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1.2 INVERSION + DATA ASSIMILATION (DA)

Step 1: Do Bayesian inversion to constrain geometrical
parameters and get a priori info for time-varying parameters

Step 2: Use PDFs from Step 1, then perfrom DA to track in

Wucifedaiterlenglibifet alogbE. " 11d [near] real-time the state of the system and/or estimate the
parameter that can change in time.

The AlTar Bayesian Software extended

UD Displacement (m) o & NS Displacement (m)
o

ndin M [ Resi I
to volcano models developed 5. Pescending _ ode | FES dua
@CalTech and JPL
10,
O | *0e 00 E: -1.0 . . \ . :
0O 20 40 60 80 100
-10 Time-step
mean: -0.1 cm
Ascending 45 0 15 0 4
20 - | (cm) Line-of-sight displacment, (m)
1 O * ®
Real-time tracking
O' 0 Counztoo 0 Cour;go 0 Couzr{;(t]
; =1 Att=1 | =01 Att=5 | T | Att=20 |
p=0.71 -10 | _ < 3 S 3 = 35
@Domuyo, Argentina mean: -0.2 cm g0 p——— 3 1 —— 3% —
7.4 7.8 -700 -6001850 1950 40 44 6 8 12 15 _20 _1 O O 1 O _20 _1 O O 1 O _20 _1 O O 1 O 2" 2 5 27
depth (km)  X(m)  Y(m) AV (km?) off,_ (mm) off,_(mm) Y T i MY “1 -

[
w
1
=
w
L
[
w
1

Chamber Overpressure
Chamber Overpressure
Chamber Overpressure

10+ 10 1 10 1 2
Free Free Free
3. CUNCLUDIUND & PEKOPECIIVE | iyl SR I e i = T
We have presented a simple framework to track the evolution of the shallow chamber using combined - coumt - cout T T 0T
inversion and data assimilation. S R g Ao ml [ == T
v With a simple dynamical model (one-reservoir with constant inlet pressure). 5§ ] = S ] wf 1 = B
v Realistic atmospheric noise was added O I
asa-zo- ——————— - —— gzo- === é: :
v Quadtree was performed 8 §u wl |
. » L 10- w 10 i
v InSAR covariance was considered 3 | free 3| Free P!
. . . . . . E nalysis E nalysis I
NEXT: Follow the rapid acceleration of deformation prior to an eruption: Sierra Negra case A o - Sof (== Tt Lo LL I
Timestep Timestep Bottom Source Overpressure, APy (MPa)

National Aeronautics and Space Administration

Jet Propulsion Laboratory We can follow the true shallow overpressure APs evolution and
California Institute of Technology estimate the inlet pressure APd

Pasadena, California

Poster No. EA02

Copyright 2019. All rights reserved.



Author: Tarsilo Girona (329A)
Co-authors: Vincent Realmuto (329A), Paul Lundgren (329A)

TAKE-HOME MIESSAGIE

* \olcanoes get warm years before eruptions due to the large-scale (~volcanic edifice size) diffuse release of heat (Fig. 1). This is the first time that large-scale diffuse heating is detected [1].
» Diffuse heating probably reflects the latent heat released during the underground condensation of volcanogenic water vapor. Volcanic thermal power and subsurface pressure are now linked through a transport model [2].
 Our findings open new horizons to better constrain the thermal budget of active volcanic systems, explore the coupling between thermal emissions and ground deformation [3], and improve the forecasting of eruptions.

1. Introduction: volcanoes release heat through the soil 2. Method: temperature contrast between a volcano and its surroundings

Previous studies in fumarolic fields revealed that heat is released diffusively through the soil. Diffuse @We analyzed 16.5 years of radiance data (from ~26,000 to ~47,000 scenes per volcano;

heating is a major source of energy, and has been found to dominate over the elastic energy released > 25 TB) from the MODIS instruments aboard the Terra and Aqua satellites.
during seismic and deformation crises [4].

Research Questions: @ After discarding cloudy scenes, we calculated the contrast in median brightness

_ _ L temperature between the volcanoes and their surroundings.
Q Does diffuse heating occur over large areas of the volcanic edifices?

0 Are volcanic eruptions preceded by an enhancement of diffuse heating?

- : : The results are filtered through an efficient noise reduction
0 How is diffuse heating related to the pressure of magma reservoirs? <c> J

technique to extract long-term (~years) trends. This yields
the median anomaly 8T (¢t).

Case Studies:
Ontake (Japan) Calbuco (Chile)

Ruapehu (New Zealand) Redoubt (USA)
Domuyo (Argentina)
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Figure 1. Fundamentals of large-scale
(~volcanic edifice size) diffuse heating.

Magmatic gases are transported through ) ' A® : thermal power change at the
the crust via permeable flow (grey Volatiles exsolution condensation level (= at the surface under
arrows) and interact with hydrothermal steady-state conditions); AP : reservoir
systems, which fosters H,O condensation overpressure; p.. crust density; g: gravity;
(blue circles) and thus the release of latent K. permeability; S: cross-sectional area to
heat (red arrows) and fluid circulation. At flow; M: gas molecular weight; L,,,: latent
the uppermost levels, latent heat s heat of H,O evaporation; u: gas Vviscosity;
transported via conduction, which R: ideal gas constant; T,,,, T .. magma and
Increases soil temperature and radiance. condensation temperatures.
3. Results: volcanic edifices get warm for years before eruptions 4. Interpretation: diffuse heating reflects underground H, O condensation
@ Th last . 10 . We propose that large-scale diffuse heating reflects the latent heat released during the underground
~ t'e o a5 ﬁ1_0 = " 1 _os E | PP Wa | @ condensation of volcanogenic H,O (Fig. 1). The rate of heat production is controlled by the supply of
agmatic and gas o 08 f | Cosl M AN H, 0 (via permeable flow) to the condensation zone, and thus by the magma reservoir pressure.
driven  eruptions “—0.6] | \_..,0-4 — 08| -
were preceded by [ 047 =R [ [& A . .
Iong-teprm (~years>)/ = 0.2 | - = 0.2 { =04y <b> Under local thermal equilibrium and steady-state conditions, thermal power increases of 10s of MW
: 0 - 0 - 0 - correspond to overpressures of ~0.1 — 2 MPa in magma reservoirs (Fig. 3).
warming of ~0.10- 2004 2012 2020 2004 2012 2020 2004 2012 2020 P P ’ (F19.3)
0.72 °C (Fig. 2). 100 | | |
B § Kk =10"1> m?
0.6 | ' | Figure 2. Median anomaly (6T) _ 16 .2
E ! gu y Z 50 — 10-16
l — . _ 08 L] time series. A: Ontake. B: AD = 2pcgKsMLey AP - =10
Pre-eruptive 04 i Lo06] ' Ruapehu. C: Domuyo. D: uR(T,, +T,) a4 , , | k= 10717 m?
: f — o4l _ Calbuco. E: Redoubt. The shaded 0 05 10 15 20
INCreases o 5 0.2 1= area is the uncertainty (95% AP (MPa)
thermal power 0.2] | confidence level); black lines _ _ _ _
of 10s of MW 0L . oL . represent eruptions/explosions. Figure 3. Link between thermal power change (A®) and reservoir overpressure (AP). A: Solution of the mass, momentum and energy
' 2004 2012 2020 2004 2012 2020 equations under local thermal equilibrium and steady-state conditions. B: A® vs AP for realistic values of the parameters. See Fig. 1.
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Introduction
GOAL: Exploit the large amount of data derived from InSAR satellite missions (e.g., upcoming NISAR).
PROBLEM: Several deformation mechanisms are active at the same time.

SOLUTION: Blind source separation techniques like Independent Component Analysis (ICA). A variational Bayesian
approach (vbICA) is superior with respect to the widely used FastICA algorithm (Figs. 1 and 2). vbICA is a generative model:
it uses a mix of Gaussians to model the sources and minimize the KL-divergence between the approximating and true sources
probability density functions. FastICA is a mapping approach that maximizes the non-Gaussianity of the sources.
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Fig. 2: As Fig. 1, but for creep signal (left
column) and a Mogi source (right
column).
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California: Natural separation of long-term subsidence and seasonal deformation (Figs. 3a-b). They might be due to anelastic
and elastic compaction, respectively. Subsidence persists after the end of the drought (Fig. 3¢). We can also isolate unwrapping
errors (Fig. 3d), manifested as pixels with anomalous jumps of the order of half of the radar wavelength.

