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Abstract: Data from ocean color (OC) remote sensing are considered a cost-effective tool for the
study of biogeochemical processes globally. Satellite-derived chlorophyll, for instance, is considered
an Essential Climate Variable since it is helpful in detecting climate change impacts. Google Earth
Engine (GEE) is a planetary scale tool for remote sensing data analysis. Along with OC data, such
tools allow an unprecedented spatial and temporal scale analysis of water quality monitoring in a
way that has never been done before. Although OC data have been routinely collected at medium
(~1 km) and more recently at high (~250 m) spatial resolution, only coarse resolution (>4 km) data
are available in GEE, making them unattractive for applications in the coastal regions. Data
reprojection is needed prior to making OC data readily available in the GEE. In this paper, we
introduce a simple but practical procedure to reproject and ingest OC data into GEE. The procedure
is applicable to OC swath (Level-2) data and is easily adaptable to higher-level products. The results
showed consistent distributions between swath and reprojected data, building confidence in the
introduced framework. The study aims to start a discussion on making high resolution OC data
readily available in GEE.

Keywords: remote sensing; ocean color; Google Earth Engine; MODIS/Aqua, SGLI/GCOM-C, swath
reprojection, Earth Engine data ingestion

1. Introduction

Satellite observations of ocean color (OC) opened a new window for an
unprecedented monitoring of water quality over spatial and temporal scales not feasible
with in-situ sampling. While OC data have been collected at medium resolution (~1 km)
and in some cases high resolution (~300 m), global datasets are only available at coarse
resolutions (~4 km), limiting the potential benefits that coastal water managers could
obtain from the data. In recent years, the number of high-resolution OC sensors has been
increasing [1]. Nevertheless, global maps of geophysical parameters of interest for water
quality monitoring, e.g., chlorophyll concentration, remain at the traditional 4 km spatial
resolution [2]. Studies interested in the study of coastal phenomena such as red tides,
harmful algal blooms, or eutrophication have always used high-resolution Level-2 data
[2-5] and in some cases even lower-level data [6], which requires high technical expertise.
Since the application of OC data in water quality monitoring is an emerging field, most
practitioners lack the skills to handle these datasets. These difficulties, along with the ever-
increasing data volume, pose additional challenges in terms of data access and processing
[7], not to mention that different data providers have different data access requirements.
To address such challenges a paradigm shift has emerged and cloud computing appears
as a new norm for on-demand data analysis [8].

Google Earth Engine (GEE), a cloud computing platform with petabytes of remote
sensing data and optimized for planetary scale analysis powered by Google cloud
computing [9], is increasingly contributing to the application of remote sensing for
environmental monitoring in various fields [10,11]. Land-based studies and applications
of remote sensing data have achieved tremendous progress in recent years by taking
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advantage of the availability of historical Landsat collections in the GEE to map and
monitor forest cover change, among others [11-16]. What puts GEE at the forefront of
remote sensing data applications, in part, is its scalability and ease-of-use, the capacity to
quickly share analysis ready maps with a simple link, and the possibility of publishing
powerful dynamic web-applications. GEE has transformed the way remote sensing has
been applied to science and decision making by greatly reducing the time and effort
needed to work with large remote sensing datasets. Although the applications and
potentials of GEE grow by the day, to date, the lack of high-resolution OC data remains a
big deterrence to applying GEE in OC related studies.

To address the challenge of Level-2 OC data ingestion into the GEE, this study
introduces a simple procedure for the preprocessing of OC data. The results of our
analysis suggest that Level-2 OC geophysical parameters at their native spatiotemporal
resolution and associated quality flag information can be remapped (reprojected) and
ingested into GEE while retaining the source data statistical characteristics. Since GEE can
handle any dataset at native resolution at the global scale, the significance would be
unparalleled. Studies focusing on algorithm development, OC data performance
evaluation with in-situ data, eutrophication, and red-tides monitoring, just to name a few,
would benefit immensely. This would significantly contribute to calls for the application
of Earth observations in support of Sustainable Developments Goals and the United
Nations Decade of Ocean Science for Sustainable Development. This paper should
encourage different OC users and data providers to preprocess and ingest high-resolution
OC data into the GEE to support the use of these data in studies of coastal water
phenomena and global change.

