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A deterministic approach for downscaling
observations is developed from 1 km resolution MODerate resolution Imaging Spectroradiometer (MODIS)
data. To account for the lower soil moisture sensitivity of MODIS surface temperature compared to thatof L -
band brightness temperature, the disaggregation scale is
thermal data (10 km). Four different analytic downscaling relationships are derived from MODIS and
physically -based model predictions of soil evaporative ef
with regards to i) the assumed relationship (linear or nonlinear) between soil evaporative ef
near-surface soil moisture, and ii) the scale at which soil parameters are available (40 km or 10 km). The 1 km
resolution airborne L -band brightness temperature from the National Airborne Field Experiment 2006
(NAFE'06) are used to generatea time series of eleven clear sky 40 km by 60 km near -surface soil moisture
observations to represent SMOS pixels across the three -week experiment. The overall root mean square
difference between downscaled and observed soil moisture varies between 1.4% v/v and 1.8% v/v depending

40 km_resolution Soil_Moisture and Ocean Salinity (SMOS)

xed to 10 times the spatial resolution of MODIS

ciency. The four downscaling algorithms differ
ciency and

on the downscaling algorithm used, with soil moisture values ranging from 0 to 15% v/v. The accuracy and
robustness of the downscaling algorithms are discussed in terms of their assumptions and applicability to

SMOS.

© 2008 Elsevier Inc. All rights reserved.

1. Introduction

Soil moisture observations over large areas are increasingly
required in a range of environmental applications including meteor-
ology, hydrology, water resource management and climatology.
Various approaches have been developed over the past two decades
toinfer near -surface soil moisture from remote sensing measurements
of surface temperature, radar backscatter and microwave brightness
temperature (e.g. Prigent et al., 2005; Crow and Zhan, 2007 ). The
relative merit of these approaches depends on i) the strength of the
physical link between the observable in the different spectral domains
and soil water content, and.ii) the spatial/temporal resolution that is
technically achievable by the different spaceborne remote sensing
systems. The physical link between L -band brightness temperature
and soil moisture pro - le (up to 5 cm) has been shown to be stronger
than at higher frequency, and more direct than with radar backscatter
and with thermal data ( Kerr, 2007; Wagner et al., 2007 ).

The Soil Moisture and Ocean Salinity (SMOS) mission ( Kerr et al.,
2001) is to be the rst soil moisture dedicated satellite. It will use L -
band radiometry to provide data of the 0 .5 cm soil moisture every
3 days at 40 km resolution globally. Despite the high sensitivity of

Corresponding author. Tel.: +61 3 8344 5628.
E-mail addresses:omerlin@unimelb.edu.au , merlin@cesbio.cnes.fr (O. Merlin).

0034-4257/$ ...see front matter © 2008 Elsevier Inc. All rights reserved.
doi: 10.1016/j.rse.2008.06.012

microwave radiometers to near -surface soil moisture, their spatial
resolution is about 10 to 500 times coarser than that of active

50
51

microwave and optical systems. For instance, the L -band Phased Array 52

type L-band Synthetic Aperture Radar (PALSAR) and the Advanced

53

Spaceborne Thermal Emission and Re ection Radiometer (ASTER) can 54

achieve a spatial resolution of about 100 m. Note however that current
and planned radar observations have repeat cycles of about 30 days
with high -resolution products and about 6 days with medium -
Jresolution products such as 1 km resolution C -band Advanced
Synthetic Aperture Radar (ASAR) data. In the optical domain, high -
esolution data are also currently acquired sparsely with a repeat cycle
of 16 days for ASTER. In fact, only optical sensors at intermediate
spatial resolution, such as the MODerate resolution Imaging Spectro-
radiometer (MODIS) having 1 km resolution, provide a global coverage
every 1.2 days.

Given the high soil moisture sensitivity but low spatial resolution
of passive microwave data, and the high spatial resolution but non -
optimal soil moisture sensitivity of optical/thermal data, the combina-
tion of both types of information is expected to result in reliable soil
moisture products at intermediate spatial resolution. However, such
downscaling approaches need to be matured so that SMOS data can be
used in the numerous applications requiring high -resolution soil
moisture information. To date, disaggregation strategies based on
optical data have been developed by building either stochastic (e.g.

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
ef ciency, Remote Sensing of Environmen{2008), doi: 10.1016/j.rse.2008.06.012
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Fig. 1. Time series of wind speed monitored at Y11 in the Yanco area. The overpass time on clear sky days of MODIS/Terra (10 am) and MODIS/Aqua (1 pm) are also shown.

Chauhan et al.,, 2003) or deterministic (e.g. Merlin et al., 2006b )
relationships between near -surface soil moisture and optical -derived
soil moisture indices. While stochastic approaches have the advantage
of requiring few ancillary data, they may not be valid outside the
conditions used for calibration. Conversely, deterministic approaches
can potentially be transferred to a wider range of conditions, but
generally require a larger amount of surface parameters and micro -
, meteorological data which may not be available over large areas.
This paper develops a novel analytic approach for downscaling

40 km resolution SMOS soil moisture from 1 km resolution MODIS
derived and physically -based model predictions of soil evaporative
ef ciency (soil evaporative ef ciency is de ned as the ratio of the
actual to potential soil evaporation). Four different downscaling
algorithms are developed, differing only in i) the assumed relationship
(linear or nonlinear) between soil evaporative ef  ciency and near-
surface soil moisture and ii) the scale at which soil parameters are
available (40 km or disaggregation scale). The four algorithms are
tested with data from the National Airborne Field Experiment 2006
(NAFE'06, Merlin et al., 2008b ). A simulated SMOS near-surface soil
moisture observation is derived from the Polarimetric L -band Multi -
beam Radiometer (PLMR) data acquired at 1 km resolution over the 40
by 60 km Yanco area on eleven cloud free days during the three -week
campaign. Moreover, the 1 km resolution data are also used to verify
downscaling results at the disaggregation scale. The downscaling
algorithms are compared in terms of accuracy and robustness with the
NAFE'06 data set. Their operational applicability to SMOS is also
discussed.