Time (yr) # observations Time (yr) # observations Time (yr) # observations
055 20160 20165 20170 0 30 0 . 20055 20160 20165 20170 0 30 0 . 300, . 0155 20160 20165 20170 0 ) 6 .
§ o fe 0 S § 10 B 10 § FWells water Tevel § 10 e 10 §
Zos "',‘,-, . s Fos stest e 085 (FEE— Z 08 = ST TS A T }- s 5
os gL T 06 £ go6 e o 6 g 2 —— 06 Poes’ offset ~0.5 06 £
o e, * 04 8 Soal ¥ s, ",-.ﬂ-" 048 8200 — —— ———12512 G, ¢ 04 &

: e ) = 02 oo, o 5= g g |- = H
g£02 S 02 g g 02 AN N 02g g 02 . 02 g
500 o e w5 5 00 o w5 2 Lass 80 4 00 5
z z z z ® z

T — — T 100 ~— ~~_ _\/ [ — — —
g
T o o w T o o g /\/ st Cbund 37575 vz T -
LOS (mm) LOS (mm) < 0] \/ \J By, 40 mm X offset ~ % wavelength LOS (mm)
¢ il
. . £ mv 2018 7
b= .
13515 P 13815 £-100 13515
12812 5 50000 12812 Ssoioh 50000 5 50000
MS1 - 14813 " E L)

40000 2 a000 2 E 40000 2
% S S F-200 o s
i & : 3 2 5
20818, 30000 qa) 20818 30000 g K 30000 s
36 2 36 2 g @
: 8 ’ 8 5-300) |

20000 20000 20000
= *® = 3 Subsidence " *®

33) 10000 3b) 10000 persists! 3d) 10000

l 2012 2013 2014 2015 2016 2017 2018 I
— — J 0 — — 0 Time (yr) — — 0
238

239 40 40 20 0 220 40 238 239 240 -0 010 235 239 240 40 20 0 20 40
Spatial distribution LOS (mm) Spatial distribution LOS (mm) Spatial distribution LOS (mm)

Fig. 3: a) Long-term subsidence in Central Valley (CV) might indicate anelastic compaction. Magenta triangles: wells location.

Aeronautics and Space Administration D) Seasonal deformation in CV might be related to shallow aquifers and elastic deformation. c) Wells water level (blue) and
o oy oy arbitrarily rescaled InSAR long-term/seasonal temporal functions (black). d) Isolated jumps probably due to unwrapping errors.
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landslides In the northern California Coast Ranges due to
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Alexander Handwerger (329-A), Eric Fielding (329-A), Mong-Han Huang (U of Maryland),
Georgina Bennett (U of East Anglia), Cunren Liang (Caltech), and William Schulz (USGS)

1. Introduction _UAVSAR 133805 3. Results
Landslides are a natural hazard that causes billions of dollars in ’“" & "N [\we found that 312 landslides were moving due fo extreme
damages and claims thousands of lives annually. Climate change, which is (iR e |

= e R 4 rainfall during 2017, compared to 119 during 2016, which was the final year
A & of the historic multi-year drought. However, with a return to below average
rainfall in 2018, only 146 Ilandslides remained Iin motion.

altering the frequency and magnitude of precipitation worldwide, is
predicted to have a major impact on landslides.

Main Question: How do landslides respond to drought and
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vy ?
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Landslides that were active during the full study period displayed
seasonal changes in motion. There was a large increase in displacement
for each landslide that corresponded to the large increase in precipitation

=1 = s during the 2017. The maximum velocity occurred during the wet season of
4 N Rl 2017.
\;&S 1
,, e 45 e 4. Conclusions
LOS velocity (cmlyr) active landslides | 2 <R B  Large, deep-seated, slow-moving landslides show size-dependent
a2 o a5 N\ : g,;% LOS = | sensitivity to large changes in annual rainfall.
‘ ’ 5 km
Landslide reconnaissance : LOS velocity | ° The extreme wet season of 2017 triggered a widespread, but short-lived
We identify active landslides between April 2016 and February 2018 using X (cmlyr) increase In landslide activity and velocity.
INSAR velocity maps. Landslides display clear ground deformation = -8 . Based on climate model predictions for the next century in

(high positive or negative LOS velocities). We then use high-resolution 4

digital elevation models, Google Earth images, and previously published | & A \ﬁ . California, which include increases in annual precipitation and increases

In the frequency of dry-to-wet extremes, we hypothesize that there will be

landslide inventories to confirm that the InSAR deformation signals . . . .
an overall increase in landslide activity.

correspond to landslides. | e B s
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1. Introduction 3. Results
Background Probabilistic Fault Displacement Hazard Analysis (PFDHA), defines the proba- Measurements of Surface Strain |
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4. Conclusions

> Correlation of optical and radar images can be used to measure the full 3D surface deformation,
providing dense measurements that are of lower uncertainty than current traditional field observa-

tions.

» Geodetic data can resolve the attenuation of inelastic strain across faults providing key data to con-
strain probabilistic models for occurrence and exceedance of distributed rupture

» The data collected and probability models generated here can be used to better mitigate for the
hazard of distributed rupture by producing more accurate probability estimates.

J

Poster No. EA-06



National Aeronautics and
Space Administration

Investigating elastic heterogeneity and topography ettects on 2010 M, 7.2 EI Mayor Cucapah
coseismic deformation using finite element modelling and space geodetic data

Fabio Pulvirenti (329A) Zhen Liu (329A)
Marco Aloisi (INGV) Alejandro Gonzalez Ortega (CICESE)

1. Introduction
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Event: Mw 7.2 El Mayor Cucapah earthquake
Date of occurrence: 4th April 2010
Location: Northeastern Baja California

Kinematics: Right-lateral strike slip and normal
faulting (120km N'W-SE bilateral rupture)

Motivation: Analytical inversions of geodetic
data assume flat homogeneous or layered half-
space to provide the slip on fault segments. Are
analytical assumptions sufficient to describe
complex tectonic events?

Left: Analytical solution from joint inversions of
GPS, InSAR and subpixel offset data from Huang
et al., 2016 suggests the presence of 9 fault planes
with relatively shallow slip, (peak slip 6m).

Is this an optimal solution and is it valid when
additional complexity is considered?

Objective: Use numerical modeling to check the goodness of the analytical slip solution vs
recorded data and further optimize 1t considering also additional complexity (topography and

material heterogeneities).

2. Modeling

3D finite element model (performed with COMSOL Multiphysics). Analytical fault geometry is embedded into

two computational domains to constraint the mesh. Materials configuration include homogeneous, layered
(PREM) and heterogeneous case (from SCEC CVM-H).

] S ’ Geometry specs
* Quter Domain 550x550x100km
e Inner Domain 100x100x20km
g e Topography: SRTM 90m
P@m )

i Boundary conditions
R0 .
R » Top surfaces: Free

XA
L
D
7
7

P
KR
bz

NN )
L « Bottom surface: Fixed
AN .
QORED” e Quter boundaries: Roller

i
T~ SCEC C Heterogeneous Model Parameters
R EC CVM-H
Topography — Depth(Km) Density(Kg/m?) E(GPa) \%
0-100 1930-3400 2.5-180 0.16-
0.45

Example of vertical
and lateral
heterogeneities
(Young’s modulus)

https://scec.usc.edu/scecpedia/CVM-H

Vp [m/s]
1000 2000 3000 4000 5000

Optimization

. . Least-squared type cost Output: New slip=Analytical Slip*c
Input: Coseismic GPS data jl> function j‘> 0< c<2 spatial control variable

3. Results
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Main outcomes

* Optimized solution fixes GPS near-field displacement vectors and fits well far-field GPS, InSAR and subpixel off. data.
* Inclusion of heterogeneities increases the slip at depth (about 1-2 m) because of higher rigidity of the medium;
* Inclusion of topology gives negligible contribution (<2%) because most of near-field GPS stations are in a valley.

Slip after optimization (numerical-homogeneous)
7
x10° m
6.8 x10% m

10
8
0.5 \ 6

1 x10%nm

1.5

14
Z _ . _ 12
M,,=7.24 =

Conclusions: Our numerical model suggests that El Mayor Cucapah event may have been triggered by much
higher slip than expected. Our results provide new hints to better understand the dynamics of such a complex
tectonic event and can be of help for future seismic hazard estimation.

* Optimized solution increases but spatially reduces the analytical slip to fit the observations;
* Moment magnitude obtained from optimized solution is closer to the recorded value (M,, 7.2).

References:
% Huang et al., 2016. J.Geophys.Res.Solid Earth, 121; < Gonzalez et al., 2014. J.Geophys.Res.Solid Earth, 119.
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Closing magmatic conduits: constraints from geodetic

observations and dynamical models
Alberto Roman (329A-Affiliate)

Paul Lundgren (329A) Marco Bagnardi (329A-Affiliate)

1. Introduction

300 -

Volcanic activity forecasting is moving to an approach based on

L . . " . — 200 —
deterministic physical models, which allow to make quantitative predictions on e e
the evolution of the system. As magma moves in the crust it deforms the 5 100 5
encasing rocks and the Earth surface, making geodetic observations one of the 5 o -
most valuable tools for volcano montioring. Physical models must thus couple = _100. =
the dynamics of magma transport with the mechanics of rocks deformation in
order to allow for accurate, consistent predictions. —200+

0 20 40 60 30 100

Problem: The processes associated with large eruptions are not accounted by Y72 474 476 478 48.0 482
avalaible models, making our understanding of such events limited. Time [Days] Time [Days]

The 2018 Kilauea eruption provides a unique case study. It lasted 3 months

and produced approximately one cubic kilometer of lavas, becoming the largest

eruption in the last 200 years. Kilauea is the best instrumented volcano in the 3. Model

world and the eruption has been monitored by ALOS-2, SENTINEL-1 and
GLISTIN-A missions, which provide a high-quality data-set.