2. Materials and Methods
2.1 Satellite data

Level-2 OC imagery from the Moderate Resolution Imaging Spectroradiometer
(MODIS) aboard Aqua satellite with a spatial resolution of 1 km, reprocessing 2018
(https://oceancolor.gsfc.nasa.gov/reprocessing/r2018/aqua/) was used to demonstrate the
procedure followed in preprocessing and ingesting Level-2 data into the GEE. The U.S.
National Aeronautics and Space Administration (NASA) Ocean Biology Processing
Group (OBDG) disseminates its Level-2 data in Network Common Data Form 4 (netCDF4)
file format. Each Level-2 file contains geophysical values for each pixel, derived from the
Level-1 radiance by applying sensor calibration (for Level-1A), atmospheric corrections,
and geophysical parameter algorithms. The contents of the Level-2 file are organized in
(i) Global Attributes, (ii) Dimensions (Data Structure), and (iii) Groups. The groups
contain (a) Sensor Band Parameters, (b) Scan-Line Attributes, (c) Geophysical Data, (d)
Navigation Data, and (e) Processing Control. In our data ingestion procedure, we focus
on (c) Geophysical Data while other information such as (b) and (d) was only used during
the reprojection phase. Detailed description of the contents in the netCDF4 file can be
found at https://oceancolor.gsfc.nasa.gov/docs/format/12nc/.

MODIS/Aqua has the longest data record in the history of ocean color observations
spanning a period of 20 years from 2002-07-04 to present, well beyond its design life of 6
years. This sensor measures spectral radiance at 36 bands with bands 8-16 dedicated to
ocean color, phytoplankton, and biogeochemistry (https://modis.gsfc.nasa.gov/about/
specifications.php). It has contributed immensely to studies of marine ecosystems
variability and change, to monitoring coastal eutrophication, and in assisting policy
making for the protection of our environment [2,17-19]. Although MODIS/Aqua
continues to collect valuable data, with its aging, it may reach the end of life at any time.
Meanwhile, new OC sensors with enhanced spatial and temporal resolutions were
launched. One such example is the Second-generation GLobal Imager (SGLI) aboard the
Global Change Observation Mission — Climate (GCOM-C, Shikisai) satellite of the Japan
Aerospace  eXploration Agency (JAXA) launched in  December 2017
(https://shikisai.jaxa.jp/index_en.html). The Shikisai, with its high spatial resolution of 250
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m, is expected to enhance the study of coastal processes [20]. The other example is the first
Geostationary Ocean Color Imager (GOCI) instrument launched in June 2010. GOCIL, with
its hourly images, effectively allows the study of short-term variability of coastal water
phenomena such as red tides [3,21]. This paper provides data ingestion examples for
MODIS/Aqua (R2018) and SGLI/GCOM-C (version 3,
https://suzaku.eorc.jaxa.jp/GCOM_C/data/product_std.html) Level-2 OC products. The
OBPG disseminates OC data from space agencies other than NASA such as MERIS
(Medium Resolution Imaging Spectrometer) data from the European Space Agency or
GOCI data from Korea Ocean Satellite Center. Since all Level-2 data disseminated by the
Ocean Biology Data Active Archive Center (OB.DAAC, https://oceancolor.gsfc.nasa.gov/)
have a consistent data structure, i.e., the same netCDF4 file format, the extension of our
procedure to other sensors should be easy and straightforward.

Unlike MODIS/Aqua, Geophysical Data from the Shikisai are disseminated in two
separate files; one for in-water properties (IWPR) and the other for normalized water
leaving radiance (NWLR). The IWPR file contains derived chlorophyll-a concentration,
absorption coefficient by colored dissolved organic matter (CDOM), and the
concentration of total suspended matter (TSM). Remote sensing reflectance is derived
from the NWLR file. The Shikisai data are disseminated in Hierarchical Data Format
Version 5 (HDF5). Similar to netCDF4, the contents of the HDF5 are organized in groups
with (i) Geometry Data (equivalent to (d) of netCDF4), (ii) Global Attributes, (iii) Image
Data (equivalent to (c)), (iv) Level-1 Attributes, and (v) Processing Attributes. The data
files used in this demonstration are listed in Table 1.

MODIS/Aqua data on 5% May 2022 was retrieved from NASA's OB.DAAC. The
Shikisai data on 3¢ May 2022 were retrieved from the JAXA’s Global Portal System (G-
Portal, https://gportal.jaxa.jp). Both data are freely available from the respective data
portals upon registration.

Table 1. Listing of the files used in the data ingestion demo case. The Python code with the procedure
discussed in this study is available from the link https://github.com/npec/ee-oc-data-ingestion.