2. Data

NAFE'06 was undertaken from 30 October to 20 November 2006 in
the Murrubidgee catchment, in southeastern Australia. A detailed
description of the data set is provided in _Merlin et al. (2008b) so only
the pertinent details are given here. The data used in this study are
composed of: the 1 km resolution PLMR data over the 40 by 60 km
Yanco area, the MODIS data acquired over the Yanco area on clear sky
days during the three -week experiment, and a times series of wind
speed measurements at one.micro. -meteorological station included in
the study area.

2.1 L;band derived soil. moisture

During NAFE'06, L-band brightness temperature was mapped at
1 km resolution over the 40 by 60 km Yanco area on 11 days: JD 304,
306, 307, 308, 309, 311, 313, 317, 318, 320 and 322. A soil moisture
product at 1 km resolution was derived over the area from PLMR data
on each acquisition date ( Merlin et al., submitted for publication ). The
error in soil moisture retrievals as compared to ground measurements

ggregated to 1 km resolution was estimated to be less than 4% v/v.

Note that the presence of standing water over rice crops included
in the Yanco area was not explicitely accounted for in the retrieval
procedure. By doing so, all water surfaces were interpreted as bare soil
with 100% moisture content. In other words, any standing water in the

1 km PLMR pixels systematically increases the retrieved soil moisture.
However, this assumption is consistent with the use of MODIS surface
temperature and NDVI to estimate soil evaporative ef  ciency (see next
section).

2.2. MODIS data

The MODIS data used in the downscaling algorithms are composed
of MODIS/Terra (10 am) and MODIS/Aqua (1 pm) 1 km resolution daily
surface temperature, -and MODIS/Terra 1 km resolution 16 -day
Normalized Difference. Vegetation Index (NDVI). The MODIS NDVI
data are from Terra-only to minimize sun -glint effects occuring with
Aqua re ectances at lower sun incidence angles. The 16 -day NDVI
product was cloud free. In between the  rst (Julian day JD 304) and

123
124
125
126

127

128
129
130
131
132
133
134

last day (JD 322) of 1 km resolution PLMR ights over Yanco, 12 MODIS 135
surface temperature images with less than 10% cloud cover were 136
acquired including six aboard Terra (JD 307, 309, 311, 313, 318 and 322) 137
and six aboard Aqua (JD 304, 308, 310, 312, 313 and 321). 138
2.3. Wind speed data 139
Wind speed was monitored at 2 m by a meteorological station near 140
Y11 (southwestern corner of the Yanco area) continuously during 141
NAFE'06 with a time step of 20 minutes. The time series is illustrated 142
in Fig. 1 Note that wind speed is assumed tob ifform within the 40 143
by 60 km area, at the time of MODIS overpai;é_uj 144
3. Approach 145
The three general steps of the downscaling approach consist of 146

(i) estimate soil evaporative ef ciency from MODIS data (i) link soil 147
evaporative ef ciency to near-surface soil moisture via a physically - 148
Jbased scaling function and (iii) build a downscaling relationship 149
to express high -resolution near -surface soil moisture as function 150
of SMOSscale observation and high -resolution soil evaporative 151
ef ciency. 152
3.1. MODISderived soil evaporative ef ciency 153
The ne-scale information used in the downscaling procedure is 154
the soil evaporative ef ciency derived from MODIS surface tempera- 155
ture and MODIS NDVI. The rationale for choosing soil evaporative 156
ef ciency as ne-scale information is based on the strong correlation 157
with near -surface soil moisture ( Anderson et al., 2007) and its relative 158
stability during daytime on clear sky days ( Shuttleworth et al., 1989; 159
Nichols and Cuenca, 1993; Crago and Brutsaert, 1996). The soil 160
evaporative ef ciency is estimated as in Nishida et al. (2003) . 161
MODIS 7T$:;x T-“Fn?iils dlb 162
163

with Tax being the soil temperature at minimum soil moisture, Ty, 164
the soil temperature at maximum soil moisture, and  Tyopis the soil 165

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
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Table 1
Model parameters

Parameter Value Unit Source
0 25 % vIv Default value estimated from Komatsu (2003)
100 s mil Default value estimated from Komatsu (2003)
Zom 0.005 m Typical value for bare soil Liu et al. (2007)
NDVImin 0.22 Estimated from NDVI image
NDVIax 0.60 Estimated from NDVI image

skin temperature derived from MODIS data at the time of interest.
Using the triangle approach ( Price, 1980; Carlson et al., 1995), Tvopis
can be expressed as

Tsurf ; MODIS fvegTveg

&b
1 fueg

TMODIS Ya

with  Tsutmopis being the MODIS surface skin temperature, T,eq the
vegetation skin temperature and f,¢q the vegetational fraction cover.
Herein, Tuopis is de ned as the temperature of the bare soil when
vegetatio erature T,ey is assumed to be uniform within the
SMOS piﬁ%ﬁw this formulation of soil evaporative ef  ciency, the
impact of Spatially variable root -zone soil moisture on Teq is not
accounted for. Note that  varies between 0 and 1 when f,.qb1 andis
not de ned when f,¢;=1. Cover fraction is computed as

NDVimopis NDV Inin

NDVlmax NDV i &b

fueg ¥4

with NDVI yopis being the MODIS observed NDVI, and NDVI ,;, and
NDVlpax the minimum and maximum NDVI values for a particular
scene.

Five parameters are needed to compute soil evaporative ef  ciency
from MODIS data: NDVI in, NDVimax, Tvegs Tmin @nd Tmax. While NDVI iy
and NDVI .« are assumed to be constant within the Yanco area during
NAFE'06,Tyeg, Tmin @nd Trmax are assumed to be uniform within the Yanco
area, but vary in time. Parameters NDVI ,;; and NDV/I,,,« are determined
from the 16 -day NDVI product within the SMOS pixel. Vegetation
temperature T,qis estimated at the time of overpass (10 am or 1 pm) as
the minimum temperature reached at maximum NDVI (  f,g=1).
Minimum temperature T, can be estimated either over fully vegetated
pixels by assuming Tmin, Tveq OF Over water bodies as the minimum
temperature reached at minimum NDVI. Parameter . Thax is:the value
extrapolated along the dry edge of the triangle. As the impact of root -
,Zone soil moisture on  T,eq is neglected, the dry edge is interpreted as the
1 km pixels with dry soils in the near - surface. Note that the accuracy in
extrapolating Tmax depends on moisture conditions within the study
area; itis optimumindry -end conditions and is expected to be relatively
low in uniformly wet conditions.

