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Introduction

“— e

@ On a daily scale, individual platforms have limitations such as incomplete
spatial coverage and errors in retrievals.

® Data fusion is the process of combining information from heterogeneous sources
into a single composite picture of the relevant process.

® On an interpretation-prediction spectrum, physical models derived from the first
laws of physics lie on one end while Machine Learning algorithms using black-
box models fall on the other.

Geostatistical data fusion is an attractive alternative for SM inference in data-driven setting.
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Study Area and Data

@® We propose a data fusion scheme
combining point and satellite soil moisture
data for Contiguous US.

@ Soil moisture data
1) In-situ : USCRN and SCAN stations.
2) Satellite: SMAP L3 (~ 36 km)
3) Satellite: SMOS L3 (~ 25 km)

©® Covariate data
1) Rainfall (4 km): PRISM
2) Soil Texture : SSURGO (1 km)
3) Elevation: SSURGO (1 km)
4) Leaf Area Index: MODIS (500 m)




Multiplatform soil Biophysical
moisture controls

Prior parameter
distribution
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{ Data model Process model Parameter model

Multiscale data fusio
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[Observations|Process, P] = [Process (point) | P] [P arameters (P)]
Accounts for change of support Posterior parameter distribution Covariate-driven Parameters in the
and errors in observed data . Gaussian Process data and process
08 (GEOSTATISCAL models
04 PROCESS)
0.2
0.1

**SM(s) = u(s) +e(s)
¥ e() ~GP(0,0)

deterministic mean function spatio-temporally dependent stochastic process

[Data, Process, Parameters| = [Data|Process, Parameters| X [Process|Parameters| X [Parameters]




Mean and covariance of SM

© (a)
@ The structure of the mean function is selected based on = 2
. . . E ;" E
exploratory analysis of soil moisture data. o n
SM / rain elevation | TC LB S e ey
ulog(——=—)) = u(SM’) = py + plog(LAI) + prexp(———) + pyexp(————
1-SM . b - o
rain elevation ~ ol 3
= “2"‘ - &
Y’)\-’Hq‘_ é
The covariance function is modeled such that the covariance N } op 02 04 06 0 10 60 0z 04 0o 02 10 B
log(LAI) exp(—rain (mm)/plh;,) exp(~elevation (m)/p})

between any two locations is a function of the underlying
covariate heterogeneity.

M M e(.) = Stochastic process governing spatial
dependence
OO‘U(E(S1), 8(52)) = OGU(Z wj (X(Sl))ej (51): Z wy (X(S2))Bj (52)) X(s) = vector of controls (LAI, rain, clay,
J=1 Jj=1 elevation) at point s (x, y, t).
C;i = jt" isotropic spacetime covariance

=) wi(X(s1))w;(X(s2))Cjls1 — sa| function.

j=1 w;(s1) = weighting function governing the
effect of controls on (;

= C(Sl, Sa, X(Sl), X(Sz)) M = number of isotropic covariance functions
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Data model for pixel Ai: Z](Al) = SM(Al) + 6(Al) + 'C(Ai) SM(Al) + E(Ai) A L ASA.ZE{ Ae

Process model at point scale: SM(.) ~ GP(u, C)
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Likelihood estimation consists of simulating and inverting the covariance

matrix which scales quadratically with the number of assumed grid points

and cubically with the number of observations.

—2log(f(z(A)|6) = Ing(det@

Mo = (h3) wa + 6(A)Y),

)+ (2(A) = )’

E(zm) — 1) + nlog(2m),

~ ®

Computationally infeasible for big
S, ™ (hﬁi)T(c(gA[’ Q,qj))hﬁ‘, + Tﬁu datasets and vast study domains
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ooooooooooooooooo

N, | [
= hy,SMy, C(4;, A)) = hAiC<SMgi;SMgk>hAk| SRR BN TR IR

n,4, = number of grid points inside 4; = |G N 4;]
hy, = vector of length ng, = (MYny. s ) /na)
SM, = vector of length ny, = {SM(g;): 9, € G N A;}
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7 Multiscale approximation for Big Data (&g

® Likelihood of fusion model = —2l0g|(f (2(A)|0)| = log(det(Z,)) + (z(A) — u:)" £ (2(A) — ;) + nlog(2m),
Cost of computation = 0(n3) + O(né)

Hypothetical Example

T = Data For 15-day Contiguous US analysis
Sl Y 1) Areal data R;: 64 pixels (Green) n = 100.386
EREn 2) Areal data R,: 36 pixels (Purple) '
- ne = 1,500,000
N A 3) Point data P;: 40 (Blue triangles) g
Total data pixels = A = {44, ...,A,};n = 140

n
Exact Likelihood:  f(z(A)|6) = f(2(A4)|6) X [1f(2(4;)|2(A1.i-1), 6),
i=2
f(2(A2)|z(A1)) —f(2(49)]2(42), 2(A)| [f (2(A100)12(Aso), ..., 2(A1)) (f (2(A139)12(A139), ..., 2(A1))] (f(2(A140)|2(A139), ..., 2(A1))]

) . ~ [ & Z [ ET T 1%
r Yk Tal 2 a4 Tal T al® el i
A—'.;Tﬁ"b& 5 eE ............ 2 e |
i R = 1= H F:
fa A Aul- = b '
a A \ [T T T T 11

