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Abstract

The Southern California Current System (SCCS) has been surveyed for 70 years by the research
group CalCOFI, creating one of the longest running hydrographic datasets in the world.
CalCOFlI, California Cooperative Oceanic Fisheries Investigations, was initially created in 1949
to monitor sardine fisheries, but since then its mission has expanded to include the study of many
more organisms and abiotic hydrographic attributes. The area consistently surveyed by CalCOFI
stretches from Point Conception to San Diego and extends approximately 700 km offshore. It
encompasses a small portion of the path traversed by the California Current (CC) as it travels
southward along the North American west coast. In the SCCS, primary productivity is limited by
nitrate availability. In previous decades, episodes of sea surface warming have been associated
with a decrease in primary productivity due to a strengthening of the thermocline, which
prevents nitrate from moving from the deep layer to the surface. This has led to the belief that
increases in sea surface temperature (SST) due to global climate change will cause a decrease in
primary production in the SCCS. However, recent research indicates that, despite an increase in
SST, primary production is increasing in the SCCS, possibly because nitrate concentration in the
deep water is increasing. This project seeks to shed further light on this unexpected trend and
determine (1) is SST increasing in the CCS, and (2) is nitrate concentration increasing in the
deep water of the CCS? A unique workflow was created using Empirical Bayesian Kriging 3D
and the Space Time Cube toolset in ArcGIS Pro to analyze spatial and temporal patterns in
temperature and nitrate in CalCOFI’s four-dimensional hydrographic dataset. Results show that
SST and deep layer nitrate are increasing in parts of the CCS, particularly in the offshore portion
of the study area. Comparison of spatial patterns to past research suggests increased nitrate may

be delivered by the CC, perhaps due to global changes to circulation in the Pacific.
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Chapter 1 Introduction

The oceans cover most of planet Earth, but mile-for-mile, our seas are relatively poorly studied
and understood compared to terrestrial habitats. Furthermore, the vast majority of large-scale
ocean research focuses on patterns observed in the surface of the ocean, as this is the portion
accessible to satellite imaging. However, the ocean is a complex three-dimensional environment,
continuously changing across the fourth dimension of time. Understanding three-dimensional
patterns in the ocean is important because these processes affect climate and weather patterns,

primary productivity, ecosystem structure, and economically important fisheries.

1.1. Three-Dimensional Ocean Data

Acquiring three-dimensional ocean data is rare, because gathering such data requires
cost- and effort-intensive in situ measurements by a research vessel (Gnanadesikan et al. 2001).
Due to the difficulty of collecting the data, long-term datasets of this nature are rare and
valuable. CalCOFI, California Cooperative Oceanic Fisheries Investigations, is a collaboration
between California Department of Fish and Wildlife (CDFW), National Oceanic and
Atmospheric Administration (NOAA) Fisheries Service, and Scripps Institution of
Oceanography (SIO). CalCOFI has been collecting hydrographic data in the California Current
System (CCS) since 1949 and their dataset is the longest-running multidisciplinary
oceanographic field dataset on record.

Initially created to study California’s sardine fisheries, CalCOFI is on its 70th year of
data collection as of 2019, with plans to continue indefinitely. Since its inception, the mission of
CalCOFI has expanded to include measurement of many more attributes such as nutrients,
climate research, management of living resources, and monitoring of invertebrates, seabirds, and

marine mammals (Thompson et al. 2018).



Although the area of CalCOFI surveys varied in their early years, extending as far north
as Oregon and as far south as the tip of Baja California, the 75 station pattern shown in Figure 1
has been surveyed most consistently, and is considered a standard survey today. Similarly,
timing of surveys varied in the early years, taking place as frequently as once a month, and as
infrequently as once every 3 years. Since the mid-1980’s, however, surveys have consistently
taken place once per season, or four times a year, although the precise dates change year-to-year.
Datasets like this allow us to examine ocean structure, layering, and nutrient mixing that are

invisible to satellite imaging of the surface.
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Figure 1 CalCOFI 75 Station Positions. Source: CalCOFI 2019a

Although three-dimensional ocean data is rare, it is critical to our understanding of the
physical processes and ecosystems in the ocean. More so than most terrestrial environments, the
ocean has a distinctive vertical structure. Although features of the ocean environment vary

horizontally across latitude and longitude, most features change much more rapidly in the



vertical direction than the horizontal direction This results in several distinct ecosystems stacked
on top of one another and mixing with one another. The CalCOFI dataset provides a unique
opportunity to map the vertical structure of the California Current over several decades and

observe changes over time.

1.2. Southern California Current System Dynamics

The California Current is the current that carries water southward along the North
American west coast from British Columbia to Baja California, where the flow of water turns
offshore towards the west. This is a highly productive coastal upwelling ecosystem. The area
considered the Southern California Current System (SCCS) is the patch of ocean off the coast of
southern California, stretching from San Diego on its southern end to Point Conception on the
northern side, and extending to a maximum of approximately 700 km offshore. This area has
been studied extensively thanks to the efforts of CalCOFI.

Figure 2 depicts a summarized version of the causal relationships between temperature,
ocean structure and movement, nitrate, and phytoplankton in the SCCS. While other factors can
and do play a factor in the relationships presented in Figure 2, research suggests that the ones

featured here are the main contributors (Eppley, Renger, and Harrison 1979; Palacios et al. 2004;

Roemmich and McGowan 1995).
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Figure 2 Summary of SCCS dynamics. Temperature plays a major role in determining ocean
structure and movement, which determines how much nitrate reaches the surface. Nitrate
availability is the limiting factor for phytoplankton, which are the primary producers that sustain
the ecosystem, support fisheries, provide a destination for tourism, and even act as a carbon sink
Source: Eppley, Renger and Harrison 1979; NOAA ENOW 2015; Stukel et al. 2017

Generally speaking, seawater temperature is the main factor that determines the
arrangement of layers in the ocean, and how freely water moves and mixes throughout the water
column. Specifically, in the CCS, temperature determines the location of the thermocline, a
transitional layer sandwiched between the deep layer at the bottom and the mixed layer at the
surface (Di Lorenzo et al. 2005; Palacios et al. 2004). The deep layer is nitrate-rich, and the
surface is nitrate-poor, so the arrangement of layers and the ability of water and nutrients to

move between them determines the availability of nitrate in the upper sunlit regions of the ocean.



The mixed layer above the thermocline is composed of relatively fresh, warm, low density water,
while the deep layer below is composed of cold, salty, dense water. The greater the temperature
difference between these two layers, the stronger the thermocline, and the less readily nitrate-rich
water from the deep layer will move to the surface (Roemmich and McGowan 1995). Separation
of the ocean into distinct layers that do not mix easily, by a strengthening thermocline for
example, is commonly referred to as stratification.

Movement of nitrate to the surface is important because nitrate is the main nutrient that
acts as a “fertilizer” for phytoplankton (microscopic marine algae). Thus, nitrate availability is
the limiting factor for phytoplankton growth (Eppley 1979). Phytoplankton are single-celled
algae, and like all algae, they derive their energy from photosynthesis, so they can only live in
the sunlit euphotic zone at the surface of the ocean. In the California Current Ecosystem (CCE),
a name frequently used to refer to the biological aspects to the CCS, phytoplankton are the
primary producers that form the base of the marine food chain, nourishing everything from tiny
larvae and zooplankton to huge schools of sardines and anchovies. This phytoplankton-fueled
food chain is enormously valuable as the support for marine ecosystems, as the basis of
commercially valuable fisheries and revenue-generating tourism, and as a carbon sink that might
help mitigate climate change.

The amount of nitrate available at the surface controls the productivity of the
phytoplankton, the strength of the thermocline controls the movement of nitrate to the surface,
and the sea surface temperature (SST) controls the strength of the thermocline (Eppley 1979;
Palacios et al. 2004; Roemmich and McGowan 1995). Understanding the relationships between

the steps in this process is important, because changes to any step is likely to impact the biologic,



economic, and climatic role played by the SCCS. The past research that supports these

connections is discussed in greater depth in Chapter 2.

1.3. Value of the SCCS

The SCCS is a home to a variety of unique marine ecosystems, as well as a hotspot for
marine wildlife. This area encompasses open pelagic waters, rocky reefs and kelp forests, sandy
and soft bottom habitats, and intertidal shoreline, which all support complex communities of
organisms. Just within the Southern California Bight, the nearshore section of the SCCS on the
continental shelf, the California Department of Fish and Wildlife has identified 481 species of
fish, 195 species of bird, four species of sea turtle, and over 5000 species of invertebrates
(Johnson, 2013). In addition, CalCOFI researchers have identified 6 species of pinnipeds, sea
otters (1 species), and 18 species of cetacean in the SCCS (Antonelis and Fiscus 1980; Debich,
Thayre, and Hildebrand 2017). As a coastal upwelling ecosystem where multiple currents mix,
the SCCS hosts impressive biodiversity, in addition to enormous biological productivity.

The SCCS is also home to valuable commercial fisheries. In recent years, market squid
and a variety of invertebrates including red urchin and spiny lobster have made up the majority
of the fishery, although some fish are also harvested as well. In 2017, the combined value of the
commercial fisheries in Santa Barbara area, Los Angeles area, and San Diego area was just under
$105 million (CDFW 2018).

While harvest of living resources is certainly noteworthy, revenue from commercial
fisheries in the SCCS is dwarfed by revenue from tourism and recreation. In 2012, ocean-
dependent tourism generated over $8 billion in GDP in Santa Barbara, Ventura, Los Angeles,

Orange, and San Diego counties, which comprise the coastline of the SCCS (NOAA ENOW



2015). The ocean ecosystem is a large contributor to ocean-dependent tourism, attracting visitors
to the area for recreational diving, boating, fishing, whale/bird watching, and tide pooling.
Finally, recent research has shown that some ocean ecosystems, such as the SCCS can
function as carbon sinks, with carbon captured from the atmosphere by phytoplankton eventually
exported to the seafloor in the fecal pellets of phytoplankton grazers such as copepods and krill.
Specifically, carbon export to the seafloor is higher in ocean systems where seawater fronts with

differing temperature and salinity meet, such as the SCCS (Stukel et al. 2017).

1.4. Climate Change and a Productivity Paradox

Researchers forecast that climate change and the warming of the sea surface would cause
a stronger thermocline in the CCS, which would prevent the movement of nitrate from the deep
water to the surface and bring about a decline in primary productivity and biomass in the
ecosystem (Palacios et al. 2004). This was demonstrated by Roemmich and McGowan (1995),
who showed that surface temperature increases in the California Current from 1951 until the
mid-90’s were linked to as much as an 80% decrease in zooplankton in the waters off southern
California. Zooplankton feed on the phytoplankton responsible for primary production. They
attributed the decrease in zooplankton biomass to an increase in stratification caused by the
increase in nutrients, which created a stronger thermocline, preventing nitrate from upwelling
from the deep water and decreasing primary production.

Furthermore, researchers found that the thermocline deepened during a change in the
Pacific Decadal Oscillation during the late 1970°s (McGowan 2003; Di Lorenzo et al. 2005).
Both papers describe the Pacific Decadal Oscillation (PDO), as well as EI Nino (ENSO)

affecting seawater temperatures and anticipated that the deepening of the thermocline would



mean nutrients would be even farther from the phytoplankton in the sunlit surface waters, further
limiting primary production.

However, recent research has suggested that the prediction that climate change will bring
about decreased primary productivity in the CCE may be incorrect. Satellite and in situ data all
show that on average, sea surface temperature has increased, so it is generally accepted that
climate change is likely affecting at least the surface layer of the CCE (Di Lorenzo et al. 2005,
Roemmich and McGowan 1995). Many studies agree that the thermocline has strengthened
(Palacios et al. 2004, Roemmich and McGowan 1995). However, chlorophyll a biomass (a proxy
for primary productivity by phytoplankton) has increased (Nezlin et al. 2017). In addition, other
researchers tested several methods of estimating total primary productivity from satellite photos
and found that the best method matched up with in situ observations and showed an increase in
productivity as well (Gnanadesikan et al. 2001, Kahru et al. 2009). This paradoxical result may
be explained by an increase in the nitrate concentration in the deep water that supplies it.
Research at nearshore and offshore stations showed that, overall, nitrate levels (measured at the
pycnocline) have increased.

