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CHAPTER 1

Getting Started

1.1 Welcome

Welcome to the user documentation for the Multi-Mission Algorithm and Analysis Platform (MAAP), a collabo-
rative NASA/ESA project for the support of aboveground biomass research.

1.1.1 About the MAAP

The MAAP platform is designed to combine data, algorithms, and computational abilities for the processing and
sharing of data related to NASA’s GEDI, ESA’s BIOMASS, and NASA/ISRO’s NISAR missions. These missions
generate vastly greater amounts of data than previous Earth observation missions. There are unique challenges to
processing, storing, and sharing the relevant data due to the high data volume as well as with the data being collected
from varied satellites, aircraft, and ground stations with different resolutions, coverages, and processing levels.

MAAP aims to address unique challenges by making it easier to discover and use biomass relevant data, inte-
grating the data for comparison, analysis, evaluation, and generation. An algorithm development environment
(ADE) is used to create repeatable and sharable science tools for the research community. The software is open source
and adheres to ESA’s and NASA’s commitment to open data.

NASA and ESA are collaborating to further the interoperability of biomass relevant data and metadata. Tools
have been developed to support a new approach to data stewardship and there is a data publication workflow for
organizing and storing data and generating metadata to be discoverable in a cloud-based centralized location. The
platform and data stewardship approaches are designed to ease barriers and promote collaboration between researchers,
providers, curators, and experts across NASA and ESA.

This guide aims to help users get started with using the platform for searching, visualizing, accessing, process-
ing, querying, and sharing biomass relevant data to the MAAP. These data, collected from satellites, aircraft, and
ground stations, are organized into collections and granules. Collections are a grouping of files that share the same
product specification. Granules are the individual files which are independently described, inventoried, and retrieved
within a collection. Granules inherit additional attributes from their containing collection. Explanations of the various
functions available in MAAP to use in the ADE will also be explored.
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1.1.2 Planned Topics

The following is a list of existing and planned concepts to be covered in the completed version of this guide:

User Guides

* How To Git Clone a Repository Into the Algorithm Development Environment (ADE)

 Searching

How to Search Collections in MAAP

How to Search Granules in MAAP

Available CMR Collections in MAAP

* Visualizing

— How to Visualize Web Map Tile Service (WMTS) Layers

— How to Visualize 3D Tiles Layers
* Accessing
— How to Access Data from the MAAP
— How to Access EDAV Data via Web Coverage Service
* Querying
— How to Query Data from the MAAP via Python Client
— Fields Within the Gedi Cal/Val Data
— How to Query ATLO8 Entwine Point Tiles
e User Data
— How to Share Data Products to the MAAP Data Store
Registering an Algorithm
* How Do I Register My Algorithm to MAS?
* How Do I Delete My Algorithm from MAS?
* How Do I View Algorithms Already Registered in MAS?
* Running a Data Processing System (DPS) Job
How Do I Run a DPS Job?
* How Do I Check the Status of My DPS Job?
* How Do I Get the Results from My DPS Job?
Frequently Asked Questions (FAQs)
* How Do I Name My Workspace Something Useful?
* How Do I Share My Workspace with Another MAAP User?

* How Do I Copy My EarthData Search into My Jupyter Notebook?

How to Use the MAAP Earthdata Search Client Graphical User Interface

How to Search for and Compile a List of Granule IDs for Batch Processing

e How Do I Import Granules over from My EarthData Search into My Jupyter Notebook?

Which Files in My Workspace Are Persistent, and Which Ones Are Only Available in My Workspace?

Chapter 1. Getting Started
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Platform Technical Documentation
* ADE Workspace
— How to Create Workspaces
— How to Share Workspaces
* ADE Projects
— How to Create a Project
— How to Add a Project to Your Workspace
— How to Update Your Project from inside Your Workspace
* ADE EarthData Search
— How to Find Data
— How to Add Data to a Notebook
— How to Visualize Data in a Notebook
* ADE Common Mapping Client
— How to Get Started
— API Documentation
* ADE Jupyter Notebook Magics
— Load the Inline Magics in Notebook
— Auvailable Magics
* ADE Workspace and Data Collaboration
— Organizations
— How to Share Data
* ADE SSH
— SSH Access
* ADE User Interface Do’s/Don’t
— Side Panel
— Workspace Administration
— How to Manage a Workspace
* DPS Algorithms
— List Algorithms
— Describe an Algorithm
— Register an Algorithm
— Delete an Algorithm
* DPS Job Submission
— List Previous Jobs
— Execute a Job

— Check Job Status

1.1. Welcome
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— Check Job Results
— Delete Job

— Dismiss Job

API Documentation

1.2 Getting started with the MAAP

Learn how to sign up for an account and access all the services of the MAAP.

1.2.1 Signing up for an Earthdata Login account

cmr Operations Related to CMR

mas Operations to Register an Algorithm

dps Operations to Interface with HySDS Mozart
wmt s Retrieve Tiles

wms WMS GetMap

members Operations for MAAP Members

query Operations for Query Service

The MAAP offers accounts for NASA users through Earthdata Login. Before accessing the MAAP as a NASA
user, you will need to create an Earthdata Login account. Anyone can register for an Earthdata Login profile here:
https://urs.earthdata.nasa.gov/users/new.

1.2.2 Signing up for a new MAAP account

Once registered, you can register for a MAAP account by navigating to the MAAP ADE at http://ade.ops.maap-project.

org. On your first visit, select the “URS” login button shown here:

Chapter 1. Getting Started


https://urs.earthdata.nasa.gov/
https://urs.earthdata.nasa.gov/users/new
http://ade.ops.maap-project.org
http://ade.ops.maap-project.org

maap-docs

<5~ NASAMAAP

NASA MAAP ADE

NASA MAAP Algorithm Development Environment based on EclipseChe and JupyterLab

Login with:

%) URS

If this is your first visit to the MAAP, you will be asked to agree to the MAAP Terms of Use:

1.2. Getting started with the MAAP 5
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iv. Use of the MAAP in or to create content for any books, news |
purposes other than U.S. Government Purposes.
11. Publication of research which utilized the MAAP should prope:

the MAAP and provide citations in appropriate journals or other estal
dissemination as soon as practicable and consistent with good scient:
copies of upcoming reports or publications by users shall be furnishi
informational purposes only. When possible, users should make reason:
these courtesy copies prior to publication.

| agree to the terms of End User License Agreement
(Please select the checkbox to Agree)

AGREE

Once registered, you should be redirected back to the MAAP ADE showing a disabled account message similar to
this:

6 Chapter 1. Getting Started
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Your MAAP account is disabled or hasn't yet
been activated. Please contact a MAAP admin
for access.

~ Eclipse Che

Forgot Password?

Log In

At this point, a MAAP administrator will approve your account, which will grant you access to the MAAP ADE. This
process typically takes 5-10 minutes. To check on the status of your pending account, contact the MAAP team at
support@maap-project.org.

Once your MAAP account is approved, you will receive an email notification using the address of your Earthdata
Login account to let you know that your access is enabled.

1.2.3 Code repository access

After creating your MAAP account, you can create a code repository by navigating to the MAAP GitLab account at
https://repo.ops.maap-project.org. This GitLab account is connected to your ADE workspaces automatically when
signing into the ADE.

1.2. Getting started with the MAAP 7
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1.2.4 Uploading your public SSH key

In order to access your ADE workspaces using SSH, you’ll need to upload your public SSH key to your MAAP profile
using the MAAP portal at https://ops.maap-project.org.

Click on your profile name (or the “Login” button) in the top right corner shown here:

“2~) NASAMAAP News | Bl

On your profile page, click the “Choose File” button to upload your key.

» Account details

Public SSH Key

Your public SSH key allows you to establish a secure connection between your computer and your MAA

existing key.

Choose File |No file chosen

After uploading your key, the SSH connection will be enabled after your next login into the ADE.

1.2.5 Note on future URL changes

The “.ops.maap-project.org” URLs referenced in this guide will be converted to “.maap-project.org” once the version
one of MAAP is released in the near future. At that time, these URLs will be updated accordingly.

1.3 How To Git Clone a Repository Into the Algorithm Development
Environment (ADE)

This example walks through cloning a repository into the ADE. Cloning a repository allows you to open, edit, and
run files contained within the cloned repository. In this example, we look at cloning the “MAAP-Project/maap-
documentation” Git repository, so that you are able to experiment with the code examples contained within this user
documentation.

8 Chapter 1. Getting Started
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When inside of a workspace, navigate to Git tab at the top of the Jupyter window. Click it to see the option to Clone.

Git | Data Search DPS/MAS QOperations

Git Interface
Open Git Repository in Terminal
Init

Clone

Tutorial b

Simple staging

We can also access the “Clone a repo” dialogue box by selecting the File Browser tab on the

JupyterLab sidebar and using the Git Clone ¢ button located at the top of the sidebar. The “Clone a
repo” dialogue box prompts you to enter the URI of the repository you wish to clone. For this exam-
ple we enter ” https://github.com/MAAP-Project/maap-documentation.git “.  This can be found by visiting
the GitHub site for the “MAAP-Project/maap-documentation” Git repository and clicking the Code button.

1.3. How To Git Clone a Repository Into the Algorithm Development Environment (ADE) 9


https://github.com/MAAP-Project/maap-documentation.git
https://github.com/MAAP-Project/maap-documentation

maap-docs

H MAAP-Project / maap-documentation

<> Code (® Issues 1 Il Pull requests 2 () Actions [ Projects

¥ develop ~ ¥ 9 branches © 0 tags

spa0002 Merge pull request #43 from MAAP-Project/sayers-eday

' docs Updated edav_wcs_dat
M .gitignore updated ignore to pre\
[y CONTRIBUTING.md minor changes to cont
Y README.md added installation a bu
) readthedocs.yml trying different installir
™  requirements.txt trying different installir

Then press the CLONE button to clone the repository into the ADE.

Clone a repo

Enter the Clone URI of the repository

>_Project/maap-documentation.git |

With the File Browser tab on the JupyterLab sidebar selected, a folder named “maap-documentation” should now

10 Chapter 1. Getting Started
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appear under the “projects” directory. Folders for the various sections of the guide can be found in the “docs/source/”
directory.

+ s c

BB/ -+ / docs / source /

Name - Last Modified
B :tatic a month ago
B access a month ago
B query a month ago
B search a month ago
B user data a month ago
B visualization a month ago
@ confpy a month ago
[ index.rst a month ago
| welcome.ipynb a month ago

To open the IPython Notebook for an example, go to a section directory and double-click on appropriate “.ipynb” file.
For more information about the using Git in Jupyterlab, see https://github.com/jupyterlab/jupyterlab-git .

1.3. How To Git Clone a Repository Into the Algorithm Development Environment (ADE) 11
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CHAPTER 2

Science Examples

2.1 Harmonized Landsat Sentinel (HLS) Search and Composite

In this tutorial, we will search the LPDAAC for HLS 30m optical imagery that intersects an AOI. We will filter the
catalog based on a cloud cover % and build a maximum-NDVI composite image, including a suite of popular indices.
We will begin by installing any packages we need and importing the packages that we will use.

If needed the following packages should be installed:

: # cleanup data: removes data files that should be replaced

'rm -rf ./local-s3.json
'rm -rf ./sample. json

if False:
!conda install -c conda-forge pystac-client -y
!conda install -c conda-forge rio-tiler -y
Prerequisites
* geopandas
e folium
* pystac-client

e rio_tiler

Uncomment the following lines to install these packages if you haven't already.
!pip install geopandas

!pip install folium

!pip install pystac-client

!pip install rio_tiler

We will now import a suite of packages that we will need:

13



maap-docs

from maap.maap import MAAP

maap = MAAP (maap_host='"api.ops.maap-project.org')
import geopandas as gpd

import folium

import h5py

import pandas

import matplotlib

import matplotlib.pyplot as plt

from shapely.geometry import Polygon
from pystac_client import Client
import datetime

import os

import rasterio as rio

import boto3

import Jjson

import botocore

from rasterio.session import AWSSession
from rio_tiler.io import COGReader
import numpy as np

import matplotlib

import matplotlib.pyplot as plt

/opt/conda/lib/python3.7/site-packages/geopandas/_compat.py:115: UserWarning: The

—Shapely GEOS version (3.11.1-CAPI-1.17.1) is incompatible with the GEOS version,,

—PyGEOS was compiled with (3.8.1-CAPI-1.13.3). Conversions between both will be slow.
shapely_geos_version, geos_capi_version_string

2.1.1 Creating an AOI

To begin we will create a polygon in a forested area in Virginia, USA. We will do this by providing a number of lat/lon
coordinates and creating an AOI.

lon_coords = [-80, -80, -79., -79, -80]
lat_coords = [39, 38.2, 38.2, 39, 39]

polygon_geom = Polygon(zip (lon_coords, lat_coords))

crs = 'epsg:4326"

AOI = gpd.GeoDataFrame (index=[0], crs=crs, geometry=[polygon_geom])
AQOI_bbox = AOI.bounds.iloc[0].to_list ()

We can visualize this polygon using a folium interactive map.

m = folium.Map([38.5,-79.3], zoom_start=9, tiles='OpenStreetMap')
folium.GeoJson (AOI) .add_to (m)

folium.LatLngPopup () .add_to (m)

m

<folium.folium.Map at 0x7ff7aba868d0>

2.1.2 Accessing the HLS Data

To be able to access the HLS imagery we need to activate a ‘rasterio’ AWS session. This will give us the required
access keys that we need to search and read data from the LPDAAC S3 bucket.