3.2. Scaling function

Although evaporative fraction has been shown to be relatively
constant between 10.am and 1 pm (MODIS overpass times), several
studies have indicated that it cannot be considered as completely
independent from. atmospheric conditions ( Lhomme and Elguero,
1999; Gentine et al., 2007 ). Moreover, in constant soil moisture and
atmospheric conditions, soil evaporative ef  ciency may signi cantly
vary with soil type ( Komatsu, 2003). To account for these temporal
(atmospheric) and spatial (atmospheric and soil properties) effects,
the MODIS-derived  computed from Eq. (1) is explicitly linked to
near-surface soil moisture by the following model from  Komatsu
(2003)

model Y21 exp = ¢p ap

With o= o1+ /fan), o (% Viv) and (s mil) being two soil - 215
dependent parameters and ra, (s mil) the aerodynamic resistance 216
over bare soil, given the soil roughness zy, (see Table 1) and the wind 217
speed u at a reference height (2 m in our case). Komatsu's model was 218
validated over bare soil for the very top soil layer (1 mm). The 219
empirical parameter o (typical range 1 .4% v/v) controls the soil 220
capacity to retain moisture in optimal evaporative conditions i.e. 221
when wind speed is zero or rg, is in nite. In other words, the higher 222
0, the slower the soil dries. 223
By inverting the soil evaporative ef  ciency model from Eqg. (4), one 224
obtains: 225
model ¥4 clndl P B8P 226
227
This model provides an estimate of the slope of the correlation 228
between near-surface soil moisture and. soil-evaporative ef ciency, 229
mode/ = J(1§ ) and an estimate-of the <non-linearity Z of this 230
correlation, % moger/ 2= J(1$ )2 Note that the non -linearity of  moger 231
is a decreasing function of near -surface soil moisture and is maximum at = 232
=0. 233
3.3. Downscaling relationships 234
The physicallysbased ‘model of Eq. (4) is used to derive four 235
deterministic relationships between downscaled soil moisture, simulated 236
SMOS obseryations, and MODISderived soil evaporative ef  ciency. 237
3.3.1. Linear approximation 238
A downscaling relationship is derived by writing the rst-order 239
Taylor series approximation of the downscaled soil moisture at the 240
SMOSscale observation  syos 241
A
Ya' smoshp A MODIS P 242
243
with vopis being the difference between MODIS -derived soil 244
evaporative ef ciency and its integrated value at the SMOS scale. As in 245

the recent study of Merlin et al. (2008a) , the function f;= / isusedto 246
convert variations into soil moisture variations about the low - 247
resolution observation. The main difference here is that this function 248
f; depends on soil type, wind speed, and SMOS -scale near-surface soil 249
moisture. In Merlin et al. (2008a) , the function f; was assumed to be 250

constant and was estimated during a training period. Herein, the simple 251
model of Eq. (4) requiring two soil parameters (o and )andwind speed 252
is used to describe explicitly the variability of the relationship between 253
soil evaporative ef ciency and near-surface soil moisture for different 254
soils, wind speed and moisture conditions at the SMOS scale. Note that 255
Eqg. (6) relies on the assumption that the O .1 mm soil moisture 256
(as described by MODIS evaporative ef ciency) and the 0.5 cm soil 257
moisture (as derived from PLMR brightness temperature) have the same 258
spatial variability about the mean within the SMOS pixel. 259
By replacing f; by its analytical expression, the downscaling 260
relationship of Eq. (6) becomes 261
Ya smosh oM o7b 262
1 SMOS

263
with  swos= / d theintegral of atthe SMOS scale. Eq. (7) can264
be simpli ed as 265
Ya smospP  ¢SMPyopis 8B 266
267
with SMP yopis @ soil moisture proxy de ned as 268
269

SM y, - MODIS &b
Pwopis Y4 R 270

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
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By assuming that (i) Tphax and Tpin are mostly uniform within the
SMOS pixel and (i) the integral Tsmos=, T/ d is approximately
equal to the areal average of Tuopis, SMP can be computed as

TSMOS TMODIS

alob
Tvopis Trin

SMPuviopis 72

The major advantage of this formulation over Eq. (9) is that SMP
does not depend on the soil temperature at minimum soil moisture

Tmax .

3.3.2. Secongorder correction
A second downscaling relationship is derived by adding the term in
2 in the Taylor series expansion:

!
1 A B

A
A mopis P 2 A2 MODIS awe

Y4 smosp

Note that f; is now -dependent. In particular, the second

Environment xxx (2008) Xx*Xxx

and near-surface soil moisture, and by using soil parameter . 299
estimated at low - (or high -) resolution: 300
€ Downscaling scheme D1 is based on the linear approximation 301
between and , and assumes . is uniform: 302
D1: Y% swosP csmosSMPuobis 814 303
304

€ Downscaling scheme D2 includes a second-order correction in 305

SMPZi0p1s, and assumes . is uniform: 306
- 1sup

D2: Y swosh c;SMOS SMPyviopis b ESM MODIS 415k 307
308

€ Downscaling scheme D1 is based on the linear approximation 309
between and , and accounts for the variability of . at the 310
downscaling resolution: 311
D10 v smosP  cmobisSMPvobis a16p 312
313