The cause for an increase in nitrate concentration in the deep water is uncertain, but one
model-based research paper suggested a mechanism. A 2010 study suggested that global climate
change has had a different effect on the whole system than previous, more regional climate
fluctuations (Rykaczewski and Dunne 2010). The deep water in the CCE comes from the
California Current, which carries cold, nutrient rich water from the north Pacific along the west
coast of North America. The model suggested that as a result of global warming, this current
would spend more time traveling along the coast beneath the euphotic zone, causing the water to

spend more time picking up nutrients during the journey, which means it would arrive in the



CCE carrying a higher concentration of nitrate. According to the model, elevated nitrate
concentration in the deep water circulating down from Alaska would be enough to cause
increased primary productivity, despite prevention of vertical nitrate movement due to the

strengthening of the thermocline.

1.5. Research Goal
As noted above, recent research has suggested that, counter to expectations based on sea
surface warming, primary productivity in the CCE has increased over the past several decades.
Some studies suggest that this may be due to an increase in nitrate in the deep layer. Nitrate is
essential to primary production, and the quantity of nitrate present limits primary production in
the CCE (Nezlin et al. 2017). To further investigate these findings, this project’s goal was to
determine if the long-term record of CalCOFI’s hydrographic data can answer the following
questions:
1) What are the spatial and temporal changes in temperature in the CCS over the past
several decades? Do these indicate that sea surface temperatures are increasing in the
CCs?
2) What are the spatial and temporal changes in nitrate in the CCS over the past several

decades? Do these indicate that nitrate concentration is increasing in the deep water
of the CCS?

In addition to creating a greater understanding of the vertical dynamics of the CCE, this project

expands the use of GIS in the marine environment.

1.6. Structure of this Thesis

Following this introduction, Chapter 2 provides an in-depth exploration of related
research in this field. Also in that chapter, the dynamics of the CCS and recent advances in using
GIS to map 3D and 4D ocean datasets are discussed. Next, Chapter 3 Methods provides a

detailed description of the steps taken and workflow created to obtain the desired results. The



methods were successful, and Chapter 4 Results describes the outputs of the analysis performed
and features several figures for readers to visualize these results. Finally, Chapter 5 Discussion
describes conclusions that can be drawn and presents possible causes for the patterns observable

in the results.
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Chapter 2 Related Research

There is a large body of existing research that supports the ideas presented in Figure 2, that ocean
temperatures modulate stratification, stratification controls nitrate flux to the surface, and nitrate
availability controls primary productivity by phytoplankton. This ideology leads to the prediction
that surface nutrients and primary productivity will decrease in response to sea surface warming.
However, more recently, some researchers have suggested that although sea surface temperatures
are increasing, this pattern is not playing out as predicted, and primary productivity is actually
increasing. These researchers suggest that this may be caused by an unexpected increase in deep
layer nitrate. Research is ongoing to understand these discrepancies and reach consensus. While
many previous researchers have used some form of spatial statistics to understand these trends,
new GIS tools offer an opportunity to analyze spatial and temporal trends in this area with

greater clarity and higher resolution.

2.1. Phytoplankton and Nitrate

Primary productivity is extremely important in ocean ecosystems. It is the energy
entering at the base of the food chain — the energy that tiny phytoplankton convert from sunlight
into organic matter through photosynthesis. This is the basis for all the fish and wildlife that
build healthy ecosystems and valuable fisheries. Primary productivity forms the basis for all this.
In the CCE, the phytoplankton that are responsible for primary productivity live near the surface,
where sunlight can penetrate the seawater. However, there they are limited by the availability of
nitrate (Eppley 1979; Rykaczewski and Dunne 2010). Nitrate is scarce in surface waters, because
the phytoplankton use up any available supply quickly. However, nitrogen concentrations are
much higher in the cold, dark, deep water below. Previous research indicates that most of the

primary productivity in the CCE is controlled by the vertical movement of nitrate from the deep

11



water to the productive surface waters, as opposed to horizontal advection from coastal sources

or movement by surface currents (Nezlin et al. 2017).

2.2. Temperature, Ocean Structure, and Movement

Several factors regulate the structure and movement of the ocean, and how nutrients are
transported through the water column. In the SCCS, temperature plays the largest role in
determining the arrangement of layers in the ocean. Light availability dictates where
phytoplankton can photosynthesize. Upwelling and currents move water and nutrients between
layers and around ocean basins. While temperature plays a major regulating factor, it is the
combination of all these physical factors that determines the productivity of the ecosystem. Since
an awareness of these mechanisms is important for understanding the motivation for this project
and the conclusions drawn from the results, these are depicted in Figure 3 and discussed in

greater depth in the following sections.

12
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SCCS. Source: NOAA 2018a, NOAA 2018b, NOAA 2018c

13



2.2.1. Stratification and the Thermocline

In the California Current, seawater is stratified into layers of varying density, as
illustrated in Figure 3. The surface water is relatively warm and fresh and is often referred to as
the “mixed layer” because its temperature, salt, and nutrient concentrations are uniform, due to
frequent mixing from movement of the sea surface. This can also be called the epipelagic zone.
The deep water is cold, salty and denser than the surface mixed layer. Although it is not mixed
much, it moves slowly, and is also homogeneous.

However, between the low-density surface layer and the bottommaost layers, there is an
area where density changes rapidly with depth, referred to as the pycnocline (Palacios et al.
2004). The pycnocline generally coincides with the thermocline (where temperature changes
rapidly), halocline (where salinity changes rapidly), and/or nutricline (where nutrient
concentrations change rapidly). This is partly because these factors are responsible for the
density of the water, but also because the difference in density means that the surface water does
not mix easily with the deep water, but rather floats on top. The pycnocline forms a barrier layer
between the two.

In the California Current, temperature difference between the surface water and the deep
water is mainly responsible for the pycnocline, so the terms thermocline and pycnocline are often
used interchangeably in this region (Palacios et al. 2004). In the CCS, the depth of the
thermocline is generally within the range of 30-70 m. The greater the temperature difference, the
stronger the pycnocline, and the greater the barrier to mixing between layers. This prevents

nutrients, such as nitrate, from reaching surface layers where phytoplankton live.
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2.2.2. Light

Although temperature plays the largest role in the layering of the ocean, light affects the
organisms that live there, and so the ocean can also be divided into layered zones according to
how much light they receive, as shown in Figure 3 (NOAA, 2018b). The sunlit top layer of the
ocean is called the euphotic zone. Beneath the euphotic zone is the barely-lit twilight or
dysphotic zone, and further down is the completely dark midnight or aphotic zone. Macroalgae
and phytoplankton live in the euphotic zone, where they can receive sunlight which they use for
photosynthesis (NOAA, 2018b).

These light-determined ocean zones occupy and overlap with the temperature-dependent
layers of the ocean. Generally, the mixed layer occupies approximately the same space at the
surface as the euphotic zone. The thermocline may occupy the same region as the dysphotic
zone, and the deep layer will overlap with the aphotic zone, but the precise arrangement depends
on the temperature structure and light-permeability of the ocean in that region and season. The
arrangement of these zones and layers impacts the organisms that live within them.

Phytoplankton cannot live or grow without nutrients, the nutrients come from either
coastal inputs, or the deep layer. The thermocline forms the barrier between the nutrient-rich
deep layer and the mixing layer and has a large impact on the amount of nutrients the

phytoplankton receive, and thus the productivity of the entire ecosystem (Fielder et al. 2012).

2.2.3. Currents, Upwelling, and Other Sources of Motion and Mixing

The CCS is an Eastern Boundary Current, which means it flows along a continent on the
eastern side of an ocean basin (and thus the western coast of the continent). Information on the
CCS presented here is derived from a summary of research on the location, motion, and

dynamics of the CCS and other currents on the North American west coast by Gangopadhyay et
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al. (2011). Eastern boundary currents are generally wide, slow-moving currents in comparison to
western boundary currents, such as the Gulf Stream. Sources vary, but a compilation of studies
estimates the CCS ranges from 100 to 1350 km wide, 0-500 m deep, and has a maximum
velocity of 50-70 cm/s. (Gangopadhyay et al. 2011).

Although the CCS is the dominant current in the area, the study area is also affected by
the California Undercurrent (CUC). This current flows northward along the continental slope,
and its core is beneath the surface layer at 200-275 m deep. It is slower and much smaller than
the CCS, but brings relatively warm, high-salinity water up from equatorial regions to mix with
the colder, low-salinity water of the CCS.

Like all eastern boundary currents, the CCS is characterized by upwelling, and this
process is the main mechanism that brings water and nutrients up from the deep layer to the
surface, as illustrated by Figure 2. This mechanism is described by Fewings (2017), and the
following description is drawn from her research. Upwelling is driven by a process called
Eckman transport, in which a combination of coastal winds and the Coriolis force result in a net
movement of water at 90 degrees to the right of the wind direction in the northern hemisphere
(90 degrees to the left in the southern hemisphere). On the North American west coast,
prevailing coastal winds are from the northwest (moving towards the southeast), generated as air
heats up over the continent, rises, and then more air moves in from the ocean to replace it. As a
result of Eckman transport, this means the surface water influenced by this wind has a net motion
towards the southwest, moving offshore and towards the equator. As the surface water moves
offshore, water from beneath upwells (moves upward) to replace it. This brings cold, nutrient

rich water to the surface, and supplies nitrate to the phytoplankton of the CCS (Fewings 2017).

16



While upwelling is the major mechanism of mixing between ocean layers in the CCS,
there are a few other possible methods. As ocean currents like the CCS interact with localized
upwelling and other currents, such as the CUC, they generate localized temporary eddies
(circular currents), jets (narrow high-speed flows), and squirts (fast-moving localized currents
moving offshore). These short-lived, small-scale currents contribute to nutrient mixing as well.
Friction between two currents, or the motion of the tide can also generate internal waves, which
move along the interface of ocean layers of different density - at the thermocline, in the CCS.
Because the density difference between layers of seawater is much smaller than the density
difference between water and air, internal waves can be much larger (over 100m height) than the
surface waves we are more familiar with.

In places where the large, slow waves “break” over seafloor topography, such as in the
Santa Cruz and Catalina Basins, this can cause localized nutrient mixing as well (Emery 1956).
Finally, it is possible that in some situations a storm or weather event could cause mixing,
although it would take a powerful storm and a relatively shallow, weak thermocline for nutrients
to be mixed to the surface by wind or wave action. It is important to consider all these
mechanisms to understand nutrient mixing in the CCS, and how physical changes to the ocean

environment might affect this complex process.

2.3. Predictions of Decreased Surface Nitrate and Productivity as a Result of
Surface Warming

Research by Roemmich and McGowan demonstrated that surface temperature increases
in the California Current from 1951 until the mid ‘90’s were linked to a decrease in zooplankton
in the waters off southern California (Roemmich and McGowan 1995; McGowan 2003). During

this time period, there was steady warming coupled with a relatively abrupt change in ocean
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temperatures around 1976-1977, likely due to the Pacific Decadal Oscillation (PDO) and or El
Nino (ENSO) along with an overall trend of climactic warming. During this time, zooplankton
biomass decreased by 80%. Zooplankton feed on the phytoplankton responsible for primary
production. These researchers attributed the decrease in zooplankton biomass to an increase in
stratification caused by the increase in nutrients, which created a stronger thermocline,
preventing nitrate from upwelling from the deep water and decreasing primary production. These
papers lay the groundwork for the relationships laid out in Figure 2, where temperature controls
stratification, stratification controls nitrate movement, and nitrate availability controls primary
production by phytoplankton. Because surface warming during the ocean climate regime change
in the mid 1970’s was associated with a large decrease in zooplankton biomass, researchers
predicted that other surface warming would have similar effects and cause a decrease in
productivity.