14 Chapter 2. Science Examples
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def get_aws_session_DAAC() :
"""Create a Rasterio AWS Session with Credentials"""
creds = maap.aws.earthdata_s3_credentials ('https://data.lpdaac.earthdatacloud.
—nasa.gov/s3credentials')
boto3_session = boto3.Session(
aws_access_key_id=creds|['accessKeyId'],
aws_secret_access_key=creds|['secretAccessKey'],
aws_session_token=creds|'sessionToken'],
region_name='us-west-2"'
)

return AWSSession (boto3_session)

print ('Getting AWS credentials...')
aws_session = get_aws_session_DAAC ()
print ('Finished")

Getting AWS credentials...
Finished

Now that we have our session credentials set up, we can search the HLS catalog using the following function, filtering
by spatial extent (our AOI) and a time window:

def query_stac(year, bbox, max_cloud, api, start_month_day, end_month_day) :
print ('opening client')
catalog = Client.open (api)

date_min = str(year) + '-' + start_month_day
print ('start_month_day:\t\t', start_month_day)
print ('end_month_day:\t\t', end_month_day)
date_max = str(year) + '-' + end_month_day
start_date = datetime.datetime.strptime (date_min,
end_date = datetime.datetime.strptime (date_max, "$Y-%m-3%d")
start = start_date.strftime("$Y-3m-2dT00:00:002™)

end = end_date.strftime ("$Y-%m—2dT23:59:592")

print ('start date, end date:\t\t', start, end)
print ('\nConducting HLS search now...")

search = catalog.search (
collections=["HLSL30.v2.0"],
datetime=[start,end],
bbox=bbox,
max_items=500, # for testing, and keep it from hanging
# query={"eo:cloud cover":{"1t":20}} #doesn't work
)
print (f"Search query parameters:\n{search}\n")
results = search.get_all items_as_dict ()

return results

Here we run our STAC search and write the results out to a JSON file so we can access it later.

search = query_stac (2020, AOI_bbox, 20, 'https://cmr.earthdata.nasa.gov/stac/LPCLOUD',
— '06-01', '09-30")

with open("./sample. json", "w") as outfile:
json.dump (search, outfile)

2.1. Harmonized Landsat Sentinel (HLS) Search and Composite 15
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opening client

start_month_day: 06-01
end_month_day: 09-30
start date, end date: 2020-06-01T00:00:00Z 2020-09-30T23:59:597

Conducting HLS search now...
Search query parameters:
<pystac_client.item_search.ItemSearch object at O0x7ff7aba2b6d0>

So far, we have not filtered by cloud cover, which is a common filtering parameter for optical imagery. We can use the
metadata files included in our STAC search to find the amount of cloud cover in each file and decide if it meets our
threshold or not. We will set a cloud cover threshold of 50%. While we are doing this, we will also change the URLs
to access the optical imagery from “https://” to AWS S3 URLSs (“S3://”).

def write_local_data_and_catalog_s3(catalog, bands, save_path, cloud_cover, s3_path=
—"s3://")
""'Given path to a response json from a sat—-api query, make a copy changing urls,,
—~to local paths'''
creds = maap.aws.earthdata_s3_credentials ('https://data.lpdaac.earthdatacloud.
—nasa.gov/s3credentials')
aws_session = boto3.session.Session (
aws_access_key_id=creds|['accessKeyId'],
aws_secret_access_key=creds|['secretAccessKey'],
aws_session_token=creds|'sessionToken'],
region_name='us-west-2")
s3 = aws_session.client ('s3")

with open (catalog) as f:
clean_features = []
asset_catalog = json.load(f)

# Remove duplicate scenes
features = asset_catalog['features']

for feature in features:
umm__json = feature['links'][6]['href']
umm_data = !curl -i {umm_json}
for line in umm_data:
if "CLOUD_COVERAGE" in line:

cc_perc = (int(line.split ("CLOUD_COVERAGE") [-1].split("'"") [4]))
if cc_perc > cloud_cover:
pass
else:
try:
for band in bands:
output_file = feature['assets'] [band]['href'].replace (

—'https://data.lpdaac.earthdatacloud.nasa.gov/', s3_path)
bucket_name = output_file.split ("/") [2]
s3_key = "/".join (output_file.split ("/") [3:])
head = s3.head_object (Bucket = bucket_name, Key = s3_
—key, RequestPayer='requester')
if head['ResponseMetadata'] ['HTTPStatusCode'] == 200:
feature['assets'] [band] ['href'] = output_file
clean_features.append (feature)
except botocore.exceptions.ClientError as e:
if e.response['Error']['Code'] == "404":

(continues on next page)

16 Chapter 2. Science Examples


https://

[117]:

[12]:

[13]:

maap-docs

(continued from previous page)

print (f"The object does not exist. {output_file}")

else:
raise
# save and updated catalog with local paths
asset_catalog|['features'] = clean_features

local_catalog = catalog.replace('sample', 'local-s3'")
with open(local_catalog, 'w') as jsonfile:
json.dump (asset_catalog, Jjsonfile)

return local_catalog

When run, this will create a new JSON file that will only include files that meet our cloud cover threshold and have S3
URLs.

local_cat = write_local_data_and_catalog_s3('./sample.json', ['B02','B03','B04','B05',
—~'B06','BO07', 'Fmask'], './', 60, s3_path="s3://")

Now that we have images that meet our requirements, we will composite them into a multiband image for our AOI.
We will composite the image on a band-by-band basis, so we first have to get a list of all the file paths for each band.

def GetBandLists (inJSON, bandnum, tiles=['"']):
bands = dict({2:'B02', 3:'B03', 4:'B04', 5:'B05', 6:'BO06', 7:'B07',8:"'Fmask'})

BandList = []
with open (inJSON) as f:
response = json.load(f)
for i in range(len(response|['features'])):
try:
getBand = response['features'][i]['assets'] [bands[bandnum]]['href']

# check 's3' is at position [:2]
if getBand.startswith('s3', 0, 2):
BandList.append (getBand)
except Exception as e:
print (e)

BandList.sort ()
return BandList

We will build a band list of file paths for each image band. We will also access the ‘fmask’ band to mask out clouds.

blue_bands = GetBandLists('./local-s3.json', 2)

green_bands = GetBandLists('./local-s3.]json', 3)
red_bands = GetBandLists('./local-s3.json', 4)
nir_bands = GetBandLists('./local-s3.json', 5)
swir_bands = GetBandLists('./local-s3.json', 6)

swir2_bands = GetBandLists('./local-s3.json', 7)
fmask_bands = GetBandLists('./local-s3.json', 8)

print ('number of each images in each band = ', len(blue_bands))

number of each images in each band = 21

2.1.3 Reading in HLS data and creating composite

We will not read all of the HLS data, as we only need what’s included in our AOI. To do this “windowed read” we need
to know the dimensions, in pixels, of the window. To do this we need to convert our AOI to a projected coordinate
system (UTM) and calculate the number of columns and rows we will need, using a pixel resolution of 30m.

2.1. Harmonized Landsat Sentinel (HLS) Search and Composite 17
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def get_shape (bbox, res=30):
left, bottom, right, top = bbox
width = int ((right-left) /res)
height = int ((top-bottom) /res)

return height, width

# convert to m
AOI_utm = AOI.to_crs('epsg:32617")
height, width = get_shape (AOI_utm.bounds.iloc[0].to_list())

When building a maximum-NDVI composite, the first data we need is the red and NIR bands to make an NDVI band
for each image. We will use ‘riotiler’ to perform a windowed read of our data. We will also read the ‘fmask’ layer as
we can use this to mask out unwanted pixels.

def ReadData(file, in_bbox, height, width, epsg="epsg:4326", dst_crs="epsg:4326"):
"'"'Read a window of data from the raster matching the tile bbox'''
with COGReader (file) as cog:
img = cog.part (in_bbox, bounds_crs=epsg, max_size=None, dst_crs=dst_crs,
—height=height, width=width)

return (np.squeeze (img.as_masked() .astype (np.float32)) % 0.0001)

Our AWS session has an expiry time. Now would be a good time to renew our access key to ensure we do not encounter
any timeout issues.

print ('Getting AWS credentials...')
aws_session = get_aws_session_DAAC ()
print ('Finished')

Getting AWS credentials...
Finished

Using our renewed session, for each band we will read in the relevant band in each of our images, creating an array of
image bands.

with rio.Env (aws_session) :

print ('reading red bands...'")

red_stack = np.array ([ReadData (red_bands[i], AOI_bbox, height, width, epsg="epsg:
—4326", dst_crs="epsg:4326") for i in range(len(red_bands))])

print ('reading nir bands...'")

nir_stack = np.array([ReadData (nir_bands[i], AOI_bbox, height, width, epsg="epsg:
—4326", dst_crs="epsg:4326") for i in range(len(nir_bands))])

print ('reading fmask bands...'")

fmask_stack = np.array([ReadData (fmask_bands[i], AOI_bbox, height, width, epsg=
—"epsg:4326", dst_crs="epsg:4326") for i in range(len (fmask_lbands))])

print ('finished')

print ("number of red_bands = ", np.shape(red_stack) [0])

reading red bands...
reading nir bands...
reading fmask bands...
finished

number of red_bands = 21
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Now that we have our red band array and NIR band array we can make an NDVI image. While we do this, we will
also apply our ‘fmask’ to remove any pixels that contain clouds.

ndvi_stack = np.ma.array(np.where(((fmask_stack==1)), -9999, (nir_stack-red_stack)/
< (nir_stack+red_stack)))
ndvi_stack = np.where((~np.isfinite(ndvi_stack)) | (ndvi_stack>1), -9999, ndvi_stack)

/opt/conda/lib/python3.7/site-packages/ipykernel_ launcher.py:1: RuntimeWarning:
—divide by zero encountered in true_divide
"""Entry point for launching an IPython kernel.

At this point, we can plot our images and see which ones contain cloud coverage. These images have gaps where there
is no data or cloud coverage.

fig, axes = plt.subplots (3,7, figsize=(33,30))

for i, ax in enumerate (axes.flat):
ndvi_stack[i] = np.where((ndvi_stack[i]>1) | (ndvi_stack[i]<-1), 0, ndvi_stack[i])
ax.axes.xaxls.set_visible (False)
ax.axes.yaxis.set_visible (False)
ax.imshow (ndvi_stack[i], cmap='viridis', clim=(0.1, 0.5))

Now that we have a stack of NDVI bands, we can create an index band that maps the pixel position from each band
where the NDVI value is greatest. We can use this to locate the pixels we want to use in our composite.

2.1. Harmonized Landsat Sentinel (HLS) Search and Composite 19
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# Create Bool mask where there is no value in any of the NDVI layers
print ("Make NDVI valid mask")

print ("shape:\t\t", np.ma.array (ndvi_stack) .shape)

MaxNDVI = np.ma.max (np.ma.array (ndvi_stack),axis=0)

BoolMask = np.ma.getmask (MaxNDVI)

del MaxNDVI

## Get the argmax index positions from the stack of NDVI images
print ("Get stack nan mask")

ndvi_stack = np.ma.array (ndvi_stack)

print ("Calculate Stack max NDVI image")

NDVImax = np.nanargmax (ndvi_stack,axis=0)

## create a tmp array (binary mask) of the same input shape
NDVItmp = np.ma.zeros (ndvi_stack.shape, dtype=bool)

## for each dimension assign the index position (flattens the array to a LUT)
print ("Create LUT of max NDVI positions")
for i in range (np.shape (ndvi_stack) [0]) :

NDVItmp[i, :, : ]=NDVImax==i

Make NDVI valid mask

shape: (21, 3006, 2951)
Get stack nan mask

Calculate Stack max NDVI image
Create LUT of max NDVI positions

Now that we have our NDVI lookup table and a list of all the images for each band, we can make composites based
on the maximum NDVI value. For this, we will use the following two functions.

def CollapseBands (inArr, NDVItmp, BoolMask) :
inArr = np.ma.masked_equal (inArr, 0)
inArr[np.logical_not (NDVItmp) ]=0
compImg = np.ma.masked_array (inArr.sum(0), BoolMask)
#print (compImg)
return compImg

def CreateComposite(file_list, NDVItmp, BoolMask, in_bbox, height, width, epsg, dst_
—Crs) :

MaskedFile = [ReadData (file_list[i], in_bbox, height, width, epsg, dst_crs) for i
—in range(len(file_list))]

Composite=CollapseBands (MaskedFile, NDVItmp, BoolMask)

return Composite

For each band, we will read all the images (for the required band) and create a composite based on the maximum
NDVI value.

aws_session = get_aws_session_DAAC ()
with rio.Env (aws_session) :

print ('Creating Blue Composite')

blue_comp = CreateComposite (blue_bands, NDVItmp, BoolMask, AOI_bbox, height,
—width, "epsg:4326", "epsg:4326")

print ('Creating Green Composite')

green_comp = CreateComposite (green_bands, NDVItmp, BoolMask, AOI_bbox, height,
—width, "epsg:4326", "epsg:4326")

print ('Creating Red Composite')

red_comp = CreateComposite (red_bands, NDVItmp, BoolMask, AOI_bbox, height, width,
—"epsg:4326", "epsg:4326")

(continues on next page)
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print ('Creating NIR Composite')

nir_comp = CreateComposite (nir_bands, NDVItmp, BoolMask, AOI_bbox, height, width,
—"epsg:4326", "epsg:4326")

print ('Creating SWIR Composite')

swir_comp = CreateComposite (swir_bands, NDVItmp, BoolMask, AOI_bbox, height,
—width, "epsg:4326", "epsg:4326")

print ('Creating SWIR2 Composite')

swir2_comp = CreateComposite(swir2_bands, NDVItmp, BoolMask, AOI_bbox, height,
—width, "epsg:4326", "epsg:4326")

print ('Creating NDVI Composite')

ndvi_comp = CollapseBands (ndvi_stack, NDVItmp, BoolMask)

print ('Creating fmask Composite')

fmask_comp CollapseBands (fmask_stack, NDVItmp, BoolMask)

Creating Blue Composite
Creating Green Composite
Creating Red Composite
Creating NIR Composite
Creating SWIR Composite
Creating SWIR2 Composite
Creating NDVI Composite
Creating fmask Composite

We can look at our NDVI composite image and see we now have a complete image for our AOI.

fig, axes = plt.subplots(l,1, figsize=(20,20))
ax.axes.xaxls.set_visible (False)
ax.axes.yaxis.set_visible (False)

plt.imshow (np.where (fmask_comp==1, -9999, ndvi_comp))

<matplotlib.image.AxesImage at O0x7f£8d3£fdd5d0>
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Now that we have a 7-band composite image, we can use these bands to calculate a suite of common vegetation indices
using the following functions.

