharp gradients; this is currently a lengthy and

unstandardized process [6].

More recently, remote sensing data from airborne sensors and satellites is being

compiled to create global maps of CHL and SST, as shown in Figure 1-1 [6]. These

maps are then automatically and objectively analyzed by an algorithm such as the

Cayula-Cornillon Algorithm (CCA) or the Belkin-O’Reilly Algorithm (BOA), both

developed by oceanographers to detect ocean fronts in remote sensing imagery [9, 7].

1.3 Spatial and Temporal Problems

While remote sensing data and algorithms have greatly decreased the computational

barrier to tracking ocean fronts, there are still issues in the spatial and temporal

coverage of ocean fronts, especially small-scale ocean fronts. Large satellite missions

often have poor spatial resolution for detecting small-scale ocean fronts, or poor tem-

poral resolution because their orbits require days to weeks of time to image the entire

globe [26]. Many satellites do not even spend resources on ocean imaging, instead

focusing on land mass imaging.
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Figure 1-1: Remote sensing maps of CHL and SST, created from remote sensing data
collected April 2020. Source: [38]

19



Additionally the time between when a satellite image is taken and when the ocean

fronts in the image are identified can be weeks, due to many levels of intermediate

processing (including incorporating data from other airborne and land sources) [58].

This lag prevents real-time tracking of ocean fronts, important for fishermen and

scientists alike.

1.4 Tools for Solutions

1.4.1 CubeSats

During the past decade, CubeSats have gained momentum as a means to address

targeted science questions (like the dynamics of ocean fronts) in a rapid and more

affordable manner than traditional, complex satellites. CubeSats are miniaturized

satellites made up of 10 cm x 10 cm x 10 cm cubic modules, and use off-the-shelf

components for their electronics and structure, providing low-cost access to space.

When proliferated, they combine the temporal resolution of Geostationary Earth

Orbit missions with the spatial resolution of Low Earth Orbit missions, breaking the

traditional trade-off in Earth observation missions [43].

However, their affordability leads to size, weight, and power (SWaP) constraints,

including limited Earth downlink capabilities. Research CubeSats typically operate

in an International Space Station or sun synchronous orbit with a single ground

station, supporting only 1-2 ground passes per day [11]. Increasing the number of

ground stations helps increase downlink capabilities, but also incurs additional cost.

To maximize the scientific return of a CubeSat, remote sensing images should be

analyzed on-orbit, so that the most scientifically valuable images can be prioritized

for downlink.

Recent developments in commercial electronics components have increased the

processing power and efficiency available for CubeSats, to the point where complex

computations such as those required by some algorithms and even machine learning

models can be completed on-orbit. For example, Nvidia and Xilinx are making parallel
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processing available in embedded forms that can be used onboard small satellites like

CubeSats [3].

1.4.2 Machine Learning

Traditional methods of ocean front detection involve running computationally in-

tense (and sometimes recursive [7]) algorithms. These algorithms are impractical

for on-orbit ocean front detection, even on CubeSats with state-of-the-art processing

components [3]. Additionally, traditional methods of ocean front detection involve

collecting data from multiple sources [13], impossible when detecting ocean fronts

on-orbit. The task of on-orbit ocean front detection should be solved with a new tool:

machine learning.

A machine learning (ML) model is a type of artificial intelligence (AI) that is

able to adapt and learn a task (such as detecting ocean fronts from satellite imagery)

without following explicit instructions. It learns the patterns between inputs (such

as satellite images) and outputs (such as ocean front maps) using a vast quantity of

training data, then is able to make new inferences/predictions from new data using

the patterns it has learned.

While training an ML model is very computationally intensive, performing in-

ference with an ML model is not as intensive, and thus ML models are suitable for

the task of ocean front detection on a CubeSat [23]. Convolutional Neural Networks

(CNNs) are a type of ML model well suited for ocean front detection. Translation-

and scale-invariant, CNNs can detect ocean fronts in any part of an image, and detect

ocean fronts of any size [12]. Additionally, CNNs accept variable size input images,

which means they can detect ocean fronts in a 224 x 224 pixel image with the same

level of accuracy as in a 4000 x 4000 pixel image. This flexibility is useful for SWaP-

constrained on-orbit processing.

Since ocean fronts are narrow, high-gradient zones in satellite images, the task

of front detection can be compared to the task of edge detection; a well-established

problem in computer vision. Some of the most state-of-the-art edge detection methods

are CNNs, trained on datasets of natural images with ground truth human edge
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annotations [31]. These models approach human levels of accuracy and can provide

starting architectures for ocean front detection models [30, 28].

1.5 Thesis Outline

The crux of this thesis is developing ML models to detect CHL and SST ocean

fronts from a CubeSat. These models will integrate into a computer vision pipeline

that determines which CubeSat images are downlinked to Earth, and in what order.