Objective: our goal is to combine ground and space-based geodetic

observations with a new physical model to understand the dynamics of the V(t)
Kilauea 2018 eruption. The model is used to constrain the main properties of -
the Kilauea plumbing system, but can be easily adapted to other large, caldera-
forming eruptions.
Governing equations
2. Data
[ dx _ Static and dynamic
,. a -V friction coefficient R, dimensionless damping factor
mY —mg— F —ps F. v=0 _ma* [km\|"?
% F= 8ulS | Vo
195 dp . kSV _ kna? Fq v=0
3 194 Time-series Parameters estimation
57 1.2 45 F
.8/ 1.8 -
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| 4. Conclusions
GNSS network: caldera displaments  GLISTIN derived volumes time series

— oI 5 i Surnmit caldera : 1) Large volcanic eruptions enter in a particular regime which is dominated
£ o £ 0.8 o Erupted magma i by caldera collapse
o —40 S| — 06 '
% 2 U g4, | 2) Caldera collapse is characterized by oscillatory (stick-slip) behavior with
5 —80- & E v | well defined periods
g =R
=120 | | | N e | | | o 3) Dynamical modeling shows that the period of the stick-slip motion is

0 200 40 60 80 100 0 20 40 60 80 100 . . _

| | controlled by the mechanical and geometrical parameters of the volcanic
Time [Days] Time [Days]

plumbing system

- - - 3
National Aeronautics and Space Administration 4) For the 2918 K!Iauea eruption we estimate a chamber volume of 2 km
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The impact of contemporary mass redistribution on

sea-level and vertical land motion observations

Thomas Frederikse (329C), Felix Landerer (329C), and Lambert Caron (329C)

Sea-level observations are contaminated by local
vertical land motion, and GPS records are rather short

« Tide-gauge data are used for many oceanographic,
geophysical purposes and sea-level reconstructions, but
they are affected by land motion.

« Short (~10 years) GPS records are commonly used to
correct tide-gauge data (Multi-decadal records).

— Maassluis tide gauge

DELF GPS station W W4

wry

_40

1850 1875 1900 1925 1950 1975 2000

« (Can we just use the short GPS record to correct the long
tide-gauge, or can we do a better job?

« What we should do: correct for as much processes that
make this extrapolation inaccurate.

Contemporary mass redistribution causes vertical

land motion. Can we use GRACE to measure and

remove this process?

Global water redistribution causes deformation of the

surface. We can use GRACE to measure this redistribution

and compute the resulting deformation.

Equivalent Water Height (Present-day)

Solid-earth deformation (Present-day)

am
-20 -10

 Qverthe GRACE era (2002 — 2017), mass redistribution
caused large uplift signals, mostly due to ice mass loss.

 How constant is this this rate with time? The below figure

shows the solid-earth deformation rates over the first and

second half of the GRACE time span.

2002.3-2009.8

2009.9-2017.4

* The differences are substantial. Given that 8 years is a
typical GPS record length, extrapolating an 8-year rate
could lead to significant biases.

Take-home messages

1. Elastic deformation causes substantial vertical
land motion

2. Extrapolating GPS records can thus lead to errors

3. We have a data set with corrected VLM rates

4. With these updated rates, we can reconcile long
tide-gauge observations and 20'-century sea-
level reconstructions

National Aeronautics and Space Administration

Jet Propulsion Laboratory
California Institute of Technology
Pasadena, California

Copyright 2019. All rights reserved.

Land mass change (Gt)

Solid-earth deformation (Cryosphere)
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Which processes are responsible for this
deformation?

The figure below shows the total land mass change per
component, as well as the resulting deformation

Global mass redistribution
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The trends are mostly due to glaciers and ice sheets, but
decadal variability is dominated by terrestrial water storage
(TWS)

The ongoing ice mass loss is not representative for
deformation during the centennial tide-gauge record

Decadal variability due to TWS changes even affects rates
over the GRACE period

Uncertainty and the role of Glacial Isostatic
Adjustment

Glacial Isostatic (GIA) affects both GRACE observations
and causes vertical land motion, but its contribution is
uncertain.

We use a large ensemble of GIA models to estimate the
mean corrections, and to derive robust uncertainties

0{4 == L E T W
=

Equivalent Water Height (GIA) Solid-earth deformation (GIA)

20 -10 0 10
Standard error

Can we avoid the bias due to elastic deformation
when extrapolating GPS records?

We can separate the observed VLM into GIA, elastic
deformation, and all other sources:

VLMgpserved = VLMgia + VLMgpsiic + VM ggiqua

We can compute the linear trend in VLM, 445 INStead of
VI—Mobserved

This avoids the extrapolation bias due to elastic deformation
We compute trends from GPS records in the Nevada
Geodetic Laboratory database using the MIDAS trend
estimator.

Errors quantified using the Monte-Carlo approach
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Deformation from contemporary mass redistribution
explains substantial fraction of observed trends in South
America and parts of Asia.

This process affects estimates of GMSL changes

An ongoing discussion in the sea-level community is on
why long tide-gauge records are not in agreement with
global sea-level reconstructions.

Correcting tide gauges for residual VLM improves the
agreement and reduces the inter-station spread
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25 - _ VLM removed|
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1.5 T |
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We now obtain a mean trend of 1.3 mm/yr, with a spread of
0.4 mm/yr of these long records, which is now in
agreement with recent sea-level reconstructions, which
give a 20M-century rate of about 1.2 mm/yr.
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Assessing the Effects of Drought on Irrigation Demand using Satellite

Observations
Author: Alireza Farahmand (329E)

Ali Behrangi!, Amir AghaKouchak?
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Introduction Results

*  Droughts can pose a significant threat on irrigation demand 1n irrigated regions . o
 Table 1 shows the correlation between annual 1rrigation water use and mean of June-September

drought indicators. As seen the drought indicator of combination of soil moisture and relative

 The wrrigation water demand 1s fundamental for agricultural water management given that = el :
humidity result in highest correlation of -0.56

agricultural 1rrigation 1s the second largest user of water in the United States

 Several studies have been developed for linking irrigation water demand to environmental
conditions. These models are generally either conceptual or statistical . Generally, statistical Variable Correlation
metho.ds have much fewer data. re.:qui.rements and have shown to be an effective tool for Soil Moisture (SM)
assessing the effects of droughts irrigation water demand

-0.55

, DL L . . Relative Humidity (RH) -0.5
* However, these models are either deterministic or offer probabilistic results via a single

irrigation demand distribution function that incorporates all the possible climate conditions Vapor Pressure Deficit (VPD) | 0.49
experienced during a specific month or growing season

Precipitation (P) -04

* In contrast, policy makers might prefer a model that produces irrigation water demand
distributions based on a specific environmental condition (e.g., temperature or water vapor (SM,VPD) -0.51
amount) that 1s observed (or expected) for a given month or growing season

(SM,RH) -0.56

 Here, we introduce a new model capable of producing such 1rrigation demand distributions
which relies on a copula-based, multivariate statistical technique and the concept of
conditional probability

(P,SM) -0.54

Table 1: Correlation of Annual Water Use with Average Summer Drought Indicator

Datasets * In top panel of figure 2, we can see the time-series of annual irrigation water use 1n the state of
Texas during the 1984-2015 time period. In the bottom panel, we can see the time series of
drought indicator of SM and RH for the same time series. As shown, there 1s a clear relationship
between water use and drought condition. The lower the drought indicator (hence higher more
intense drought condition), the higher the water use.

* GLDAS (Global Land Data Assimilation System) Soil Moisture .25 °

* MERRA (Modern-Era Retrospective analysis for Research and Applications) Relative
Humidity and Temperature 0.5° *0.625°

* Global Precipitation Climatology Project (GPCP) Precipitation 0.5 °

Irrigation Acre-Foot

* Global Food Security Support Analysis Data (GFSAD) Crop Mask 2010 1 km

Year

* Annual Texas Irrigation Water Use 1984-2015

* Re-gridded Spatial Resolution: 0.25 degree

* Temporal Resolution of hydrologic data: Monthly

(SM,RH) Drought Indicator July-September

Year

« Data Length: 1984-2015 Figure 1: Time series of Annual Irrigation Water Use and Drought Condition
2 XT, 2 XTd . e . . .
VPD = cl X exp (ch +Tmean) — c1 Xexp (ch o), where ¢1=0.611 kPa, c2=17.5, ¢3= «  Figure 2 shows the probability distribution functions of irrigation water demand given a dry
mean mean

(DI=-2) and a wet (DI=2) condition. The hatched area shows the probability of irrigation demand

240.978 ° ¢, Tdeqn: dew point temperature ° ¢, Tynpegn: air temperature = ¢
abovel0’ acre feet of water.