[24]: # SAVI
def calcSAVI (red, nir):
savi = ((nir - red)/(nir + red + 0.5))*(1.5)
print ("\tSAVI Created')
return savi

# NDMI
def calcNDMI (nir, swir):
ndmi = (nir - swir)/(nir + swir)

print ("\tNDMI Created')

(continues on next page)
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(continued from previous page)

return ndmi

# EVI
def calcEVI (blue, red, nir):
evi = 2.5 x ((nir - red) / (nir + 6 x red — 7.5 * blue + 1))

print ('\tEVI Created')
return evi

# NBR
def calcNBR(nir, swir2):
nbr = (nir - swir2)/(nir + swir2)

print ('\tNBR Created')
return nbr

# MSAVI
def calcMSAVI (red, nir):
msavi = (2 * nir + 1 — np.sqgrt((2 * nir + 1)*x2 - 8 % (nir - red))) / 2

print ('\tMSAVI Created')
return msavi

We can call these functions and make our additional indices.

# calculate covars

print ("Generating covariates")

SAVI = calcSAVI (red_comp, nir_comp)

#print ("NDMI")

NDMI = calcNDMI (nir_comp, swir_comp)

#print ("EVI")

EVI = calcEVI (blue_comp, red_comp, nir_comp)
#print ("NBR")

NBR = calcNBR(nir_comp, swir2_comp)

MSAVI = calcMSAVI (red_comp, nir_comp)

Generating covariates
SAVI Created
NDMI Created
EVI Created
NBR Created
MSAVI Created

We have a suite of 12 bands now, and we can merge them together into a single 12-band image stack.

print ("\nCreating raster stack...\n")

stack = np.transpose([blue_comp, green_comp, red_comp, nir_comp, swir_comp, sSwir2_
—comp, ndvi_comp, SAVI, MSAVI, NDMI, EVI, NBR], [0, 1, 2])

stack = np.where (fmask_comp==1, -9999, stack)
print (np.shape (stack))

Creating raster stack...

(12, 3006, 2951)

2.1.4 Display Results

We can look at each of these bands by using ‘matplotlib’ to plot each one individually.
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n: int = len(stack)
#topo_cmaps = ["bone", "Spectral", "magma", "RdBu", "coolwarm"]
topo_cmaps = ['Blues', 'Greens', 'Reds', 'PuRd', 'OrRd', 'BuPu', 'Y1lGn', 'GnBu', 'Y1OrBr',

—'inferno', 'plasma', 'viridis']

print (stack.shape)

bandnames = ['blue_comp', 'green_comp', 'red_comp', 'nir_comp', 'swir_comp', 'swir2__
—comp', 'ndvi_comp', 'SAVI', 'MSAVI', 'NDMI', 'EVI', 'NBR']

font = {'size' : 30}
matplotlib.rc('font', =*xfont)

#axs = [[0,0],(0,1],[0,2],(0,3],[0,4],(0,5],([1,0],(1,1],[1,2],([1,3],([1,4],[1,5],([2,0],
-[2,1],[2,2],([2,3],[2,4],([2,5]]
fig, axes = plt.subplots (3,4, figsize=(33,30))
print (axes.flat)
for i, ax in enumerate (axes.flat):

ax.imshow (stack[i], cmap=topo_cmaps[i], clim=(np.percentile(stack[i], 10), np.
—percentile(stack[i], 90)))

ax.set_title (bandnames[i])

(12, 3006, 2951)
<numpy.flatiter object at 0x5609d86b7ce0>
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We can also visualize our composite NDVI band on our interactive ‘folium’ map. You can see that even though we
found multiple images, by using a windowed read we were able to just read and process the data we needed.

m = folium.Map (location=[38.6, -78.5], zoom_start=9, tiles='CartoDB positron')
AQOI_bx = AOI.bounds

#folium.GeoJdson (AOI, style function=lambda x: {'fillColor': 'orange', 'opacity':0}).
—add_to (m)

geo_r = folium.raster_ layers.ImageOverlay (np.ma.getdata (ndvi_comp), opacity=1,
—bounds=[[A0I_bx['miny'] [0],A0I_bx['minx"][0]], [AOI_bx['maxy'][0],A0I_bx['maxx
—~"1[00111)

geo_r.add_to (m)

m

<folium.folium.Map at 0x7ff7aba43810>
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2.2 Global Ecosystem Dynamics Investigation (GEDI) Level 2A Prod-
uct Tutorial

This tutorial aims to provide information and code to help users get started working with the GEDI Level 2A
(GEDIO2_A) product using the MAAP. Information about the GEDI02_A product may be found at the Data Set Land-
ing Page. We will start by importing the packages which will allow us to search for, access, explore, and visualize
GEDIO2_A product data.

Note: This Jupyter notebook utilizes the foliumand pystac_client packages. If you do not have these packages
installed, uncomment the lines and run the following code block.

: # !pip install folium

# !pip install pystac_client

For this tutorial, we will import boto3, folium, h5py, pandas, exists from os.path and Client from
pystac_client as shown in the following codeblock.

# Install packages

import boto3

import folium

import h5py

import os

import pandas as pd

from maap.maap import MAAP

from os.path import exists

from pystac_client import Client

2.2.1 Searching for and accessing GEDI02_A data
As of the time of the writing of this tutorial (2/10/23), two recommended ways for searching and accessing GEDI0O2_A

data for use on the MAAP ADE are through the maap-stac as well as through NASA’s Common Metadata Reposi-
tory (CMR). The methods for using these two ways are different and documented in the following two sub-sections.

Via maap-stac

To search for data from the GEDIO2_A product, we will use the C1ient package to open the “maap-stac URL
<https://stac.maap-project.org/>‘__ and assign this to a variable (c1ient in this case).

: # Open the maap-stac URL with the Client package

URL = 'https://stac.maap-project.org/"'
client = Client.open (URL)

Now we can use the client specified above to search for data within the GEDIO2_A product. Let’s search for the first
item that is found in the GEDIO2_A collection and assign this to a variable (search in this case).

: collection = 'GEDIO2_A' # assign collection name

# Search for 1lst item found in the collection
search = client.search (

max_items = 1,

collections = collection,

Let’s inspect this item using the get_all_items () function.
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# Inspect first item
item = search.get_all_items () [0]
item

<Item id=GEDIO2_A_2021272190541_015849_04_T03030_02_003_02_v002>

After running the code block above, you should receive an output such as the output shown above. Click the arrow
next to the item to see information such as the ID, bounding box coordinates, datetime, and more. In order to access
the data, we will use the item variable from the above section in order to extract the necessary information to set and
display bucket, key, and filename variables. These will be useful to use as arguments when downloading the
file.

# Use the item variable to extract information about the bucket, key, and file name
href = item.assets['data'].href

path_parts = href.split('/")

bucket = path_parts[2]

key = href.split (bucket) [1][1:]

filename = path_parts[-1]

# Display arguments

bucket, key, filename

("nasa—-maap-data-store',

'file-staging/nasa-map/GEDI02_A__ 002/2021.09.29/GEDI02_A_2021272190541_015849_04_
—T03030_02_003_02_v002.h5",
'"GEDIO2_A_2021272190541_015849_04_T03030_02_003_02_Vv002.h5")

Now let’s set an s3 variable using the boto3.client function. We can use the function download_file along
with the arguments we set in the previous block to download the GEDIO2_A data we need.

# Set s3 variable
s3 = boto3.client ('s3")
# If file already exists, do not download file
if exists(filename) :
print ("File already downloaded")
# Otherwise, download the file
else:
s3.download_file (bucket, key, filename)
print ("Finished downloading")

Finished downloading

After the previous block has finished running, we should see the message Finished downloading and the file
should appear in the same directory that the Jupyter notebook is in.

Via NASA’s CMR

To search for data from the GEDIO2_A product using NASA’s CMR, we invoke the MAAP constructor, setting the
maap_host argument to 'api.ops.maap-project.org'.

# Invoke the MAAP using the MAAP host argument
maap = MAAP (maap_host="api.ops.maap-project.org')

Now we can use the searchGranule function to find granule data within the collection, using the collection short
name “GEDI_02A”. Note that we can use searchGranule’s cmr_host argument to specify a CMR instance
external to MAAP and the readable_granule_name argument to find granules matching either granule UR or
producer granule id (please see the API documentation for more information). In order to download data from NASA’s
CMR, we will set a variable to the first result from the results we obtained.
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# Search for granule data using CMR host name and collection short name, and readable
—granule_name arguments
results = maap.searchGranule (

cmr_host='cmr.earthdata.nasa.gov',

short_name='GEDIO2_A',

readable_granule_name = "GEDIO2_A_2021272190541_015849_04_T03030_02_003_02_Vv002.h5
")
# Download first result
filename = results[0].getData()

If desired, the print function can be utilized to see the file name and directory.

# Print file directory
print (filename)

./GEDIO2_A_ 2021272190541_015849_04_T03030_02_003_02_vV002.h5

2.2.2 Explore

Now that we have downloaded the data, let’s look into what it contains.

# Create variable containing info from the file we downloaded
gedilL2A = hbpy.File(filename, 'r')

GEDIO2_A data has data for 8 different beams. Let’s create a list of beam names to help explore the data.

# Create 1list of beam names
beamNames = [g for g in gedilL2A.keys () if g.startswith('BEAM'") ]
beamNames

[ 'BEAM00OO',
"BEAM00O1',
"BEAM0010",
"BEAMOO11",
"BEAM0101",
"BEAM0110",
"BEAM1000",
"BEAM1011"]

Now let’s explore the information available for one of the beams (in this case ‘BEAMO0000’).

# Get list of objects in the data pertaining to 'BEAM000O'

beam = beamNames[0]

gediL2A_obijs = []

gediL2A.visit (gedil2A_objs.append)

gediSDS = [o for o in gedil2A_objs if isinstance(gedil2A[o], hbpy.Dataset) ]
[i for i in gediSDS if beam in i][0:20]

['BEAM0O00O/ancillary/l12a_alg_count',
'BEAM0000O/beam"',
'BEAM0000/channel’,
'BEAM0000/degrade_flag"',
'BEAM0000/delta_time',
'BEAM0000/digital_elevation_model',
'BEAM0000/digital_elevation_model_srtm',
'BEAM0000/elev_highestreturn',
'BEAM0000/elev_lowestmode"',

(continues on next page)
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'BEAM0000/elevation_bias_flag"',
'BEAM0000/elevation_binO_error',
'BEAM0000/energy_total',
'BEAM0000/geolocation/elev_highestreturn_al',
'BEAM0000/geolocation/elev_highestreturn_a2"',
'BEAM0000/geolocation/elev_highestreturn_a3"',
'BEAM0000/geolocation/elev_highestreturn_a4',
'BEAM0000/geolocation/elev_highestreturn_a5"',
'BEAM0000/geolocation/elev_highestreturn_a6',
'BEAM0000/geolocation/elev_lowestmode_al',
'BEAM0000/geolocation/elev_lowestmode_a2']

2.2.3 Visualize

Now that we’ve seen the various labels within the / BEAMO000 group, let’s use this information to visualize the GEDI
orbit path for our scenes. To start, we shall get samples for various shots, the beam number, longitude, latitude, and
quality flags. We can use these samples to create and display a pandas dataframe.

# Set variables for shot, beam number, longitude, latitude, and quality flag samples
lonSample, latSample, shotSample, qualitySample, beamSample = [], [1, [1, [], []
lats = gediL2A[f' {beamNames[0] //lat_lowestmode'] [ ()]
lons gedil2A[f' {beamNames[0] //lon_lowestmode'] [ ()]
shots = gedilL2A[f' {beamNames[0] }/shot_number'] [ ()]
quality = gediL2A[f' {beamNames[0] }/quality_flag'][()]
for i in range(len(shots)):
if 1 % 100 ==
shotSample.append(str (shots[i]))
lonSample.append(lons[i])
latSample.append(lats([i])
qualitySample.append(quality[i])
beamSample.append (beamNames [0])
# Create a pandas dataframe containing the sample information
latslons = pd.DataFrame ({'Beam': beamSample, 'Shot Number': shotSample, 'Longitude':
—lonSample,

'Latitude': latSample, 'Quality Flag': qualitySample})
# Display the dataframe

latslons

Beam Shot Number Longitude Latitude Quality Flag
0 BEAMO0O0OO 158490000400502383 52.337698 0.599011 0
1 BEAMOOOO 158490000400502483 52.367554 0.556129 0
2 BEAMO0O0OO 158490000400502583 52.396932 0.514800 0
3 BEAMO0O0O 158490000400502683 52.426548 0.472746 0
4 BEAMOOOO 158490000400502783 52.456248 0.430695 0
1685 BEAMO0O0O 158490000400670883 135.837810 -51.605016 0
1686 BEAMOO0OO 158490000400670983 135.921291 -51.605653 0
1687 BEAMO0O0OO 158490000400671083 136.003206 -51.606299 0
1688 BEAMO0O0O 158490000400671183 136.086629 -51.606741 0
1689 BEAMO0O0OO 158490000400671283 136.168523 -51.607159 0

[1690 rows x 5 columns]

We can now create a map of the orbit path using the dataframe that we have created and utilizing the folium.Map
and folium.Circle functions. Include map in the code block to inspect the map which is created within the
Jupyter notebook.
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: # Create a map

map = folium.Map (
location=|
latslons.Latitude.mean (),
latslons.Longitude.mean ()
], zoom_start=3, control_scale=True
)
# Add variables to the map
for index, location_info in latslons.iterrows() :
folium.Circle (

[location_info["Latitude"], location_info["Longitude"]],
popup=f"Shot Number: {location_info['Shot Number']}"
) .add_to (map)
# Display map

map

]: <folium.folium.Map at 0x7f04c05a8690>

References:
* https://Ipdaac.usgs.gov/resources/e-learning/getting-started- gedi-12a- version-2-data-python/

* https://cmr.earthdata.nasa.gov/search/site/docs/search/api.html

2.3 Introduction to the GEDI0O2_ B Product

Source: https://Ipdaac.usgs.gov/products/gedi02_bv002/

The Global Ecosystem Dynamics Investigation (GEDI) mission aims to characterize ecosystem structure and dynamics
to enable radically improved quantification and understanding of the Earth’s carbon cycle and biodiversity. The GEDI
instrument produces high resolution laser ranging observations of the 3-dimensional structure of the Earth. GEDI is
attached to the International Space Station (ISS) and collects data globally between 51.6° N and 51.6° S latitudes at
the highest resolution and densest sampling of any light detection and ranging (lidar) instrument in orbit to date. Each
GEDI Version 2 granule encompasses one-fourth of an ISS orbit and includes georeferenced metadata to allow for
spatial querying and subsetting.