Research demonstrates that surface waters in the California current are warming, and the
thermocline is strengthening. In a 2004 paper, Palacios et al. examined changes in the
thermocline along the entire California coast, from 1950 — 1993, using data from the World
Ocean Database. They chose eight locations to study and found that mean thermocline depth
ranged from 26 to 72 m. Temperature at the thermocline increased in all eight locations, and the
depth of the thermocline increased significantly at four of the eight locations (and two showed a
non-significant increase in depth) (Palacios et al. 2004). This is clear evidence of a strengthening
and deepening of the thermocline over this time period, which would increase the barrier to
nutrient movement. Based upon the results of McGowan (2003), Palacios et al. predicted that the
strengthening of the thermocline that he and his team observed would cause a decrease in

primary productivity.
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Results presented in these papers contributed to the expectation that sea surface warming
would cause increased stratification, decreased nitrate movement to the surface, and decreased
primary productivity in the California Current Ecosystem (CCE). However, more recent papers

have shown that productivity has not decreased and indicate that other dynamics may be at play.

2.4. Unexpected Increase in Productivity and Possible Mechanisms

In 2018, Nezlin et al. published an excellent paper investigating increases to productivity
and nitrate in the SCCS. Like this project, their goal was to determine what trends were present
in nitrate and primary productivity using data from CalCOFI as well as other monitoring stations.
However, their main interest was to discern whether changes in nitrate were attributable to
anthropogenic sources, so they made a wide comparison between offshore and nearshore trends.
They found that productivity (measured with chlorophyll a fluorescence measurements as a
proxy) is increasing in this region. They also found that deep layer nitrate is increasing. Their
comparison between nearshore and offshore trends did not show a significant difference,
indicating that anthropogenic sources of nitrate such as runoff, which would affect only the
nearshore measurements, are not the driving cause of this pattern. While their time series
analysis was excellent, Nezlin et al.’s results showed averaged trends for the entire offshore and
onshore regions and did not find clear spatial patterns that might indicate the source of the
increased nitrate. To build upon the findings of Nezlin and his team, this project aims to map the
increases in nitrate at a much higher resolution, with the hope that any spatial patterns that
emerge may provide a clue pointing to the source of the increasing nitrate.

There is one paper, published by Rykaczewski and Dunne in 2010, which provides a
possible explanation for the increase in deep layer nitrate in the SCCS. Rykaczewski and Dunne

created an earth system model at NOAA’s Geophysical Fluid Dynamics Laboratory to forecast
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ocean and climate conditions in the CCS based upon global dynamics. While the papers
discussed so far have focused on localized change and trends within the CCS, this one applies a
broader perspective based on global effects. Rykaczewski and Dunne’s model predicts that
nitrate in the upper 200m of the CCE will increase 80% by 2100 and provides an explanatory
mechanism.

Their model compares future conditions in the scenario of global warming to pre-
industrial era conditions, and predicts that as the global climate changes, a couple of important
factors that affect the entire California Current (CC) will change. The source water of the CC is
the north Pacific, and from the CC travels southward along the North American west coast, from
British Columbia to Baja California, before it turns westward near the equator. A predicted
decrease in downwelling of nutrient-poor surface waters in the north Pacific means that the water
in the CC would start its journey with a lower percentage of the nutrient-poor water mass, and
thus a higher percentage of nitrate-rich water. This effect accounts for about 20% of the observed
increase in nitrate in the SCCS.

The larger contributor (about 80%), according to Rykaczewski and Dunne’s model, is a
difference in the amount of travel time the water in the CC spends beneath the euphotic zone,
where phytoplankton will rapidly use any available nitrate. First, the gyres in the north Pacific
are predicted to shift further north, so the CC would begin its journey further north and make a
longer journey to southern California, picking up more nitrate along the way. Secondly, the
depth of the source and trajectory of the CC is predicted to spend more time beneath the euphotic
zone, so the water mass will lose less nitrate to phytoplankton in the euphotic zone along its

journey. Thus, more nitrate will be delivered by the current to the SCCS.
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While the model applied by Rykaczewski and Dunne provides a useful forecast and
explanatory mechanisms, their predictions require support from real in situ data. This project
aimed to map spatial and temporal trends in nitrate, which may be able to lend support to the
idea that nitrate is increasing and that it is supplied by the CC, as suggested by Rykaczewski and

Dunne’s model.

2.5. GIS for Analysis of 3D Marine Environment
One of the main purposes of this project is to use geographic information systems (GIS)
techniques to provide more clarity and map spatial and temporal trends in hydrographic data with
higher resolution than previous efforts. Fortunately, the field of marine GIS is currently rapidly
expanding. This is due in part to the fact that Esri’s current chief scientist (since 2011) is
“Deepsea” Dawn Wright, PhD., an experienced oceanographer. She has written two textbooks on
ocean GIS and has led the effort to create GIS tools to study the ocean (Wright 2002). She is
backed by other leading oceanographers, such as the famous Sylvia Earle, who wrote in a
foreword to one of Dr. Wright’s books,
Concerns are growing about the collapse of once numerous species of fish and marine
mammals, about polluted beaches, toxic algal blooms, "dead zones," and increased
occurrence of water-borne diseases. Just as on land, GIS in the sea can facilitate
identification of problem areas and help point the way toward solutions. Considering the
volume of our oceans and the current rate of change, it is imperative that we make use of
GIS as a tool to gain a better understanding of the dynamics of our oceans. -Sylvia Earle
(Wright 2002, page ix)
Fortunately, teams at Esri have been hard at work mapping the oceans and developing
tools for researchers to map their ocean data as well. One such tool is the Empirical Bayesian
Kriging 3D (EBK3D) tool, which was released very recently, on Jan 24, 2019 with ArcGIS Pro

2.3. The EBK3D tool is useful here because it is designed for use specifically with oceanography

data, as well as similar three-dimensional datasets, such as atmospheric or geologic data.
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Empirical Bayesian Kriging is a useful method because it makes statistical predictions at
each point based on the surrounding sample points and also provides an estimate of the error in
the predictions. However, the previous two-dimensional version of the tool failed to account for
the influence of nearby points in the vertical dimension. In many oceanography data and other
three-dimensional datasets, the variables often change most quickly in the vertical direction, so
failing to include this in analysis might lead to a significant amount of error. The release of the
EBKS3D tool opens new methods of data analysis and has not yet been utilized in any published
work.

Secondly, the Space Time Cube Analysis toolbox, released within the past four years,
contains several tools which allow a user to analyze spatial data over time. While previous
studies have condensed nitrate concentration data down to a single time series summarizing
average change over the entire region, the Space Time Cube toolbox will allow analysis of
several time series at once. The Space Time Cube toolbox also includes an option to analyze the
time series within each bin to test for Mann Kendall trends. This will independently indicate
increase, decrease, or no significant trend within each bin, and allow a much clearer
understanding of how the dataset is changing over time.

Finally, Esri has been developing methods and tools for mapping the world’s oceans in
3D. Using NOAA’s World Ocean Database, Esri has developed a 3D global map of Ecological
Marine Units (EMU). There are 37 EMUSs, each representing a different ecosystem in terms of
abiotic chemical and physical features of the ocean, and each distinguished using geostatistical
clustering to analyze a variety of marine attributes. This is the first global 3D ocean map of its
kind, and it was a major inspiration for this project. EMUs surrounding Point Conception and

along the California coast are shown in Figure 4. There are many avenues for future work to be
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done with this sort of global to regional marine analysis, and this project seeks to explore some

of these.

Figure 4 Ecological Marine Units (EMUs) along the California coast. Source: Sayre et al. 2017

First, while it is an impressive global map, Esri’s EMU global map is relatively low-
resolution. In July 2018, the Esri Oceans group published a workflow for independent
researchers to apply their methods to analyze higher-resolution, local datasets using the same
clustering geostatistical tools to define EMUs in a manner similar to that used to create Esri’s
global map (VanGraafeiland, 2018). This workflow was successfully applied to the CalCOFI
dataset in the exploratory phase of this project, but it was determined that the raw data did not

cluster neatly into groups (pseudo-f statistic did not indicate a greater difference between clusters
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than within clusters), so local clusters could not be compared with Esri’s global clusters (Sayre et
al.2017). Better comparison might be possible with more sophisticated data preparation.

However, one of the other main future goals of the EMU project is to understand change
over time in the ocean, and this is a goal central to this project as well. It is difficult to
meaningfully compare unsupervised clusters from one survey event to different unsupervised
clusters from a different survey event, since the clusters’ “fingerprint” set of parameters is
different each time. Instead, the methods presented here, using EBK3D and the STC Toolset
were developed to understand change over time within the 3D ocean environment.

The methods utilized in this project were developed partially based upon the research
methods described in “The Warming of the California Current System: Dynamics and Ecosystem
Implications” (Di Lorenzo et al. 2005). While they do not use tools in ArcGIS, this team of
researchers created methods to understand change in temperature and salinity in the CC using “a
four-dimensional space time analysis.” To do this, they sorted 52-years of CalCOFI data into
spatial and temporal bins, which they selected by hand (supervised classification) based upon the
spatial and temporal location of the data. They then gridded each binned set of data to an
objective map, performed their analysis, and plotted average trends for the whole region.
Although they did not use tools in ArcGIS, their workflow was very similar to the objectives of
this project.

Following similar logic, in the project reported here the data from each survey was
interpolated using EBK3D and exported to gridded target points on several objective maps
(representing cross sections). The space time cube toolset was used to sort the resulting cross-
sectional maps into spatial and temporal bins. The methods presented here are intended to use

tools in ArcGIS to build upon the methods developed by Di Lorenzo et al. While they examined
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temperature and salinity, the goal here is to use this workflow to perform analysis on nitrate, an
important variable not examined by Di Lorenzo et al., in addition to temperature. Furthermore,
this project endeavors to create results showing trends with a high spatial resolution that may

shed further light on the dynamics of the SCCS.
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Chapter 3 Methods

Based upon a review of the literature, in addition to several conversations with the developers of
the tools utilized in these methods, this workflow is novel and unique. This is due in part to the
fact that some of the GIS tools used in these methods were released recently. Specifically, the
three-dimensional interpolation tool, “Empirical Bayesian Kriging 3D” was released in early
2019, so there are very few examples of the use of this tool. Additionally, most of the Space
Time Cube toolset became available in 2015 and 2016, and development is ongoing, so these
tools are also relatively new. Published references to either the Space Time Cube toolset or
Empirical Bayesian Kriging 3D are rare, and there are no references to any other workflows that
use both in conjunction as this workflow does.

Since there are no previous examples of this workflow, care was taken during its
development to justify each step and ensure each step is logically sound and statistically valid.
Figure 5 shows a generalized version of the workflow used to accomplish the research goals. The

following subchapters explain each step of this workflow in greater detail.
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Figure 5 A conceptual summary of the workflow utilized for this project. Apart from the
preparation of the data, each step was iterated several times for many surveys and/or cross
sections.
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3.1. Overview: Challenges and Solutions
Ocean data presents a unique challenge to traditional GIS methods. The ocean is a three-
dimensional environment, where each point has a latitude, longitude, and depth. The addition of

time creates a fourth dimension in the data. The fluid nature of the ocean dictates that time is an

26



extremely important element in ocean data - while landscape features like mountains and roads
stay relatively fixed over time, features such as ocean currents, upwelling eddies, and algal
blooms are subject to significant movement over months, seasons, and years.

It is difficult to accurately represent four-dimensional data on a two-dimensional page or
screen. This is especially true if the data represents amorphous characteristics of the environment
- in this case, varying concentrations of nutrients over time throughout the water column. In a
three-dimensional ArcGIS Scene, this appears as vague colored clouds, where most of the data in
the foreground obscures data farther back. With the addition of time, a sequence of muddy
clouds is created, and it is extremely difficult for a viewer to visually recognize any clear trends.
This is a major obstacle, as visualization of the data is an important tool to reaching a clear
understanding of a system as complex and multifaceted as the ocean environment.

Apart from challenges in visualizing the data, it is also important to find an accurate and
unbiased method of sorting and summarizing the data in order to gain a clear mathematical
understanding of the data. For example, different spatial areas may experience different trends
over time, and simply averaging all the data would likely ignore and obscure these trends.
However, this dataset contains over 200,000 unigque measurements, so is impossible to draw
conclusions simply by comparing raw values. It is necessary to find an appropriate level of detail
to portray spatial and temporal trends in the data.