These ML models require no external data and no intermediate processing, greatly

decreasing the standard resources and computational time needed to detect ocean

fronts.

Chapter 1 introduces the field: the importance of ocean front tracking, existing

problems with ocean front tracking, and potential tools for improving ocean front

tracking. Section 1.1 details the use of ocean front tracking in fields from fishing

to climate change, while Section 1.2 details the types of ocean fronts tracked, and

the tools currently used to track them. Section 1.3 describes the spatial, temporal,

and computational problems with existing ocean front tracking, while Section 1.4

describes useful tools for solving these problems: CubeSats and ML.

Chapter 2 explains our approach: the existing relevant satellite missions, the

existing algorithms used to detect ocean fronts, the existing models used to detect

edges, and an example existing CubeSat mission these models could be deployed

on. Section 2.1 details a relevant satellite mission for creating training data, while

Section 2.2 details the traditional pipeline for detecting ocean fronts (and our pipeline

for creating ground truth data). Section 2.3 describes existing edge detection datasets

and model architectures, and Section 2.4 describes a specific CubeSat application and

the associated image processing pipeline.

Chapter 3 explains our analysis: the decisions we made in creating training and

ground truth data, and the decisions we made in creating and training the ML mod-

els. Section 3.1 details the specifics of creating a training dataset, while Section 3.2

details the specifics of creating the corresponding ground truth dataset, including
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the introduction of a human source of ground truth data. Section 3.3 describes the

architecture adjustments made to the edge detection models to address the task of

on-orbit CubeSat ocean front detection, and Section 3.4 describes the parameters of

the training process.

Chapter 4 explains our results: the performance of each ML model on the training

datasets, and the resource utilization of each ML model. Section 4.1 details the quali-

tative and quantitative performance of the models on the training datasets, including

a deep dive into the relationship between temperature and chlorophyll ocean front

predictions. Section 4.2 describes the inference speed and memory requirements of

each model, and compares these requirements to CubeSat constraints.

Chapter 5 summarizes our work: the scope of this thesis, general conclusions, and

areas for future work. Section 5.1 details the main concepts covered in our work and

the main results of our work, including a model recommendation for CubeSat deploy-

ment. Section 5.2 describes three areas for further research which could strengthen

our understanding of ocean fronts and increase model performance.

The approach of this thesis is described graphically in Figures 1-2 and 1-3. Fig-

ure 1-2 shows the current pipeline for detecting ocean fronts, each step of which is

explained in Chapters 2 and 3. Figure 1-3 shows our proposed pipeline for detecting

ocean fronts, the details of which are explained in Chapters 2 and 3.
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Figure 1-2: The traditional image processing pipeline for detecting ocean fronts. The
inputs are unprocessed Thermal Infrared (TIRS), Green, and Coastal Aerosol bands.
The intermediate processing steps include Level 1 and Level 2 preprocessing, CHL
and SST calculations, and the Belkin O’Reilly Algorithm (BOA). The outputs are
CHL and SST fronts. This image was constructed with a Landsat training scene,
detailed in Appendix A.
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Figure 1-3: The proposed image processing pipeline for detecting ocean fronts, uti-
lizing an ML model. The inputs are unprocessed Thermal Infrared (TIRS), Green,
and Coastal Aerosol bands. The intermediate circles represent neurons in a convolu-
tional neural network (CNN). The outputs are CHL and SST fronts. This image was
constructed with a Landsat training scene, detailed in Appendix A.
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Chapter 2

Approach

2.1 Creating Training Data

In order to train an ML model, we must have many examples of inputs and outputs

similar to the data we expect the model to process. Because our ML models are

detecting ocean fronts from satellite data, we must use large quantities of existing

satellite data to train the models.

There are multiple existing satellites that observe the ocean and capture both

visible and infrared wavelengths, needed to measure CHL (0.44 micrometers) and

SST (>8 micrometers) [5, 1, 37]. These satellites are listed in Table 2.1.

We choose Landsat 8 data to create the training dataset, primarily because Land-

sat has a much finer spatial resolution than the other satellites (necessary to capture

small-scale ocean fronts) and Landsat stores data in an ML-friendly way using Google

Earth Engine.