€ Downscaling scheme D2 includes a second-order correction in 314
SMPi0pis: and accounts for thevariability of ¢ at the scale of the 315

derivative ? / Zspeci cally accounts for the non -linear relationship downscaling resolution: 316
between soil evaporative ef ciency and near-surface soil moisture at 1
about SMos o ) ) ) D20 v, smosP  cmopis SMPuopis b ESMPI%/IODIS al7P317
By replacing the rst and second derivatives with their analytical 318
expression, the downscaling relationship of Eq. (11) becomes ) ) .
Note that the difference between D1 and D1 , and likewise the 319
! ) # difference between D2.and D2, is simply the spatial scale at which soil 320
Vs smosh o MODIS MODIS &2b parameters are estimated. 321
1 swos 2da SMOSB
4. Application 322
and after simpli cation
The four downscaling algorithms of Egs. (14) .(17) are tested with 323
1 N . > . - .
Ya swosP ¢ SMPuopisb *SMPr%Aoms &3 the NAFE'06 data se.t. The sgoodnessZof the dlsaggregatlon process is 324
2 measured by two estimators: the root mean square difference and the 325
correlation coef cient between 10 km resolution disaggregated soil 326
with SMP yopis de ned as in Eq. (10). moisture and 10 km resolution L -band retrieval. 327
3.3.3. Downscaling relationships 4.1. Validation approach 328
Four downscaling relationships are derived from Egs. (8)and (13):
They differ with regards to their degree of complexity by assuming a The approach for veri cation of downscaling results is illustrated 329
linear (or non -linear) relationship between soil evaporative ef = ciency in Fig. 2 The 1 km resolution L -band derived soil moisture is 330
SMOS 8 Downscaled 8
~50km resolution 10km resolution
Downscaling \_,
— ~ algorithm /
PLMR 8 ¢ . e
1km resolution (_Aggregatm")
r'--_'! “‘- 2T /\___/ T
gty ¥ > il _\\
T e . = 3
dat ( Validation )
& f T
roA )
1 o PLMR 8
> i
40km \Agg regatlonj 10km resolution
‘\_%—/“
8 (% viv) ]
0 4 8 12 16 =20

Fig. 2. Schematic diagram of the validation approach. Downscaling results are validated at 10 km resolution to account for the lower sensitivity (relative t

surface temperature to near -surface soil moisture.

0 PLMR data) of MODIS

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
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Table 2
List of the acquisition date of MODIS data, satellite platform (Aqua/l pm and Terra/
10 am), minimum soil temperature  Tpin, Wind speed u, SMOS scale soil moisture  svos

and its variability (standard deviation) at 1 km resolution SMOS

Tiin u smos( smo9

Day Satellite °C msi1 % viv

304 Aqua 37 6 4.4 (4.9)
307 Terra 28 10 16.6 (5.4)
308 Agua 37 5 11.0 (4.6)
309 Terra 35 8 6.5 (4.6)
310 Aqua 38 8 5.4 (4.5)%
311 Terra 33 9 4.2 (4.4)
312 Aqua 35 7 4.0 (4.3)%
313 Terra 32 8 3.8 (4.3)
313 Aqua 39 4 3.8 (4.3)
318 Terra 27 6 11.3 (3.8)
321 Aqua 37 5 8.0 (4.6)%
322 Terra 37 6 5.4 (4.7)
All® Terra 33 7 6.2 (4.4)
All Aqua 37 6 6.1 (4.5)

2 Interpolated between dates.
b All dates except 307.

aggregated over the 40 by 60 km Yanco area to generate a
resolution SMOS type soil moisture observation on each PLMR
day. The time series of

resolution  gyos are presented in Table 2. The simulated SMOS

40 km
ight

smos and its sub-pixel variability at 1 km

resolution observation ranges from 4 to 17% v/v with a spatial

5
aggregating MODIS-derived soil temperature. First, the aggregation of 344
MODIS derived SMP to 10 km is expected to increase the sensitivity of 345
SMP to near-surface soil moisture (the sensitivity of surface 346
temperature to near -surface soil moisture is relatively low compared 347
to that of L -band brightness temperature). Second, the aggregation 348
limits the errors on downscaled results associated with the presence 349

of clouds in surface temperature images and with the re -sampling 350
strategy that is required for comparison with gridded PLMR data. 351
Third, meteorological forcing (wind speed notably) reacts to the 352
surface heterogeneity in an organized manner at scales larger than 353
1 km ( Shuttleworth et al., 1997 ). 354

The four algorithms of Egs. (14) ..(17) are applied to 12 MODIS 355
surface temperature images and downscaling results are compared to 356
the PLMR retrieval aggregated to 10 km resolution on the same gridas 357

MODIS derived SMP. For the three MODIS overpass days (JD 310, 312,358

and 321) on which no PLMR ight was undertaken, PLMR data are 359
interpolated between dates by averaging soil moisture products 360
obtained on the day before and day after. The interpolation is valid 361
because no rainfall occurred during the period. 362
4.2. MODIS derived SMP 363

All downscalingrelationships in (14) ..(17) are based on the 364
MODIS derived SMP computed from the soil temperature  Tyopis 365
and the minimum soil temperature  Ty;,. The MODIS derived 366
soil temperature is computed by estimating  T,eq for each MODIS 367

variability at 1 km resolution of about 5% v/v. These coarse
observations are next disaggregated at higher spatial resolution
using 1 km resolution daily MODIS -derived SMP. The L-band derived
soil moisture product is then used to verify downscaling results at the
disaggregation scale.

In this study, the disaggregation scale is 10 km. Consequently, the
MODIS-derived soil temperature is aggregated from 1 km to 10 km
to derive SMP at 10 km resolution. There are several rationales for

MODIS daily surface temperature (°C)

55

/304 Aqua

Bz o3 oa

: 30? Tefra

surface temperature image. Fig. 3 presents the triangles obtained 368
by plotting 1 km resolution MODIS surface temperature (Terra or 369
Aqua)-against 1 km resolution NDVI (16 -day product from Terra 370
platform). The vegetation temperature is estimated as the mini- 371
mum surface temperature reached at maximum NDVI (0.6). The 372
MODIS-derived SMP is then computed by estimating Tmi, for 373
each MODIS surface temperature image. In practice, the minimum 374
soil. temperature is approximated to the vegetation temperature 375

55, = 55

n 309 Terra

.| 308 Aqua

2 03 04 05 (1] 0.2 0.3 04 05 06

w}‘ 312 Aqua

02 03 0.4 05 06 2 03 04 05 06

Bz 03 04 05 06 B2 03 04 05 06

MODIS 16-day NDVI

Fig. 3. MODIS daily surface temperature versus MODIS 16 -day NDVI. The minimum soil temperature (and vegetation temperature) is represented in dash line.
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Fig. 4. Downscaled versus PLMR derived soil moisture for each clear sky MODIS surface temperature image between JD 304 and 311. Results include the downscale d soil moisture at
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10 km resolution (circles), and its sub - pixel variability (error bars).