The purpose of the GEDI Level 2B Canopy Cover and Vertical Profile Metrics product (GEDIO2_B) is to extract
biophysical metrics from each GEDI waveform. These metrics are based on the directional gap probability profile
derived from the L1B waveform. Metrics provided include canopy cover, Plant Area Index (PAI), Plant Area Volume
Density (PAVD), and Foliage Height Diversity (FHD). The GEDIO2_B product is provided in HDF5 format and has a
spatial resolution (average footprint) of 25 meters.

The GEDIO2_B data product contains 96 layers for each of the eight-beam ground transects (or laser footprints located
on the land surface). Datasets provided include precise latitude, longitude, elevation, height, canopy cover, and vertical
profile metrics. Additional information for the layers can be found in the GEDI Level 2B Data Dictionary.

2.3.1 Opening GEDIO2_B files and exploring its datasets
This tutorial opens and exampines a GEDIO2_B file and demonstrates how to plot a subset of points in order to
understand the spatial extent of that file.
e Author: Aimee Barciauskas
e Date: December 16, 2022
Resources used: * Getting Started with GEDI L2B Version 2 Data in Python (LPDAAC Tutorial)
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import boto3

import folium

import h5py

from os.path import exists

from pystac_client import Client
import pandas as pd

# STAC API root URL
URL = 'https://stac.maap-project.org/'
client = Client.open (URL)

collection = 'GEDIO2 B'

search = client.search(
max_items = 1,
collections = collection,

item = search.get_all_items () [0]
item

<Item id=GEDIO02_B_2021299195557_016268_02_T06679_02_003_01_v002>

2.3.2 Access and open the GEDIO2_B HDFS5 file

Below, we break down the S3 URL into its bucket and key components to support downloading the file with S3. Note,
this will only work on platforms configured with access to the GEDI directory of the NASA MAAP Data Store (s3:
//nasa-maap-data-store/GEDI«). Further, it is strongly preferred that any transfer of data is done on AWS
services in AWS region us-west-2 in order for data transfer costs to be minimized.

href = item.assets['data'].href
path_parts = href.split('/")
bucket = path_parts[2]

key = href.split (bucket) [1][1:]
filename = path_parts[-1]
bucket, key, filename

("nasa—-maap-data-store',

'file-staging/nasa-map/GEDI02_B__ 002/2021.10.26/GEDI02_B_2021299195557_016268_02_
—T06679_02_003_01_v002.h5",
'"GEDIO02_B_2021299195557_016268_02_T06679_02_003_01_Vv002.h5")

# don't want to run this more than once!
s3 = boto3.client ('s3")

if exists(filename) :
print ("file already downloaded")

else:
s3.download_file (bucket, key, filename)
print ("finished downloading")

file already downloaded

gedil2B = hbpy.File(filename, 'r')
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[16]: beamNames = [g for g in gedil2B.keys () if g.startswith ('BEAM') ]
beamNames

[16]: ['BEAMO0OO0OO',
"BEAMOOO1"',
"BEAM0010"',
"BEAMOO11"',
"BEAMO0101"',
"BEAM0110"',
"BEAM1000"',
"BEAM1011']

2.3.3 List all the science data sets

to understand what type of data is stored in this dataset better.

[ ]: beam = beamNames[0]

gedil2B_obijs = []

gedil2B.visit (gediL2B_objs.append) #.
—Retrieve list of datasets

gedisSDS = [o for o in gedil2B_objs if isinstance(gedil2B[o], hbpy.Dataset) ] # Search,,

—for relevant SDS inside data file
[i for i in gediSDS if beam in i][0:20]

2.3.4 Plot a subset of the points

First, we create a subset of points to facilitate plotting.

[19]: lonSample, latSample, shotSample, qualitySample, beamSample = [], [1, [1, []1, [] #.,
—Set up lists to store data

# Open the SDS

lats = gedilL2B[f' {beamNames[0] //geolocation/lat_lowestmode'] [ ()]
lons = gedil2B[f' {beamNames[0] }/geolocation/lon_lowestmode'] [ ()]
shots = gedil2B[f' {beamNames[0] }/geolocation/shot_number'] [ ()]
quality = gedil2B[f' {beamNames[0] }/12b_quality_flag'][ ()]

# Take every 1000th shot and append to 1ist
for i in range(len(shots)):
if i % 1000 ==

shotSample.append(str (shots[i]))
lonSample.append(lons[i])
latSample.append(lats[i])
qualitySample.append(quality[i])
beamSample.append (beamNames [0])

# Write all of the sample shots to a dataframe
latslons = pd.DataFrame ({'Beam': beamSample, 'Shot Number': shotSample, 'Longitude':_
—lonSample, 'Latitude': latSample,

'Quality Flag': qualitySample})

latslons

[19]: Beam Shot Number Longitude Latitude Quality Flag
0 BEAMOO0O0O 162680000200086772 71.176248 -0.652634 0
1 BEAMOOOO 162680000200087772 71.475272 -0.228396 0

(continues on next page)
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2 BEAMOOOO 162680000200088772 71.772920 0.194259 0
3 BEAMOOOO 162680000200089772 72.070465 0.616924 0
4 BEAMOOOO 162680000200090772 72.369240 1.040828 0

89 BEAM000O0O 162680000200175772 102.130037 35.159365
90 BEAM0O000O 162680000200176772 102.593719 35.509484
91 BEAMO000 162680000200177772 103.061891 35.857398
92 BEAMO000O 162680000200178772 103.522337 36.194505
93 BEAM0000 162680000200179772 103.755363 36.363258

O O O O O -

[94 rows x 5 columns]

map = folium.Map (
location=|
latslons.Latitude.mean (),
latslons.Longitude.mean ()
], zoom_start=3, control_scale=True

for index, location_info in latslons.iterrows () :
folium.Circle (
[location_info["Latitude"], location_info["Longitude"]],
popup=f"Shot Number: {location_info['Shot Number']}"
) .add_to (map)

map

<folium.folium.Map at 0x124ce5520>

2.4 Search GEDI L2B and plot canopy heights

In this tutorial, we will use the integrated Earthdata search function in MAAP ADE (https://ade.ops.maap-project.org/)
to search for some GEDI L2B data for an area of interest. We will then download some of this data and read its
attributes in preparation for some analysis. We will perform a spatial subset on the data to reduce data volumes and
we will finally make some basic plots of our data. We will start by importing some of the modules we will need.

Prerequisites
* geopandas

e folium

# Uncomment the following lines to install these packages if you haven't already.
# !pip install geopandas
# !pip install folium

from maap.maap import MAAP

maap = MAAP (maap_host="api.ops.maap-project.org')
import geopandas as gpd

import folium

import h5py

import pandas

import matplotlib

import matplotlib.pyplot as plt

import shapely
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/opt/conda/lib/python3.7/site-packages/geopandas/_compat.py:115: UserWarning: The

—Shapely GEOS version (3.11.1-CAPI-1.17.1) is incompatible with the GEOS version,

—PyGEOS was compiled with (3.8.1-CAPI-1.13.3). Conversions between both will be slow.
shapely_geos_version, geos_capi_version_string

We will search and download GEDI L2B data using the bounding box of a vector AOI. Firstly, an AOI over the
Shenandoah National Park will be created and then we will plot its location on a map.

# Using bounding coordinates to create a polygon around Shenadoah National Park

lon_coords = [-78.32129105072025, -78.04618813890727, -78.72985973163064, -79.
—0158578082679, -78.32129105072025]
lat_coords = [38.88703610703791, 38.74909216350823, 37.88789051477522, 38.

—03177640342157, 38.88703610703791]

polygon_geom = shapely.geometry.polygon.Polygon (zip(lon_coords, lat_coords))
crs = 'epsg:4326"
AOI = gpd.GeoDataFrame (index=[0], crs=crs, geometry=[polygon_geom])

We can get the bounding box of the AOI so we can use it as a spatial limit on our data search. GeoPandas has a
function for returning the spatial coordinates of a bounding box:

# Get the bounding box of the shp
bbox = AOI.bounds
# print the bounding box coords

print ('minx = ', bbox['minx'][0])
print ('miny = ', bbox['miny'][0])
print ('maxx = ', bbox['maxx'][0])
print ('maxy = ', bbox['maxy'][0])
minx = -79.0158578082679

miny = 37.88789051477522

maxx = —78.04618813890727

38.88703610703791

maxy

Let’s look at our AOI on an interactive map using folium.

:m = folium.Map (location=[38.5, -78], zoom_start=9, tiles='CartoDB positron')

geo_j = folium.Geodson (data=A0I, style_function=lambda x: {'fillColor': 'orange'})
geo_j.add_to (m)
m

<folium.folium.Map at 0x7flbece5c090>

Search Data: To search GEDI data we can use the EarthData search integration in the MAAP ADE. Open the Earthdata
search toolbar by clicking on the following:

: File Edit WView Run Kernel Git | DataSearch | DPS/MAS Operations DPSUID

B + + Open EarthData Search
/.- | tutorials f GEDI | View Selected Search Parameters '[
Paste Collection Search Query
o MName -
1 Paste Granule Search Query
Paste Granule Search Results |
‘) Set Results Limit

| e s B fram maan
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This will open up the EarthData search interface in a new tab. We can use the search bar to search GEDI L2B data.
By entering “L2B” in the search bar, we can see the relevant GEDI data is filtered. Click on the dataset to get more
details.

B Terminal 1 * SearchGEDLipynb ] Earthdata Search »

vy EARTHDATA Find a DAAC ~

' Sea [’Ch Include non-EQSDIS collections == Advanced Searck
+

% EARTHDATA Sortby:  Relevance ~ Only include collections w

Showing 2 of 2 matching collections

L2B e

GEDI L2B Canopy Cover and Vertical Profile Metri
Footprint Level VOO2

48,879 Granules - 2019-03-26 ongoing - The Glob:
amics Investigation (GEDI) mission aims to character
ucture and dynamics to enable radically improved qu
Features nderstanding of the Earth's carbon cycle and biodive

GEDIO2 2 - LP DAAC
Map |n-"|ager3|r

Mear Real Time

i [

GEDI L2A Elevation and Height Metrics Data Glob:
vooz

47187 Granules » 2019-04-17 ongaoing = The Global
mics Investigation (GEDI) mission aims to characteri:
cture and dynamics to enable radically improved quz
derstanding of the Earth's carbon cycle and biodiver:

GEDIO2_A v002 - LP DAAC

Customizable

Keywords
Platforms
Instruments
Organizations
Projects
Processing Levels

Data Format

While we have been searching for data, the MAAP ADE has been keeping a track of our search parameters. This
means that we can easily insert our search for GEDI data straight into our notebook.
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(9]

File Edit View Run Kernel Git Data Search | DPS/MAS Operations DPS UI

- + * Open EarthData Search
8/ .. | MAAP Tutorials [ GEDI / View Selected Search Parameters
Paste Collection Search Query \
MName

Paste Granule Search Quer
M EarthdataSearch.png Y

@ e — Paste Granule Search Results ]

Set Results Limit 3
[ Shenandoah_AOl.gpkg

This gives us our search parameters in our notebook using the GEDI dataset id. The default limit for the number of
returned results is 1000. Running this will produce 1000 results, but we can look at the first one by indexing the list of
returned results. This is what the data entry looks like. You can see a large amount of metadata for the file along with

the URL for where this specific file is stored.

