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SGIEQI ]5 the f rst spaceborne LIDAR designed specifically to

y forests

The only GEDI measurement is a lidar waveform
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What is Waveform Lidar?
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International Space Station




GEDI Sampling Design

3 lasers COVERAGE gt COVERAGE
5 beams -

10 ground tracks LASER | LASER
« 3 Lasers, 5 Beams ) A .
Along |

1 power Track |
4 coverage

Direction |

* 10 Ground Tracks

* Will sample +/- ~51.5° N/S
for 2 year period

GEP!

ECOSYSTEM LIDAR




How Do We Translate Waveforms to Biomass?

GEDI will likely sample for ~ two years
Each waveform will have ~7m geolocation accuracy (at one sigma)
Therefore:
To develop algorithms relating lidar to biomass we rely on

collaborations with an international network of scientists to collect
existing field data co-located with airborne lidar data
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How Do We Translate Waveforms to Biomass?

1. Use existing field plot a
nd lidar data

5. Simulate Measurement and

Sampling Uncertainties
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2. Simulate GEDI 3. Extract GEDI Metrics

waveforms
- =  RH Metrics
. = Canopy cover
o — =  Waveform shape
. = Leading/trailing edge

¥

4. Build Calibration Models
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GEDI’s Field and Lidar Calibration Database
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Data are crowd-sourced from international collaborators

GE@I We require field data with spatially and temporally coincident 8
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Data Subset Deemed ‘Analysis Ready’
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Biomass Calibration Strategy

1. Use existing field plot a| 2. Simulate GEDI 3. Extract GEDI Metrics
nd lidar data waveforms
" RH Metrics
s . Canopy cover
gz = Waveform shape
s . Leading/trailing edge

¥

5. Simulate Measurement and 4. Build Calibration Models
Sampling Uncertainties
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Simulating GEDI with Airborne Lidar

Laser footprint

Waveform Amplitude
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Biomass Calibration Strategy

1. Use existing field plota 2. Simulate GEDI 3. Extract GEDI| Metrics
nd lidar data waveforms

— . RH Metrics

. Canopy cover

=  Waveform shape

. Leading/trailing edge
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5. Simulate Measurement and 4. Build Calibration Models
Sampling Uncertainties
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Biomass Calibration Strategy

1. Use existing field plota 2. Simulate GEDI

nd lidar data

waveforms
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5. Simulate Measurement and
Sampling Uncertainties
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3. Extract GEDI Metrics

. RH Metrics
n Canopy cover

~ =  Waveform shape

. Leading/trailing edge
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4. Build Calibration Models
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How universal are relationships between height and biomass?

c) ¢ Woodland Grass Shrub d) * Woodland Grass Shrub
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Empirical Models fit to Plant Functional Types

Woodland, Grass, Shrub Evergreen Broadleaf trees

We fit models for each of 4 PFTs from MODIS
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We test four statistical models:

1. Ordinary Least Squares (OLS) Regression
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Theoretical Model

Biomass = a(max_heightP) * c(basal_aread) * e(wsg_ba')

Where max_height is RH98 (max waveform height);

basal_area is predicted from a cross validated sub model as a function of a
suite of waveform metrics; and

wsg_ba is basal area weighted wood specific gravity, which can either be fit
using field estimates or from a regional look up table
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Empirical Models fit to Plant Functional Types

Woodland Grass Shrub Deciduous Broadleaf trees
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Models perform similarly, but are different
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Conclusions

In terms of mean absolute cross validated residuals,
empirical model selection does not appear to matter

We recommend choosing a model that can be easily
interpreted (e.g. OLS, theoretical) as these models
can help inform scientific progress
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Next Steps

 Stratify the Evergreen Broadleaf PFT

. Broadleaf Evergreen OLS Model
based on the observation that these

. . footprint pft ols
tropical forests vary in structure by — — 7 o
continent 2| o Perc_RMSE = 0.6 o Australi
~S7  inter8 Bias = 0.0054 ’ » North America
£ rh_sum Slope = 0.43 8 SE A
g South/Central America
e Include more data in model calibrations £&:
38
* Determine global representativeness of &g
current sample (and propose new |

airborne flights over existing field plots 0 200 400 600 800 1000 1200 1400
. Field Biomass (Mg/ha)
that may fill data gaps)
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The Potential of GFBI Data to the EO Community

* From several upcoming missions we

expect dozens of global biomass o I

products in the next decade BIOMASS
 Validating these future products is

absolutely critical for science and policy 50 m

communities {

NISAR
12m

» Airborne lidar over field plots is the @

recommended path forward to enable &m

validation of different remote sensing
products a a single site ~60 m
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