Methodology P(f:?jigation > (1+107ac — ft)| DI = —2) PS{:Tigation > (1%107ac — ft)| DI = 2)
The Empirical Gringorton probability:
FOI‘ SM, VPD alld RH, alld P FOI‘: (P, SM)’ (RH,SM), (VPD, SM) gS(SM,RH)Droughtlndicator:-2 gz'
i —0.44
POa) =255 D, (o) = k= 047
, I Tk n+ 12
y Rank of data from the smallest Number of occurrences of the pair (x;, y;) for
n  Sample size R x <xandy; <y
x  Data vector . Sample size I T G caneraiorn
Dry Wet
|
SI = ¢ (p(x;)) Condition Condition
¢ Standardized normal distribution function, S1 Standardized Index Figure 2: PDF of irrigation water demand given a dry (DI=-2) and a wet (DI=2) condition
p(x1]x2 = DI) = c(x1,x2).p(x1) Conclusion
x1: Irrigation Demand, x2: Drought Indicator ~ p(x1): PDF of Irrigation Demand * Droughts and high evapotranspiration rates (e.g., caused by high temperatures) can pose a
significant threat on irrigation demand in 1rrigated regions.
c(x1,x2): Copula of Irrigation p(x1 | x2): Conditional Probability of Irrigation Demand
Demand and Drought Indicator Given x2=SI  This study evaluated multiple drought indicators for assessing the effects of drought on irrigation
y p g g g g
demand. The drought indicator of soil moisture and relative humidity has the best relationship with

Irrigation r
National Aeronautics and Space Administration gation water use

Jet Propulsion Laboratory . o o . .
California Institute of Technology * We introduced a copula-based methodology to generate probability distribution functions of

Pasadena, California irrigation water demand given various drought condition
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Regime-Dependent Differences in Active Satellite

Rainfall Products

Author: Ethan L. Nelson (329E)
Advisor: Matthew D. Lebsock (329])

4 . .. : N '
M Otlvatl ng QueStl Ons (a) DCPR Rain Fraction Reg I m(?DPEineFrgonenden gg’R - DPR Rain Fraction

1. Do spaceborne radars at different frequencies retrieve e
similar distributions of rainfall in middle latitudes?

5.0

0.43 0.43 0.43 A

0.31 0.31 0.31 4

\2. If not, how do they vary by environmental regime? Y. Z f f
= 0.22 _?c- 0.22 E 0.22 -
Background 7 o S on S on-
-0.05 -0.05 -0.05 T T T .
« Water is a critical resource for society and nature. * trvapon iy " et vopor iy " atervepor i)
» Rainfall couples Earth’s energy budget and atmospheric circulations. oo 02 04 o6 o5 10 o 02 0 o os 10 s 0 o 1o
» Models poorly represent rainfall, so we need better observations of (<) DCPR Fan (¢) DPR Rain l (f) (DCPR - DPR) / DCPR
rainfall to improve future climate projections (Stephens et al. 2010). g os2 8 £ g v
 NASA’s global spaceborne precipitation sensing system consists of S oo o o T o]
many passive sensors trained on Ku-band radar observations. 3 ; a
* |t has been documented in the tropics that, while these radars can C o ‘ coen - v 0121 -
sense heavy precipitation, they cannot sense lighter precipitation B e T L
because of their low frequency and large footprint (Berg et al. 2010). —— -, . s % o 1

logyp [mm hr 1] logyp [mm hr1] Fractional Rainfall Difference

* Environmental regime allows us to examine similar types of rainfall
despite different radar orbits.

* Here we extend that prior to work to middle latitudes in the context of
our two motivating questions.

Methods « Water vapor provides information on rain location around fronts,
» Rainfall data is taken from the GPM Ku-band precipitation radar. while cloud liquid water informs about the density of clouds.
» CloudSat’s W-band radar, sensitive to clouds and light precipitation, * CloudSat sees rain occurring more often in nearly all regimes —
provides rainfall intensity and occurrence data for comparison. and especially in smaller cloud liquid water paths (0.31-0.43 kg m).
+ Environmental data is available from Remote Sensing Systems » CloudSat retrieves higher rainfall amounts in all regimes but high
using microwave imagers nearly collocated with each radar. cloud water/low water vapor and low cloud water/high water vapor.
Global Retrieved Rainfall Distributions Why The Disparity in Rainfall Amounts?
Degraded CloudSat (DCPR) R04 [2007-2010] DCPR R04 [2007-2010] (a) Method 1 Blending (DPR Ku First) (b) Method 2 Blending (DCPR First)
60 - (b) ‘r " W:43O-5309Lr;10i,62)/0:21-23 kgm~? W:430-530g$);:’-ég:21-23 kgm~?

30 - t i 5000 1 —— DPR Ku : 4000 { — DPR Ku
" o _ —— Cloudsat > 3500 | — Cloudsat
u ++++ Combined . -+=+ Combined
4000 A X
f '1 .l 3000 - Saturated

2500 4 DCPR PoP (no sat)=89.8%

—30 ' 3000  DCPR PoP=91.2%
DPR Ku PoP=66.7% DPR Ku PoP=66.7%

DCPR fs3:=1.4%

Count
Count
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0 60 120 180 240 300 360 0 60 120 180 240 300 360 20997 pepr RR=1.95 mm hr-

1500 1 pcpPR RR=1.95 mm hr~!
DPR Ku RR=0.89 mm hr-1 1000 4 DPR Ku RR=0.89 mm hr~?
0 2 4 6 8 10 12 0.00 0.05 0.10 0.15 0.20 0.25 Blend RR=1.07 mm hr~1 2 *%% 7 Blend RR=2.02 mm hr-1
Rate [mm day 1] Occurrence Fraction e 01 — T
1074 102 107 102 1074 102 10° 102
DPR:Ku NS VO6A [04/2014-03/2016] DPR:Ku NS VO6A [04/2014-03/2016] Rain Rate [mm hr1] Rain Rate [mm hr]

* |In this example regime, differences exist in the rain rate distribution.

« Even at moderate rainfall rates (~1 mm hr') where both sensors
should ideally retrieve the same distribution, the sensors differ.

» Attempts to reconcile the two sensors—either by raising GPM
precipitation occurrence with CloudSat or accounting for CloudSat
saturation with GPM—do not yield an improvement.

0 60 120 180 240 300 360

0.00 0.05 0.10 0.15 0.20 0.25 - -
Rate [mm day 1] Occurrence Fraction DISCUSSIO“
50 (@) R 50 £7) DCPR - PR — « CloudSat observes precipitation falling more often and of an overall
30 - _ 30 - d _ larger amount than GPM'’s Ku radar in the midlatitudes.
N | e 0 :  This mostly occurs in moderate environmental regimes.
~30 - ' ~30 . ‘ 1 « Some differences in the two radars stem from instrument sensitivity
~60 - — g 60 T R T, o i e TN L since they observe rain occurrence differently.
° %% 10 W0 280 0 %O ° %% 19 W0 240 0 O « But differences in the magnitude of rainfall likely arise because
_-8 5 4 5 0 3 4 -6 : _1,-00 075 —050 025 0.00 055 0.50 -0_75 100 these satellites use different radars at different frequencies with
, Rate [mm day ] | ~ Occurrence Difference different algorithms that have different microphysical assumptions.
* GPM’s Ku radar retrieves a higher quantity of rain falling globally but » This motivates the need for a combined low/high frequency radar
not in the midiatitudes. | | platform to leverage strengths of each in a unified algorithm.
» CloudSat retrieves rain occurring more often than GPM’s Ku radar in
the midlatitudes and nearly globally. References
et Proputton Laboraeny L mmetaten 1. Stephens et al. (2010) JGR, doi:10.1029/2010JD014532.
B oy Tocnology 2. Berg et al. (2010) JAMC, do0i:10.1175/2009JAMC2330.1.
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INTRODUCTION OBJECTIVES

* Hydrologic outputs from global Land Surface Models (LSMs) are widely  |dentify optimal global LSMs for estimating river flow in the Ganges-
avallable and represent valuable alternatives for supporting water Brahmaputra-Meghna (GBM) and the Mekong river basin located in South
management in ungauged river basins where observations are scarce. and Southeast Asia, respectively.