Sensor/Satellite Data file

MODIS/Aqua A2022125035500.L.2_LAC_OC.nc
GC1SG1_202205030152F05810_L2SG_IWPRQ_3000.h5
GC1SG1_202205030152F05810_1L.2SG_NWLRQ_3000.h5

SGLI/GCOM-C

2.2 Data Ingestion Workflow
2.1.1 Swath Reprojection

The steps for the Level-2 OC data reprojection up until data ingestion into GEE are
summarized in Figure 1. The first step begins with data retrieval from the providers,
followed by the reprojection (remapping) of Level-2 imagery. The data is reprojected into
a target map projection with a regularly-spaced grid. Level-2 data is in the shape defined
by the satellite field of view representing the portion of the surface observed by the sensor
as it revolves around the Earth. These Level-2 images are often called "swaths". They
represent 2-dimensional (2D) grids of the portion of Earth seen by the satellite sensor and
arranged in x-y coordinates representing, respectively, the pixels per line (the field of
view) and number of lines along the flight path. Such datasets, while gridded, are not
projected onto a regular grid, that is, they are non-uniformly spaced. It, therefore, is
impossible to ingest such data into the GEE directly. Pyresample, a Python package for
the resampling of swath dataset into a grid, or a grid into a swath, or a swath to another
swath, was used to remap swath data using the nearest neighbor (NN) method
(https://pyresample.readthedocs.io/en/latest/). The NN is located using a fast KD-tree
algorithm provided by the pykdtree library. KDTree is short for K-Dimensional Tree, a
space-partitioning data structure for organizing points in a k-dimensional space [22] (in
the case of swath data, a 2-dimensional tree). Pyresample uses 1 neighbor in its NN query.


https://doi.org/10.20944/preprints202208.0484.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 August 2022 d0i:10.20944/preprints202208.0484.v1

This is appropriate for our resampling objective, since Level-2 quality flag information
can be effectively transferred to the target geolocation point without noise, something that
would be very challenging if >1 neighbors were used. In the query for NN, one has to
supply the region of influence, which Pyresample uses as a cutoff distance from the target
pixel center. As we will show later in section 3, we choose a value twice that of the spatial
resolution to compensate for the decrease in resolution as one moves away from the swath
center. Since the NN will return only neighbors within the cutoff distance, some pixels
towards the swath edge may not have a neighbor if the actual spatial resolution is used.
This results from the fact that the pixels at the swath edge are significantly larger than
their counterparts at the center (Appendix A, Figure Al).

OB.DAAC G-Portal o
(NASA, Level-2) (JAXA, Level-2) (88
MODIS/Aqua SGLI/GCOM-C
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Figure 1. Schematic of the data reprojection and ingestion into GEE. The steps are shown in numbers
and a detailed explanation is given in the text.

All bands of either (c) the netCDF4 file or (iii) the HDF5 file can be passed at once
into Pyresample as stacked 2D arrays. During reprojection, Pyresample requires two
geolocation inputs: one for the swath (source geolocation) and the other for the target
map. Source geolocation was derived from the swath navigation data or geometry data
depending on whether the file was netCDF4 or HDF5. The target geolocation was created
using Pyresample geometry helper functions. To create a new target geographic area of
regularly spaced pixels, Pyresample required a pre-defined projection information, area
extent, spatial resolution, height and width, and other relevant information of the target
area. The projection and area extent were created with the help of pyproj, a Python
interface to PROJ (cartographic projections and coordinate transformations library,
https://pyproj4.github.io/pyproj/stable/index.html). We choose the LAEA (Lambert
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azimuthal equal-area projection) since it preserves the pixel area across the domain of the
target map projection. This projection is a good choice, for instance, in ocean color data
applications such as in primary productivity due to its flux-preserving nature.

We used Level-2 swath imagery that intersected our area of interest, the Northwest
Pacific region (115-155 E, 20-60 N). However, for the reprojected swath, the area extent
was defined by the geolocation boundaries of the input swath. We extracted the center
longitude and latitude of the swath and used it to initialize the projection in pyproj. The
center longitude and latitude can be obtained, for example, from the Scan-Line Attributes
in the netCDF4 file. Since the swath images contain the information of the center
longitude/latitude, the center of the target projection would be located half-way across the
scan direction (number of lines). After the projection is initialized, geolocation bounds of
the swath are translated into corresponding values of the target projection (Table 2). Using
the MODIS/Aqua file (Table 1), in Table 2 we provide a Python code snippet of the
projection definition and translation of swath bounds. Bounds were obtained from the
Global Attributes and the center longitude and latitude from the Scan-Line Attributes as
mentioned above. Since the HDF5 file does not contain information of the center scan line,
we estimated this information based on the great circle distance and using the swath
boundary longitude and latitude data. When the same approach was applied to
MODIS/Aqua, the results were consistent with the information given in the netCDF4 file.