Finally, oceanographic data collection is an imperfect science, subject to changes in
weather, funding, equipment, crew, and sea state. While an ideal data set would contain only data
collected at precisely the same points at precisely the same time and date each year, with the
same vessel and equipment, in reality none of these factors are constant. While a multi-decadal

dataset such as CalCOFT’s is impressive in its reliability and standardization, the numerous
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unpredictable factors present in oceanography work are nonetheless present. Samples were
generally collected at the same locations each year, but there were exceptions. Similarly, survey
dates were approximately seasonal, but varied depending on funding and vessel availability.
Over several decades, the instruments used to measure attributes such as nutrients improved.
While all data available on the calcofi.org website has been quality controlled, older instruments
are liable to have greater error than newer ones (CalCOFI 2019b). Even measured perfectly, the
ocean data itself does not perfectly follow mathematical curves but exhibits lots of noise and
fluctuations due to the somewhat random interactions between weather in the atmosphere above
and currents moving through the entire surrounding ocean basin.

To solve the issues of visualization, mathematical summary, and interpretation of
imperfect samples and random noise, a few key strategies have been employed. First, 3D
interpolation of the dataset from each survey creates a standardized pointfield of data in which
locations are the same for each survey event, so data collected at the same locations can be
compared across time. Secondly, division of the 3D data into 2D cross sections makes it much
easier to visualize and allows the use of ArcGIS toolsets to mathematically analyze the data
across both space and time. Specifically, the Space Time Cube pattern mining toolbox makes it
possible to “stack” several “time slices” of data into a 3D grid of bins spread across the survey
area (like pixels), then visualize and analyze temporal patterns in the bins. Finally, the Mann
Kendall statistic can be used to summarize the trend in each vertical stack of bins (visualized as a
column), indicating in a reliable and unbiased manner whether the temporal trend in the attribute
represented across time in each bin-location is positive, negative, or not significant. Ultimately,

this supplies the information necessary to show which attributes are increasing, decreasing, or
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unchanging at each point in a series of cross sections depicting the entire three-dimensional

spatial extent of the dataset.

3.2. Four-Dimensional Ocean Data

CalCOFTI’s dataset is four-dimensional (three spatial and one time dimension), and that
makes it difficult to collect, and difficult to analyze with traditional 2D and 3D analysis methods.
However, years of surveys has allowed CalCOFI to continually improve and perfect their field
sampling methods. Similarly, the tools and technology for modeling and analyzing the CalCOFI
data has also come a long way since the era of hand-drawn contour maps when the project began

(CalCOFI 2019b). Here, methods of data collection and analysis are summarized.

3.2.1. Data Collection Methods

CalCOFI surveys the study area four times each year, or once per season. Samples are
collected by repeatedly casting a collection device (named a CTD) overboard from a research
vessel, as shown in Figure 6 (CalCOFI 2019a). CalCOFI conducts surveys from a variety of
research vessels, based upon logistical requirements and availability. A full list of vessels is
available at calcofi.org, but recent surveys have been conducted on the Scripps research vessel
Sally Ride, or the NOAA research vessel Reuben Lasker (CalCOFI 2019a). The vessel collects
approximately 20 seawater samples using the CTD at each of 75 standard sampling stations,
located along six transects off the California coast (Figure 1). The transects are referred to as
Line 77, 80, 83, 87, 90, and 93 moving from north to south. These transects were designed to be
perpendicular to the California coastline, and while the coastline is not a straight line, this is true
in general. The transect lines are roughly 100 km apart and offshore the collection points are
separated by approximately 100 km. Inshore, the distance between points on a transect line

varies. Transects are usually traversed by the research vessel heading offshore from San Diego
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along Line 93 until the vessel reaches the end, then briefly north, then inshore along Line 90,
then north to Line 87, and so on, zig zagging along the transects from south to north. In the event
of weather constraints or other logistical issues, this pattern is sometimes interrupted or adapted
to fit the situation. Along each transect, the vessel stops at several stations (coordinate locations
visited each survey) to collect samples. At each station, the vessel uses a crane and winch to lift
the CTD into the water and lower it to the desired depth (typically about 500m, bottom depth

permitting).

*

¥ CTD-Rosette

Figure 6 CTD sampling. (Left) The CTD is lowered from the research vessel. The white
cylinders are the Niskin “bottles” that collect seawater samples. (Right) Schematic showing the
CTD beneath the research vessel. Stars indicate points where the CTD will take a water sample.
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The CTD is named for its sensors, which detect conductivity, temperature, and depth of
the seawater and relay these measurements to the vessel via a communications cable as it is lifted
back into the ship. The standard CalCOFI CTD is composed of 24 Niskin bottles mounted on a
“carousel,” which is equipped with mechanisms that allow researchers to trigger each bottle to
snap closed from the ship, trapping a water sample from the desired depth inside (CalCOFI
2019b). Decades ago, bottles were triggered mechanically, and CTDs used reversing
thermometers, which were triggered to flip upside-down, thereby recording the temperature at
the depth where the thermometer was triggered to flip. Early CalCOFI data was collected in this
manner. Today, however, the CTD is equipped with sensors including a digital thermometer that
continuously relays temperature readings to the ship via the communications cable, and
researchers can trigger bottles to collect a water sample from a computer. Bottles are triggered,
sensor measurements are logged at these depths, and samples are collected “from the bottom up”
as the CTD is winched up towards the surface from its maximum depth. When the CTD is
brought back onboard the research vessel, water samples are taken from each bottle and analyzed
for nutrients, oxygen, and other variables of interest.

The variables of interest for this project are temperature and nitrate. In early CalCOFI
surveys, temperature was measured using an (analog) reversing thermometer, but since 1993,
they have been measured digitally by the CTD sensors (CalCOFI 2019a). CalCOFI started
measuring nitrate in 1961, but nitrate samples were not collected consistently across the whole
sample area until 1969. Nitrate concentration is measured onboard using colorimetric assays
performed on a QuAALro continuous segmented flow autoanalyzer (SEAL Analytical), although

prior to 2003 an AutoAnalyzer 3 (AA3) was used for nutrient analysis. (CalCOFI 2019c). Nitrate
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is measured in micromoles per liter. Further details concerning sampling methods are available

on the CalCOFI website at calcofi.org.

3.2.2. Data Preparation

Five datasets were used in this workflow, as shown in Table 1. The main files utilized
were the CalCOFI Casts and Bottles datasets, which together contained all the hydrographic data
necessary for the project. However, a couple more datasets were necessary for clipping the 3D
study area to the correct extent and defining cross sections. The polygon defining the study area
in the “CalCOFI 75 Station Area” was used to clip data to the correct extent in the horizontal
direction, and the point shapefile “CalCOFI 75 Stations” was used to define transect lines where
vertical cross sections were “sliced.” The bathymetry DEM SRTM30PIus was used to trim

vertical cross sections where seafloor features intruded into the 0-500 m depth range survey.

Table 1 Datasets used in the completion of this project, with sources and a brief description of

contents.
Name Source AlE Description
Type
contains Cst_Cnt (Cast Count), cast ID,
CalCOFI Casts calcofi.org CSV | coordinates, station, date, survey, vessel, and

weather information
contains Cst_Cnt (Cast Count), cast ID, and
attribute information for each depth sampled

CalCOFI Bottles calcofi.org Csv . -
on each cast, incl. temperature, salinity,
density, nutrients, oxygen, chlorophyll, etc.
CalCOFI 75 Station Area | calcofi.org KML polygon de_picting the study area encompassed
' by the routinely-sampled 75 stations
CalCOFI 75 Station calcofi.org KML | point locations of each of the 75 stations
SRTM30Plus topex.ucsd.edu | KMZ global bathymetry DEM with 30 arc-second

resolution

To prepare the data for analysis, the two CalCOFI datasets, Casts and Bottles were

downloaded as CSV files from the CalCOFI website, then opened in MS Excel. Here, all
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columns concerning measurement values other than nitrate and temperature were removed, as
well as any extraneous columns, such as weather and comments. This is summarized in Table 2.
Both files were then imported into ArcGIS Pro, and converted using the “Excel to Table” script.
The two tables were then joined on the field “Cst_Cnt,” (“Cast Count” abbreviated), the 1D for
each sampling event. This ensured that each sample had a spatial location and date, as well as a

value for the attributes collected.

Table 2 Summary of fields kept in Casts and Bottles tables of CalCOFI data after trimming.

Casts

Field Name Description
Cst_Cnt An ID number unigue to each cast
Latitude of the location where data was collected (not always exactly on

Latitude the standard sampling station) in decimal degrees
. Longitude of the location where data was collected (not always exactly
Longitude . S .
on the standard sampling station) in decimal degrees
An ID number unique to each cruise, composed of the year and month
Cruise when the cruise began (for example, an August 2019 cruise would be

201908). This field was later used for file names and to append dates to
point shapefiles.

Bottles
Field Name Description
BottlelD An ID number unique to each bottle, or distinct sample in the 4D dataset.
Cst_Cnt An ID number unique to each cast, used to join to Casts table
Depth Depth in meters where the bottle sample was collected
Temp DegC | Temperature in degrees Celsius
NO3 Nitrate concentration, in micromols per liter

Because nitrate was not sampled consistently until 1969, data from before this time was
discarded. In addition, there were some points far outside the standard CalCOFI 75 Station
Survey area, and these were also removed because these extra areas were only surveyed
occasionally and cannot be used to represent trends across the entire time span. To accomplish
this, the entire dataset was clipped to the CalCOFI 75 Station Survey Area, which is the most
reliably surveyed station pattern over the decades. This is available on the CalCOFI website at

calcofi.org as a KML file. To ensure no samples were lost at the edges of the survey area, a 50-
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km buffer was applied, and all samples within this area were kept for analysis. After removing
surveys that didn’t measure nitrate, 181 surveys remained representing data collected for 50
years, from 1969 to 2018.

Once the combined table had been trimmed to the data of interest, it was plotted as a 3D
point layer using “XY Table to Point.” The points were plotted in a Local Scene in ArcGIS Pro
using WGS 1984 UTM Zone 10N. This is displayed in Figure 7, where all points (within the
visible extent) from 1969-2018 are shown. The whole study area is not shown in Figure 7
because displaying all the points in 3D was too much for the graphics card (AMD Radeon HD
7900) in the computer used for data analysis. To accurately compare surveys over time, it is
necessary to compare values in the same locations. Since the data as they were collected are not
in the same exact locations on each survey, it was necessary to interpolate the data into
comparable 3D volumes and export the interpolated values to standardized sets of target points

that can be fairly compared across surveys.
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Figure 7 3D Scene with Raw Data Points and CalCOFI Standard Stations. Sample points are
symbolized in a yellow-to-purple gradient to represent warm to cold temperature. CalCOFI
stations are green bars at the top of the stacks of points. Note that sample points mostly cluster
around CalCOFI stations but are not precisely located at the target coordinates.

While it is clear that most of the points in Figure 7 cluster around the CalCOFI stations,
there is some clear variation. Some differences in sample collection location are caused by wind,
weather, or other conditions inhibiting precise positioning of the research vessel. However, a
portion of this variation is due to inaccuracy in the positioning system of the research vessels.
CalCOFI began collecting data before GPS was invented. According to Dr. Sam McClatchie,
early CalCOFI surveys used celestial navigation techniques, supplemented with Loran-A in the

early 70’s. Precise descriptions were not provided, but positional accuracy was described as
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“within miles.” Next Loran-C was introduced (accuracy within 1 nautical mile), followed briefly
by Omega navigation (accuracy unknown). GPS was adopted sometime in the late 70’s or 80’s,
depending on the research vessel used, and today all of the research vessels used by CalCOFI are
equipped with differential GPS (dGPS). (McClatchie, 2013) Units vary between vessels, but a
typical dGPS unit would be similar to the Simrad MX512 unit used on the NOAA research
vessel Reuben Lasker. This unit is accurate to under 3 meters if signal from a dGPS beacon is
available, or within 5 meters if no beacon is available and the unit is only receiving satellite

signal (NOAA OMAO 2017, Simrad 2010).

3.2.3. Development of Custom Iterative Workflows

To complete the analysis of this large multi-dimensional dataset, it was necessary to build
several custom iterative workflows to automate the analytical processes. Namely, the data from
each of 181 surveys was interpolated individually using EBK3D into two three-dimensional x,y,z
cubes representing the relevant attribute (temperature or nitrate) throughout the volume of sea
water in the study area. The results of each interpolation were “sliced” into Six horizontal cross
sections and six vertical cross sections, resulting in 12 output files (one for each slice) from each
of the 181 survey events, for a total of 2,172 output files. It would have been prohibitively time-
consuming to do all this by hand, so automation using iterators to repeat the same process for
many subsets of data and files proved essential to the success of this project. Workflows were

created as models using ModelBuilder in ArcGIS Pro. These are shown in Appendix A.

