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Using deep learnin
improve satellite-
monitoring of

1. Develop an approach for harmonizing HLS imagery with ”
superspectral Landsat Next imagery 2B

2. Testhow Landsat Next's enhanced spectral resolution can

improve the identification of invasive annual grasses in the
western US — an existing workflow? that utilizes HLS imagery
L] o e v Ve ‘

Introduction

* Recent and future satellite missions are poised to rapidly expand the
availability of hyperspectral imagery (with hundreds of spectral
bands) and “superspectral” imagery (Landsat Next! with 26 bands).
It is important to understand the benefits of the improved spectral
and temporal resolutions these missions will provide and to develop
approaches for integrating them with existing datasets, like the
Harmonized Landsat and Sentinel-2 (HLS) product?.
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Figure 1. A comparison of the spectral resolution of HLS imagery and the Landsat :
Next imagery which we are creating. : N

Methods

Collect training dataset of coincident cloud-free HLS and

hyperspectral Earth Surface Mineral Dust Source Investigation gy YA
(EMIT)* satellite imagery of sagebrush biome in the western US
Create synthetic Landsat Next bands from hyperspectral EMIT images
Train a deep-learning model to predict Landsat Next spectral bands |
from HLS spectral bands AV
Use the derived Landsat Next imagery to identify invasive annual 9
grasses across the western US. Does the enhanced spectral
resolution improve our current workflow which uses HLS imagery?
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Results and Discussion

Our training dataset consists of >2 million points (and growing) of

coincident HLS and EMIT imagery (Figure 2)

The feed-forward deep neural network is highly accurate, with mean

errors of <10% across all 26 bands (Figure 4)

The model is robust and capable of accurate predictions across our

spatial and temporal domain (as seen from a spatiotemporal cross-

validation testing and visual inspection) (Figure 5)

The modeled Landsat Next images capture the annual progression of

point reflectance in much finer detail than original HLS imagery

(Figure 3)

Future work will test the serviceability of the modeled Landsat Next

imagery for real-world applications by incorporating them into : ,.
existing invasive species identification workflows3 - e
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Figure 3. Examples of the annual progression of reflectance
curves at three points for HLS (left) and modeled Landsat Next
(right), highlighting the details revealed by the higher spectral
resolution Landsat Next observations.

Figure 2. The study area (red), with locations of coincident HLS/EMIT
training points (yellow) and in-situ exotic annual grass observations
(green).
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Figure 4. Heatmaps highlighting the accuracy of the HLS-to-Landsat Next model across each of the 26 spectral bands.
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Figure 5. Examples of the true Landsat
Next reflectance and modeled reflectance
at two locations for two spectral bands.
The figures on the right show the
difference between the two. The bottom
images shows the true-color RGB

composite for each.
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