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Imagery in Data Fusion Approaches
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Introduction

Over the past 30 years, West Africa’s (WA) population has more than doubled and is an epicenter of land cover change.

By 2030, 490 million people are projected to live in WA, which will stress food production and natural resources.
This hotspot has not been sufficiently documented, due to strong phenology changes in the Sahel from wet and dry seasons
and the inability of multi-temporal moderate resolution observations to adequately resolve sub-hectare agriculture change.

e Senegal has experienced widespread agriculture extensification in dryland regions, expansion of irrigated rice cultivation,
and forest loss and conversion to agriculture and agroforestry.

e (Changes have been reported but not sufficiently mapped and quantified
with current standard remote sensing methodologies.

We contend that a multi-sensor data fusion approach utilizing Deep Learning
(DL) techniques, including Convolutional Neural Networks (CNNs), in NASA’s
High-Performance Computing (HPC) environment can significantly improve
policy-relevant land cover and land use change information in Senegal over
the past decade.




Project Objectives

Our study is focused on three hotspots in Senegal:

Eastern

(i) Senegal River Valley (SRV; 4.6K km) 4 Transiion Zone
(ii) Expanded Eastern Transition Zone (ETZ; 46.2K km) - &
(iii) Casamance (CAS; 23.8K km2);

With the goals of:
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1. Quantifying changes in the extent and intensity of irrigated rice and dryland agriculture;
2. Testing CNNs on VHR data for extracting croplands and individual trees at regional scales; and

3. Assess agroforestry and reforestation in degraded fields using time-series SAR (2015 to the present) and VHR data
(2010 to the present).

NASA MUSLI Program Broad Question - Multiresolution/Multimodal data fusion



Current LCLUC Mapping Challenges in Senegal

e (an2m VHR imagery enhance our understanding of changes in the extent, intensity and land use of agriculture and
forestry in Senegal?

e How can we better take advantage of NASA's HEC resources to apply Deep learning for land cover change monitoring?

e (an we scale-up Unet CNNs to compensate for the diversity of landscapes and images to map regional land cover?

Wet and dry seasonality for cluster of typical fields in Senegal, Photos from Collaborator Gray Tappan



Challenges: highly variable image conditions

e Abundant burnt areas of various ages in croplands and natural veg

e Phenology, active crops and other natural vegetation spectrally
indistinguishable in wet season images

e fallow fields revert to “natural” herbaceous cover and back to active
croplands - problem for change monitoring.
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Deep Learning Advantage

-Deep learning is in a mature state and is now feasible with existing computational resources.

*Unlike traditional methods such as Random Forest, spatial features are considered, and patterns are extracted from the data.
-There is a reiteration process that improves the generalization of the algorithms.

-Convolutional Neural Networks (CNNs) combine many layers to extract these patterns.
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Challenges and Research questions

e Unet CNN requires fully classified image as training. Generating
large amounts of training data is laborious and expensive,
especially manual annotation.

e Machine learning requires large amounts of representative
training data. How much data is enough - when does accuracy
stop improving with additional training data?

e (anaUnet model trained in one area be transferred to another
region with minimal extra training data from new area? -
Transfer learning, where only the final layers of the U-Net
architecture are train with additional data




CNN Model Development: negotiating space and time
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CNN Model Development = Many, Many Experiments...

Initial
Training

Additional

Training MOdel

Development

Process

Evaluation

Model Output

CNN Models
in production

Region of model

application

Trained and applied in
the same region

Trained in one region
and applied in another

Learned features from
one model transferred
to a new model in
another region

Model version
number

Region(s) from where training
data was used to build model

Class(es) mapped by model, e.g.
otcb = other, tree, crop, burn;
crop = binary crop; etc

Multiclass vs. Binary Ensemble



GMU Remote Sensing Students
Training & Validation Tool

e NASA developed a cloud-native system for
the visualization and validation of WV
imagery.

e The system allows multiple operators to
simultaneously validate given points
following Oloffson (2014) guidelines.

e The system was deployed in AWS as a
Jupyter Notebook.

200 points per image ~ 35 000 records
3 independent observers Validation tool: Cloud Optimized GeoTIFFs (COGs) for
confidence and inter-observer variability faster rendering

captured

431 person hours on 59 images

12 operators, GMU students / waged employees
63 more images to be validated
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Preliminary Results: multiclass model transfer (mt) vs. transfer learning (tl)

e Scaling up with more training: 5, 10, 15, 20, 30 images, improves accuracy, but peaks at 70-74% (greentine below)
e Transfer learning (CAS-tl-ETZ) achieves high accuracy after adding just 3-8 images from ETZ to CAS model wetiow to bue tine below)
e [ndependent validation is currently underway.

Accuracy Change of Test Set in Scaling Up Training for WV Imagery

—— CAS-otcb

—— CAS-tl-ETZ

—— ETZ-otcb
CAS-mt-ETZ

scale 1 scale 2 scale 3 scale 4

Accuracy on test images (never included in training)



Current Results:
CAS example

Basic Multiclass Model:
Trained and applied in the same region
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Current Results:
ETZ example

Basic Multiclass Model:
Trained and applied in the same region
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January 2019
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Current Results:
Overall Validation

e (urvalidation statistics are taken
from validation points where all
observers agreed on.

e We compared the output of a
multiclass model, with the output of
an ensemble of a multiclass and
binary tree (task specific) model.

e (utput metrics suggest a multistep
approach of binary ensemble is
beneficial to improve overall
accuracy.