Table 2. Python code snippet for projection initialization. The Lambert azimuthal equal-area
projection (laea) is initialized with the center located at the swath scan line center longitude/latitude
median point. The initialized projection was then used to translate the swath bounds in degrees into
the target projection distances in meters. WGS84 stands for World Geodetic System (WGS) 1984,
consisting of a reference ellipsoid, a standard coordinate system, altitude data, and a geoid.

1 import pyproj

2

3 left_lon = 116.2261 # westernmost_longitude
4 lower_lat = 34,5965 # southernmost_latitude
5 right_lon = 152.5978 # easternmost_longitude
6 upper_lat = 56.271 # northernmost latitude
7 lon_@, lat_© = 136.4641, 46.1208

8

9 proj_dict = dict(datum="WGS84', lat_@=lat_@, lon_@=1lon_O, proj='laea')

10 proj = pyproj.Proj(proj_dict)

11 lower_left_x, lower_left_y = proj.transform(left_lon, lower_lat)

12 upper_right_x, upper_right_y = proj.transform(right_lon, upper_lat)

13 area_extent = lower_left_x, lower_left_y, upper_right_x, upper_right_y

14 area_extent

15 (-1843501.546690065, -1052852.120358288, 994320.1613132474, 1233242.3976159848)

After the bounds are defined in the same units as the projection, the target area was
created using Pyresample’s create_area_def() function (Table 3). Note that the nominal
spatial resolution of MODIS/Aqua is 1 km or 1000 m as indicated in the file attributes.
However, 1001 m was passed to Pyresample. In the case of SGLI/GCOM-C with 250 m,
251 m was passed. This was done to ensure that the adjusted pixel resolution of the target
projection did not return smaller than nominal resolution. Internally, Pyresample
determines the spatial resolution based on the height and width of the target projection.
Since we did not provide such information, Pyresample obtains the height (rows) and
width (columns) from the area extent and the provided spatial resolution. If the shape is
already known, it can also be passed to Pyresample, however, the resolution will then be
adjusted accordingly. We could also estimate the shape of the target projection using the
pixel resolution of 1 km (1000.90 m) of the Equal-Area Scalable Earth (EASE) grid
projections (https://nsidc.org/ease/ease-grid-projection-gt). Nevertheless, the resulting
resolution obtained by using the above procedure was similar.
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Table 3. Python code snippet of Pyresample area definition for the target projection. The area
definition is used in step 1 of swath reprojection.

1 from pyresample import create_area_def

2

3 target_area = create_area_def(
4 projection=proj_dict,

5 area_extent=area_extent,

6 resolution=1ee1,

7 units='metres’',

8 area_id="nowpap_region'

9)

10 target_area

WARNING:root:shape found from radius and resolution does not contain only integers:
(2283.810707267006, 2834.9867212820304) Rounding shape to (2284, 2835) and resolution from
(1001.0, 1e01.0) meters to 1000.9953114650132, 1000.9170393932893) meters

Area ID: nowpap_region

Description: nowpap_region

Projection: {'datum': 'WGS84', 'lat @': '46.1208', 'lon_©@': '136.4641', 'no_defs': 'None',
‘proj': 'laea', 'type': 'ers', 'units': 'm', 'x @': 'e', 'y @': '@'}

Number of columns: 2835

Number of rows: 2284

Area extent: (-1843501.5467, -1052852.1204, 994320.1613, 1233242.3976)

212 Output Result

The remapped swaths by Pyresample NN method were then, in step 2, saved in
GeoTIFF file format. Geospatial Data Abstraction Library (GDAL, https://gdal.org/) was
used to create the GeoTIFF file and the metadata of this file were copied from the source
netCDF4 or HDF5 file. The copied metadata are those of the Global Attributes and
attributes of each variable with the exception of geolocation information. Unlike the
netCDF4 file, GeoTIFF file does not allow a mixture of data types, that is, a mix of integers
and floating-point numbers in different bands. In the netCDF4 file, geophysical
parameters are saved as integers except for chlorophyll data which is saved as a floating-
point number. In the case of the HDF5 file Image Data parameters are saved as integers.
Since bit-shifting operations are not supported on floating-point numbers, all data were
scaled and saved as 4-byte signed integers (int32). This was done for consistency with the
Level-2 quality flag information of NASA OC files. The chlorophyll data were scaled into
integers by subtracting an offset of 0.001 [mg m~3], and dividing by the scale factor of 1e-
6, eq. (1). Integers have also the advantage of being easily compressed.

scaled_data = (data — offset) / scale_factor (1)