3.3. Empirical Bayesian Kriging 3D
The first step of data analysis was to use Esri’s new tool, Empirical Bayesian Kriging 3D,

to interpolate the sample points into a three-dimensional prediction volume representing the
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attribute of interest (temperature or nitrate). The following description is extracted from Esri’s
help pages about the tool (Esri 2019a).While the 2D Empirical Bayesian kriging tool is well-
known and well-loved in the research community as a probabilistic tool for interpolating data
into prediction surfaces with associated measures of error, this tool is only capable of handling
two-dimensional data, where each point has an attribute value along with x- and y-coordinates.
In many instances, the attribute value is treated as the third dimension, and the prediction surface
is displayed as a three-dimensional elevation surface, where peaks represent high attribute values
and valleys represent low attribute values. While this tool is extremely useful in many
disciplines, it failed to accurately represent data that vary along x-, y-, and z-axes, as well as
having an attribute value at each point in space.

The three-dimensional version of Empirical Bayesian Kriging works similarly to the
well-known two-dimensional version, with a few key differences. Both two-dimensional and
three-dimensional versions of EBK build semivariogram models based on subsets of the data and
make predictions from the local models in the neighborhood of the prediction location, using the
principle of spatial autocorrelation. Whereas traditional EBK uses distances on a 2D plane to
build subsets and determine neighborhoods, EBK3D uses 3D Euclidean distances to determine
these parameters.

A second important difference is that EBK3D includes an Elevation Inflation Factor. The
elevation inflation factor corrects for the fact that in the ocean (or atmosphere, or geologic strata,
or other earth environments), attribute values change faster in the vertical direction than the
horizontal. Multiplying distances in the vertical direction by an elevation inflation factor is done
to ensure that the data changes at approximately the same rate regardless of direction, which

allows the creation of more accurate semivariograms and ensures the search neighborhood used
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to make the prediction includes the most influential contributors and weights them appropriately.
For analysis of this dataset, EBK3D was allowed to optimize the elevation inflation factor for
each survey to obtain the best semivariograms, and in general the optimal elevation inflation
factor fell in the range of 700 - 1000. After making the statistical calculation, the elevation
inflation factor is removed. However, in this study, the data were later displayed after further
analysis using an inflated vertical z-axis (by a factor of 1000) to allow better construction of a
space time cube in later steps, and better visualization of the results.

The results of EBK3D occupy a cube of 3D space, but they can be more easily viewed in
horizontal slices (cross sections), by using an elevation slider present in the EBK3D output
display to select the z-value at which to display the values along a particular horizontal plane, as
shown in Figure 8. While this is useful when visualizing and understanding values from a single
survey at a single point in time, it is still difficult to compare the results of two different surveys -
to do this, the data must be sliced into analogous cross sections that can be viewed side by side.
Fortunately, the results of the EBK3D tool can be exported to either horizontal raster slices or 3D

target points.
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Figure 8 (Inset) Conceptual representation of EBK3D and target points. (Large Frame) Results of
EBK3D with CalCOFI nitrate data, with depth slider on the right side. This image shows one
horizontal plane of the 3D results.

The EBK3D tool has several parameters that can either be left as default for the tool to
optimize, or manually specified by the user. As mentioned above, a custom workflow was
developed for this project to iterate the process of interpolating the data from each of the surveys
with EBK3D. Because there were 181 surveys, and both temperature and nitrate were analyzed
from each one, this came to a total of 362 iterations of EBK3D. Adjusting the parameters of
EBK3D manually for each of the 362 iterations surveys would have been prohibitively time-
consuming. For this study, at the suggestion of Dr. Kevin Butler, parameters of EBK3D were left
as defaults so that the EBK3D tool could adjust the values such as elevation inflation factor to
best model each of the 181 surveys. Similarly, no transformations were applied to the data prior
to use of EBK3D because this often caused errors due to zero values in the data (for Log

Empirical Transformation), or no significant improvement (Empirical Transformation) and no
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single transformation was effective for all 181 different surveys. No first order trend was
removed, because there was not a first order trend present in all surveys.

The best way to ensure that EBK3D predictions are reliable is to view the results of cross
validation. An example, showing nitrate measured on the survey of November 1987, is shown in
Figure 9. Although it would have been prohibitively time consuming to examine the cross
validation results of all 362 surveys, a subset of cross validation results from ten surveys were
examined. For each attribute (temperature and nitrate), the cross validation results from one
random survey from each decade were examined. In 9/10 cases, the cross validation results
showed that EBK3D had produced very reliable results. Mean and mean standardized statistics
were close to zero, indicating that the model had very little bias (Esri 2019a). In addition, root
mean square values indicated that temperature predictions were all on average within a degree of
the measured values, and 4/5 nitrate predictions were all within 1 micromol/liter of the measured
value. The 10" survey was examined showed nitrate predictions from data collected in the 70’s,
and cross validation showed that the predictions were not accurate. Mean and Mean Standardized
statistics were still fairly low, but the chart showed a wild scatter of points, and the root mean
squared statistic indicated that on average predictions were over 9 micromol/liter different from

measured values.
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Mormal QO Plot Distnbution Summary | Table | Method Report

Predicted Error Standardized Error
Count 2143
Measured (107) Average CRPS 0.206372848632773
429 Inside 90 Percent Interval 06.1269248716752
Inside 95 Percent Interval 47.0135324311713
3857 Mean -0.0044116791706988
3424 Root-Mean-Square 0.4203212505320609
2 991 Mean Standardized -0.00310082627631926
Root-Mean-Square 0.6845261024603
2.559 Standardized
Average Standard Error 0.586939633869753

Cross validation

Cross validation is a "leave one out” method that allows you to

determine how well your interpelation moedel fits your data. Cross

validation works by removing a single point from the dataset and

using all remaining points to predict to the location of the point that

. . o [ was removed. The predicted value is then compared to the measured

-0.039 058 198 1.816 2435 3053 3672 4.29 value, and many statistics are generated to determine the accuracy of
Fredicted (10 ) the prediction.

* Value == Reference Line == Regression Line

Regression function: 1.00124938514946 * x + -0.01050350495020

Learn more about cross validation

Figure 9 Example of cross validation results of EBK3D. This specific set of results came from
the EBK3D output predictions of nitrate for the November 1987 survey.

3.4. Export to Cross Sections and Data Merging Across Time: Preparation for
Space Time Cubes

Once the data had been interpolated into homologous 3D prediction surfaces, it was
necessary to “slice” the 3D prediction volume into 2D cross sections to effectively visualize the
data and analyze trends using the Space Time Cube toolset in the next step. In order to best
represent the data, each 3D prediction volume was sliced into six horizontal cross sections at
different depths below the sea surface, and six vertical cross sections along the six transects
where the original data were collected. This is depicted in Figure 10, and the entire model is
shown in Appendix A. The horizontal cross sections were created at 0 m, 100 m, 200 m, 300 m,
400 m, and 500 m below the sea surface. Vertical cross sections were created along the six
transects in the standard CalCOFI 75 station survey, referred to (from north to south) as Line 77,

Line 80, Line 83, Line 87, Line 90, and Line 93.
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Figure 10 First portion of the model to create horizontal cross sections with temperature data.
The iterator selects all the data from each survey, inputs it into EBK3D, and the interpolated
results are sliced into six cross sections (only two fit in the frame of this figure) and exported as
rasters.

3.4.1. Horizontal Cross Sections

To create the horizontal cross sections, each 3D prediction volume generated for a single
survey by EBK3D was exported as six rasters at elevations specified as 0, -100, -200, -300, -400,
and -500. Then, each elevation raster was converted to points using the Raster to Point tool and
the resulting six point shapefiles were clipped to the CalCOFI 75 Station Area layer. A new
column with the date of the survey repeated in every cell was appended to the attribute tables for
each set of cross section point shapefiles for a single survey, as well as being included in the
filename of each cross section. Figure 11 shows an example of this process, for the 300m
horizontal cross section of temperature data. The steps shown in Figure 11happened six times in

parallel, once for each depth.
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Raster to Point
(3
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Figure 11 Steps to convert a raster slice of the prediction volume of EBK3D to a point shapefile,
with date appended to the attribute table, in the correct folder according to depth. This example
shows this process for the horizontal cross sections of temperature data at 300m deep.

After all cross section point shapefiles had been created, these shapefiles were sorted into
folders according to the depth they were sliced at: 0, 100, 200, 300, 400, and 500. Finally, all the
shapefiles in each depth folder were merged to create a single point shapefile containing all the
points measured at the given depth with their associated values (temperature or nitrate)
associated with the date each value was collected. This merge resulted in point shapefiles with
multiple points in the same locations across five decades of surveys. In this form, the data was

ready to be converted to a NetCDF space time cube file.
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3.4.2. Vertical Cross Sections

Creating vertical cross sections of the data proved to be challenging, but ultimately
feasible. While horizontal cross sections could simply be exported as rasters from the results of
EBKS3D, vertical rasters are not an option in ArcGIS Pro. Instead, the results of EBK3D were
exported to vertical planes of target points. These vertical planes of gridded points were arranged
such that each of the six transects defined a vertical plane, stretching the length of the transect
and from 0 to 500 m of depth. In places where the seafloor was less than 500m deep, the vertical
cross section was clipped to represent this. Vertical slices were taken along the transect lines
because they are evenly spaced, and the interpolated results are most accurate close to the points
where the samples were originally taken.

Creation of target points to export the results of EBK3D into ultimately required a custom
workflow. First, transect lines were traced in ArcGIS Pro using the KML point shapefile of
CalCOFI stations available at calcofi.org as a guide. This created a two-dimensional line
shapefile containing the six transect lines. Second, the SRTM30plus bathymetry layer was added
as an elevation layer (Becker et al. 2009). Next, the 2D lines representing the transects on the
surface were “projected” onto the 3D elevation surface of the seafloor to create 3D polylines
representing the CalCOFI transects along the seafloor.

Each polyline was converted to many evenly-spaced points using the “Create point
features along a line” tool, and the coordinate data for each point in these polylines was added to
an attribute table. This table was then edited by hand in MS Excel such that, for each individual
XY point location, additional points were added with the same XY coordinates, but Z values
ranging from 0 to 500 m of depth at 5 m intervals. XY locations where the 3D polyline indicated
that the seafloor depth was less than 500 m had additional points with Z values added only to the

depth of the seafloor, rounded down to the nearest 5m interval. Finally, the polyline points that
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extended below 500m were deleted. This resulted in a flat 3D shapefile of points arranged in
vertical slices taken along each of the six transect lines, with point elevations ranging from 0 to

500 m of depth, but clipped to bathymetric features in areas where the seafloor was less than 500

m deep, as shown in Figure 12.

Figure 12 Point shapefile of a vertical cross section, with SRTM30PIus as the elevation surface.

Using the EBK3D tool, predicted values were exported from the predication volumes to
these vertical planes of target points. Each survey yielded six shapefiles of target points (one
from each transect), and columns were appended to the attribute tables of these files with the
survey date. Shapefiles were saved in folders organized by transect line: 77, 80, 83, 87, 90, and
93. Once they were sorted into the folders, files within each folder were merged in the same

manner as the horizontal cross section files to prepare for the creation of space time cubes.
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After vertical cross section files had been created and merged, the points were mapped in
a new horizontal coordinate system, because the Space Time Cube toolset requires input data in a
horizontal plane. To do this, two columns were added to the attribute table for each slice, for
“Inflated Depth” and “Distance From Shore.” The “Inflated Depth” column was calculated using
the formula Inflated Depth = 1000(depth). The depth was inflated because the length of the
transects is over 500 km, while the depth is 0.5 km (500m). Inflating the depth by a factor of
1000 to make a footprint for the space time cube with similar length and width. It was
statistically valid to inflate the vertical depth axis because the Mann Kendall test used to evaluate
trends in each column of the subsequent space time cube is spatially independent, so each bin is
evaluated without influence of any others in its spatial neighborhood. Therefore, the visual
arrangement and spacing of the bins does not affect the analysis of the trends. The depth was
inflated by a factor of 1000 partly because this was a convenient round value, but also because
3D interpolation determined that the optimal elevation inflation factor for each survey was
around 1000 (ranged from approximately 600 - 1000). This indicates that the data varies spatially
in the inflated vertical direction at about the same rate as in a horizontal plane, so inflating the
vertical axis to this factor best facilitates visualization and analysis of trends.