Individual Model

Other
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Preliminary Composites

Basic Multiclass Model:
Trained and applied in the same region

composite_vl_epochl.vrt
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ESA CCI LAND COVER MAP OF Ethiopia (2016)
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Current Results: TN
Zero-shot Transfer to  H®. SRECER%
Downstream Tasks in
Ethiopia

e located on the northwestern highlands of Ethiopia, the Amhara
Region occupies one-fifth of the area of the country (>
160,000 km?2), whole supporting more than one-third of the
national cereal crop production.

e \We performed zero-shot learning using our models trained in
Senegal across the Amhara Region.

e Next steps include using pre-trained models from Senegal, and
perform transfer learning to train the model with additional
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Institut

5 Sénégalais de

Recherches

Technology Transfer & Qutreach

US Partnerships Initiative funding opportunity proposal might fund collaboration
with ISRA. The proposal would fund:

e Downscaling CNN model to moderate resolution PlanetScope and
Harmonized Landsat-Sentinel data
Exploration of use of CNN model on UAV data generated by ISRA personnel

e [Exchange of personnel from US and Senegal to extend knowledge

e Training of 20 Senegalese scientists on CNN methods and their use in land
use classification relevant to Senegal agriculture and forest

Planet (Open Access Monthly VNIR Mosaics) Preliminary Landcover output (CNN model transfer)
https://www.planet.com/nicfi/


https://www.planet.com/nicfi/

Classifying potential Land-Use signals with VHR/SAR Fusion
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Take-Aways from Preliminary Results

e Large area VHR land cover change mapping at 2 m (Currently 70-74% overall accuracy)
e We have built a Research Platform to test CNNs and scale up 2m change mapping:

@)

O O O O

O

Methods and systems have successfully been developed to scale-up Unet image segmentation on many
(1,000s) VHR images.

m [ransierred learming experiments between regions are promising and require limited additional training.
Training accuracy 88%, testing accuracy /4%, additional experiments are currently underway.
Independent validation protocols have been scaled-up and run in the cloud by external users.
Optical/SAR Data Fusion with a 1-D CNN being implemented to understand land use change and intensity.
2m mapping captures subtle LCC from smallholder agriculture that is difficult to distinguish with moderate
resolution data.
Some unexplainable low accuracy of CNN classification exists on some images, and challenges remain.

ISRA Tech Transfer
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HLS Update

e (Global 2020 -> 2015 processing to July of 2018 of & \h HLS Processing_i-’;g
52 has been completed and is available. 7 Sotinel-2 Processing Cakisat Procust ¢
e (lobal 2018 -> 2015 processing of all the S2 be [Dsaimuis| | Sentinel-2 1 dat Landsat 0L data
completed by this summer. .
e (G0ogle has ingested 30% of HLS to date and it will |
hopefully be available this Fall in GEE. -
e V2.0 publication is in prep and details about updates
to the processing stream will be available on

https://hls.gsfc.nasa.gov . o

https://www.earthdata.nasa.gov/esds/harmonized-
landsat-sentinel-2



https://hls.gsfc.nasa.gov
https://www.earthdata.nasa.gov/esds/harmonized-landsat-sentinel-2
https://www.earthdata.nasa.gov/esds/harmonized-landsat-sentinel-2
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Landsat Next Update

Mission Architecture concept definition is complete, and

Pre-Phase A - user surveys; architectural studies to determine science mission
requirements

Phase B — preliminary design and technology completion
Phase C - final design and fabrication
Phase D —system assembly, integration/testing, and launch readiness;

Phase E - starts after on-orbit operational checkout and ends at the mission’s
operational end.

Ongoing Phase A Work:

is on the Mission’s critical path the final RFP will be out this spring; expect to have a vendor on

contract by early 2024.

to assess data management; instrument accommodation; and launch

vehicle packaging.

BuILDING oN THE LANDSAT LEGACY

ananananan

to assess ground stations, data compression, constellation mission operations.

aaaaaaa

...........



Landsat Next Triplet Constellation & Mission Overview

“Triplet” constellation consists of three, identical observatories with equal orbit
spacing.

e  Fach observatory images a swath that will provide full global coverage.
o Three satellites improve revisit frequency and mission resiliency.
e launch Readiness Date: November 2030.

Mission architecture is endorsed by Landsat user communities, including more than 12 Federal
Agencies and Landsat Science Team.

1 Temporal, spectral, and spatial capabilities are increased approximately
two fold, while maintaining historical Landsat data continuity.
1 Satisfies primary user need of increased revisit frequency with maximum
resiliency.
1 6 day revisit at equator with three observatories, and 2-3 d revisit at higher
latitudes.
3 Provides resiliency at observatory level, and enables affordable sustainment
option.

Landsat Next improved spectral, spatial and temporal resolution enables numerous improvements in user applications.

https://landsat.gsfc.nasa.gov/satellites/landsat-next/

Parameter Value

Mission Category

Category 2, Class B

Mission Life

5-Years

Altitude

653 km Sun-synchronous

Inclination

~98-degrees

Orbital Separation

120-degrees

Mean Local Time (MLT)

10:10 AM +/- 5-min

Repeating Ground Track

18-day

Constellation Aggregate

6-day

Swath Width

164 km

Half Angle FOV

7.2-degrees



https://landsat.gsfc.nasa.gov/satellites/landsat-next/




Thank You!
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‘Ten-year comparison of a landscape near Keur Mandiaye. Saloum. Above: 15 January 1994. Below: 6 December 2004
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