Tmin =Tveg- One physical explanation behind this is that both
vegetation temperature and the soil temperature at saturation are

in

rst approximation close to the air temperature. Note that on

JD 311 and 321, the surface temperature of some pixels is below the
vegetation temperature. This can be explained by the presence
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of small clouds on the images and/or a de -coupling between 381

soil skin temperature with evaporation. However, this effect
was relatively small, and did not appear on the other days.

382
383

Parameter T, is listed in Table 2 for each of the 12 MODIS surface 384
temperature images.
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Fig. 5. As for Fig. Fig. 4 but between JD 312 and 322.

4.3. Downscaling with D1 and D2 (uniform ) varied from 1 % v/v for sand to 4 % v/v for agricultural (clay) soil, and 390
varied from 85 to 115 s m >%. Herein, default values are xed to 391

Downscaling schemes D1 and D2 are applied to the NAFE'06 data w0=2.5%v/vand =100s mf\l. 392
set. In Egs. (14) and (15), parameter . swosis evaluated by estimating Downscaling results are presented in Figs. 4 and 5 for each MODIS 393
« and  when the soil type is not known. In  Komatsu (2003), image separately. The data points represent the 10 km resolution 394

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
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Table 3
List of the acquisition date of MODIS data, satellite platform (Aqua/l pm and Terra/
10 am), root mean square error (RMSE) on the 10 km resolution downscaled soil
moisture , and the correlation coef cient R between 10 km resolution downscaled
and PLMR derived soil moisture D

RMSE on 19 km Correlation coef cien

D1 D2 D1, D2, D1 D2 D1, D2,

Day Satellite %viv. %viv. %viv %viv .. e o o

304 Aqua 2.0 2.0 1.6 17 0.67 0.67 0.81 0.79
307 Terra 5.7 86 7.0 1 $0.18  $013  $0.08  $0.07
308 Aqua 13 14 14 16 0.82 0.82 0.86 0.85
309 Terra 1.6 1.6 13 13 0.69 0.70 0.82 0.84
310 Aqua 1.3°% 159  0.859 11% 0.85%  0.847 093] 0925
311 Terra 14 14 1.0 1.0 0.79 0.80 0.90 0.91
312 Aqua 1.8°% 21%  16% 2.1°5 0.687  0.687  0.815  0.807%
313 Terra 16 16 16 17 0.62 0.64 0.68 0.69
313  Aqua 16 16 13 12 0.70 0.71 0.85 0.84
318 Terra 18 19 19 2.0 0.29 0.27 0.35 0.33
321 Aqua 195 205 145 165 0613 0605 0775 0.75%
322 Terra 2.2 2.3 18 18 0.47 0.43 0.68 0.64
AIIAb Terra 1.7 18 15 1.6 0.57 0.57 0.68 0.68
All Aqua 1.6 1.7 14 1.6 0.72 0.72 0.84 0.83

2 PLMR data interpolated between dates.
Al dates except 307.

downscaled soil moisture 19 xm and the errorbars represent the 1 km
variability in 10 km  elds 10 km, cOmputed as the standard deviation
of downscaled at 1 km resolution. Quantitative results in terms of
root mean square error (RMSE) and correlation coef cient with L -
band derived soil moisture are presented in  Table 3. The downscaled
soil moisture is generally in good agreement with PLMR retrieval with

an overall RMSE of 1.7% v/v and 1.8% v/v for D1 and D2 respectively,
and an overall correlation coef cient of about 0.7 for both schemes.

On JD 307 however, the correlation coef  cient is negative ( SAO.Z) for
both D1 and D2 and the RMSE is 6% v/v and 8% v/v for D1 and D2
respectively. In particular, the RMSE is higher in both cases than the
variability of 1 km resolution L -band derived soil moisture within the
SMOS pixel ( smos=5% Vv/v), which means that the 40 km resolution
observation is a better estimate of near -surface soil moisture than the
downscaled one at scales ranging from 1 km to 40 km. Those poor
results are probably due to the poor estimates of L -band derived soil
moisture on this particular day. The relationship between MODIS
surface temperature and NDVIin Fig. 3obtained onJD307 is consistent
with that obtained on the other days. Consequently, MODIS surface
temperature on JD307 can reliably be used to derive SMP. The point is
that the MODIS surface temperature image on JD 307 is the only image
available that directly follows one of the two major rainfall events of
NAFE'06. In particular, the rainfall event during the night of JD 306
,307 might be the cause of a temporary change in vegetation water
content or possibly intercepted water ( Merlin et al., 2008b ), resulting
in an unreliable L -band derived soil moisture product. Independently
from the impact of canopy water storage on microwave soil moisture
retrieval, one should note that the disaggregation approaches will not
operate well in very wet conditions, under which surface skin
temperature is generally de scoupled from soil moisture levels. This
de-coupling is due to a switch from moisture -limited (dry) to energy -
Jimited (wet) conditions.

The comparison between schemes D1 and D2 shows that better
results in terms of RMSE and correlation coef cient are generally
obtained with the linear approximation (D1). The inclusion of a
second-order correction slightly deteriorates the results. It is argued
that the agregation of the MODIS derived soil temperature and L -band
derived soil moisture from 1 km to 10 km tends to  e«linearize Z the
relationship between soil evaporative ef  ciency and soil moisture. The
aggregation to 10 km makes the linear approximation approach more
valid than the second -order correction one. Moreover, the simple
model of Eq. (4) does not represent the saturation of soil evaporative

Fig. 6. Downscaling results at 10 km resolution obtained on all acquisition dates except
JD 307.

ef ciency at very low soil moisture values as modelled in ~ Sellers et al. 437
(1992). This saturation is visible in Fig. 6 for soil moisture values below 438
5% viv. 439

4.4. Downscaling with D1 and D2 (spatially variable ) 440

The variability of soil type within the SMOS pixel is now accounted 441
for in the disaggregation scheme. Soil parameter  .is rst tted with 442
MODIS SMP and PLMR soil moisture retrieval during a calibration 443
period JD 304.311. The wmopisvalues at 10 km resolution are then 444
used in the application of downscaling schemes D1 and D2 to the 445
whole period JD 304 . 322. 446