The “Distance From Shore” was slightly more complicated to calculate. A line was
drawn from the surface to 500m depth along the eastern edge of the point shapefile for each
slice, and the “Near” tool was used to calculate the distance from each point to this eastern edge
and populate the table with the values. These values were all multiplied by (-1) so that they
would map to the west/left of the shoreline in the next map. Finally, the attribute tables for these
vertical cross sections were added to a brand new Local Scene (coordinate system WGS 1984

UTM 10N) and mapped using “XY Table to Point.” Instead of using their original XY
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coordinates, each point was mapped using “Distance from Shore” as the X-coordinate, and
“Depth Inflated” as the Y-coordinate. With these steps, vertical cross sections were “laid down”
into a horizontal plane, so that they could be input into a space time cube in the next step. This

process is illustrated in Figure 13.

Figure 13 Schematic representing the process of creating vertical cross sections, “laying them
down” in a new coordinate system, creating a Space Time Cube, and then re-visualizing the
results of the cube as a vertical slice.
3.5. Space Time Cubes
A space time cube is a netCDF file generated by ArcGIS where the x- and y-coordinates

represent a spatial location, and the z-coordinate is used to represent time. This description of
Space Time Cubes and associated tools comes from the help pages provided by Esri (Esri
2019b). Source data points are summarized into “bins” defined horizontally by a grid of squares
or hexagons and vertically by time steps, with more recent samples stacked on top of older ones.
This is a powerful tool for visualizing data that varies across both space and time. This method of
sorting and grouping data into bins is also an extremely effective method to prepare the data for

further analysis of time series trends within each column of bins, so temporal trends can be

modeled across the entire spatial extent of the dataset in reasonably high resolution.
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It is noteworthy that the space time cube and associated toolsets so far only accept
datasets that have two spatial dimensions in addition to time - a time series on a plane. Within
ArcGIS, there is no method of modeling temporal trends in a 3D dataset, so this was why it was

necessary to slice the 3D data into 2D cross sections at depths and along transects.

3.5.1. Constructing Horizontal Cross Section Space Time Cubes

To create space time cubes for changes over time at each depth (horizontal cross
sections), each merged shapefile of all points over time for a particular depth was simply input
into the “Create Space Time Cube by Aggregating Points” tool without any modification.
Temperature and nitrate data from 1969-2018 were aggregated into 5-year bins and summarized
with a mean of the values falling in each bin. There were less than 5% empty bins for each cube,
but empty bins were filled with space-time neighbors. Because nitrate data from the 1970’s
proved unreliable, the nitrate data was also analyzed from 1985-2017 with the same settings but
using 3-year bins to group the data.

The results of analysis of a space time cube are dependent on the horizontal and temporal
spacing of the bins. When choosing the temporal duration (time step) for each bin, it is important
to consider that the time series should divide evenly amongst a minimum of ten temporal bins in
order to reliably analyze Mann Kendall trends. If the duration of the entire time series does not
divide evenly into the bins, one or both bins on the ends of the time span bin will have an
incomplete set of data. For example, if a 51-year time series is divided into 5-year bins, there will
be 11 bins. Ten of the bins will each contain 5-years’ worth of data, but the 11th will only
contain one year’s data, which will likely skew the results. To deal with this, the temperature and
nitrate data were initially analyzed using 5-year time steps to represent the dataset from 1969 to

2018 (50 years). However, results showed that some of the nitrate data and the survey schedule
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in the 1970’s was very erratic, so the space time cubes for nitrate were reconstructed using 3-
year bins over the time series from 1985-2017 (33 years) because surveys were much more
consistent during this time period. Space time cubes were also created to analyze temperature
data from 1985-2017, but most of the trends observed in the longer time series were not
significant in this shorter time series. The observation of poor nitrate data quality in the 1970’s
was consistent with the results of EBK3D cross validation, discussed earlier. The anomalous

nitrate data is shown in Appendix B.

3.5.2. Constructing Vertical Cross Section Space Time Cubes

Vertical cross sections required slightly more preparation. The “Create Space Time Cube
by Aggregating Points” tool requires data with an x-coordinate, a y-coordinate, and a time field,
so the data had to be prepared as discussed previously and shown in Figure 13. Once the data had
been re-mapped into a new Local Scene, it was input into “Create Space Time Cube by
Aggregating Points,” and the same parameters as in the horizontal cross section procedure were
used. Temperature and nitrate data from 1969-2018 were analyzed with 5-year bins, and nitrate
was analyzed from 1985 to 2017 with 3-year bins. Bin data was summarized with means, and

rare empty bins were filled with space time neighbors.

3.6. Mann Kendall Trends

Mann Kendall tests are described in the Esri help pages for “Visualize a Space Time
Cube in 2D,” and the following information is derived from that source (Esri 2019b). The Mann
Kendall test is a nonparametric test used to determine whether data exhibits a monotonic trend.
In other words, the Mann Kendall test shows whether a time series of data steadily increases,
decreases, or has no significant trend over time. The Mann Kendall test was used to identify

trends in nitrate and temperature data. To view the Mann Kendall trends for each Space Time
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Cube, the cube was input into the “Visualize Space Time Cube in 2D” tool, and the “trends”
option was selected. This tool analyzed each column of bins in the Space Time Cube individually
(and independently of other columns). The Mann Kendall test produces results indicating
whether the trend is increasing, decreasing, or not statistically significant. The confidence level
of'a Mann Kendall trend is the probability that the trend detected is a “real” trend and not a result
of random fluctuation. For this analysis, only trends with a 95% confidence level or higher were
recognized and symbolized as increasing or decreasing. Any trends with lower confidence levels
were symbolized as not statistically significant.

The Mann Kendall trend test registers monotonic trends and is less likely to report a
significant trend in very noisy data, or data with any sort of seasonal variation. Taking the mean
of temperatures in 5-year bins smooths the time series somewhat, and effectively controls for
variation due to differences in annual seasons (spring, summer, fall, winter), but would not
smooth out multi-annual cyclic signals in the data due to effects such as EI Nino (ENSO) or the
Pacific Decadal Oscillation (PDO). These effects would cause the Mann Kendall statistic to
under-report trends in areas with a lot of variations from these signals. Similarly, reducing the
time bins for nitrate to 3-year steps would likely result in a noisier time series of nitrate data, and

possible under-reporting of trends by the Mann Kendall test.

3.7. Visualization of Results

The dataset was analyzed using the methods described in the previous sections. This was
successful and yielded cross sections of the 3D study area with some clear temporal and spatial
trends. This turned out to be a computationally intensive process, with multiple custom
ModelBuilder tools that ran for up to 5 days continuously, and the final project taking over 130

GB of hard drive space.
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Once the analysis was complete, developing a method to understand, visualize and
compare these complex four-dimensional results sliced on two different axes was needed. A
number of graphical techniques were tested with the best visualizations becoming the ones used
in the next chapter to show the results. However, due to the four-dimensional nature of the
dataset, some initial explanation of the presentation of results may be helpful. Some points to
keep in mind:

e Inthe 2D maps, each hexagonal “pixel” represents an independent time series. Each
time series is a sequence of values, where each value is the mean of points falling
within the bin at each location over a 5-year (or 3-year) time period.

e The Mann Kendall trends are symbolized with red indicating statistically significant
increase and blue indicating statistically significant decrease in the time series at each
hexagonally-shaped bin location.

e Insome figures, the time series is depicted as a “film strip” at the bottom, with darker
purples depicting higher mean values. Each “frame” of the “film strip” shows a 3- or
5-year time period

Vertical cross sections also require some explanation. While taking vertical slices of a 3D
study area is conceptually straightforward, this is not a common frame of reference in ArcGIS.
Furthermore, users familiar with the Space Time Cube toolset will realize that this group of
analysis tools is only used for data that occupies a horizontal plane, and then symbolizes the
progression of time as a stack of bins in the z-direction. As described in the Methods section,
vertical cross sections of data were transferred to horizontal plane coordinate systems to use the
Space Time Cube toolset for analysis, but here they are visualized as vertical slices once again.

This is illustrated in Figure 14, where each transect line has a vertical cross section showing the
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(time series Mann Kendall) nitrate data on that slice. Note that the vertical axis is inflated by
1000, so while the X and Y axis are in kilometers, the vertical axis is in meters. While the view
presented in Figure 14 is conceptually explanatory, the 3D perspective and overlay of multiple
cross sections makes it difficult for the viewer to see the slices in full detail. Subsequent figures

are presented with each cross-sectional slice shown separately.
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Figure 14 A conceptual view of vertical cross sections of Mann Kendall trends in nitrate data in

relation to the surveyed transects on the surface (bottom). CalCOFI's 75 station pattern is shown

in the top right for reference. This figure shows nitrate data from 1985-2018, analyzed in 3-year
bins.
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Chapter 4 Results

The complex methodology of this project generated large quantities of output data at each step.
Intermediate steps and final results created over 130 GB of data, comprised of thousands of
shapefiles, two dozen space time cubes, and two dozen cross sections showing Mann Kendall
trends resulting from analysis of these cubes. The sheer quantity of data is too large to show here
in its entirety. Instead, a sampling of results from each step is shown, in addition to all of the
Mann Kendall trends for all cross sections. In addition, efforts were made to ensure that the
results presented here are statistically sound. A subsample of EBK3D results were cross
validated to show that these predictions were reliable, and Mann Kendall trends were only shown

if the confidence level that the trend was statistically significant was greater than 95% (p<0.05).

4.1. EBK3D

Use of EBK3D to interpolate the data into comparable prediction volumes is one of the
main ways this research expands upon past work. There were 362 separate instances of the
EBKS3D tool (temperature and nitrate from each of the 181 surveys). Figure 15 shows an
example set of results from the survey that took place in March of 2012, where temperature
values are interpolated. As shown in the figure, temperatures are warm at the surface (0m),
decline through 100 and 200 m, and are fairly uniformly cold at 300 — 500m depth. The results of
EBK3D give an elegant and intuitive overview of the temperature patterns present in the water
column during the March 2012 cruise. As shown in Figure 16, results of cross validation show
that for this survey, predictions from the EBK3D model are very close to the measured values.
Mean and Mean Standardized statistics are close to zero, indicating that there is very little bias in
the model. The Root Mean Square value is 0.181, meaning that predictions by the model are on

average within 0.181 degrees Celsius of the measured values. This shows that the prediction
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surface generated by EBK3D for this survey is reliable, and that it is statistically valid to use this
output for comparisons over time in later steps. While it was not feasible to cross validate each

one of 362 iterations of EBK3D, an inspection of a randomized group of ten indicated found that
nine of the ten had good cross validation results. The tenth, which showed poor cross validation,

was nitrate data from the 1970s, which was later removed.

Nitrate

(umole/L)
. 00.0-04.0
w1 04.0-08.0
" 08.0-12.0

12.0-16.0
16.0-20.0
20.0-24.0
" 24,0-28.0
. 28.0-32.0
- 32.0-36.0
. 36.0-42.4

Figure 15 EBK3D results of interpolation of nitrate data from survey 201203, or March 2012,
The output of EBK3D is a 3D prediction volume, but this is viewed as a series of horizontal
cross sections, which can be viewed at any depth in the range. Here, cross sections are viewed at
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0, 100, 200, 300, 400, and 500 m — the cross sections that were exported for analysis with the
Space Time Cube. Cross validation results (shown in Figure 16, below) demonstrate that the
EBKS3D predictions generated by this interpolation model are accurate.
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Cross validation is a "leave one out” method that allows you to
determine how well your interpolation medel fits your data, Cross
validation works by removing a single point from the dataset and
using all remaining points to predict to the location of the point that
was removed. The predicted value is then compared to the measured
value, and many statistics are generated to determine the accuracy of

the prediction.
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Figure 16 Cross validation results for EBK3D predictions for nitrate from cruise 201203 shown
in Figure 15.