# generated from this EDSC search: https://ade.ops.maap-project.org:30052/search/
—granules?p=C1201460047-NASA _MAAP&g=L2B&t1=1647961605!4!!

data = maap.searchGranule (concept_id="C1201460047-NASA_MAAP", 1imit=1000) [0]

data

{'concept-id': 'G1201636833-NASA_MAAP',
'collection-concept—-id': 'C1201460047-NASA_MAAP',
'revision-id': '11',
'format': 'application/echolO+xml',
'Granule': {'GranuleUR': 'SC:GEDI02_B.002:2433465280"',
'InsertTime': '2021-02-22T19:16:30.6752",
'LastUpdate': '2021-09-16T13:36:07.965z2",
'Collection': {'ShortName': 'GEDIO2_B', 'VersionId': '002'},
'DataGranule': {'SizeMBDataGranule': '16.5413"',
'ProducerGranulelId': 'GEDIO02_B_2019108002012_001959_01_T03909_02_003_01_v002.h5",
'DayNightFlag': 'UNSPECIFIED',
'ProductionDateTime': '2021-02-21T14:45:08.000z2"'},
'Temporal': {'RangeDateTime': {'BeginningDateTime': '2019-04-18T00:20:12.000z2"',
'EndingDateTime': '2019-04-18T01:52:53.000Z"'}},
'Spatial': {'HorizontalSpatialDomain': {'Geometry': {'GPolygon': {'Boundary': {
—'Point': [{'PointLongitude': '80.2890335089"',
'PointLatitude': '-4.6168623465'},
{'PointLongitude': '82.4542052313', 'PointLatitude': '-1.5568021223'},
{'PointLongitude': '83.6402279084"', 'PointLatitude': '0.1277767863'},
{'PointLongitude': '83.6814118126"', 'PointLatitude': '0.0987901632'},
{'PointLongitude': '82.4953794073', 'PointLatitude': '-1.5858244175"'},
{'PointLongitude': '80.3302671214",
'PointLatitude': '-4.6459691487'}1}}}1}},
'AdditionalAttributes': {'AdditionalAttribute': [{'Name': 'Dataset Status',
'Values': {'Value': 'MAAP Standard Data Product'}},
{'Name': 'Geolocated', 'Values': {'Value': 'true'}l},
{'Name': 'Spatial Resolution', 'Values': {'Value': '60'}},
{'Name': 'Data Format', 'Values': {'Value': 'HDF5'}},
{'Name': 'Band Center Frequency', 'Values': {'Value': '281759.8'}},
{'"Name': 'Swath Width', 'Values': {'Value': '4.2'}},
{'"Name': 'Field of View', 'Values': {'Value': '12'}},
{'Name': 'Laser Footprint Diameter', 'Values': {'Value': '25'}},
{'"Name': 'Acquisition Type', 'Values': {'Value': 'Satellite Lidar'}},
{'"Name': 'Band Center Wavelength', 'Values': {'Value': '1064'}},
{'"Name': 'Reference_Ground_Track', 'Values': {'Value': '0'}},

(continues on next page)
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(continued from previous page)
{"Name': 'SEGMENT_NUMBER', 'Values': {'Value': '01'}}]1},

'OnlineAccessURLs': {'OnlineAccessURL': {'URL': 's3://nasa-maap-data-store/file-
—staging/nasa-map/GEDIO2_B__ 002/2019.04.18/GEDI02_B_2019108002012_001959_01_T03909_
—02_003_01_v002.h5",

'URLDescription': 'File to download'}},

'Orderable': 'true',

'DataFormat': 'HDF5',

'Visible': 'true'}}

So far, this search function requests all of the GEDI data but we can add a spatial subset filter using our AOI from
above to limit the results. Adding a spatial filter returns 176 GEDI L2B files that intersect with our AOL

data_aol = maap.searchGranule (concept_id="C1201460047-NASA_MAAP", bounding_box="-79.
—0158578082679,37.88789051477522,-78.04618813890727,38.887036107037915", 1imit=1000)
print (len (data_aoi))

176

This is more data than we need, so let’s look at the contents of a single GEDI file. Firstly we need to bring it from the
server side (S3) to our local side. This can be done using the MAAP function getData. Here we will pull the 7th file
in our search results.

gedi_data = data_aoi[6].getData('./")
print (gedi_data)

.//GEDIO2_B_2019145051352_002537_03_T04809_02_003_01_Vv002.h5

GEDI data has 8 beams. So, we will check that all beams are in our file and print a list of the available beams.

gedi_h5_file = hbSpy.File(gedi_data, 'r'")
gedi_keys = list (gedi_hb5_file.keys())
gedi_beams = ['BEAMO00O', 'BEAM0001', 'BEAM0010', 'BEAMOO11l', 'BEAM0101', 'BEAM0110',
— 'BEAM1000', 'BEAM1011']
gedi_beams_lst = []
for gedi_beam_name in gedi_keys:

if gedi_beam_name in gedi_beams:

gedi_beams_lst.append(gedi_beam_name)

print (gedi_beams_1st)

['BEAMOOOO', 'BEAMO0OO1', 'BEAM00O10', 'BEAMOOl1l', 'BEAMO101', 'BEAM0110', 'BEAM1000',
— 'BEAM1011"']

For each beam, we need to get all of the data and metrics associated with it. For this, we have a function that will
gather all of the metrics we want and put them into a geopandas dataframe:

def get_gedi_df (gedi_h5_file, gedi_beam_name) :
gedi_beam = gedi_h5_file[gedi_beam_name]

# Get location info.

gedi_beam_geoloc = gedi_beam|['geolocation']

# Get land cover data.

gedi_beam_landcover = gedi_beam['land_cover_data']

gedi_beam_df = pandas.DataFrame (

{'elevation_bin0' : gedi_beam_geoloc['elevation_bin0'],
'elevation_lastbin' : gedi_beam geoloc['elevation_lastbin'],
'height_bin0' : gedi_beam_geoloc['height_bin0'],

(continues on next page)
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gedi_beam_ gdf =

'height_lastbin'
'shot_number'
'solar_azimuth'
'solar_elevation'
'latitude_bin0"
'latitude_lastbin'
'longitude_bin0"'
'longitude_lastbin'
'degrade_flag'

'digital_elevation_model':

'landsat_treecover'
'modis_nonvegetated'
'modis_nonvegetated_sd'
'modis_treecover'
'modis_treecover_sd'
'beam'

'cover'
'master_frac'
'master_int'
'num_detectedmodes'
'omega'

Vpai'

'pgap_theta'
'pgap_theta_error'
"rqg!

'rh100"'

'rhog'

'rhog_error'

'rhov'

'rhov_error'

'rossg'

] 1

rv
'sensitivity'
'stale_return_flag'
'surface_flag'
'12a_quality_flag'
'12b_quality_flag'

—~longitude_lastbin,

—beam_df.latitude_lastbin))
return gedi_beam_ gdf

gpd.GeoDataFrame (gedi_beam_df,

(continued from previous page)

gedi_beam_geoloc
gedi_beam_geoloc
gedi_beam_geoloc
gedi_beam_geoloc|['solar_elevation'],

['"height_lastbin'],
[
[
[
gedi_beam_geoloc['latitude_bin0'],
[
[
[
[

'shot_number'],
'solar_azimuth'],

gedi_beam geoloc['latitude_lastbin'],
gedi_beam_geoloc|['longitude_bin0'],
gedi_beam_geoloc|['longitude_lastbin'],
gedi_beam_geoloc|'degrade_flag'],

gedi_beam geoloc['digital_elevation_model'],
gedi_beam_landcover|['landsat_treecover'],
gedi_beam landcover|['modis_nonvegetated'],
gedi_beam_ landcover|['modis_nonvegetated_sd'],
gedi_beam_landcover|['modis_treecover'],
gedi_beam landcover|['modis_treecover_sd'],
gedi_beam|[ 'beam'],

gedi_beam
gedi_beam
gedi_beam
gedi_beam

cover'],
'master_frac'],
'master_int'],
'num_detectedmodes'],

gedi_beam 'omega 1,
gedi_beam['pai'l],
gedi_bean|['pgap_theta'],
gedi_beamn|[ 'pgap_theta_error'],
gedi_beam['rg'],
gedi_beam['rh100'],
gedi_beam|['rhog'],
gedi_beam|['rhog_error'],
gedi_beam['rhov'],

gedi_beam|['rhov_error'],

gedi_beam|['rossg'],
gedi_beam['rv'],
gedi_beam|['sensitivity'],

gedi_beam
gedi_beam
gedi_beam
gedi_beam

[’
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
['stale_return_flag'l],
['surface_flag'],
['l2a_qguality_flag'],
['12b_quality_flag'l})
crs='EPSG:4326"',
geometry=gpd.points_from_ xy (gedi_beam_ df.

gedi_

To access the data with this function, we can call the function for each beam id that we have:

BEAMO00O =
BEAMO0001 =
BEAMO010 =
BEAMOO11l =
BEAMO0101 =
BEAMO0110 =
BEAM1000 =
BEAM1011 =

get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,
get_gedi_df (gedi_h5_file,

"BEAM0000 ")
"BEAM0001")
'"BEAMO0010")
"BEAM0011")
"BEAM0101")
'"BEAMO0110")
"BEAM1000")
"BEAM1011")

Now we can look at the data in one of the dataframes (beams). We can see that there are 108583 GEDI shots (108583
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entries in each column).

: print (BEAMOOOO.head () )

print ('number of rows = ', len(BEAM000O0))
elevation_bin0 elevation_lastbin height_bin0 height_lastbin \
0 533.320205 532.870899 -9999.000000 -9999.000000
1 533.610735 533.161429 -9999.000000 -9999.000000
2 835.586133 790.954687 42.284134 -2.373195
3 822.361914 780.875651 38.280968 -3.229356
4 788.459662 760.602475 25.957445 -1.915897
shot_number solar_azimuth solar_elevation latitude_bin0O \
0 25370000300165164 -34.511044 -10.500773 51.821288
1 25370000300165165 -34.510292 -10.501078 51.821282
2 25370000300165166 -34.509689 -10.501341 51.821258
3 25370000300165167 -34.508926 -10.501648 51.821253
4 25370000300165168 -34.508163 -10.501955 51.821249
latitude_lastbin longitude_bin0 e rhov rhov_error rossg \
0 51.821288 -127.096372 ... 0.6 -9999.0 0.5
1 51.821282 -127.095550 0.6 -9999.0 0.5
2 51.821260 -127.094876 0.6 -9999.0 0.5
3 51.821255 -127.094048 0.6 -9999.0 0.5
4 51.821250 -127.093210 0.6 -9999.0 0.5
rv sensitivity stale_return_flag surface_flag \
0 -9999.000000 -14.502214 1 1
1 -9999.000000 -8.689309 1 1
2 3615.732178 0.965246 0 1
3 4290.229980 0.969620 0 1
4 2557.771240 0.943713 0 1
l2a_quality_flag 12b_quality_flag geometry
0 0 0 POINT (-127.09637 51.82129)
1 0 0 POINT (-127.09555 51.82128)
2 1 1 POINT (-127.09485 51.82126)
3 1 1 POINT (-127.09403 51.82126)
4 1 1 POINT (-127.09320 51.82125)

[5 rows x 41 columns]
number of rows = 108583

Before displaying this data we can do a spatial subset to remove the data outside of our AOI by doing a spatial subset.
We use the Geopandas clip function to clip out the GEDI data based on the extent of our AOI. This reduces the size of
the dataframe from 108583 rows to 508.

BEAMO000_sub = gpd.clip (BEAM0O00O, AOI)
len (BEAMOOOO_sub)

508

We can display this subset of data over our AOI extent.

:m = folium.Map(location=[38.5, -78], zoom_start=9, tiles='CartoDB positron')

geo_j = folium.Geodson (data=A0I, style_function=lambda x: {'fillColor': 'orange'})
geo_j.add_to (m)
(continues on next page)
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(continued from previous page)

geo_g = folium.Geodson (data=BEAMO0000_sub,marker = folium.CircleMarker (radius = 1, #
—Radius in metres

weight = 0, #outline weight
fill_color = '"#FF000OQ',
fill opacity = 1))
geo_g.add_to (m)
m

<folium.folium.Map at 0x7flbeb7e5550>

Now we have this subset of data, we can look at some of the GEDI metrics over our area of interest. The ‘rh100’
metric should give us the top of the canopy heights. What does this look like over Shenandoah National Park? We will
look at the ground height and the ‘th100’ above ground. The DEM metric is in meters (m) and the ‘th100’ metric is
in centimeters (cm) above the ground height. Therefore we must add the ‘th100’ value to the ground height to get the
total height of the tree for display purposes. The ‘rh100’ metric is also converted to meters (m) to normalize the units

latitude = BEAMOOO0OO_sub['latitude lastbin']
rh100 = BEAMO0OO_sub['rhl100']
ground = BEAM0000_sub['digital_elevation_model']

TreeHeight = ground + rh100/100

Finally, we can make a plot of the ground surface and the canopy heights above the ground surface. We can see the
forest canopies in green above the topographically complex ground in brown.

plt.figure (figsize=(20, 5))
plt.scatter (latitude, TreeHeight, c='green')
plt.plot (latitude, ground, c='brown')

[<matplotlib.lines.Line2D at 0x7flbecec0590>]
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Now you have this basic structure you can investigate some of the other metrics and GEDI beams to understand more
about the data.

2.5 GEDI L3 Tutorial

2.5.1 GEDI Instrument

GEDI produces the first high resolution layer ranging observations of 3D structure of earth with precise measurements
of forest canopy height, canopy vertical structure and surface elevation. GEDI is attached to the International Space
Station (ISS) and collects data globally between 51.6° N and 51.6° S latitudes at the highest resolution and densest
sampling of any light detection and ranging (lidar) instrument in orbit to date.
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2.5.2 About GEDI L3 Data

GEDI L3 data products are gridded by spatially interpolating Level 2 footprint estimates of canopy cover, canopy
height, Leaf Area Index (LAI), vertical foliage profile and their uncertainties. Level 2 data contains terrain elevation,
canopy height, RH metrics and Leaf Area Index (LAI). The raw waveforms are collected by GEDI system and pro-
cessed to provide canopy height and profile metrics. These metrics provide easy to use and interpret information about
the vertical distribution of canopy material.

Normalized Cumulative Return Energy
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Source: https://gedi.umd.edu/data/products/

Figure: Sample of GEDI lidar waveform (Left). The light brown area under the curve represents the return energy from
the canopy, while the dark brown area signifies the return from the underlying typography. The black line is cumulative
return energey, starting from the bottom of the ground return (normalized to 0) to the top of canopy (normalized to 1).
The diagram on the right shows the distribution of trees that produced the waveform.
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2.5.3 [Optional] Install Python Packages

This tutorial assumes you’ve all packages installed. If you haven’t already, uncomment the following lines to install
these packages.

!pip install geopandas

!pip install contextily
!pip install backoff

!pip install folium

!pip install geojsoncontour

HH FH R W H

from maap.maap import MAAP
import pandas as pd

import folium

from rasterio.plot import show
import rasterio

import boto3

import os

After importing necessary packages, the next step is to initialize MAAP constructor using api.ops.
maap-project.orgasmaap_host argument.