2.1.3 GEE Pre-Ingestion Step

Prior to the upload and ingestion of the created GeoTIFF into GEE, it is important to
verify that all geolocation tags are correctly written in the file (Table Al). GDAL provide
s methods to translate the GeoTIFF (gdal_translate) into a correctly geolocated image. Mor
eover, before the translation, we can run a GDAL utility (gdaladdo) to build overviews so
that the created file becomes Cloud Optimized GeoTIFF (COG, https://gdal.org/drivers/r
aster/cog.html#raster-cog). COG is a regular GeoTIFF but with added pyramid overview
s, which help with the efficiency of workflows in the cloud. GEE is able to read or load th
ese COGs without ingestion, directly from the Google Cloud storage (https://developers.
google.com/earth-engine/Earth_Engine_asset_from_cloud_geotiff). However, for files bei
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ng ingested into GEE, it is not worth creating COG files since GEE does not currently ma
ke use of the overviews. The COG component will be simply ignored and GEE will creat
e its own COG on the fly. It is also worth noting that gdal_translate can write COGs direct
ly to the output file (https://gdal.org/drivers/raster/cog.html).

After the GeoTIFF file is translated, it can be uploaded into GEE directly through
Code Editor or through Google Cloud bucket wusing the gsutil tool
(https://cloud.google.com/storage/docs/gsutil) followed by issuing an Earth Engine (EE)
upload command in the EE command-line tool. Using a Google Cloud bucket is preferable
if one is ingesting more than a dozen images, in which case manual ingestion through
Code Editor (https://developers.google.com/earth-engine/guides/image_upload)
becomes overwhelming. Note that with a cloud bucket the ingestion process can be
automated although bucket charges will be incurred.

After uploading the GeoTIFF into a cloud bucket, a JSON (JavaScript Object Notation,
https://docs.python.org/3/library/json.html) manifest file needs to be created. The
structure of the JSON file, although complex, gives more flexibility to the user during the
ingestion process. For instance, a multiband GeoTIFF can be uploaded along with its per-
band names, something not feasible with the Code Editor. Additionally, multiple source
files can be combined (mosaiced) into a single image; separate files representing different
bands can be ingested into a multiband image. Further details can be found at
https://developers.google.com/earth-engine/guides/image_manifest. The manifest file
should, at least, contain the target asset ID (the name where the image will be uploaded
to) and the cloud bucket address where the GeoTIFF file resides in the Google Cloud.
Furthermore, global attributes, per-band attributes, and other relevant metadata can also
be appended. A sample code for creating the JSON manifest file using the example images
is included in the GitHub repository (https://github.com/npec/ee-oc-data-ingestion).

214 Ingestion of the GeoTIFF into GEE

The final step is simply to upload the processed GeoTIFF into the GEE. This is
achieved using the EE Python API (https://developers.google.com/earth-
engine/tutorials/community/intro-to-python-api). As mentioned above, the GeoTIFF file
is first uploaded to Google cloud bucket using gsutil. A JSON manifest file with the
GeoTIFF cloud location, the associated metadata, and the target asset ID is then created.
This JSON manifest file is then passed to the EE Python API command line tool to perform
the ingestion. While creating the JSON manifest file we can also indicate the pyramiding
policy to be used by the GEE when generating the COG file. Options for the pyramiding
policy include "MEAN" (default) "MODE", and "SAMPLE". GEE documentation
recommends using “SAMPLE” where “MEAN”" or “MODE” does not make sense as in
the «case of quality flag information (https://developers.google.com/earth-
engine/guides/image_manifest).

In summary, we obtained the swath image from the space agency’s data archive,
reprojected the swath using Pyresample, and saved the results in GeoTIFF file. The
GeoTIFF was then sent to a Google Cloud bucket and subsequently ingested into the GEE
using a JSON manifest file through EE Python API. The full implementation of the above
steps can be found at https://github.com/npec/ee-oc-data-ingestion.