Parameter . is a function of two soil -dependent parameters o 447
and .In Komatsu (2003), and o were estimated for three different 448
substracts (sand, agricultural soil, and cornstarch). In that study, most 449
of the variability in . was attributed to o (1% v/v for sand and 4% v/v 450
for clay), while remained relatively constant. To simplify our 451
analysis, parameter s thus xed to a constant, estimated from the 452
average of the values in Komatsu (2003) ( =100 s m>"). This ap- 453
proximation is consistent with the relatively high uncertainty in wind 454
speed associated with the extrapolation of point -measurements 455
(meteorological station) to the 40 by 60 km Yanco area. 456

Fig. 7. Areal average (circle) and spatial variability (error bar) within the SMOS pixel of
MODIS retrieved ¢ mopis Versus 1/rq,. The aerodynamic resistance ry, was computed
from ground -based measurements of wind speed. Modelled . is also plotted for
comparison.

Please cite this article as: Merlin, O., et al., Towards deterministic downscaling of SMOS soil moisture using MODIS derived soil evaporative
ef ciency, Remote Sensing of Environmen{2008), doi: 10.1016/j.rse.2008.06.012
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Fig. 8. Map over the 40 by 60 km Yanco area of 1 km resolution MODIS/Terra LAl (left), the retrieved 10 km resolution

Given downscaling scheme D1 was found to be more accurate than
downscaling scheme D2, Eq. (16) is used to estimate parameter ¢ mopis

1 PLMR SMOS
cMoDIS /4 “SMPuoos alsp
from L-band derived soil moisture  p vr and MODIS derived SMP
using the ve rst clear sky MODIS images of NAFE'06, on JD 304,
308, 309, 310 and 311. Fig. 7 plots the areal average of 10 km resolution

emopis as function of 1/ ran (ran is computed from ground -based
observation of wind speed). It appears that the model with default
parameters =100 s mil and =2.5% v/v ts relatively well the
observed mean cuopis, Which justi es the assumptions made
previously. A variation of 0.02 ms " in 1/r4, (equivalent to 4.5 ms 5"
in wind speed) induces an increase of 5% v/vin . For agiven day, the
spatial variability of . within the SMOS pixel is about three times
larger ( 15% v/v). }

By xingthevalueof to100sm > oneisableto estimate o mopis
with Eq. (18) from  tted mopisand ground observations of - rap

1 c;MODIS
coMoDIs 72 b =r.
b =an

alop

The soil parameter D s retrieved at 10 km resolution over the
Yanco area and its sub-spatial variability (standard deviation) are
mapped in Fig. 8. The spatial variability of " ¢ mopis is linked to soil
type distribution. The soil in the near -surface over Yanco has a high
clay content in the CIA (left part of the image) near Y9 and along the
Yanco Creek (right part of the image) from Y5 to Y12, and a high sand
content in the north of the Yanco area around Y2 ( Hornbuckle and
Christen, 1999; Merlin et al.,, 2007 ). To determine whether the
retrieved o compensates for possible errors in MODIS derived soll
temperature retrievals, it is correlated with MODIS NDVI at 10 km
resolution. The correlation coef cient is 0.0004, which indicates that
the retrieved , is mainly dependent on soil properties, and not on
vegetation cover.

The downscaling schemes D1 and D2  are then applied to the
NAFE'06 data set using the soil parameter ¢ mopis retrieved from JD
304.,311. Downscaling results are presented in Figs. 4 and 5 for each
MODIS image separately. Quantitative results in terms of RMSE and
correlation coef cient with L -band derived soil moisture are listed
in Table 3, showing that the inclusion of a spatially variable ¢ in the

co,mopis (centre) and its sub - pixel variability (right).

downscaling relationship signi  cantly increases the accuracy of the 494
disaggregation. The overall RMSE on the downscaled is decreased 495
from 1.7% to 1.4% viv with the linear approximation, and from 1.7% to 496
1.6% v/v with the second -order correction. The overall correlation 497
coef cient.is increased from 0.65 to 0.76 with the linear approxima- 498
tion and from 0.64 to 0.75 with the second -order correction. These 499
improvements justify the relative complexity of D1~ compared to D1. 500
However, the second -order correction in 2 of D2 and D2 does not 501

improve the downscaling approach with this data set (and the 502
madel used). 503
4.5. Uncertainties in fractional vegetation cover 504

The performance of disaggregation approaches depends on 505
fractional vegetation cover estimates. The uncertainties in  f,eq can 506
be associated with uncertainties in NDVI i, and NDVlyax. The NDVI 507
value at full vegetation cover NDVI .« iS not very accurate in the low - 508
,covered NAFE'O6 area, and the value for NDVI, (0.22) does not 509
probably correspond to pixels with 100% bare soil. To assess the 510
impact of uncertainties in fractional vegetation cover on disaggrega- 511
tion results, a sensitivity analysis was conducted by adding a bias of + 512
0.1 to NDVl i, and NDVI .« Results in terms of RMSE on disaggre- 513
gated soil moisture are presented in Table 4 for downscaling 514
algorithms D1 and D1'. When looking at the results for D1, a bias on 515

Table 4 t4:1
Sensitivity of the disaggregation algorithms D1 and D1 | to a bias of +0.1 on extreme
NDVI values

t4:2
Bias (.,), RMSE (% v/v) on t4:3
NDVlmin NDVImax D1 p1 t4:4
0 0 1.69 145 t4:5
0 +0.1 170 1.43 t4:6
0 $0.1 175 144 t4:7
+0.1 0 2.03 141 t4:8
+0.1 +0.1 2.03 1.41 t4:9
+0.1 SAO.l 2.03 1.41 t4:10
$0.1 0 1.84 143 t4:11
S\O.l +0.1 173 1.46 t4:12
S0.1 501 214 143 t4:13
The RMSE on disaggregated soil moisture is computed from data including all days
except JD 307. t4:14
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NDVImin has in general more impact than a bias on NDVI 4. This was

expected as most pixels are in the lower range of NDVI values. Intt
worst case (negative bias on both NDVI i, and NDVIay), the ovd D

RMSE on disaggregated soil moisture is estimated as 2.1% v/v, which is
relatively small compared to the range of variation of 10 km resolution
soil moisture (0 .,15% v/v). When looking at the results for D1, it is
apparent that a bias on vegetation fraction estimates has almost no
effect on disaggregation results. In fact, the errors associated with an
under(or over)estimation of f,eq is compensated by the calibration of
c0- Consequently, the sensitivity study indicates that the impact of
uncertainties in extreme NDVI values is relatively small, and can be
corrected by a calibration strategy. Moreover, it should be noted that
the accuracy of NDVI .« can potentially be improved by combining the
maximum NDVI value observed within the study area with the value
extrapolated along the dry edge of the temperature -NDVI triangle.