: maap = MAAP (maap_host="api.ops.maap-project.org")

2.5.4 Dataset

GEDI L3 Gridded Land Surface Metrics, Version 2

This dataset provides Global Ecosystem Dynamics Investigation (GEDI) Level 3 (L3) gridded mean canopy height,
standard deviation of canopy height, mean ground elevation, standard deviation of ground elevation, and counts of
laser footprints per 1-km x 1-km grid cells globally within -52 and 52 degrees latitude.

Source: https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1952
User Guide: https://daac.ornl.gov/GEDI/guides/GEDI_L3_LandSurface_Metrics_V2.html

Now, the next step is to seach granules from MAAP CMR. To generate following query, you can use EarthData search
feature from MAAP ADE. Refer to this tutorial for more info.

# generated from this EDSC search: https://ade.ops.maap-project.org:30052/search?p=!
—C1201702030-NASA_MAAP&pg[1] [v]=t&pg[1] [qt]=2015-01-01T00%3A00%3A00.0002%2C2020-12—
—31T23%3A59%3A59.9992&6q=L3%20GEDI

results=maap.searchGranule (cmr_host='cmr.maap-project.org',concept_1id="C1201702030-

—NASA_MAAP", 1imit=1000)

The above query gives 1000 results by default. The number of necessary results can be changed using 1imit argu-
ment. We can view the GranuleUR from results using:

[result['Granule'] ['GranuleUR'] for result in results]

['GEDI_L3_LandSurface_Metrics_V2.GEDIO3_elev_lowestmode_stddev_2019108_2020287_002_02.
Stif',
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_counts_2019108_2021104_002_02.tif",
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_elev_lowestmode_stddev_2019108_2021104_002_02.
Stif',
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_elev_lowestmode_mean_2019108_2020287_002_02.
—tif',

(continues on next page)
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'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3 _elev_lowestmode_mean_ 2019108_2021104_002_02.
Stif',
'GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl00_stddev_2019108_2021104_002_02.tif"',
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_counts_2019108_2020287_002_02.tif",
'GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl100_mean_2019108_2021104_002_02.tif",
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl00_mean_2019108_2020287_002_02.tif",
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl100_stddev_2019108_2020287_002_02.tif"',
'GEDI_L3_LandSurface_Metrics_V2.GEDIO3_counts_2019108_2021216_002_02.tif"'",
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl00_mean_2019108_2021216_002_02.tif",
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_elev_lowestmode_stddev_2019108_2021216_002_02.
Stifr,
'"GEDI_L3_LandSurface_Metrics_V2.GEDIO3_elev_lowestmode_mean_2019108_2021216_002_02.
—tif!',
'GEDI_L3_LandSurface_Metrics_V2.GEDIO3_rhl100_stddev_2019108_2021216_002_02.tif"']

Before downloading a particular tif, let’s catch the collection and file name for first item in results:

granule_ur=results[0] ['Granule'] ['GranuleUR'].split (".")
collection_name=granule_ur[0]
file_name=granule_ur[1]

print (f"collection name: collection_name | file_name: file name /")

collection name: GEDI_L3_LandSurface_Metrics_V2 | file_name: GEDIO3_elev_lowestmode_
—stddev_2019108_2020287_002_02

2.5.5 Download file from ORNL DAAC S3

To download the file from the source, temporary s3 credentials are required for maap package. You can explicitly
request s3_cred_endpoint for the credentials. The code below wraps that request to get credentials and download
the file to your workspace.

def get_s3_creds(url):
return maap.aws.earthdata_s3_credentials (url)

def get_s3_client (s3_cred_endpoint) :
creds=get_s3_creds (s3_cred_endpoint)
boto3_session = boto3.Session (
aws_access_key_id=creds|['accessKeyId'],
aws_secret_access_key=creds|['secretAccessKey'],
aws_session_token=creds|['sessionToken']
)

return boto3_session.client ("s3")

def download_s3_file(s3, bucket, collection_name, file_name) :
os.makedirs ("/projects/gedi_13", exist_ok=True) # create directories, as necessary
download_path=f"/projects/gedi_13/{file_name}.tif"
s3.download_file (bucket, f"gedi/{collection_name}/data/{file_name/.tif", download_
—path)
return download_path

s3_cred_endpoint= 'https://data.ornldaac.earthdata.nasa.gov/s3credentials'
s3=get_s3_client (s3_cred_endpoint)
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: bucket="ornl-cumulus—-prod-protected"

download_path=download_s3_file(s3, bucket, collection_name, file_name)
download_path

'/projects/gedi_13/GEDIO3_elev_lowestmode_stddev_2019108_2020287_002_02.tif"

Now, we have the file in our local workspace. It’s time to visualize it using rasterio package

2.5.6 [Optional] Visualization using Rasterio

The downloaded file is too big to read and visualize directly so we might need to scale it down and view it as a small
thumbnail.

: def show_thumbnail (path) :

src=rasterio.open (path)

oview = src.overviews (1) [0]
thumbnail = src.read(l, out_shape=(1, int(src.height // oview), int (src.width //_
—oview)))

show (thumbnail)

show_thumbnail (download_path)

2.5.7 [Optional] Overlay raster layer on top of folium map

To properly visualize the canopy heights, we need to display the TIF image on the map. The TIF image file may be
too memory and compute-intensive for the kernel causing the process to exit.

# tif=rasterio.open (download_path)
# arr=tif.read()
# bounds=tif.bounds

x1,y1l,x2,y2=bounds

bbox=[ (bounds.bottom, bounds.left), (bounds.top, bounds.right)]

m=folium.Map (location=[14.59, 120.98], zoom_start=10)

img = folium.raster_layers.ImageOverlay (image=np.moveaxis (arr, 0, -1), bounds=bbox,

#
#
#
#

—opacity=0.9, interactive=True, cross_origin=False, zindex=1)

# m

2.6 GEDI L4A Subsetting Example

2.6.1 [Optional] Install Python Packages
This notebook contains some cells marked as optional, meaning that you can use this notebook without necessarily
running such cells.

However, if you do wish to run the optional cells, you must install the following Python packages, which might not
already be installed in your environment:

e geopandas: for reading your AOI (GeoJson file), as well as for reading the job output (GeoPackage file
containing the subset)

* contextily: for visually verifying your AOI
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* backoff: for repeatedly polling the job status (after submission) until the job has been completed (either
successfully or not)

e folium: for visualizing your data on a Leaflet map

* geojsoncontour: for converting your matplotlib contour plots to geojson

Uncomment the following lines to install these packages if you haven't already.
!pip install geopandas

!pip install contextily

!pip install backoff

!pip install folium

!pip install geojsoncontour

S F R R W Hh

A job can be submitted without these packages, but installing them in order to run the optional cells may make it more
convenient for you to visually verify both your AOI and the subset output produced by your job.

2.6.2 Obtain Username

from maap.maap import MAAP

maap = MAAP (maap_host="api.ops.maap-project.org")
username = maap.profile.account_info () ["username"]
username

'sayers'

2.6.3 Define the Area of Interest

You may use either a publicly available GeoJSON file for your AOI, such as those available at geoBoundaries, or you
may create a custom GeoJSON file for your AOI. The following 2 subsections cover both cases.

Using a geoBoundary GeoJSON File

If your AOI is a publicly available geoBoundary, you can obtain the URL for the GeoJSON file using the function
below. You simply need to supply an ISO3 value and a level. To find the appropriate ISO3 and level values, see the
table on the geoBoundaries site.

import requests

def get_geo_boundary_url (iso3: str, level: int) -> str:
response = requests.get (
f"https://www.geoboundaries.org/api/current/gbOpen/ {iso3}/ADM{level }"
)
response.raise_for_status()
return response.json() ["gjDownloadURL"]

=

If using a geoBoundary, uncomment the following assignment, supply
# appropriate values for '<iso3>" and '<level>', then run this cell.

# Example (Gabon level 0): get_geo_boundary ("GAB", 0)

# aol = get_geo_boundary _url ("<iso3>", <level>)
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Using a Custom GeoJSON File

Alternatively, you can make your own GeoJSON file for your AOI and place it within your my-public-bucket
folder within the ADE.

Based upon where you place your GeoJSON file under my-public-bucket, you can construct the URL for a job’s
aoi input value.

For example, if the relative path of your AOI GeoJSON file under my-public-bucket is path/to/my-aoi.
geojson (avoid using whitespace in the path and filename), the URL you would supply as the value of a job’s
aoi input would be the following (where {username} is replaced with your username as output from the previous
section):

f"https://maap-ops-workspace.s3.amazonaws.com/shared/{username}/path/to/my-aoi.geojson

n-
—

If this is the case, use the cell below.

#aoi = f"https://maap-ops-workspace.s3.amazonaws.com/shared/{username}/langtang _np.
—~geojson”

#for your convenience you can use this geoJSON file but if you have your own geojson,
—use the commented link as example format

aoi = f"https://maap-ops-workspace.s3.amazonaws.com/shared/anisbhsl/langtang_np.
—geojson"

This example uses the AOI of Gosaikunda Lake region inside Langtang National Park. You can also create your own
GeoJSON file for your AOI using sites like geojson.io

25.10

28.08

85.34 B85.36 B85.38 85.40 85.42 85.44

2.6.4 [Optional] Visually Verify your AOI

If you want to visually verify your AOI before proceeding, you may run the following cell, if you have the geopandas
and contextily Python packages installed.

46 Chapter 2. Science Examples


https://geojson.io/

maap-docs

[5]: try:
import geopandas as gpd
import contextily as ctx
except:
print (
"If you wish to visually verify your AOI, "
"you must install the “geopandas®™ and “contextily” packages."
)
else:

aoi_gdf = gpd.read_file (aoi)

aol_epsgd4326 = aoi_gdf.to_crs(epsg=4326)

ax = aol_epsg4326.plot (figsize=(10, 5), alpha=0.3, edgecolor="red")
ctx.add_basemap (ax, crs=4326)

/opt/conda/lib/python3.7/site-packages/geopandas/_compat.py:115: UserWarning: The

—Shapely GEOS version (3.11.1-CAPI-1.17.1) is incompatible with the GEOS version

—PyGEOS was compiled with (3.8.1-CAPI-1.13.3). Conversions between both will be slow.
shapely_geos_version, geos_capi_version_string

258.10

28.08

28.04

85.34 B85.36 B85.38 85.40 85.42 85.44

2.6.5 Submit a Job

When supplying input values for a GEDI subsetting job, to use the default value for a field (where indicated), use a
dash ("-") as the input value.

* aoi (required): URL to a GeoJSON file representing your area of interest, as explained above.

* doi: Digital Object Identifier (DOI) of the GEDI collection to subset, or a logical name representing such a
DOL. Valid logical names: L1B, L2A, L2B, L4A

* columns: Comma-separated list of column names to include in the output file.
* query: Query expression for subsetting the rows in the output file.

¢ limit: Maximum number of GEDI granule data files to download (among those that intersect the specified
AOI). (Default: 10000)

It is recommended to use maap-dps-worker—32gb queues when submitting a job with a large aoi.
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inputs = dict (
aoi=aoi,
doi="L4A",
lat="1lat_lowestmode",
lon="1lon_lowestmode",
beams="all",

columns="agbd, agbd_se,elev_lowestmode, sensitivity,
query="12_quality_flag == 1 and 14_quality_flag

— geolocation/sensitivity_a2> > 0.95",
limit = 10_000

result = maap.submitJob (
identifier="gedi-subset",
algo_id="gedi-subset_ubuntu",
version="develop",
queue="maap-dps-worker-32gb",
username=username,
*xinputs,

job_id = result["job_id"]
job_id or result

'eadOcec5-8ca5-4d0c-8517-963e0a618894"

2.6.6 Get the Job’s Output File

geolocation/sensitivity_a2",
1 and sensitivity > 0.95 and,

Now that the job has been submitted, we can use the job_1id to check the job status until the job has been completed.

import xml.etree.ElementTree as ET
from urllib.parse import urlparse

def Jjob_status_for(job_id: str) —-> str:
response = maap.getJobStatus (job_id)
response.raise_for_status/()

root = ET.fromstring(response.text)

status_element = root.find(".//{http://www.opengis.net/wps/2.0}Status")

return status_element.text

def job_result_for(job_id: str) —-> str:
response = maap.getJobResult (job_id)
response.raise_for_status ()

root = ET.fromstring(response.text)

return root.find(".//{http://www.opengis.net/wps/2.0}Data") .text

def to_job_output_dir (job_result_url: str)

url_path = urlparse(job_result_url) .path
# The S3 Key is the URL path excluding the

‘/{username}  prefix

(continues on next page)
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(continued from previous page)

s3_key = "/".Jjoin(url_path.split ("/")[2:])

return f"/projects/my-private-bucket/{s3_key}"

If you have installed the backof f Python package, running the following cell will automatically repeatedly check
your job’s status until the job has been completed. Otherwise, you will have to manually repeatedly rerun the following
cell until the output is either ' Succeeded' or 'Failed'.

try:

import backoff
except:

job_status = job_status_for (job_id)
else:

# Check job status every 2 minutes
@backoff.on_predicate (
backoff.constant,
lambda status: status not in ["Deleted", "Succeeded", "Failed"],
interval=120,
)
def wait_for_job(job_id: str) -> str:
return job_status_for (job_id)

job_status = wait_for_job (job_id)

job_status

INFO:backoff:Backing off wait_for_ job (...
INFO:backoff:Backing off wait_for_ job (...
INFO:backoff:Backing off wait_for_ job (...
INFO:backoff:Backing off wait_for_ Jjob (...
INFO:backoff:Backing off wait_for_ job (...
INFO:backoff:Backing off wait_for_ job (...
INFO:backoff:Backing off wait_for_ Jjob (...

for 66.9s (Accepted)
for 75.4s (Accepted)
for 59.1s (Accepted)
for 101.0s (Accepted)
for 119.1s (Running)
for 17.2s (Running)

for 80.4s (Running)

—_— — — — — — —

'Succeeded’

assert job_status == "Succeeded", (
job_result_for (job_id)
if job_status == "Failed"
else f"Job {job_id} has not yet completed ({job_status/}). Rerun the prior cell."