* Outputs from these models can help to prevent large-scale disasters in « Assecondary goal is to identify the most sensitive factors affecting the
transboundary river basins in South and Southeast Asia where data sharing is accuracy of the simulated flow among a) the choice of the LSM, b)
limited. precipitation input, c¢) spatio-temporal resolution of the models, and d)

»  The wide range of existing model outputs makes the choice of dataset routing model parameters.

challenging in the absence of detailed model validation in that region.
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METHODS

Accuracy of Simulated Flow:
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Efficiency, Root Mean Square Error, Bias,
Standard Error, Lagged Cross-Correlation
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Introduction

Estimates of CO2 fluxes at Earth’s surface can be obtained from measurements of atmospheric CO2
using flux inversion methods. The recent launch of space-based missions that measure column-
averaged dry-air mole fractions of CO2 (XCO2) has greatly increased the number of atmospheric
CO2 measurements that can be used to estimate CO2 fluxes. However, at high latitudes the
observational coverage of the space-based XCO2 measurements is highly seasonal (Fig. 1).
SON . D.F . MAM . IA P!

Luckily, there are a number of ground-based sites measuring atmospheric CO2 at high northern
latitudes (Fig. 2). In this study, we examine the feasibility of combining ground-based and space-based
measurements of atmospheric CO2 within a single flux inversion framework. Specifically, we ask:

o J'fi Zorro" 1. Does combining ground-based and space-based

e @ BN atmospheric CO2 constraints within a flux inversion
framework improve the agreement between
posterior CO2 estimates and aircraft CO2
measurements?
How precisely can the seasonal cycle of net
ecosystem exchange (NEE) be estimate on regional
scales in northern regions from atmospheric CO2
measurements?

Figure 2. Locations of ObsPack (blue circles), ZOTTO (cyan circle), JR-STATION

150

Space-based observations per year
N

450

: (] IO (W |
00 01 02 03 04 00 0.1 0.2 03 04 00 0.1 02 03 04 00 0.1 02 03 0.4 (magenta circles), and TCCON (green triangles) sites. The number of observations
obs/day obs/day obs/day obs/day 0 from space-based observing systems (GOSAT+0CO2) per year are also shown.

Figure 1. Number of measurements per day for GOSAT. Each subplot shows the number density of measurements for a given meteorological season

Assimilated data:

Data and Methods  ObsPack GLOBALVIEW v4.1 (CGADIP, 2018). This package incorporates data from many observing
We perform a series of flux inversions with GHGF-Flux. All flux inversions are performed using sites around the world and is specifically prepared for use in data assimilation studies.
4-dimensional variational (4-DVar) assimilation to optimize 14-day NEE and ocean fluxes over . Jgpan—Russm Siberian Tall Tower Inland Ot_>servat|on Network (JR-STATION). This is a network of
2010-2015. For all inversions, we prescribe ODIAC fossil fuel emissions, CASA-GFED4-FUEL nine towers, these measurements are provided as hourly means. |
biofuel emissions, GFED4 biomass burning emissions, and ECCO-Darwin prior ocean fluxes. « Greenhouse Gases Observing Satellite (GOSAT). We use version 7.3 of the NASA Atmospheric CO2
The flux inversions differ in the prior 14-day NEE fluxes and data-sets assimilated. Observations from Space (ACOS) GOSAT measurements in this analysis. We assimilate all high gain

(H-Gain) nadir measurements that pass the quality flag requirement.

Evaluation of the flux inversions (B) o peemenen——p) e e (I L= <
std =:0. £ std = 0. &

It is challenging to evaluate the accuracy of posterior CO2 fluxes obtained by flux inversions. g T g™ S A
Here, we evaluate the simulated posterior atmospheric CO2 fields against independent N 7 :” IR
measurements of atmospheric CO2 measurements from aircraft campaigns. In general, closer 5 . ém ol h# '
agreement between posterior CO2 and aircraft measurements suggests more accurate fluxes. = S oo S 100 5 %goé

i - . 388 |- ® ;‘g | 388 | : : 388 . : ” 388 | ° | _
Figure 3 compares aircraft measurements over Japan to simulated CO2 %8 %0 I W1 3 393 % W W0 W1 1 93 W %9 0 BT %2 93 39 w8 9 B0 W1 92 35 398
for the prior fluxes, surface-data-only inversion, GOSAT-only inversion, aieraft dat2 (por) . aireraft data (pprn) ) srcrat data (ppm) g aircraft data (pprm)
and GOSAT +surface-data inversion. We find that (1) the surface-data £ o R s T 1
inversion has the smallest mean bias (2) the GOSAT inversion best 2 G180l ! H*H ¢ O_T k }H : O¢H$H P ool foenata 4 {-5-4-4
recovers the seasonal cycle and (3) the GOSAT+surface inversion well g N | | % 7l + N 3 N |
captures the seasonal cycle with a reduced mean bias relative to the S T L O UL R N S

GOSAT flux inversion. Figure 3. (@) Location of aircraft CO, measurements used for evaluation. (b) (top) Scatter plots of posterior inversion CO2 and aircraft-?neasurements over 2010-2015
and (bottom) the monthly mean data-model mismatch as a function of month of year

To further examine the differences between the flux inversions, we can _
examine the zonal differences between the posterior fluxes and GOSAT Posterior Seasonal Cycle
measurements as a function of latitudes and time (Fig. 4). We find that

We examine the seasonal cycle obtained by the flux inversions over three regions (Fig. 4). We performed three inversion usin
all inversions improve agreement with GOSAT relative to the prior. 4 Y 9 S P 9

different prior fluxes and uncertainties, giving a range of posterior fluxes (giving an estimate of precision).
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Conclusions

« Assimilating multiple atmospheric CO2 datasets within a single flux inversion gives strong agreement between posterior atmospheric CO2 and aircraft CO2 measurements.
« The posterior NEE seasonal cycle recovered from atmospheric CO2 flux inversions is recovered with high precision, and is not very sensitive to prior NEE.
« The seasonal cycle of posterior NEE generally falls within the model spread, but does show some systematic differences, such as, a more rapid transition to drawdown during the spring.
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Introduction
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Figure 1. (a) Airborne-lidar derived canopy height across the Amazon in Brazil and French Guiana,

showing regional heterogeneity (highest in S and E, where most of deforestation and degradation
occurs. (b) Typical changes in forest structure and function in tropical forests!1l.

Scientific questions:

* How do changes in forest structure caused by degradation impact
the energy, water, and carbon cycles across the Amazon?

* Does degradation make Amazon forests more susceptible to fires?

Approach

Input data Meteorological forcing
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B Landsat 5, 7, 8
WL o o0 N [ TP - 19842017
10°8 R o T S RSN - NBR and NDVI time series
RV e s SR EE * Disturbance delineation

Ecosystem Demography Model (ED-2)4]
Disturbance * Process-based terrestrial biosphere model

history * Detailed biophysics and biogeochemistry

* Horizontal+vertical heterogeneity of canopies

Forest Inventory
+200 ha (817 plots)
+Overlap with lidar

Incoming

Airborne lidar =

- 13600 ha B L v B || | T ——— L 2T

* Return density = 10 m-2 | e

- Degraded + Intact forest . Burned . :

Point cloud Simulated g T2 P
metrics waveform ‘ B - Bl gyer, b 2 ] “ '\ " o
Initial conditions | / )
= 1y = f(hes,fio-15,0,...) 50 —— Leaf Area Density
© Maximum points
g | Saddle points
N 40 | Cohort lay
Lt gl = | Output
g e E_ >
< G - E¥ e - Sensible heat flux and evapotranspiration
I i o ":: . ¢ % T - -
o B A To- — - Soil moisture and temperature
o Y ° .’c.“ . (/ . .
S 1o SSFUT L parmeopertes o — » Canopy radiation (shortwave and longwave) o Lde]
&L I%f‘iﬁ';é;iny N — - Gross Primary Productivity and Respiration g %
S ) , _ ¥ Eddvaius
Property y — Forest Inventory 0 02 o4 06 08 1 Flammablllty . : (Ben(s:’hma}'kf g)
| Nmma"zedl'eaf area density - Growth, mortality, and reproduction (not used here) marse
| Optimized canopy structure |

Figure 2. Overview of the integrated lidar and ED-2 model framework, used to understand the impact
of tropical forest degradation on biophysical and biogeochemical cycles in the Amazon.

Initialization and model assessment
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Figure 3. (a—c) Assessment of lidar initialization using cross-
validation. (d—f) Evaluation of simulated evapotranspiration
across the Amazon, using towers as references.
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Average impacts of forest degradation
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Water flux (Fig. 4).
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Figure 4. Long-term (1980—-2016) monthly averages of (a-c)
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Conclusions and future directions

Degradation effects on typical years:

> Wet season: few differences
> Dry season: TgroundT, HT, ET!, GPP!

Degradation impacts on flammability:
> Severe droughts: all forests are flammable;
» Moderate droughts: flammability in severely degraded forests only.