Approximate Likelihood:  f(2(4)|6) = f(z(4,)|6) X -ﬁzf (2(A4)|2(A), 8), m = {' T V=™ [ Here, m = 20

mi>m
(F(z(Ap)[2(AL))) [F2(A9)[2(Ar), 2(AD))) (£ (2(4100)|2(Ag), ..., 2(A1)) [fA130)|2(A130), -, 2(A1)) [ (2(A130)12(Ar30), ., 2(A1)))
apd A L AA L. A — A,_ ~ta AT 2 AH . e AE Al 2
e FEETEET ] | e, S it I O = (A
i K:Lgn = ﬁ:%j% s i s - iq% -
N a ) " . A | a I I_J.:] l
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Multiscale predictions and forecasts

SMAP /SENTINEL-1 SM
(~ 3 km)

"Observed” Period "Forecast’ Period
E ® o.aoJUIY o (3 o.nJUIY o R:M:UW o8 " o.r.lsu!y o9 :o-;l‘uly LI July 21 July 22 July 23 July 24 July 25 -
o _ RMSE: 0.036 RMSE: 0.071 RMSE: 0.035 RMSE: 0,026 RMSE: 0.034 ﬁ R: 0.47 R: 0.42 '!- R: 0.41 R: 0.46 R: 0.47
gs P G RMSE: 0.031 RMSE: 669 RMSE: 0,076 RMSE: 0.053 .
g 2z M o - o EH " g E .d ‘--'-g‘ﬁ gk . e -
R:0.36 R:0.21 R:0.52 R:0.50 R: 071 w e = §
= RMSE: 0.080 RMSE: 0.051 RMSE: 0,039 RMSE: 0,042 RMSE: 0,038 o peaes -y
o3 | - B _ & Jr:035 R: 0.21 R: 0.42 R: 0.57 R: 0.34 -
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3 L = Z3 i o, 3
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o ) — - . o
23 = || e || R . .
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July 16 July 17 July 18 July 19 July 20 .
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HE the forecast period.
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SMAP and SMOS

July 21 July 22 July 23 July 24 July 25
R:0.89 R: 0.84 R: 0.90 R:0.84 R: 0.84
> RMSE: 0.039 RMSE: 0.053 RMSE: 0.050 RMSE: 0.046 RMSE: 0.055
= . f
3 .
o . - LA s
3 . 2
2 o
] ALIA
=
B
w° R: 0.87 R: 0.86 / R: 0.77 R: 0.82 R: 0.76
'g o _| RMSE: 0.049 RMSE: 0.057 . RMSE: 0.062 RMSE: 0.059 /, RMSE: 0.067
k' R o -t YA
T | aagll A - L Sy o A
27 ] g Lo ||
g g Wi
k." et >
S e

00 02 04 06 08

® Five-day forecasts of SM have

Observed Soil Moisture (v/v)

satisfactory accuracy.

dVWS

SOWS

Soil Moisture Forecasts- July 21

SM Predictions (v/v) SM Prediction Uncertainty

w3

@ The predictions are accompanied by prediction
uncertainty.



® The mean soil moisture is affected by antecedent
rainfall, vegetation and elevation.

The spatial covariance of soil moisture is affected
by vegetation, rainfall, percent clay and elevation.

@® The temporal covariance was not affected by the
chosen covariates in the analyzed 15-day data.
Longer temporal data may be required.

Kathuria, D., Mohanty, B. P. and Katzfuss, M. (2021). A Multiscale Spatio-Temporal Big Data Fusion Algorithm from Point to Satellite Footprint Scales. (under review RSE).

CORRELATION

CORRELATION

Effect of covariates on soil moisture

1.00- Leaf Area Index 1.00-
~— 6.6 (High) 27.5 (High)
0.75- — 0.75-
0 (Low) 2 (Low)
1.3 (Mean) 7.1 (Mean)
0.50- 050-
0.25- 0.25-
00 05 10 15 20 0o 05 10 15 20
1.00- Percent Clay 1.00- Elevation (m)
52.5 (High) 2667 (High)
0.75 75- N
0 (Low) 0 (Low)
17.4 (Mean) 586 (Mean)
0.50- 0.50-
0.25- 025
00 05 10 15 20 00 05 10 15 20
DISTANCE (DEGREES)
1.0 Leaf Area Index 1.07
0.54 6.6 (High) 0.8 —  27.5 (High)
0 (Low) 2 (Low)
06- 1.3 (Mean) 06- 7.1 (Mean)
0.4- 04-
0.2- . ' ' ' 0 ' 0.2- . 0 0 ' ' 0
0 10 20 30 40 50 0 10 20 30 40 50
1.0- Percent Clay 1.0- Elevation (m)
08- 52.5 (High) 08- : 2667 (High)
0 (Low) 0 (Low)
17.4 (Mean) 586 (Mean)
06- 0.6+
0.4 04-
0 10 20 30 40 50 0 10 20 30 40 50
TIME (DAYS)
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Effect of covariates on soil moisture

® The mean soil moisture is affected by antecedent

rainfall, vegetation and elevation.

Soil Moisture Correlation
r

| ¥ N .|

& FeYrls

l | v Ao

The spatial covariance of soil moisture is affected " '} T
by vegetation, rainfall, percent clay and elevation. Covariate Heterogenelty '

1 g“; R .

i i 1N :

@® The temporal covariance was not affected by the
chosen covariates in the analyzed 15-day data.

Latitude (Degrees)

Longer temporal data may be required.

@ The spatial covariance /correlation exhibits non-

stationary behavior across CONUS driven by
physical controls.
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S
'/ Conclusions
i

@® We propose a novel geostatistical framework for fusing multiscale Big Data.

We apply the fusion scheme to combine point and satellite soil moisture data for CONUS.
® We validate soil moisture predictions and forecasts across multiple scales.

@ We quantify the effects of physical controls on soil moisture distribution.

@ The proposed algorithm is general and can be used to fuse other environmental variables.
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