4.2. Space Time Cubes

The Space Time Cube toolset proved to be an effective method of modeling change over

time across the spatial extent of each cross section. Six space time cubes were created to

represent change in temperature from 1969 to 2018 and change in nitrate from 1985 to 2017, one

at each horizontal cross section representing depths at 0, 100, 200, 300, 400, and 500m. A Space

Time Cube created from the Om horizontal cross section temperature data is shown in Figure 16.
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Figure 17 Space Time Cube at Om cross section showing temperature values from 1969 to 2018.
The vertical bin columns stack up 10 hexagons showing temperature averaged over each 5-year
time step, stacked to represent the duration of the full time period.

Similarly, six space time cubes represent vertical cross sections at Line 77, 80, 83, 87, 90
and 93, depicting change in temperature from 1968 to 2018 and change in nitrate from 1985 to
2017 along these cross-sections. The Space Time Cube depicting change in temperature along
the vertical cross section of Line 93 is shown in Figure 18. Although this Space Time Cube was
created by re-mapping the vertical cross section in a horizontal plane, the results have been
rotated into a vertical plane once more to show their location in the water column. In this
orientation, the time steps stack from the left to the right of the image, as is visible in the inset.
The remaining representations of the vertical cross section cubes and data in this chapter are
shown with a view angle from approximately where the compass rose is located, so that the

entire slice is viewed head on with no distortion due to perspective.
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Figure 18 Space Time Cube results at Line 93, representing temperature data from 1969 to 2018.

Although the Space Time Cube toolset is used on horizontal planes, in this schematic the output

data has been rotated back to its original vertical position to show the location of the data in the
water column.

4.3. Mann Kendall Trends

Mann Kendall trends were analyzed for each space time cube. The Mann Kendall trend
test determines whether values in a series of time steps show a statistically significant (95%
confidence) increase or decrease. The Mann Kendall trend for each hexagonal bin in each Space
Time Cube was analyzed separately. While the Space Time Cube is a 3D volume that shows the
values at each time step stacked, Mann Kendall trends are displayed as a 2D layer summarizing
the trends. Each time step in the Space Time Cube can be displayed as a frame in a film strip,

with the Mann Kendall trends shown as a summary of the trend that took place over the duration
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of the “film strip,” as depicted in Figure 19 and Figure 20 and described below. The full set of 6
horizontal and 6 vertical cross-section results for the Mann Kendall statistic for both temperature
and nitrate, for a full set of 24, are included in Appendix D.

Figure 19 shows the progression of temperatures at the sea surface (Om) and the
summarizing Mann Kendall trends. From the film strip along the bottom, it appears the study
area underwent warming in the 3" through 6" time steps, then some cooling in the 7% and 8"
time steps, and then warming in the 9" and 10" steps. Despite this fluctuation, Mann Kendall
trends, displayed in the larger frame top left, show that the offshore region experienced a

statistically significant increase in temperature overall.
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Figure 19 Temperature trends at the sea surface (0m), with data from 1968-2018 in 5-year bins.
The purple data in the "filmstrip" at the bottom of the figure shows the values for each time-step
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in the space time cube, and the larger figure (top left) shows the Mann Kendall trends that
resulted from analyzing these values.

Figure 20 shows the progression of nitrate values on the vertical cross section of Line 93
and the summarizing Mann Kendall trends. While the Mann Kendall trend indicates statistically
significant increases in nitrate in the middle of the water column offshore, examination of the
film strip reveals that the changes in nitrate values are much more subtle than the changes in
temperature shown in the previous figure. While the change in values is hard to detect by visual
examination of the film strip, it is clearly detected by the Mann Kendall trend test because when
the Mann Kendall trend is analyzed, only the direction and not the magnitude of change between
time steps is registered. Therefore, many small changes in the positive direction result in a
statistically significant increasing Mann Kendall trend, and that is what is shown in the central

region of Line 93 in Figure 20.
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Figure 20 Nitrate trends on Line 93, with data from 1985-2017 in 3-year bins. The purple data in
the "filmstrip" at the bottom of the figure shows the values for each time-step in the space time
cube, and the larger figure (top left) shows the Mann Kendall trends that resulted from analyzing
these values.
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4.3.1. Temperature Trends

Temperature data analysis, using data from 1968 to 2018, went smoothly. The results are
included in Appendix D and the trends are summarized in Table 3 and Error! Reference source
not found.. The temperature data did not show any obvious outliers or strange data. Nitrate data
showed some anomalous values in the 1970s (shown in Appendix C), so nitrate data was
analyzed from 1985 — 2017, representing a shorter but more consistent series of surveys. For
consistency, temperature was also analyzed across this shorter time span, but the temperature
trends observed in the longer time-series were not significant over a shorter time span. These
results are shown in Appendix B.

Examination of both horizontal cross sections (Figure 21) and vertical cross sections
(Figure 22) show that a warming trend occurs only on the surface, at less than 100 m of depth.
Although surface temperatures fluctuated during this time period, overall Mann Kendall trend
analysis of the temperature data of the SCCS showed a clear increase (at 95% confidence,
p<0.05) at the surface (Om) from 1968 to 2018, as shown in Figure 21. This temporal trend at the
surface also shows a horizontal spatial pattern. Areas with statistically significant positive trend
occupy the southwest corner of the study area and are generally at least 100 km offshore. Figure
21 and Figure 22 show that at depths of 100m and greater, there are small patches of cooling
trends. These deep areas of cooling are generally located approximate 300 km offshore and in the

northern portion of the study area.
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Table 3 Summary of observed Mann Kendall trends in temperature in horizontal cross sections

from 1969-2018

Horizontal Cross Sections

Depth

Trends Observed

Warming at the surface in the offshore region, scattered cooling at all other

Overall depths
0 Increase in temperature in the offshore region, starting at around 300 km from
m N .

the coast. No significant trend nearshore. No cooling
No warming. Cooling trend 0-200 km offshore. Cooling is most apparent near

100 m Point Conception, where cooling trend is adjacent to the land, and less
pronounced in the south, where the cooling trend is 100-200 km off the coast.
No trend farther offshore.

200 m Scattered patches of cooling 100-400 km offshore, one patch of warming
nearshore in the east corner.

300 m Mostly no trend. A couple patches of cooling in the north

400 m Mostly no trend. An oblong patch of cooling in the north

500 m Mostly no trend. An oblong patch of cooling in the north

Table 4 Summary of observed Mann Kendall trends in temperature in vertical cross sections

from 1969-2018

Vertical Cross Sections

Line Trends Observed
Warming at the surface, particularly offshore in the south. Some cooling mid-
Overall .
water column, most pronounce in the north
. Small patch of warming offshore at the surface, large patches of cooling 100-
Line 77
500 m depth
. Small patch of warming offshore at the surface, patches of cooling 100-300 m
Line 80
depth closer to shore
. Warming patch offshore at surface. Small cooling patches 100-200m, west of
Line 83 .
island bathymetry
. Warming patch offshore at surface. Small cooling patches 100-200m, west of
Line 87 .
island bathymetry
Line 90 Warming patches at the surface, scattered cooling patches 200-300 m depth
Large warming patch extending across the surface, and small warming patch
Line 93 nearshore at about 300 m deep. Scattered small cooling patches 200-400 m

deep.
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Figure 21 Horizontal cross sections showing temperature trends at 0, 100, 200, 300, 400, and
500 m of depth from 1969-2018
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4.3.2. Nitrate Trends

As noted in Section 3.5, data exploration revealed that nitrate data prior to 1980 were
problematic and it was thus eliminated for the final analysis. Only the nitrate data from 1985-
2018 were analyzed, because this period was characterized by very consistent surveys. The
results are shown in Figure 23 and Figure 24. Similar trends, without the anomalies, were
apparent in the data.

Even analyzed over a shorter time span, the data showed a couple of significant patterns
of change in nitrate concentration in the SCCS. Nitrate trends are summarized in Table 5 and
Table 6. Nitrate decreased at the surface (0 m) offshore, in the southwest corner of the study
area, as shown in Figure 23. However, nitrate is increasing in a large area in the middle of the
water column, most notably offshore in the southwest corner. This is evident in Figure 23, where
there are large areas of increasing nitrate in the 200m and 300m cross sections, with small areas
of increase bounding this area at 100 and 400m. Interestingly, nitrate is not increasing at the
500m level, and shows a small area of decease nearshore close to Point Conception. The vertical
cross sections in Figure 24 also clearly show that the area of nitrate increase occupies the water
column from about 100 to 400 m of depth and is most prevalent in the more southern transects

(Line 87, 90, and 93).
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Table 5 Summary of observed Mann Kendall trends in nitrate in horizontal cross sections from

1985-2017

Horizontal Cross Sections

Depth Trends Observed
Region of increase offshore in the southwest region from 100-400 m depth. Small
Overall regions of decrease offshore at 0 m and inshore at 500 m.
Om Decrease offshore in southwest corner. Tiny patch of increase near Pt. Conception
Patch of increase about 400-600 km offshore in southern region, other small scattered
100 m patches of increase. No decrease, large areas of no significant trend.
200 m Region of increase offshore in southwest corner. Otherwise, no significant trend.
Slightly larger region of increase than at 200m, offshore in southwest corner.
300 m Otherwise, no significant trend.
Patchy area of increase, offshore in southwest corner. Tiny patches of decrease
400 m nearshore in the north. Otherwise, no significant trend.
500 m Small patch of decrease near Pt. Conception. Otherwise, no significant trend.

Table 6 Summary of observed Mann Kendall trends in nitrate in vertical cross sections from

1985-2017

Vertical Cross Sections

Line Trends Observed
Increases in oblong area, most prominent in southern cross sections (Line 87, 90,
Overall and 93) between 100-400 m depths. Small patches of decrease at the surface.
Line 77 No significant trends.
Line 80 No significant trends, except for small parch of increase nearshore at the surface.
Small scattered patches of increase offshore at 200 and 400 m depth, tiny patch of
Line 83 decrease offshore at the surface.
Large patch of increase from about 200 - 400 m depth, on offshore edge of cross
Line 87 section. Small patch of decrease above, at the surface on the offshore edge.
Large, but somewhat scattered patch of increase offshore from about 100-400m
depth and 400-600 km from the coast. Small patch of decrease offshore at the
Line 90 surface.
Huge solid patch of increase, stretching from 100-400 m depth and 300-700 km
Line 93 offshore. Small patches of decrease offshore at the surface.
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The vertical cross sections viewed individually give a reasonable impression of the shape
of the area of increasing nitrate in the water column, but it is useful to see the combination of
these cross sections to get an idea of the three-dimensional shape of the area of nitrate increase.
This is depicted in Figure 25. To create this figure, it was assumed that the coast of California is
a straight line, and the right edges (the northeast ends) of the cross sections were aligned. The
“no significant trend” areas of the six cross sections were symbolized as transparent, and the
cross sections were overlaid, with Line 77 in the back and Line 93 in the front. The increasing
and decreasing trend areas are symbolized as 50% transparent, so that areas of more intense color
indicate where several cross sections had the same trend in the same area. This creates a view as
if from underwater in the middle of the water column southeast of the study area, looking north.
As shown, the resulting area of nitrate increase is an oblong shape, mid-water column, reaching
from about 300 to 700 km offshore. The vertical inflation of the data makes the oblong area of
increase appear deeper than it truly is; in reality this area is actually much wider in the horizontal
plane than it is deep in the horizontal plane. However, this shape is typical of cross-sectional
ocean data in this region and provides an example of the principle that gradients in the ocean
change much more rapidly in the vertical direction than the horizontal direction, as discussed in

Section 3.3 (Gnanadesikan et al. 2001).
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Chapter 5 Discussion and Conclusions

This project was designed to answer a two main research questions, concerning temperature and
nitrate in the SCCS.
1) What are the spatial and temporal changes in temperature in the CCS over the past
several decades? Do these indicate that sea surface temperatures are increasing in the
CCs?
2) What are the spatial and temporal changes in nitrate in the CCS over the past several

decades? Do these indicate that nitrate concentration is increasing in the deep water
of the CCS?