4.6. Observation time

The disaggregation results obtained separately with MODIS aboard
Terra (10 am) and MODIS aboard Aqua (1 pm) are compared in  Table 3.
While the RMSE is about the same with Terra and with Aqua for all
downscaling schemes, the mean correlation coef cient between the
downscaled and PLMR derived soil moisture varies between 0.57 and
0.68 with Terra data and between 0.72 and 0.84 with Aqua data
depending on the downscaling scheme. The downscaling approaches
appear to be generally more robust with Aqua than with Terra, despite
the interpolation of PLMR data on three days out of the six clear sky
images (JD 310, 312 and 321). Actually, the acquisition time of surface
temperature is an important requirement for estimation, as the
evaporation process directly depends on incoming solar radiation.
These results con rm that the coupling between optical derived and
near-surface soil moisture is generally stronger at 1 pm than at 10 am.

4.7. Noise evel reduction at 10 km resolution

In the disaggregation approaches, the MODIS soil temperature was
aggregated from 1 to 10 km to reduce the noise -level in data. The aim
here is to verify the noise reduction at 10 km resolution under certain
conditions. Table 5 lists the 10 km variability in the SMOS pixel and the
1 km variability in 10 km elds of successively, NDVI, soil skin
temperature, SMP, disaggregated soil moisture (scheme D1'), and
PLMR derived soil moisture. When looking at the dry down period JD
308.,310 following the  rst rainfall event, it appears that the 1 km
variability of SMP increases on JD 309 from 0:23 .,0.24 to 0.38, while
the 10 km resolution variability is constant at'0.18  .0.19. By -assuming
tha patial variability of soil moisture generally decreases with
thelre=r during a dry down period ( /Teuling et al.; 2007), it can be

Table 5

10 km variability in the SMOS pixel and 1 km variability in 10 km elds of successively,
NDVI, soil temperature, SMP (Soil Moisture Proxy), disaggregated soil moisture (scheme
D1) and PLMR derived soil moisture

10 km variability in the SMOS pixel (1 km variability in 10 km elds)
NDVI TMODIS S’\/IPMODIS D1 PLMR

Day  Satellite oe K o5 % viv % viv
304 Aqua 0.033 (0.041) 1.0 (1.6) 0.17 (0.25) 19 (2.3 2.7 (3.2)
307  Terra idem 2.2(2.3) 0.39(0.36) 6.5(5.4) 20(4.7)
308  Aqua idem 15(19) 0.18 (0.23) 27(26) 22(3.7)
309 Terra idem 0.76 (1.4) 0.18 (0.38) 17 (33.0) 23(3.4)
310 Aqua idem 14 (19) 0.19 (0.24) 23(24) 24(33)
311 Terra idem 1.3 (2.0) 0.14 (0.25) 22(28) 23(31)
312 Aqua idem 17 (19) 0.24 (0.26) 29(25) 23(1)
313 Terra idem 11 (1.6) 0.14 (0.21) 19 (2.4) 21 (2.9)
8ils} Aqua idem 11 (1.8) 0.15 (0.26) 12(1.7) 21 (2.9)
318 Terra idem 1.0 (1.4) 0.15 (0.23) 17 (2.2) 17 (3.2)
321  Aqua idem 15(17) 0.26(0.34) 20(23) 23(3.3)
322  Terra idem 12 (17) 0.18 (0.26) 17(23) 24(34)

Fig. 9. 1 km variability in 10 km  elds ( 10km) 0f downscaled soil moisture versus the
10 km Of PLMR derived soil moisture (for all acquisition dates except JD 307).

concluded that i) the noise -level.in SMP observation is higher on JD
309 than on the other days, and ii) the aggregation to 10 km reduces
signi cantly random.errors at 1 km resolution. Note that the higher
uncertainty in SMP on JD 309.is probably due to the observation time:
the data on JD 309 were acquired at 10 am aboard Terra, while the data
on JD 308 and 310 were acquired at 1 pm aboard Aqua.

4.8. Robustness at 10 km resolution
The robustness of the downscaling schemes is assessed by plotting

in Fig: 9the 1 km variability in 10 km elds (10 km) Of downscaled soil
moisture versus the 19 m Of PLMR derived soil moisture. The RMSE
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(and correlation coef cient) is 1.9% (0.61), 2.1% (0.58), 1.8% (0.73), anc69

2.1% viv (0.72) for D1, D2, D1 , and D2 respectively. Results indicate
that D1 is the most stable of the four approaches. Moreover, the RMSE
onthe 1o km Of downscaled soil moisture (1.8% v/v for D1 ) is about
twice as small as the mean 19 m Of PLMR derived soil moisture (3.4%
v/v). This means that the spatial variability of near -surface soil
moisture is relatively well represented below the scale of 10 km. The
scale of the disaggregation algorithm could therefore be improved to a
resolution higher than 10 km. However, further studies are needed
to estimate quantitatively an soptimal Z downscaling resolution in
between the MODIS resolution (1 km) and 10 km.