output_url = Jjob_result_for (job_id)

output_dir = to_job_output_dir (output_url)

output_file = f"{output_dir}/gedi_subset.gpkg"

print (f"Your subset results are in the file {output_file}")

Your subset results are in the file /projects/my-private-bucket/dps_output/gedi-
—ssubset_ubuntu/develop/2022/12/16/20/37/29/132757/gedi_subset.gpkg

2.6.7 [Optional] Visually Verify the Results

If you installed the geopandas Python package, you can visually verify the output file by running the following cell.

try:
import geopandas as gpd
(continues on next page)
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import matplotlib.pyplot as plt

except:

print (

"If you wish to visually verify your output file,
"you must install the “geopandas’

)

else:

gedi_gdf =
print (gedi_gdf.head())
sensitivity_colors =

gpd.read_file (output_file)

package."

plt.cm.get_cmap("viridis_r")

(continued from previous page)

agbd \
018761
874420
168396
484352
088531

116.
323.
295.
127.
345.

geolocation/sensitivity_a2 \

gedi_gdf.plot (markersize = 0.1)
filename BEAM
0 GEDIO4_A_2020347023307_011328_02_T07169_02_002... 0000
1 GEDIO4_A_2020347023307_011328_02_T07169_02_002... 0000
2 GEDIO4_A_2020347023307_011328_02_T07169_02_002... 0000
3 GEDIO4_A_2020347023307_011328_02_T07169_02_002... 0000
4 GEDIO4_A_2020347023307_011328_02_T07169_02_002... 0000
agbd_se elev_lowestmode sensitivity
0 7.206294 2612.725342 0.963938
1 7.232505 2588.142090 0.965968
2 7.224230 2537.219727 0.969290
3 7.206897 2534.912842 0.980470
4 7.240329 2613.810059 0.979566
geometry
0 POINT (85.35394 28.04128)
1 POINT (85.35434 28.04165)
2 POINT (85.35513 28.04240)
3 POINT (85.35590 28.04316)
4 POINT (85.35628 28.04357)
28.10 1
28.08
28.06 1
25.04 1
28.02 1
T T T T T T
8534 8536 8538 B540 8542 8544

2.6.8 Generate contour lines

0.963938
.965968
.969290
.980470
.979566

o O O o

Create a 1at, 1on mesh grid with elevation as a depth parameter. As shown in the plot above, the lines don’t seem
smooth. So we can apply 1inear or ‘cubic’ interpolation to smoothen those missing points.
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geometry = gedi_gdf["geometry"]
elevation=gedi_gdf["elev_lowestmode"]

lon
lat

geometry.x
geometry.y

import numpy as np

x=np.linspace (min (lon), max(lon), 1000)
y=np.linspace (min(lat), max(lat), 1000)

from scipy.interpolate import griddata

x_mesh, y_mesh = np.meshgrid(x,y)

You may experiment with nearest, linear, and cubic interpolation methods to see which gives more smooth

results.

#grid the elevation

z_mesh = griddata((lon, lat), elevation,

(x_mesh, y_mesh), method='linear')

colors=["'blue', 'royalblue', 'navy', 'pink', 'mediumpurple’, 'darkorchid', 'plum',
—'m', 'mediumvioletred', 'palevioletred', 'crimson',
'magenta', 'pink', 'red', 'yellow', 'orange', 'brown', 'green', 'darkgreen']

levels=len (colors)
contourf = plt.contourf (x_mesh, y_mesh,

z_mesh, levels, alpha=0.5, colors=colors,

—linestyles='None', vmin=elevation.min(), vmax=elevation.max())

B85.36 B85.38 B82.40 B85.42 85.44
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Now we need to plot this contour into an interactive map for better visualization.

2.6.9 Plot the contour lines in folium

You may need to install geo jsoncontour,mapclassify, and folium, if you don’t already have them installed.
We need to convert this contourf into geoJSON format.

import folium

from folium import plugins
import branca

import geojsoncontour

geojson = geojsoncontour.contourf_to_geojson (
contourf=contourf,
min_angle_deg=3.0,
ndigits=5,
stroke_width=1,
unit="'ft',
fill opacity=0.1,

#create map view
m = folium.Map ([lat.mean(), lon.mean()], zoom_start=12, tiles="OpenStreetMap")

folium.GeodJson (

geojson,

style_function=lambda x:{
'color': x['properties']['stroke'],
'weight': X[ 'properties']['stroke-width'],
'fillColor': x|['properties']['£fill'],
'opacity': 0.5,

}

) .add_to (m)

cm = branca.colormap.LinearColormap (colors, vmin=elevation.min (), vmax=elevation.
—max ()) .to_step (levels)
cm.caption='Elevation (in m)'
m.add_child (cm)
(continues on next page)
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(continued from previous page)

#legend
plugins.Fullscreen (position="topright', force_separate_button=True) .add_to (m)

<folium.plugins.fullscreen.Fullscreen at 0x7£245c76c710>

cm

<folium.folium.Map at 0x7£245c3b24d0>

Now you have an interactive visualization of a contour plot.
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2.7 Visualizing GEDI L4B Data

In this example, we demonstrate how to access GEDI L4B granule data on the MAAP ADE.

Within your Jupyter Notebook, start by importing the maap package. Then invoke the MAAP constructor, setting the
maap_host argument to ‘api.ops.maap-project.org’.
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from maap.maap import MAAP
from matplotlib import pyplot

import os
import pprint

import rasterio

maap = MAAP (maap_host="api.ops.maap—-project.org")

2.7.1 Search all collections to find the GEDI collection

Then search granules by the GEDI collection’s collection ID.

results = maap.searchCollection/()
for collection in results:
if collection['Collection']['ShortName']
pprint.pprint (collection)

break

{'"Collection':
]

— 7
— 'MAAP '
—'data '

— 'product '

—'status ',

— 'Denotes '

— 'whether '

—'data '

—'geolocated',

— 'Ground '

{'AdditionalAttributes': {'AdditionalAttribute':

—_~—

—_—

'GEDI_L4B_Gridded_Biomass_2017"':

[{'DataType': 'STRING

'Description':

'"Name': 'Dataset '
'Status’',

'Value': '"MAAP '
'Standard '
'Data '
'Product'},

'DataType': 'BOOLEAN

'Description':

'the

'is !

'Name': 'Geolocated
'Value': 'true'},

'DataType': 'FLOAT',
'Description':

(continues on next page)
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—'sensoru2019s '

—'instantaneous '

—'field '

—'File !

—'"format '

—'associated '

—'granules ',

—'Central '

—'transmission '

— 'frequency '

—'instrument',

— 'Earth '

—'surface '

—'distance '

—'observed '

—_~—

—_—

—_—

(continued from previous page)

lby Al
la L}
lof Al
'view
'Name': 'Spatial '
'Resolution
'Value': '1'},
'DataType’': 'STRING
'Description':
’Of Al
'the
'Name': 'Data '
'Format',
'Value': 'GeoTIFF'},
'DataType': 'FLOAT',
'Description':
lof Al
'the
'Name': 'Band '
'Center '

'Frequency',
'Value': '281759.8'}

'DataType': 'FLOAT',
'Description':

(continues on next page)
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(continued from previous page)

lby Al
'the
]
o
—'instrument',
"Name': 'Swath '
'width',
'Value': '4.2'},
{'DataType': 'FLOAT',
'Description':
— "Angular '
—'extent '
la L}
- 'sensor '
—'views '
—'across '
'the
]
—
—'Earthu2019s '
—'surface',
'Name': 'Field '
lof Al
'View',
'Value': '12'},
{'DataType': 'FLOAT',
'Description': 'The
]
o
—'diameter '
lof Al
'the
]
—
—'laser '
—'beam '
—'that '
— 'reaches '
'the
]
o
—'ground',
'"Name': 'Laser '
'Footprint '
'Diameter’',
'Value': '25'},
{'DataType': 'STRING
]
7',
'Description':
— 'Concise ' (continues on next page)
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—

'Platform-Instrument

—'data '
—'collection '

— 'method '

—'Acquisition '

—'Central '
—'transmission '

— 'wavelength '

—'instrument',

'ArchiveCenter':
'AssociatedBrowseImageUrls':

—'Gridded '
— 'mean '

— '"aboveground '
— 'biomass '
—'density '

— ' (top) '
—'and '
—'standard '

1

(continued from previous page)

'ORNL_DAAC',
{'"ProviderBrowseUrl':

'tag
'Name':
'Type',
'Value': 'Satellite
'Lidar'},
{'DataType': 'FLOAT',
'Description':
lof Al
'the
'Name': 'Band '
'Center '
'Wavelength
'Value': '1064'}]1},

{'Description’:

—'error

—'of !

—'the '

— 'mean ' (continues on next page)
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(continued from previous page)

— ' (bottom) ."',

'URL': 'https://
—daac.ornl.gov/GEDI/guides/GEDI_L4B_Gridded_Biomass_Figl.png'}},
'Campaigns': {'Campaign': {'LongName': 'Global Ecosystem '
'Dynamics Investigation',
'ShortName': 'GEDI'}},
'CollectionState': 'COMPLETE',

'Contacts': {'Contact': {'OrganizationAddresses': {'Address': {'City':
— 'Oak '

— 'Ridge',

— 'Country': 'United '
N 'States', -
—'PostalCode': '37831-6407",
— 'StateProvince': 'Tennessee',
—'StreetAddress': 'ORNL '
— 'DAAC ' -
. 'User ' )
o 'Services ! i
o 'Office, ' )
N 'P.O. ! )
N 'Box ' -
- '2008, ' )
o 'MS ! )
. '6407, ' -
- 'Oak ' )
o 'Ridge ' i
N 'National ' -
. 'Laboratory'}}, u

'OrganizationEmails': {'Email': 'uso@daac.
—ornl.gov'},

'OrganizationName': 'ORNL_DAAC',

'OrganizationPhones': {'Phone': {'Number':
—'(865) '
—'241-3952",

'Type':

—'Direct '
(continues on next page)
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(continued from previous page)

< 'Line'}},

'"Role': 'ARCHIVER'}},
'DOI': {'Authority': 'https://doi.org',
'DOI': '10.3334/0RNLDAAC/2017'},
'DataFormat': 'GeoTIFF',
'DataSetId': 'GEDI L4B Gridded Aboveground Biomass Density, '
'Version 2',
'Description': 'This Global Ecosystem Dynamics Investigation '

' (GEDI) L4B product provides 1 km x 1 km (1 '
'km, Thereafter) estimates of mean aboveground
'biomass density (AGBD) based on observations '
'from mission week 19 starting on 2019-04-18 to '
'mission week 138 ending on 2021-08-04. The '
'GEDI L4A Footprint Biomass product converts '
'each high-quality waveform to an AGBD '
'prediction, and the L4B product uses the '
'sample present within the borders of each 1 km
'cell to statistically infer mean AGBD. The '
'gridding procedure is described in the GEDI
'L4B Algorithm Theoretical Basis Document '

' (ATBD) . Patterson et al. (2019) describes the '
'hybrid model-based mode of inference used in '
'the L4B product. Corresponding 1 km estimates '
'of the standard error of the mean are also '
'provided in the L4B product. Uncertainty is '
"due to both GEDI's sampling of the 1 km area "
' (as opposed to making wall-to-wall '

'observations) and the fact that L4A biomass '
A}

1

'values are modeled in a process subject to
'error instead of measured in a process that '
'may be assumed to be error—-free.',

'InsertTime': '2022-03-29T00:00:00.000z2",
'LastUpdate': '2022-03-30T10:43:50.000z2"',
'LongName': 'Not provided',
'OnlineAccessURLs': {'OnlineAccessURL': {'URL': 'https://daac.ornl.
<»gov/daacdata/gedi/GEDI_L4B_Gridded_Biomass/',
'URLDescription': 'This '
'link '
'allows '
'direct '
'data '
'access '
'via '
'Earthdata
'login'}},
'OnlineResources': {'OnlineResource': [{'Description': 'ORNL '
'DAAC '
'Data '
'Set !
'Documentation
“*'l
'"Type': 'VIEW RELATED '
'"INFORMATION : '
'GENERAL '

'DOCUMENTATION',
(continues on next page)
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'URL': 'https://daac.ornl.gov/
—GEDI/guides/GEDI_L4B_Gridded_Biomass.html'},
{'Description': 'Data '
'set '
'Landing '
'Page '
'DOTI !
'"URL',
'Type': 'CollectionURL '
': DATA SET '
'LANDING PAGE',
'URL': 'https://doi.org/10.
<3334 /0ORNLDAAC/2017"'},
{'Description': 'GEDI '
'L4B !
'Gridded '
'Aboveground '
'Biomass '
'Density, '
'Version '
|2: Al
'"GEDI_L4B_ATBD_
—vl.0.pdf",
"Type': 'VIEW RELATED '
'"INFORMATION : '
'GENERAL '
'DOCUMENTATION',
'URL': 'https://daac.ornl.gov/
—daacdata/gedi/GEDI_L4B_Gridded_Biomass/comp/GEDI_L4B_ATBD_v1.0.pdf'},
{'Description': 'GEDI '
'L4B !
'Gridded '
'Aboveground '
'Biomass '
'Density, '
'Version '
V2: A}
'"GEDI_L4B_
—Gridded_Biomass.pdf',
"Type': 'VIEW RELATED '
'"INFORMATION : '
'GENERAL '
'DOCUMENTATION',
'URL': 'https://daac.ornl.gov/
—daacdata/gedi/GEDI_L4B_Gridded_Biomass/comp/GEDI_L4B_Gridded_Biomass.pdf'},
{'Description': 'GEDI '
'Project '
'Site’,
'Type': 'CollectionURL '
': PROJECT '
'"HOME PAGE',
'URL': 'https://gedi.umd.edu'}
“*] }I
'Platforms': {'Platform': {'Instruments': {'Instrument': {'LongName':
—'Global '