Future directions: integrate ECOSTRESS and lidar data at regionally
to quantify the role of forest degradation on water and energy cycles
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Figure 6. Impact of deforestation and degradation near midday on dry-season ET and
LST in Southern Amazonia, from ECOSTRESS. Ring patterns are burned areas.
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Introduction Results

Global terrestrial ecosystem Gross Primary Productivity (GPP) constitutes the Anomaly in global GPP from 1982-2016.
largest land-atmosphere annual carbon flux and the primary mechanism of o - T _
photosynthetic fixation of atmospheric CO, into plant biomass. Despite the [P L N g
importance of GPP: O | - x
< There is a large uncertainty in current model based GPP assessments that e~ ’ - é
contributes to its spatial and temporal variability, and climate sensitivity. = O ; © 2
“+ The effect of climate and its role on long term trend in ecosystem productivity § < . L %
is not well assessed yet. = . §
We used GIMMS-3¢g long term FPAR record along with reanalysis data from 5 ;) B
MERRA-2, to model GPP from 1982 to 2016 using an improved Light Use e = = = ™
Efficiency (LUE) model. 3 3 8 9 & &8 8 & © & & &
1 s — I
-3 -2 -1 0 1 2 3
kel Oceanic Nino Index (°C) SLSie
MEthOdOIOgy Trend in annual GPP [gC m-2 yr1]
% Static LUE,,,, predefined for each biome types in LUE models has been known g Wig«sz;; ) {‘i P R P -
as the main source of uncertainty in these models. . —”‘““f\ : fj;z ) g’@f”“ < 7
«Based on these models, plants in a biome background matrix operate at their . - al A Sl e
maximum capacity in up-taking atmospheric CO, and converting that into W 7T S L
biomass. S Tl g N (@A
< In order to improve the biome homogeneity assumption of ecosystem = T ﬁﬁ‘%‘* S i»i?f“j " O
processes in the LUE models, we used global carbon flux towers from the — Lo \ g g “a “
FLUXNET network to estimate the optimum LUE (LUE,) at each tower site. | ¥ ey
“+ Using a selection of environmental explanatory variables such as Max and Min 50°S - - .
FPAR, average annual SIF from GOME-2, and long term average annual I | Bt
temperature, we extrapolated LUE,,. observations into global scales using a —= e =
machine learning method. Max and Min annual FPAR from 1982-2016 was used 00" W N {00°E
to create dynamic LUE,,; information. Longitude
3- -
19 Boxplot showing the g < Thirty five-year annual linear
19 variability in flux tower . trend in GPP shows that in 80%
~ I derived LUE,; for S _ ! of the vegetated land area GPP
= 15 1l different land cover i shows increasing trends up to 20
932_ | classes. The number above o _ | gC m-2 yr-1 (P < 0.05).
&, each boxplot shows the total > % The GPP of northern latitude
2 - | number of tower sites used 2 g - | ecosystems (+45°N) after the
g _ 3 to represent each land cover = | year 2000 on average has
g l : | b — class, and the red dots S increased by 50 gC m-2, which is
£ T o6 [ ¢ denote the maximum light consistent with observation of
£ ] - 1| e use efficiency used in the S _ increase in shrub dominance in
© | | Bl current version of the MODIS ! tundra.
- MOD17 product. o | o 1smzises #In the northern latitudes after
| 2000-2010 the mid-1990s (+45°N) GPP
ENF  EBF DBF  MF ] CSH OSH WSA SAV GRA CRO s | 2011-2016 ' started to increase by 0.5-1.5 Pg
and cover type , | | | | |
i =k ] - 60 compar_ed to 35-year average for
. the region.
Location of Anomaly in GPP (Tg C yr ™)
global flux tower | | < The northern ecosystems GPP increase is highly related to increase in air
s0°N | sites used for temperature and changes in FPAR.
estimation of < The annual GPP in the Amazon has started to decline after the year 2004.
LUEopt. Tower < The increase in VPD of Amazonian tropical forests corresponds to a decreasing
0° - sites are overlaid trend in annual GPP.
on a global land
cover map (MODIS
sovs | MCD12C1-Type2). Summa Y
L L | The FLUXNET
—= e | <~ | tower sites include | | < We provided the largest improvements in the LUE model since it development in
100°W 0 100°E 95 training sites late 1990s.
S Tt Sltae T e ——— and 54 validation % Based on the new GPP model. the increasing trend in GPP has been offset by
sites. declining carbon uptake in tropical forests.
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“ The reduction rate of GPP in tropical forest, that account for about a quarter of

alarming.

global biomass and are responsible for one third of the global carbon flux, is
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Assimilation of GRACE data into CARDAMOM

Anthony Bloom (329G), JT Reager (329F), Mingjie Shi (329G), Marcos

Longo (329G), John Worden (3290)

Introduction

A number of land surface models already try to represent the temporal evolution of Carbon (C) and/or water (H,0) state variables, but none of them
explicitly uses observations of equivalent water thickness (EWT) to constrain state variables and process controls on belowground water and its impact on the

overlying vegetation.

* We investigate the added value of temporal constraints on C and H,0O cycles using GRACE (Gravity Recovery And Climate Experiment) water storage data.
* We use the CARbon DAta-MOdel fraMework (CARDAMOM) to represent the evolution of C and H,O state variables and associated processes (Bloom et al.,

2016).
 We test our model in key pixels and in the Amazon basin

Methods: from one to two water buckets

CARDAMOM was modified to account for plant unavailable water (PUW), which, together with plant available water (PAW), can be related to the total water

e | Dt EE R g Links between GPP, ET and water storage:

e ol [n e ]| ]|
ey T — [ bmmem 1) Calculate GPP: GPP = GPP,,,. x H2Oy,,
Live
biomass ' MET driver
— Al s organic ¢ s 2) Calculate ET, based on: GPP x VPD/ET = constant Inheret wate use efiiency
LPELET] @ || Foliar | | 5|
Yeepeezeeny | 2 Litter |4 [0
'§ E 3 § 8_ 3) Update PAW and PUW PAWt+1 — PAWt + (Pt — Rt — ETt) At
S . N | £ /
Ol 8| || Labile | | g prass=sssasy § O f PUW,,, = PUW,+ (cR; — R';) At
o : 4 : ol g | Q Runoff coming from PAW bucket
Plant-available & E E | carbon | Q
water Q| sevrTeTTTTe .
‘ = HWSD H20 Fluxes with R, = aPAW? and R, = bPUW?
P = Precipitation
Plant-unavailable 2 . Drivers R = Runoff . . ..
water ET = EVZpotranspiration With 6 parameters being optimized:
—— | Constraints - Initial condition for PAW and PUW - Fraction of runoff that goes to PUW
R .
I - Runoff coeff for PAW and PUW - Water use efficiency

GPP = Gross Primary Production Ra = Autotrophic Respiration Rh = Heterotrophic Respiration NPP = Net Primary Production (GPP-Ra)

Results: CARDAMOM is able to reproduce GRACE data

Savanna pixel :Southern Africa Wet tropics pixel :Amazon Coefficient of correlation (R)
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ol i ' | _ al . "
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Pixel level examples Maps of the Amazon basin

Summary and next steps

* CARDAMOM can reproduce seasonal and inter annual variations of GRACE data in amazon river basin
* There 1s a tradeoff between EWT and GPP, highlighting that some mechanisms are not well represented by the model
* Gridded Runoff will be ingested 1n a river routing model and compared to river gauges for validation (Yamazaki et al., 2011)

., EWTlmm]

GPP [gC/m?/day]

—— wrrmer

A

nnnnnnn

With small uncertainty

References

Bloom, A. Anthony, et al. "The decadal state of the terrestrial carbon cycle: Global retrievals of terrestrial carbon allocation, pools, and residence times." Proceedings of
the National Academy of Sciences 113.5 (2016): 1285-1290.
Yamazaki, D., S. Kanae, H. Kim, and T. Oki (2011), A physically based description of floodplain inundation

EWT [mm]

sk —
8
2 o 2

nnnnnn

GPP [gC/m?/day]

With large uncertainty

dynamics 1n a global river routing model, Water Resour. Res., 47, W04501, do1:10.1029/2010WR009726.

National Aeronautics and Space Administration

Jet Propulsion Laboratory
California Institute of Technology
Pasadena, California

Copyright 2019. All rights reserved.

Poster No. EA-19



http://www.nasa.gov/

National Aeronautics and
Space Administration

Evaluating the strength of the carbon-water cycle
coupling and vegetation functional responses to

environmental stress with OCO-2 and SMAP
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We find ecosystem responses to warmer and drier environmental conditions as observed by SIF and transpiration from a
MODIS-driven ET algorithm show distinct responses across different eco-climatic regions.

Background Methods

Plants link the carbon and water cycles through their control on photosynthesis
and transpiration. Under a changing climate how plants respond to changes in
water availability, temperature, and cloud cover remains an open science
question. This open question largely impacts the uncertainty of climate
projections.