5. Discussion

)

parison of the algorithms using soil properties at SMOS scale
csmosand at the disaggregation scale ¢ uopis Shows that parameter
c is the most important parameter to be estimated at both high - and
low -resolution. The application of the methodology to SMOS would
therefore require estimating . over large areas. Given the correlation
between . and sand/clay fraction ( Komatsu, 2003), this parameter
could possibly be derived from existing soil maps. However, soil
maps of the rst cm of soil are not available globally and consequently
a more robust approach is to estimate . from remote sensing
observations. One way to do this would be to use the temporal
behaviour of near -surface soil moisture observation as an index of
soil evaporative rate: for a given surface area with approximately the
same amount of precipitation, the faster the soil dries, the higher cls.
An iterative procedure on
c.smosiS estimated from a time series of SMOS observation  gyosand
SMOSASCale smos Next, ¢, MODIS is initialized c,MODIS™ ¢, SMOS and is
retrieved at improved spatial resolution (10 km or higher), by
iteratively (i) downscaling  swosand (ii) evaluating ¢ mopis from the
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dowsncaled and measured yopis(in EQ. (18)). Such a downscaling/
assimilation coupling scheme would combine the spatial pattern
search (downscaling) and the temporal dynamics search (assimila-
tion) in an optimal manner ( Merlin et al., 2006a ).

The main limitation of the general downscaling approach outlined
in this paper is the derivation of accurate SMP (or soil evaporative
ef ciency) estimates. For NAFE'06, the LAl ranged from O to 1.5 at 1 km
resolution, resulting in relatively low fractional vegetation covers.
It should be noted that the uncertainty in soil skin temperature
retrievals increases with LAI, and the retrieval will not be feasible over
fully vegetated pixels. Also, the formulation of the fractional
vegetation cover f,q as a linear function of NDVI in Eq. (3) could be
improved ( Baret et al., 2007). A second limitation of the method is
estimation of the minimum soil temperature Ty, as it partly depends
on a subjective interpretation of the triangle. As depicted by  Carlson
(2007) <the most severe limitation of the triangle method is that
identi cation of the triangular shape in the pixel distribution requires
a at surface and a large number of pixels over an area with a wide
range of soil wetness and fractional vegetation cover Z However, the
downscaling approach differs from the traditional triangle analysis as
it does not require estimating the maximum soil temperature ~ Tpax. AS
Tmax €an be largely uncertain, especially after a rainfall event when the
soil is wet everywhere in the SMOS pixel, the use of SMP (instead of
soil evaporative ef ciency) represents a key step in the downscaling
procedures. One drawback of the use of SMP is that the denominator
(Tmobis-\Tmin) IS subject to numerical instabilities when the MODIS
derived soil temperature is close to the minimum soil temperature.

6. Summary and conclusions

A deterministic approach for downscaling 40 km resolution
SMOS soil moisture observations was developed from 1 km resolution
MODIS data. To account for the lower soil moisture sensitivity of
MODIS surface temperature compared to L -band brightness tempera-
ture, the downscaling scale was xed to 10 times (10 km) the spatial
resolution of MODIS thermal data (1 km). The three general steps of
the downscaling procedure were (i) estimate soil evaporative
ef ciency from MODIS data (ii) link soil evaporative ef . ciency to
near-surface soil moisture via a physically -based scaling functionand
(iii) build a downscaling relationship to express high  -resolution near -
,surface soil moisture as function of SMOS type observation and high" -
resolution soil evaporative ef ciency. This innovative approach was
able to account for spatial variations in soil type and temporal
variations in wind speed and near -soil moisture across the SMOS
pixels. Four different downscaling algorithms were proposed. They
differed only with regards to i) the assumed relationship (linear or
nonlinear) between soil evaporative ef  ciency and near-surface soil
moisture, and ii) the scale at which soil parameters () were available
(40 km or 10 km).

The four downscaling algorithms have been tested usimg—rie
NAFE'06 data set. The 1 km resolution L-band derived soil moisture
was aggregated over the Yanco area to generate a time series of coarse -
,scale (40 km) near -surface soil moisture observations. The simulated
SMOS soil moisture was then disaggregated by the different down-
scaling algorithms. The disaggregation results obtained at 10 km
resolution from twelve MODIS surface temperature images (six aboard
Terra and six aboard Aqua) were compared with the L -band derived
soil moisture aggregated to 10 km.

The overall root mean square difference between downscaled and
L-band derived soil moisture was better than 1.8% v/iv with soil
moisture values ranging from 0 to 15% v/v. The consistency between
downscaled and L -band derived soil moisture was also demonstrated
atthe 1 km scale. The overall RMSE on sub-pixel variability (standard
deviation within 10 km resolution pixels) of downscaled soil moisture
was better than 2.1% v/v with a variability ranging from 0 to 12% v/v. In
all cases, the correlation coef cient between downscaled and L -band

derived soil moisture (and its sub -pixel variability) was better
than 0.6. These results illustrated the remarkable robustness of the
four different algorithms at 10 km resolution across the three  -week
experiment. It was D ound t hat results are more accurate
with MODIS/Aqua th h MODIS/Terra data, due to the stronger
coupling between and near-surface soil moisture at 1 pm than at
L0 am.

The comparison of the linear and non -linear algorithms showed
that better results were generally obtained with the linear approx-
imation. It was argued that the aggregation from 1 km to 10 km of
MODIS-derived soil temperature and L -band derived soil moisture
tends to elinearize Zthe correlation between soil evaporative ef  ciency
and near-surface soil moisture around the SMOS observation.
However, as the soil moisture variability over the study area was
mainly due to irrigation at scales smaller.than 1 km, it is not possible
to generalize this  nding to SMOS pixels with a stronger heterogeneity
at 10 km resolution, for which the impact of the non  -linearity of
would be higher.

The comparison of the algorithms using soil properties at the
SMOS scale ¢smosand at-the disaggregation scale ¢ uopis showed
that .is the most important parameter to be estimated at both high
and low -resolution. The knowledge of .at 10 km resolution made the
overall RMSE on downscaled soil moisture decrease from 1.7% v/v to
1.3% vlv, and the mean correlation coef cientincrease from 0.7 to 0.8.

The application to SMOS data would imply coupling the disag-
gregation approach with an assimilation scheme in order to retrieve
soil parameters (e.g. () at the disaggregation scale. Further testing
will be needed to assess the applicability of such an approach in a
wider range of surface conditions, especially over higher vegetation
covers. Also, studies evaluating the relative sensitivity of L -band
observations and soil moisture proxies (such as soil evaporative
ef ciency) are needed to determine optimal disaggregation scales in
terms of downscaling accuracy.
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