The results have provided answers to these questions, and they are discussed in the
following sections. In summary, sea surface temperature (SST) is increasing in the offshore
region of the SCCS, and deep layer nitrate is also increasing in the offshore region between 100
and 400 m of depth. Other spatial patterns are also present, such as a decrease in nitrate at the

surface in the offshore region.

5.1. Temperature

Results showed that sea surface temperatures (SST) are increasing in the SCCS, in a
large offshore area in the southwest corner of the study area. No significant trend was detected
near shore, either because no change has occurred or because the temperature data in this area is
too noisy for a Mann Kendall test to detect a trend. The temperature trend of surface warming
revealed by this project is consistent with other reports of surface warming in the SCCS (e.g.
Palacios et al. 2004). This confirmation suggests that the methods used here are sound, and that
trends revealed in less-reported areas beneath the surface are reliable.

The sea surface temperature (SST) is affected by atmospheric conditions and warming of
the atmosphere can cause warming of the sea surface. An increase in sea surface temperature
with no matching increase in deeper waters results in a greater difference in temperature between
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the surface layer and the deep layer, resulting in a stronger thermocline. The clearest increases in
SST were in the southwest corner of the study area, so it follows that the thermocline has
strengthened the most in this area as well.

Patches of cooling trends near the continental shelf at 100m of depth and around Point
Conception may be indicators an increase in upwelling over the period 1968-2018 in these areas.
A search of the related literature reveals that there is no consensus whether upwelling has
increased over this period. Upwelling is driven by coastal winds. In a review of related literature,
Rykaczewski,and Dunne found that while some previous researchers have found an increase in
coastal winds, others have found that the change is not significant (Rykaczewski,and Dunne
2018). If upwelling near the continental shelf has increased, it might offset the effects of

increased stratification in those areas.

5.2. Nitrate

The results show that nitrate concentrations in the deep layer have increased from 1985 to
2017 in a region that ranges approximately 300-700 km offshore and from 100-400 m below the
surface, as shown in Error! Reference source not found.. The thermocline in this region is
generally estimated around 30-70 m below the surface, so the region where nitrate is increasing
is below the thermocline, in the deep layer. (Palacios et al. 2004). Figure 25 also shows there is
also a region of nitrate decrease at the surface, ranging approximately 400-600 km offshore. This
area of nitrate decrease is situated directly above the larger area of nitrate increase, with the
thermocline in between. This is the same area where surface temperature was shown to increase.
This implies that a strengthening thermocline is preventing nitrate from reaching the surface,

despite increasing nitrate concentration in the deep layer below. While the results obtained here
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cannot prove a connection or causality between these processes, the patterns found here warrant
further research.

Closer to shore, there is some evidence that dynamics of the system may be different. It
appears that in a small nearshore region, nitrate near the surface is increasing. There are a couple
of possible explanations for this trend. First, it is possible that the increased levels of nitrate are
coming from sources on land, and that rivers or runoff are carrying increased amounts of nitrate
to the sea, but Nezlin et al. (2017) did not find significant evidence that anthropogenic sources
caused an increase in nearshore nitrate.

The other possibility is that upwelling is bringing increased nitrate to the surface near
shore from the offshore deep layer area of increase. The temperature data showed some evidence
of decreasing water temperatures above the continental shelf and near shore at 100 m, and this
may be evidence of increasing amounts of cold water upwelling from below. An increase in
nearshore upwelling in combination with an increased supply of nitrate in the deep layer could
supply increased amounts of nitrate to the surface in areas where upwelling is strong, despite
increased stratification overall. This is a possible explanation to the paradoxical pattern observed
by Nezlin et al. (2017), Gnanadesikan et al. (2001), and others, where primary productivity in the
SCCS appears to be increasing despite increasing SST. An increasing source of nitrate in the
deep water combined with increased upwelling to deliver it to the surface could spark increasing
amounts of productivity at the surface in these areas. This balance between stratification and
upwelling would regulate the amount of nitrate reaching the surface, and thus the primary

productivity of the ecosystem, as shown in Figure 26.
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Figure 26 Schematic representing mechanisms controlling nitrate transport to the mixed layer at
the surface, and the resulting effects on primary productivity

5.3. Source of the Nitrate Increase

The results clearly show that nitrate is increasing offshore below the thermocline, but
where is it coming from? Based upon the shape and position of the area of increase, it is likely
that the California Current is transporting nitrate into the area from further north. Summarizing
the work of past researchers, Gangopahyay et al. (2011) describe the California Current as a
current 100-1350 km wide, ranging from 0-500 m deep, with a nearshore edge that averages
(along the whole US west coast)100-150 km off the coast. A more detailed description indicates
that in southern California it is further offshore than the average 100-150 km. Although this is a

rather broad description, it fits the pattern of nitrate increase shown in Figure 25.
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However, in addition to a description, visualizing the current is helpful in comparing it to
the areas of nitrate increase. Past researchers have made many attempts to map the California

current, and their results are shown in Figure 27.
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Figure 27 Research indicating the location and extent of the California Current system. (a) shows
a schematic of the CCS and the meander-eddy-upwelling system off the coast of CA in
spring/summer (Mooers and Robinson, 1984). (b) shows salinity contours along CalCOFI line
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90. (Lynn, Bliss and Eber 1982). (c) shows vertical cross sections of CalCOFI transects, Line 77,
80, 83, 87, 90, and 93, from top to bottom. Contours indicate current velocity (gray is
southbound, white is northbound) (Bray, Keyes and Morawitz 1999).

Figure 27 Part (a) shows an overall schematic of the path of the CCS from Washington
down to southern California and indicates how it changes throughout the seasons as proposed by
Moores and Robinson (1984). In this view, the main core of the CC is symbolized in darker blue,
and areas of coastal upwelling are symbolized in lighter blues and greens.

Figure 27 Part (b), from Lynn, Bliss and Eber (1982), shows salinity contours along
CalCOFI Line 90 in vertical cross sections. The authors of this figure surveyed twice the usual
length of transect line 90, so the portion normally surveyed and comparable to data presented
here is outlined by the red box. The CCS is defined by fresher, less-salty water than the
surrounding seas, so the low-salinity parabolic bowl-shaped contours ranging from about 200-
700 km offshore indicate the core of the CCS.

Finally, Figure 27 Part (c) shows cross sections from all six of the CalCOFI transects
(Bray, Keyes and Morawitz. 1999). The grey areas symbolize areas of southward flow, showing
that the CCS is in the offshore portions of these transects, and reaches from 0-500 m depth.
Visual comparison of these previous researchers’ results to the increases in nitrate detected in
this project suggest that the California Current is a likely source for the increases in nitrate.

One possible reason for the delivery of increased amounts of nitrate by the California
Current was suggested by Rykaczewski and Dunne (2010). As discussed in Chapter 2,
Rykaczewski and Dunne created an earth system model which they used to forecast the effects of
global climate change on the CCS. Their model predicted “increases in nitrate supply and
productivity in the 21% century despite increases in stratification and limited change in wind-
driven upwelling.” This is exactly the pattern seen in the results of this project. Their model

suggested that, in comparison to past conditions, water in the California Current will start its
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journey farther north, and spend more time beneath the euphotic zone, so it will have time to
accumulate more nitrate on its journey to southern California, and less of this nitrate will get
used up by organisms in the euphotic zone. As a result, increased amounts of nitrate will arrive
in the SCCS as a result of global change in the currents in the North Pacific.

The trends in temperature and nitrate suggest that the SCCS is changing, and if current
trends continue, it appears it is moving towards greater extremes of nutrient scarcity and
abundance. Nitrate is increasing in the deep water but increasing surface temperatures and
stratification may make it impossible for nitrate in the deep water to reach the surface, creating a
low-productivity nutrient desert in highly stratified areas offshore. However, closer to shore,
upwelling will bring the increased amount of nitrate to the surface, potentially fueling a highly
productive ecosystem in this area. While other factors, such as oxygen, will affect ecosystem
outcomes as well, it would be wise to consider these trends in nitrate when making policy
decisions and constructing marine protected areas (MPAS) to preserve the ecosystems and

fisheries in these productive areas.

5.4. Conclusion

Further research is necessary to inform plans for the future of this area. While this
research has shown trends in past data, it cannot make any mathematical projections about the
future. Improvements to the statistical methods would be beneficial. Specifically, future work on
this topic would benefit from more sophisticated statistical methods for smoothing the time
series data used to build the space time cubes and calculate trends.

Additionally, while the Mann Kendall test is a useful indicator of increase or decrease in
a time series, it does not result in any slope or magnitude of increase or decrease. Space time

cube results might be more useful if linear regression or Sen’s slope statistics could be applied to
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each bin column. The “time series clustering” tool for space time cube analysis may also prove
useful in future research, although comparing clusters built from different data is somewhat
problematic.

Presenters at the 2019 Esri User Conference announced that three-dimensional voxels are
an upcoming feature in ArcGIS, and this new format may revolutionize analysis of datasets such
as this one in the future. While this and other opportunities to improve data analysis techniques
for this and other multidimensional spatio-temporal datasets may soon become more accessible,
It is hoped that the results obtained here may prove useful as they stand. Many researchers are
building models to forecast future change, and these models require a clear understanding of the
mechanisms that affect the system, and accurate data to validate the model. Perhaps the results of
this project will be useful in constructing better and more accurate models for forecasting
changes in this complex ocean environment.

The methods presented in this thesis have plenty of opportunities for improvement. More
exploration of the dataset prior to analysis might have shown that nitrate measurements in the
1970’s were inconsistent, and this would have saved time and effort in discovering this and then
trimming the nitrate data to a shorter time span later. Also, hindsight shows that some
unnecessary columns (such as attributes like oxygen concentration) that were never used were
left in data tables during the original trimming of the data. Removing the superfluous data earlier
on in the process would improve processing speed when analyzing large tables and save memory
for large point shapefiles. Finally, improvements could be made to custom ModelBuilder tools
and the methods for creation of vertical cross sections.

The custom iterative workflows that were developed for this thesis accomplished their

goals but were computationally intensive and took a very long time to run. With a better
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understanding of which tasks take the longest times and greatest processing power, better models
could be created to minimize processing time.

In future development of these methods, it would be beneficial to build some sort of
quality control for EBK3D into the ModelBuilder workflow. The goal would be to ensure that
each iteration of EBK3D meets a certain standard of cross validation. Ideally, a user would be
notified if cross validation results of EBK3D indicated that the interpolated predictions were not
reliable, and the user could then investigate the cause of the inaccuracy of the predictions (for
example, small input sample size, error in measured value, or bias in the data). Data could be
edited or discarded to remedy the errors, and any resulting gaps in data could be filled with the
option to fill empty bins with space time neighbors during the creation of the Space Time Cube.
It may be possible to write a custom Python script to ensure that important summary statistics of
EBKS3D, such as Root Mean Squares, are below a certain threshold of error.

In addition, the workflow for creating target points in vertical cross sections was time-
intensive and inelegant. If this workflow were to be repeated, it might be worth writing scripts in
Python or SQL to automate the construction of a grid of target points for each vertical cross
section, as this was a very monotonous and time-consuming task to do by hand. Because there
were no prior examples of the workflow utilized in this thesis available in related literature, this
novel workflow was created through a process of trial and error. Undoubtedly, future versions of
this workflow could be much more efficient.

While there are many opportunities for improvement of the methods developed in this
research, they may prove useful in analyzing other datasets. Although CalCOFI’s dataset has the
distinction of being the oldest of its kind, there are many other hydrographic datasets worldwide

that could be analyzed using similar methods. Organizations across the globe are seeking new
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methods to understand three-dimensional ocean data. For example, one of the future goals of
Esri’s Ecological Marine Units project is to map change over time in their 3D ocean data
worldwide.

New exploration is continuously taking place in the deep sea and the polar oceans, and in
some areas the oceans are changing faster than we can measure them. It is necessary for
researchers to develop new methods for collecting and analyzing ocean data to understand these
changes quickly. Hopefully the methods and results presented here will contribute to this global

effort.
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Appendix B Trends Not Used in Main Body of Thesis
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Appendix C Anomalous Nitrate Data
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Appendix D Results with “Filmstrips”
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Nitrate 1985=-2017, Horizontal Cross Sections
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