OCO-2 solar induced fluorescence, SMAP soil moisture, and a MODIS-driven
evapotranspiration model provide coincident observations to study changes in
carbon and water cycles from space. We diagnose how regions that
experienced hotter and drier conditions responded to regulate carbon uptake
and water Ioss
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For water and temperature limited regions, the carbon and water ecosystem responses are tightly coupled (Left). Space-for-time analysis reveals ecosystems increase
water-use-efficiency under extreme perturbations (Center). In wet tropical regions, we find evidence that the amount of diffuse and direct radiation may help explain

divergence in these cycles (Right).
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This work directly addresses key science goals of SMAP and OCO-2 to
understand the processes that link the terrestrial water, energy, and carbon
cycles in order to build better models to predict carbon sinks in the future.
Here, satellite observations reveal many Earth system models over-estimate
strength of the carbon and water cycle linkage in the tropics relative to
observations. Further, analyses on the fraction of diffuse radiation and the
impact of short-term perturbations in controlling environmental variables offers
a path towards refining model structure or parameterizations to address these
limitations.
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1. Background 3. Sensitivity of soil dielectric constant to soil organic carbon (SOC) profile
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2. Methods SOC), and Happy Valley (HV, d-f, less decomposed SOC) sites located in dhorse transect (Fig. 1).
We simulated P-band radar backscatter using a coupled 4. P-band radar backscatter sensitivity to active layer freezing
modelling framework (Fig. 2), which includes a permafrost
hydrology process model (Yi et al. 2019) and radar scattering . vegclass = 51, INC=35-45 deg . vegclass = 72, INC=35-45 deg
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Introduction Results

Slow-slip events (SSEs) release stress build-up just like earthquakes. ~ Observed displacements: We used GIAnT to perform a time-series
Unlike earthquakes, SSEs do not cause notable shaking, and last from analysis for each track and estimated cumulative offsets for the 2017
weeks to months rather than seconds. Although not dangerous SSE, shown below for track 78.

themselves, SSEs do change the stress field and can potentially trigger F UL SR AR R T St ke e

a devastating earthquake. The inter-relation between slow-slip events Sbnlld) - wd¥ ST Gyl Track 78

and earthquakes is not well understood and an active research topic R E - ROt Track 4
. . . . -, “filaxcala = g ;

within the solid earth community. B R

Veracruz

Background: SSEs occur every 3-4 years near Guerrero, Mexico, with
the most recent starting in 2017, during which the 2017 Puebla and
2018 Oaxaca earthquakes occurred. Key questions involve: Did the SSE , RS PRI A K g e ey

. : : . I oAt Telwad  Regional
trigger the earthquakes, or vice versa? How will these events impact AR YO oo rthquakes
the next large earthquake on the Mexico subduction zone? e ? B MO e s - v

Problem: GNSS data is sparse in the region, and can be
complemented with dense InSAR observations. However, InSAR is
challenged by atmospheric noise 5x larger than the SSE signal.

Objective: Our objective is to complement available GNSS data with

sentinel-1 InSAR time series with tropospheric noise removed to model Overview of the Guerrero, Mexico study region, with the Sentinel-1 tracks
slip on the subduction zone during the SSE shown (arrows are look directions) and cumulative SSE offsets from track 78.
Methods Fault slip: We find that the 2017 Puebla and 2018 Oaxaca
earthquakes triggered additional aseismic slip (afterslip) on the fault.
GNSS: We processed data from 19 stations, estimated and removed the  We estimate total slip from the SSE and afterslip and find a total
inter-SSE steady velocity, and computed SSE offsets from the residuals. moment release corresponding to an My, 7.1-7.2 earthquake.
15 I l , 2017 SSE = Although GNSS data has lower noise, we find that the additional data
Station CAYA o014 sse Postseismic density from InSAR greatly improves the model resolution, especially
01 N e - outside the area with GNSS data.
g 5| A ii E Regional - SAR tracks Mexico Clty
% +6.34 cm i:/}7 maniiquakes = Aftersli P
E? Ofan v — i:
>
Interseismic N
5| Urendremoved) | S 2017 Puebla Eqg
>
s
10 | 1 | 1 — T N
2012 2013 2014 2015 2016 2017 2018 2019 x
GNSS time-series from station CAYA, showing offsets from the 2014 and
2017 SSEs, and the time of regional earthquakes (dashed lines).

o 10 cm 2018 Oaxaca E
Sentinel-1: We used JPL's ISCE software to process the data up to 0 SSE slip .
interferogram level, and reduced tropospheric noise using a newly §
developed ray-tracing algorithm leveraging data from the European % O _
Centre for Medium-Range Weather Forecasts. 5 GNSS station
Reference 120 2
regionay ] W10
g i Top-down view of the fault geometry (triangle
L o patches) with the coastline in black.
Conclusions

-20

» The 2017 SSE in Guerrero, Mexico was superimposed by aseismic
afterslip from the 2017 Puebla and the 2018 Oaxaca earthquakes

» The combined slip on the fault from the SSE and afterslip was

equivalent to a Mw 7.1-7.2 earthquake
Original interferogram: (left),

National Aeronautics and Space Administration Troposphere estimate (center) > InCOI‘pOI‘ating trOpOSpheriC noise correction methods improves the
Calfornia Inst of Tochnology Corrected interferogram (right). detection threshold for slow slip events from InSAR, and
Pasadena, California 6.28 radians = 28 mm in line-of- complements observations from other geodetic datasets.

sight displacement Poster No. EA-22
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A Hybrid Damage Detection Approach based on Multi-temporal
Coherence and Amplitude Analysis for Disaster Response

Author: Jungkyo Jung (334K) and Sang-Ho Yun (334K)

5

Rapid imaging of damage caused by the natural disasters is becoming an increasingly -“DPN ntinel-1). o+~
essential part of disaster management by response efforts. The Advanced Rapid K / 2017

Imaging and Analysis (ARIA), a joint project between JPL and Caltech, has been
developing algorithms and a system to rapidly produce Damage Proxy Maps (DPMs)
from Synthetic Aperture Radar (SAR) observations. The algorithms and system were
successfully tested for a variety of natural disaster events including the Feb 2011
Christchurch Earthquake, 2013 Super typhoon Haiyan, 2015 Gorkha Earthquakel.,
2017 Hurricane Maria, and 2018 Camp & Woolsey Fires in California.

So far, DPM version 1, which 1s based on interferometric SAR coherence, has been

produced and delivered for response. DPM2, which is based on multi-temporal " sgei N DbM2 (UAVSAR)
coherence analysis, was further introduced to enhance the accuracy performance 2 3. Ty N A e ko Fire. 2015 |

DPMI1 and DPM2, coherence-based methods, become less reliable over the pixels with
low coherence. This research aims to develop a generalized damage detection algorithm
applicable for forest area (low coherence area) using both amplitude and coherence of

multi-temporal SAR 1imagery.

J J DISASTER

EVENT
SAR #2

Event Date : September 06, 2018

Landslide trigger : 1) M6.7 Earthquake SAR acquisitions : SAR #1
2) Heavy precipitation due to Typhoon Jebi .

141.9 142.0 142.1

------- SAR #(N-3) | SAR#(N-2) | SAR#(N-1) SAR #N

]Zandsilde map derived from DPMS3 DFM2 j DPM1

Aerial Photo (Sep, 2018 -
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Temporal decorrelation Model

AMP AMP AMP :
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Multi-temporal Amplitude Analysis based on Temporal behavior Model
(seasonal and annual periodic signal)
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Coherence

 DPM3 shows the highest accuracy among the algorithms by detecting the damages ¢ ARIA system’s cloud computing can dramatically reduce the computation time.

even over pixels with low coherence (temporal decorrelation of forest). * Rapid access to historical SAR data is required for timely production of DPM2/3
 DPMI is cheap and fast (1-2 days), and DPM?2 and 3 are computationally expensive ¢ Using additional polarizations (1.e. HV/VV) can further improve the performance.
(~2weeks).
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California Institute of Technology 1) Yun, S. H., Hudnut, K., Owen, S., Webb, F., Simons, M., Sacco, P., ... & Milillo, P. (2015). Rapid Damage Mapping for the 2015 M w 7.8 Gorkha Earthquake Using
Pasadena, California Synthetic Aperture Radar Data from COSMO-SkyMed and ALOS-2 Satellites. Seismological Research Letters, 86(6), 1549-1556.
2) Jung,J., Kim, D. J., Lavalle, M., & Yun, S. H. (2016). Coherent change detection using InSAR temporal decorrelation model: A case study for volcanic ash detection. /EEE
Transactions on Geoscience and Remote Sensing, 54(10), 5765-5775. Poster No. EA-23

3) Jung,J., Yun, S. H., Kim, D. J., & Lavalle, M. (2017). Damage-Mapping Algorithm Based on Coherence Model Using Multitemporal Polarimetric—Interferometric SAR
Copyright 2019. All rights reserved. Data. IEEE Transactions on Geoscience and Remote Sensing, 56(3), 1520-1532.
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Sentinel-1 time series of transient creep on the Concord Fault, Eastern

Bay Area

Ekaterina Tymofyeyeva (334K)
Piyush Agram, Heresh Fattahi (334K)

Motivation:

STRONG

Methods:

RTINS T *Created coregistered SLCs with

) . ISCE processing software.

e L *Used adaptive multi-looking for
noise reduction and coherence
estimation (similar to Ferretti et al.,
2011).