3. Results

We describe the results obtained using the above detailed steps. We compared the
swath with the remapped data within a subset area. The subset area was obtained using
a polygon defined by the swath geolocation data. After the swath was remapped, the
statistics of the pixels falling within this polygon were compared with the original swath
data. The results are detailed below.
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3.1 Mapped Imagery and the Radius of Influence

We first compared the impact of the radius of influence (cutoff distance) on
remapped imagery. We tested two values, one equal to the nominal spatial resolution (R)
and the other twice the spatial resolution (2R, Figure 2). With a cutoff of R, salt-and-
pepper-like noise increases as we move towards the swath edge. The size of the pixels
increases significantly towards the swath edge so that no NN pixels fall within the
distance R. However, with a cutoff of 2R, this scenario is reversed and the remapped result
now looks as smooth as the input swath data. It is worth noting that the 2R cutoff adopted
will not entirely solve this issue since the pixel size in the across-track direction (horizontal
direction from center) becomes 4 times larger than that at the sub-satellite point (nadir
view). In the case of data near the swath center this effect is not observed since the
resolution of both swath and projected grid are almost the same (1:1 correspondence,
Figure A1). Consequently, for the mapping procedure introduced here, the adopted cutoff
value is equal to 2R. Doing so, we minimize significant data gaps introduced by the
decrease in resolution towards the swath edge.

In the case of SGLI/GCOM-C, although the same 2R was used, the difference in using
R or 2R was much smaller even near the swath edge. MODIS/Aqua has a swath width of
about 2330 km, which is about 50% wider than that of SGLI/GCOM-C (1150 km). Also, at
the swath edge the along-track resolution of SGLI/GCOM-C remains consistent to that of
the sub-satellite view and only the across-track becomes twice as big. In contrast, for
MODIS/Aqua, both along and across track pixel sizes become, respectively, twice and four
times as large (Figure Al in Appendix A).
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Figure 2. Reprojection of swath data for the MODIS/Aqua file (Table 1). The reprojection was done
using the NN method. The impact of using R versus 2R is shown on the right panel where the
remapped swath center and edge are compared. Similar example is also given for SGLI/GCOM-C
in Figure A2.
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3.2 Verification of the Remapped Results

We verified the results by examining the probability density of the original swath
versus that of reprojected data (Figure 3). We used data from polygons at the swath edge
(see red box in Figure 2 and Figure A2) where pixel distortions are relatively large. The
results remained consistent between the original swath and the remapped data. This was
expected, since the NN method simply copies the data from the nearest neighbor of the
target cell. The larger pixel size of the swath at the edge results in oversampling, which
increases pixel density at the destination map (target area map). In Figure 3b, the
HISATZEN flag, for instance, had a relative increase of ~191% (100 * (remapped — swath)
/ swath). HISATZEN stands for “sensor view zenith angle exceeds threshold” and at
swath edge this value can exceed 60°. In the case of SGLI/GCOM-C the results remain
consistent since the pixel resolution does not degrade as much. The sample size of the
output for the subset area also increased, as the remapped image retains the resolution of
the center (Table 4).
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Figure 3. Density histogram of swath versus remapped image. (a, c) chlorophyll data and (b, d) the
frequency distributions of associated quality flag information. (a, b) Diagrams were obtained from
MODIS/Aqua data (Figure 2) and (c, d) from SGLI/GCOM-C data (Figure A2). These diagrams wer
e created from the red polygons highlighted at the swath edge in the respective figures. The overla
id curves are the probability distribution functions (PDF) for the same samples. The inset compares
the two PDFs (swath versus remapped). Note the increase in pixel number in the range of 2 to 10 m
g m= associated with the high chlorophyll at the swath edge in (a). Description of MODIS/Aqua fla
gs can be obtained from https://oceancolor.gsfc.nasa.gov/atbd/ocl2flags/. For more on SGLI/GCOM
-C quality flags, see https://suzaku.eorcjaxa.jp/GCOM_C/data/files/ATBD_ocean_ac_murakami_v
2_en.pdf.

As mentioned above, the mean and standard deviation (STD) of MODIS/Aqua (Table
4) remapped data (2R) is slightly higher than the swath data. This is caused by the relative
increase in pixels with high chlorophyll concentration at the swath edge. Nevertheless,
both swath and remapped data follow the same distributions with similar data limits.
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SGLI/GCOM-C results were more consistent as the spatial resolution is much finer and
pixel distortions at the edge remain minimal. The relative increase in valid pixel count
between swath and remapped image was about 116% for MODIS/Aqua but only 31% for
SGLI/GCOM-C.

Table 4. Descriptive statistics for the swath and reprojected data in the subset area at the swath
edge. The statistics were obtained on log-transformed data and results back-transformed to linear.
All data are in mg m- except for count, which is the number of pixels in the polygon extract.