—'Ecosystem '
(continues on next page)
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]

— 'Dynamics

—'Investigation',

'ShortName':
< 'GEDI'}},
'LongName': 'International Space '
'Station',
'ShortName': 'ISS',
'Type': 'Space Stations/Crewed '
'Spacecraft'}},
'Price': ' 0.00",
'ProcessinglLevelDescription': 'model products',
'ProcessingLevelId': '4',
'RevisionDate': '2022-04-20T17:07:00.0002z"',
'ScienceKeywords': {'ScienceKeyword': [{'CategoryKeyword': 'EARTH '
'"SCIENCE',
'TermKeyword': 'ECOSYSTEMS',
'TopicKeyword': 'BIOSPHERE',
'VariableLevellKeyword': {
—'Value': 'TERRESTRIAL '
— 'ECOSYSTEMS'}},
{'CategoryKeyword': 'EARTH '
'"SCIENCE',
'TermKeyword': 'VEGETATION',
'TopicKeyword': 'BIOSPHERE',
'VariableLevellKeyword': {
— 'Value': 'BIOMASS'}},
{'CategoryKeyword': 'EARTH '
'"SCIENCE',
'TermKeyword': 'LIDAR',
'TopicKeyword': 'SPECTRAL/
—ENGINEERING',
'VariableLevellKeyword': {
—'Value': 'LIDAR '
< "WAVEFORM'}}1},
'ShortName': 'GEDI_L4B_Gridded_Biomass_2017',
'Spatial': {'GranuleSpatialRepresentation': 'CARTESIAN',
'HorizontalSpatialDomain': {'Geometry': {
— 'BoundingRectangle': {'EastBoundingCoordinate': '180.0"',
— 'NorthBoundingCoordinate': '52.0',
. 'SouthBoundingCoordinate': '-52.0",
N 'WestBoundingCoordinate': '-180.0'},
'CoordinateSystem
<': 'CARTESIAN'}},
'SpatialCoverageType': 'HORIZONTAL'},
'SpatialInfo': {'SpatialCoverageType': 'HORIZONTAL'},
'SpatialKeywords': {'Keyword': 'GLOBAL LAND'},
'Temporal': {'EndsAtPresentFlag': 'false',
'RangeDateTime': {'BeginningDateTime': '2019-04-18T00:00:
—00.000z2",
'EndingDateTime': '2021-08-04T23:59:59.
—000Z'}}, (continues on next page)
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'UseConstraints': {'LicenseURL': {'Description': 'License URL '
'for data use '
'policy',
'MimeType': 'text/html',
'Type': 'Data Use Policy',
'URL': 'https://science.nasa.gov/
—earth-science/earth-science-data/data-information-policy'}},
'VersionId': '2'},
'concept—-id': 'C1202077968-NASA_MAAP',
'format': 'application/echolO+xml',
'revision-id': '2'}

Search for granules using searchGranule function with the GEDI collection ID.

COLLECTIONID = collection|'concept-id']

results = maap.searchGranule (concept_id=COLLECTIONID, 1limit=50) # COLLECTIONID
—'C1202077968-NASA_MAAP'

print (f'Got {len(results) results')

results[0] ['Granule']

Got 10 results

{'GranuleUR': 'GEDI_L4B_Gridded_Biomass.GEDI04_B_MW019MwW138_02_002_05_RO1000M_PS.tif"',
'InsertTime': '2022-03-29T00:00:00.000zZ",
'LastUpdate': '2022-03-30T10:43:51.000Z",

'"Collection': {'ShortName': 'GEDI_L4B_Gridded_Biomass_2017",
'VersionId': '2'},
'DataGranule': {'SizeMBDataGranule': '20.103343"',
'Checksum': {'Value':
—'025a141348906d5e612262218c496a2d468446ca3087543%9be6651d851bfbe23",
'Algorithm': 'SHA-256'},
'DayNightFlag': 'BOTH',
'ProductionDateTime': '2022-03-29T00:00:00.0002"},
'Temporal': {'RangeDateTime': {'BeginningDateTime': '2019-04-18T00:00:00.000Z",
'EndingDateTime': '2021-08-04T23:59:59.000Z"'}},
'Spatial': {'HorizontalSpatialDomain': {'Geometry': {'BoundingRectangle': {
— 'WestBoundingCoordinate': '-180',
'NorthBoundingCoordinate': '52"',
'EastBoundingCoordinate': '180',
'SouthBoundingCoordinate': '-52'}1}}},
'MeasuredParameters': {'MeasuredParameter': [{'ParameterName': 'LIDAR WAVEFORM'},
{'ParameterName': 'BIOMASS'},
{'ParameterName': 'TERRESTRIAL ECOSYSTEMS'}]},
'Platforms': {'Platform': {'ShortName': 'ISS',
'"Instruments': {'Instrument': {'ShortName': 'GEDI'}}}},
'Campaigns': {'Campaign': {'ShortName': 'GEDI'}},
'AdditionalAttributes': {'AdditionalAttribute': [{'Name': 'Dataset Status',
'Values': {'Value': 'MAAP Standard Data Product'}},
{'Name': 'Geolocated', 'Values': {'Value': 'true'}},
{'"Name': 'Spatial Resolution', 'Values': {'Value': '1'}},
{'Name': 'Data Format', 'Values': {'Value': 'GeoTIFF'}},
{'"Name': 'Band Center Frequency', 'Values': {'Value': '281759.8'}},
{'Name': 'Swath Width', 'Values': {'Value': '4.2'}},
{'"Name': 'Field of View', 'Values': {'Value': '12'}},
{'"Name': 'Laser Footprint Diameter', 'Values': {'Value': '25'}},
{'"Name': 'Acquisition Type', 'Values': {'Value': 'Satellite Lidar'}},

(continues on next page)
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{'Name': 'Band Center Wavelength', 'Values': {'Value': '1094'}}1},
'OnlineAccessURLs': {'OnlineAccessURL': [{'URL': 's3://ornl-cumulus-prod-protected/
—gedi/GEDI_L4B_Gridded_Biomass/data/GEDIO4_B_MW019MW138_02_002_05_R01000M_PS.tif',

'URLDescription': 'File to download'},

{'URL': 'https://data.ornldaac.earthdata.nasa.gov/protected/gedi/GEDI_L4B_Gridded_
—Biomass/data/GEDIO4_B_MW0O19MW138_02_002_05_R01000M_PS.tif"',

'URLDescription': 'Download GEDIO4_B_MW019MW138_02_002_05_R01000M_PS.tif'},

{'URL': 'https://data.ornldaac.earthdata.nasa.gov/public/gedi/GEDI_L4B_Gridded_
—Biomass/data/GEDIO4_B_MW019MW138_02_002_05_R01000M_PS.tif.sha256"',

'URLDescription': 'Download GEDIO4_B_MW019MW138_02_002_05_R01000M_PS.tif.sha256'}
1},
'OnlineResources': {'OnlineResource': [{'URL': 'https://daac.ornl.gov/GEDI/guides/
—GEDI_L4B_Gridded_Biomass.html',
'Description': 'ORNL DAAC Data Set Documentation',
'Type': 'VIEW RELATED INFORMATION'},
{'URL': 'https://doi.org/10.3334/0ORNLDAAC/2017"',
'Description': 'Data set Landing Page DOI URL',
'Type': 'VIEW RELATED INFORMATION'},

{'"URL': 'https:/daac.ornl.gov/daacdata/gedi/GEDI_L4B_Gridded_Biomass/comp/GEDI_L4B_
ATBD_v1.0.pdf"',

'Description': 'Data Set Documentation',
'Type': 'VIEW RELATED INFORMATION'},

{'URL': 'https:/daac.ornl.gov/daacdata/gedi/GEDI_L4B_Gridded_Biomass/comp/GEDI_L4B_
—Gridded_Biomass.pdf',

'Description': 'Data Set Documentation',
'Type': 'VIEW RELATED INFORMATION'},
{'URL': 'https://data.ornldaac.earthdata.nasa.gov/s3credentials"’,
'Description': 'api endpoint to retrieve temporary credentials valid for same-
—region direct s3 access',
'Type': 'VIEW RELATED INFORMATION'}]},
'Orderable': 'true',
'DataFormat': 'GeoTIFF',
'Visible': 'true'}

2.7.2 Utilize ‘getData’ function to download one granule’s data file

download_path = './download/gedi_1l4b'
os.makedirs (download_path, exist_ok=True)
download = results[0].getData (download_path)
# Print the downloaded file

download

'./download/gedi_14b/GEDIO4_B_MW0O19MW138_02_002_05_R0O1000M_PS.tif'

src = rasterio.open (download)
data = src.read(l)

# Print the shape of data to verify if rasterio was able to read the file properly
print (data.shape)
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2.7.3 Plot the .tif file using ‘matplotlib’

: pyplot.imshow (data)

pyplot.show ()

0 5000 10000 15000 20000 25000 30000

2.8 ICESat-02 Advanced Topographic Laser Altimeter System-03
(ATLO3) data access and exploration instructions.

About ATLO3 Data: (ATLO03) contains height above the WGS 84 ellipsoid (ITRF2014 reference frame), latitude, longi-
tude, and time for all photons downlinked by the Advanced Topographic Laser Altimeter System (ATLAS) instrument
on board the Ice, Cloud and land Elevation Satellite-2 (ICESat-2) observatory. The ATLO3 product was designed to
be a single source for all photon data and ancillary information needed by higher-level ATLAS/ICESat-2 products.
As such, it also includes spacecraft and instrument parameters and ancillary data not explicitly required for ATLO3.
(source: https://nsidc.org/data/atl03/versions/5)

Required packages:

You will need to install the following required packages if not already present in your working environment: maap-py,
pandas, geopandas, folium, shapely, h5glance, hSpy

2.8.1 Import relevant python modules

: # Import the MAAP package

from maap.maap import MAAP

# Invoke the MAAP constructor using the maap_host argument
maap = MAAP (maap_host='"api.ops.maap-project.org')

# Import pandas dataframe
import pandas as pd

# Import libraries needed for visualizing data spatial extent
import geopandas as gpd

import folium

from shapely.geometry import Polygon,Point

(continues on next page)
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# Import Hb5glance to interactively explore H5 file in notebook
from h5glance import H5Glance

# Import Hbpy to read h5 file
import h5py

/opt/conda/lib/python3.7/site-packages/geopandas/_compat.py:115: UserWarning: The

—Shapely GEOS version (3.11.1-CAPI-1.17.1) is incompatible with the GEOS version_

—PyGEOS was compiled with (3.8.1-CAPI-1.13.3). Conversions between both will be slow.
shapely_geos_version, geos_capi_version_string

2.8.2 Decide on a subset of ATL03 data to load using spatial extent and date range
and visualize extent using folium

# Create a variable for short name of ATL03 data
short_name = 'ATLO3'

Create spatial extent for which we will search

ATLO3 granules on NASA CMR. We have chosen a very narrow
area over Yosemite national park. This is okay,

as we need just a few granules for demo purposes.

HH H W H

# Create Latitude, Longitude list.
lat_coords = [37.700057,37.700057,37.758166,37.758166,37.700057]
lon_coords = [-119.680359,-119.680359,-119.538910,-119.538910,-119.680359]

# Create bounding box
spatial_extent = [lon_coords[0],lat_coords[0],lon_coords[2],lat_coords[2]]

# Reformat bounding box to work with NASA CMR API
spatial_extent = ','.join(str (coords) for coords in spatial_extent)

#Provide date range. It is just 1 day.
date_range = ['2021-02-02"','2022-02-03"]

# For folium purpose, provide the map center
map_center = [37.729139,-119.609670]

# Convert to AOI for visualizaton with folium
polygon_geom = Polygon(zip (lon_coords, lat_coords))

# Provide relevant Coordinate Reference System
crs = 'epsg:4326"

# Convert to Geodataframe and back to list in that specific reference system
AOI = gpd.GeoDataFrame (index=[0], crs=crs, geometry=[polygon_geom])
AQOI_bbox = AOI.bounds.iloc[0].to_list ()

# Visualize the spatial extent using folium.

m = folium.Map (map_center, zoom_start=12, tiles='OpenStreetMap')
folium.GeoJson (AOI) .add_to (m)

folium.LatLngPopup () .add_to (m)

m
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2.8.3 Search for available granules in the NASA CMR for the given spatial extent
and date range and print the number of granules available.

# Provide the name of cmr host to use with maap py

nasa_cmr_host = "cmr.earthdata.nasa.gov"

# Search granule using maap-py using subset criteria identified earlier.

data = maap.searchGranule (cmr_host=nasa_cmr_host, short_name = short_name, bounding_
—box = spatial_extent,temporal= date_range,limit=1000)

# Check to see if the granule search was successfull in finding data within spatial,,
—and temporal extent
print (len (data))
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#Use maap-py's getDatafunction to extract one of the HDF files from NSIDC servers.
# Print the name of file extracted. The file will be downloaded and stored in your,,
—current directory

ice_data = data[0].getData()
print (ice_data)

./ATL03_20210202191800_06231006_005_01.h5

2.8.4 Read the H5 file to understand the data structure.

There are two ways to do this. We can just list keys and then go forward exploring each key one by
one.

# Open the H5 file and 1list the keys
ice_file = hbpy.File(ice_data, 'r")
list (ice_file.keys())

["METADATA',
'ancillary_data',
'atlas_impulse_response',
'ds_surf_type',
'ds_xyz',

'gtll',

'gtlr',

"gt21l',

'‘gt2r',

'gt3l',

'gt3r',

'orbit_info',
'quality_assessment']

Or use the h5glance package to interactively list various keys, sub-keys and variables.
H5Glance lists all the keys and sub-keys and allows for the copying of path variables on the fly, all from within the

Jupyter Notebook. Note: In the web version of this notebook which is shown here, not all sub-fields will be listed. But
they can be accessed when using a Jupyter Notebook running on ADE or local machines.
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