Table 2.1: Active satellite missions that observe the ocean and capture the range of
wavelengths necessary to compute CHL and SST. Source: [5, 1, 37]

Agency Operational Missions Launch Years Relevant Instruments Band Count Spectral Coverage (micrometers)
NASA Terra, Aqua 1999, 2002 MODIS 36 0.41 - 14.2
NOAA Suomi-NPP, JPSS-1 2011, 2017 VIIRS 22 0.41 - 12.0
USGS Landsat 7, Landsat 8 1999, 2013 OLI, TIRS 11 0.43 - 12.5
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Table 2.2: Landsat 8 spectral bands. Source: [37]

Instrument Band Wavelength (micrometers) Spatial Resolution (meters)
OLI Band 1 - Coastal Aerosol 0.43-0.45 30
OLI Band 2 - Blue 0.45-0.51 30
OLI Band 3 - Green 0.53-0.59 30
OLI Band 4 - Red 0.64-0.67 30
OLI Band 5 - Near Infrared (NIR) 0.85-0.88 30
OLI Band 6 - Short-Wave Infrared (SWIR) 1 1.57-1.65 30
OLI Band 7 - Short-Wave Infrared (SWIR) 2 2.11-2.29 30
OLI Band 8 - Panchromatic 0.50-0.68 15
OLI Band 9 - Cirrus 1.36-1.38 30

TIRS Band 10 - Thermal Infrared (TIRS) 1 10.6-11.19 100
TIRS Band 11 - Thermal Infrared (TIRS) 2 11.50-12.51 100

2.1.1 Landsat Program

The Landsat Program is a series of Earth-observing satellite missions, managed by

NASA and the US Geological Survey. The first satellite (Landsat 1) was launched in

1972; the most recent satellite (Landsat 9) was launched in 2021. The remote sensing

data acquired by the Landsat Program represents the longest continuous collection

of space-based moderate-resolution remote sensing data. The ground resolution and

spectral bands of the Landsat satellites were specifically chosen to track land use and

document land change due to climate change, urbanization, drought, wildfire, and

other natural and man-made changes [27].

2.1.2 Landsat Bands

The most recent satellites (Landsats 8 and 9) use two instruments–Operational Land

Imager (OLI) and Thermal Infrared Sensor (TIRS)–to collect data in 11 bands de-

tailed in Table 2.2. Band 1 is a new band added for coastal and aerosol studies, such

as measuring chlorophyll concentrations in coastal regions. Band 1 reflects wave-

lengths scattered by dust, smoke, and water particles in the air, and therefore is also

important for atmospheric correction of satellite imagery [37].
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2.1.3 Landsat Preprocessing

Images taken by satellites are subject to distortion as a result of sensor, solar, atmo-

spheric, and topographic effects [2]. The Landsat Program provides three levels of

processed images for download: Levels 0, 1 and 2. Sample bands at these processing

levels are shown in Figure 2-1. The Level 0 product consists of raw sensor data from

each imaging band. The Level 1 Top of Atmosphere (TOA) Reflectance product

consists of Level 0 data that is radiometrically calibrated and orthorectified using

ground control points and a digital elevation model [21]. The Level 2 Surface Re-

flectance product consists of Level 1 data processed by the Land Surface Reflectance

Code algorithm, which corrects for the temporally, spatially, and spectrally varying

scattering and absorbing effects of atmospheric gases, aerosols, and water vapor. This

algorithm also uses auxiliary atmospheric composition data collected by ground sta-

tions and other satellites. Consequently, it takes an average of 16 days to process

Landsat data from Level 0 to Level 2 [58]. Our ML models accept Level 0 input data

to circumvent this long processing time and need for auxiliary data.

2.2 Creating Ground Truth Data

In addition to the large quantities of satellite data we need as inputs to train our ML

models, we also need corresponding ocean front data outputs (called ground truth

data). We can computationally identify the ocean fronts present in our input data

using a set of existing algorithms.

2.2.1 NASA Algorithms

NASA has standardized algorithms for calculating chlorophyll-a concentration and

sea surface temperature from surface reflectance data (Landsat Level 2 data). A

different set of coefficients are used for each satellite instrument.
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Figure 2-1: Five Landsat bands processed at Level 0, Level 1, and Level 2. This
image was constructed with a Landsat training scene, detailed in Appendix A.

Chlorophyll-a (CHL) Concentration

To compute CHL, we utilize a fourth-order polynomial relationship between Landsat

Bands 1 (Coastal Aerosol), 2 (Blue), 3 (Green) and chlorophyll-a concentration.

log10(CHL) = a0 +
4X

i =1

ai (log10(
�BLUE

�GREEN

)) i

This algorithm returns the near-surface concentration of chlorophyll-a in units

of mg
m3 , calculated using an empirical relationship derived from in-situ chlorophyll-a

measurements and corresponding satellite imagery. �BLUE represents max(Band 1,

Band 2) while �GREEN represents Band 3. a0 through a4 represent instrument-specific

coefficients [18, 39].

An example CHL computation is shown in Figure 2-2.
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Figure 2-2: The CHL algorithm applied to Coastal Aerosol, Blue, and Green surface
reflectance bands. This image was constructed with a Landsat training scene, detailed
in Appendix A.
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