MODIS/Aqua (Edge) SGLI/GCOM-C (Edge)
Remapped Remapped Remapped Remapped
Swath A .) (R)
Count 36591 62630 79000 1313197 1720520 1720520
Mean 0.740 0.723 0.778 0.293 0.307 0.307
STD 1.703 1.697 1.849 2.082 2.118 2.118
Min 0.269 0.292 0.292 0.002 0.002 0.002
25% 0.518 0.513 0.523 0.190 0.194 0.194
50% 0.685 0.666 0.692 0.246 0.254 0.254
75% 0.906 0.864 0.912 0.458 0.483 0.483
Max 93.196 93.196 93.196 89.963 89.963 89.963

JAXA provides a Windows-based Earth Observation Data Conversion Tool (DCT,
https://gportal.jaxa.jp/gpr/information/tool?lang=en) that can be used to remap
SGLI/GCOM-C data prior to ingestion into the GEE. With this tool we can select the same
NN resampling as in our Python-based remapping procedure (PY) but it is not clear from
the documentation how this tool applies the NN method during the remapping. As such,
it is difficult to have an objective comparison with our procedure. Moreover, the target
projection is also fixed to Geodetic latitude/longitude. Our brief comparison of the DCT
remapped data with the swath and the PY method showed consistent statistical metrics
(not shown). However, spatial differences between the PY and DCT were evident
(https://code.earthengine.google.com/4cf92c3e77a5ec53154ec6a168c870bd?hideCode=tru
e). In this link, the detailed spatial differences between the PY- and DCT-based remapping
at the subpixel level were apparent, as the latter uses a degree-based gridding while the
former uses a distance-based step. The DCT had a significant increase in valid pixel
count—83% relative to swath and 39% relative to PY. The histogram of the difference
between PY and DCT highlighted these subpixel differences (Figure 4) since the statistical
characteristics within a given polygon remained consistent (please see the histograms in
the GEE link above). It would be interesting to see how these differences in swath
remapping strategies are reflected in validation analysis as discussed for Level-2 and
higher-level products in [25]. However, such discussion is beyond the scope of this study.
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Figure 4. Chlorophyll-a difference between PY (Python-based) and DCT (JAXA'’s Earth Observation
Data Conversion Tool based) remapped data. Note the logarithmic scale on the y-axis.

Similarly, NASA also has an official Data Analysis Software, SeaDAS, primarily
designed for OC data (https://seadas.gsfc.nasa.gov/downloads/). SeaDAS is able to remap
and directly output GeoTIFF files. Testing the suitability of different mapping software is
out of scope of the current study. With the SeaDAS we can also use the same Lambert
Azimuthal Equal Area projection and NN method as in the PY remapping. Thus, we
expect that the results would be consistent between the two software.

4. Discussion

We introduced a simple procedure to make Level-2 OC geophysical parameters at
their native spatiotemporal resolution, as well as the associated quality flags, readily
available in the GEE. Once ingested these datasets can be curated and be made available
through the GEE data catalog. The results clearly confirmed that the distributions of the
swath versus remapped data remain consistent. This, in part, is because the mapping
strategy only considers a single swath so that issues introduced by temporal averaging
are excluded. The choice of the target projection, the Lambert Azimuthal Equal Area
projection, also leads to transferring the swath resolution onto the target projection,
thereby effectively avoiding spatial distortions and possible errors introduced by
equirectangular grids. Space agencies routinely remap swath data onto a spatial grid over
a certain time period. Some of these spatiotemporally aggregated products mapped onto
a nearly equal-area integerized sinusoidal grid [23] are denoted as Level-3 binned
products. Globally binned maps are then used to create standard mapped products on
equirectangular (Plate Carrée) projection. While Level-3 products are more accessible to
non-expert users than products at lower processing levels, their spatial resolution of 4.64
km is too coarse for applications in nearshore and/or inland waters [24]. Moreover,
satellite-to-in-situ validation analysis showed that the spatial and temporal binning of
swath data beyond the swath spatiotemporal reference introduce uncertainties that result
in discrepancies between Level-2 and Level-3 performance metrics [25].

This study does not intend to introduce a new standard for mapping Level-2 OC
data, but emphasizes the opportunities provided by the flexibility and scalability of GEE
for OC applications. The availability of higher spatial resolution datasets has been
increasing in recent years, but advances in their applications have been slow, in part,
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because of challenges in working with these datasets using conventional means, in which
case GEE can fill the gap.

The availability of high-resolution Landsat and other public datasets in GEE has
allowed the study of various environmental changes—extending to both management
and conservation activities—globally at unprecedented spatial and temporal scales
[16,26-30]. The Global Eutrophication Watch [2] is among the few OC data application
studies to leverage the potentials of GEE for interactive mapping of global change of
coastal ecosystems. The lack of high spatial resolution OC products in the GEE remains a
limiting factor. For instance, the GEE IssueTracker includes researcher and practitioner
requests for addition of higher OC datasets for monitoring of coastal phenomena like
cyanobacteria blooms (e.g., issues 34740451 and 139056084). This study, in part, responds
to this demand by contributing a simple but practical way of porting Level-2 OC datasets
into GEE. Ideally, data ingestion would be sustainable if it is happening in concert with
space agencies.