*Processed data in batches using the
Sequential EVD (inspired by Ansari
etal., 2017)

*Applied CANDIS atmospheric
correction (Tymofyeyeva and Fialko,
2015)

*Decomposed data from two lines of
sight into vertical and fault-parallel
components (e.g., Tymofyeyeva and
Fialko 2018)

* Understanding motions on the Concord fault (white square) is important,

Figure: Example of an amplitude image over San Francisco, filtered using adaptive multilooking. Panel (a)
shows the original image, and panel (b) shows the filtered image. Sharp features and structures are preserved,
while speckle noise in smoother areas is reduced.

because an earthquake on this fault would have serious consequences for
the Eastern Bay Area (see above).

* The purple “pins” in the map indicate the locations of continuously
recording GPS stations. The coverage is reasonably dense, but there aren’t

enough on the Concord fault to resolve localized fault motions.

Time Series:

Figure: Time series of displacements
on the Concord fault, at two points
marked by red and red circles in panel
(a). The red points in panel (b) are
cumulative displacements in
millimeters, corrected for the
atmospheric  contribution using the
CANDIS method (Tymofyeyeva and
Fialko, 2015). The black crosses are
uncorrected time series, shown for
comparison.

2016
Time (years)

2017

-122°

Conclusions:

*We apply adaptive multilooking and sequential EVD methods to the study of
shallow fault creep on the Concord Fault in the Eastern San Francisco Bay
Area, where continuous GPS stations and other geodetic instruments are not
available close to the fault.

*We use data from the European Sentinel-1 mission to observe a transient
shallow creep event on the Concord fault.

*We are able to determine that the event began in the summer months of
2017, with variable slip along the fault, and a peak cumulative slip amplitude
of approximately 15 mm in the direction parallel to the fault trace.

National and Space A

Jet Propulsion Laboratory
California Institute of Technology
Pasadena, California
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Our approach:

Sequential time series:

Figure: Cumulative time series from 2014-2019 for descending track 42 over the Concord fault, Eastern Bay
Area. Comparison between our time series processing approach (a) and cumulative time series computed by
adding up displacements from sequential interferograms (b). All displacements are in millimeters.

Displacements:

Fault-parallel displacements

30 Figure (above): Fault-parallel and vertical
. displacements derived using Sentinel-1 Tracks 42 and
35 during the time period between 2014-2019, on the
Concord fault.

n
o

Figure (left): Displacements inside a 800m-wide, 2km-
long profile across the Concord fault. The deformation
across the fault is not a sharp “step”, but rather a
gradient across a distance of about 400m, suggesting
either that the fault is locked from the surface to a depth
approximately equal to the width of the distributed zone
(which is likely unphysical), or that the distributed shear
zone is a consequence of multiple dislocations, a change
in material properties, or a bend in the fault relative to
the overall strike, as discussed earlier in this section.

o

Displacements (mm)

o

-10
-1 -0.5 0 0.5 1
Across-fault distance (km)

Poster No. EA-24


http://www.nasa.gov/

National Aeronautics and
Space Administration

Considerations for the Design of Statistical Analyses of

Dependent Data in Distributed Data Systems

Author: Maggie Johnson (398L)
Amy Braverman (398L)

Introduction

Large scale data analyses for Earth science typically involve the use of massive
data stored on different servers that do not necessarily share the same file
system. This motivates moving towards distributed data and compute systems
where the majority of computation is performed at the data site. In this setting,
analysts may be faced with a-priori decisions in designing a distributed analysis
that could result in a trade-off between various costs (computation/transmission
time and even of constructing the system, e.g. cloud computing) and inferential
uncertainties (bias, variance, etc.) in the estimates produced by the analysis.

Proposed Design Framework
For a given analysis objective, minimize

Total Cost = implementation (time) + A, uncertainty +
A\, system design (money) + ...

over a set of possible designs (statistical, system) subject to budget and
uncertainty constraints.

To do this we need: Cost-Uncertainty Tradeoff

1. A computationally feasible
methodology implementable
in a distributed framework.

2. To quantify ALL relevant costs
of performing the analysis.

. Solve a highly constrained,
typically nonlinear, multi-objective | | Uncertainty |

Idealistic example of uncertainty-implementation cost

O ptl m iza tl on p ro b I em. pareto fronts under three system "configurations.”

Illustrative Problem: Spatial Covariance

Parameter Estimation
Assume we have spatial data Y, 4, ..., V) y ; stored separately on j = 1, ..., ] servers.

* N=N;+--+N,where N, is large.

 Model spatial dependence through a Gaussian process with p unknown
parameters @, such that Y ~ MVN(XB, 2(0)) where X(0) is a N x N matrix.

« Objective is ML estimation of 8, BUT evaluating the log-likelihood/gradient
exactly requires bringing all data together and performing O(N3) operations at
every iteration of a numerical optimization algorithm.

Server 1: Server 2: o Server J:

User

A simplified data system structure.

Step 1: A Distributed Methodology

Approximate the likelihood by
assuming data in different servers are
independent.

Server 1: Server 2: Server J:

+ Log-likelihood is a sum of log- AN oo
likelihoods computed at each server,
given a value of 6.
« Numerical optimization can be 0,
achieved using distributed gradient -
ser

descent without moving data. Onis = On — 1 3 74)(0n)

* 0 (1\/]3) operations at each server and " jteration of distributed gradient descent.
O(p) at user.

National Aeronautics and Space Administration

Jet Propulsion Laboratory
California Institute of Technology
Pasadena, California
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Step 2: Defining and Quantifying the Cost Tradeoff

Design Questions
Distributed algorithm may still be outside a computational budget if N; are large.

- How much data, n; < N;, should be used from each server?

« What is the tradeoff between implementation cost and uncertainty in estimates
of 8, depending on system design?

A={,Ny,..,ag ...,bq...,Cp ... }

Server 1: Server 2: Server J: e define the System
Yit,..., Yi, Yoi, ..., Yon, Yo, ..., Yo, _
Crb1 (1y) Cocha(y) Cspa(ny) » |atency, bandwidth, etc.
ar dp aj B — {Tll, ...,Tl],ml, ...,m], }
« determined by design of
e methodology
&, Cocpo(M) C = {(po(m) X p, (pj(nj) X n:.g’ }

Illustrative system-cost components for the simple data system.

« computational complexity
Statistical Costs (Uncertainty)

Define an "anticipated” variance as a function of n = {n,, ..., n;}.
« Estimate Var(0) using the information sandwich estimator, 15(0).

« Integrate out dependence on individual spatial locations, S,, and unknown 6
using Monte Carlo integration.

Cstar(B) = JJ 1S(8]Sn) p(Sn) p(0)dS,d6

Implementation Costs (Time)
Define C;,,,,(A, B, C) = g(Ccomm(A,B,C), Ceomp(A, B, C)), where

At each server
Ceomm(A, B, = al(n;>0)+bm; and C,,p(A,B,C) = cjp;(n;) X cjn-3

J
« At the user
Ccomp("q' B' 6) — CO(pO(m) X CO]p

Step 3: Obtain Pareto-Optimal Set of Design Solutions

Spatial Locations Servers

Approximate pareto set of solutions of
min Cstat(B) + ACimpl(‘A' B' C)

2 5 8 nl,,n]

using the NSGA-II algorithm implemented
in the R package mco.

3 6 9

Simulated spatial locations distributed to 9 "servers”’

Solutions under two system “designs”

N
o
o

Anticipated Implementation Time (s)

Anticipated Implementation Time (s)

o
1

1
0.01 0.02 0.03 0.04 0.05 1 2 3 4 5 6 7 8 9 0.01 0.02 0.03 0.04 0.05 1 2 3 4 5 6 7 8 9
Anticipated Uncertainty Server/Block Anticipated Uncertainty Server/Block

large bottleneck, o Small bottleneck,

large bottleneck, ° small bottleneck,
unequal server comp speed equal server comp speed

i )
Config unequal server comp speed equal server comp speed

Config e
Equal implementation time solutions. Equal uncertainty solutions.

Discussion

Determining an appropriate function for quantifying statistical cost (e.g.
uncertainty) is dependent on the analysis objective and is not straightforward.

 Statistics like variance are typically not easily optimizable functions in small
number of parameters.

Realistic values of system parameters (e.g. a, b, c, etc.) are not easily obtained
and are most likely dynamic.

« Moving towards quantifying these cost parameters in cloud systems.

Current work is focused on extending this framework for the problem of spatial
data fusion of multiple remote sensing data products.
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