We anticipate that this study will pave the way to making high resolution OC
datasets readily accessible through the GEE data catalog. Such data, among others, can
immensely benefit efforts to develop regional algorithms and OC data validations
activities. Intercalibration of OC products from different OC sensors is another laborious
and resource-intensive task that can benefit enormously from the power of GEE. The
availability of these high-resolution datasets in GEE can further enhance the efforts of the
Group of Earth Observations (GEO) in making Earth observations data more accessible to
support science and decision making [7]. The partnership between GEO and GEE is one
example of the efforts being made towards the use of Earth observations in support of
sustainable development goals. The availability of high-resolution datasets in GEE will
contribute to the Ocean Decade Challenges for collective impact in which challenge 7 is
aimed at expanding the Global Ocean Observing System.
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Appendix A. [llustrations of the swath pixel resolution at the swath center and edge,
description of the target projection, and the remapping of the SGLI/GCOM
sample data.
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Figure Al. Illustrations of pixel resolution of swath (red) and of map-projected grid (gray) for
MODIS/Aqua (top) and SGLI/GCOM-C (bottom). The right panel shows the pixel frame which is
equilateral at the sub-satellite location with the resolution equal to the nominal value. The left panel
is the same as the right but at the swath edge where the resolution degrades significantly.

Table Al. Example of coordinate system and image structure output by “gdalinfo” for the
MODIS/Aqua target map projection. Note that the corner coordinates are reported in metric
distances along with corresponding latitude and longitude values.
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Files: A2022125035500.L2 LAC_OC.tif
Size is 2835, 2284
Coordinate System is:
PROJCRS[ "laea”,
BASEGEOGCRS[ "WGS 847,
DATUM[ "World Geodetic System 1984",
ELLIPSOID[ "WGS 84",6378137,298.257223563,
LEMGTHUNIT[ "metre”,1]]],
PRIMEM[ “Greenwich™,a,
ANGLEUNIT[ "degree”,@.08174532925199423] ],
ID[“EPSG",4326]],
COMVERSION[“Lambert Azimuthal Equal Area”,
METHOD[ “Lambert Azimuthal Equal Area®,
10 "EPsG",9828]],
PARAMETER[ "Latitude of natural origin®,46.1208457946777,
ANGLEUNIT[ "degree",®.8174532925199431],
10[ "EPsG"”,8801] ],
PARAMETER[ "Longitude of natural origin®,136.464886810547,
ANGLEUNIT[ "degree”,@.8174532925199431],
ID["EPSG",8802]],
PARMMETER[ "False easting”,@,
LENGTHUNIT[ "metre”,1],
ID["EPSG",8806]],
PARAMETER[ “False northing”,a,
LENGTHUNIT[ "metre”,1],
1D[ "EPse”,8887]]],
cs[cartesian,2],
AXIS[{"(E)" ,east,
ORDER[1],
LENGTHUNIT[ “metre”,1]],
AXIS["{N)",north,
ORDER[2],
LENGTHUNIT[ "metre”,1]]]
Data axis to CRS axis mapping: 1,2
origin = (-1843582,892211684444919,1233236,7070959447883087)
pixel size = (1080.995830975200761, -1808.916434531943764)
Image Structure Metadata:
COMPRESSION=LZW
INTERLEAVE=PIXEL
LAYOUT=CO0G
Corner Coordinates:
upper Left (-1843502,892, 1233236.707) (187d32'42.65"E, 54d 2'27.62"N)
Lower Left (-1843502.892,-1052856.429) (116d13'33.87"F, 34d35'47.42"N)
Upper Right ( 994321.889, 1233236.707) (152d35'52.86"E, 56d16'15.57"N)
Lower Right ( ©994321.089,-1952856.420) (147d29'43.43"E, 36d 2' 1.38"N)
center ( -424598.582, 90199.139) (13ed53'48.867E, 46047'54.227N)

Swath (Edge) Swath (Centre)

Remapped (Centre-R)

Remapped (Centre-2R)

133 134 135 136

Figure A2. Same as in Figure 2 but for SGLI/GCOM-C. Sample data used is indicated in Table 1. At
the center box, a patch of isolated high chlorophyll can be seen swirling clockwise. The area is
known to be eddy rich with significant impacts on phytoplankton bloom timing [31,32].
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