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Abstract

The temporal frequency of the thermal data provided by curm spaceborne
high-resolution imagery systems is inadequate for agrit¢utal applications.
As an alternative to the lack of high-resolution observatias, kilometric ther-
mal data can be disaggregated using a green (photosynthetiy active) veg-
etation index e.g. NDVI (Normalized Di erence Vegetation hdex) collected
at high resolution. Nevertheless, this approach is only vdl in the condi-
tions where vegetation temperature is approximately unifon. To extend
the validity domain of the classical approach, a new methottmy is devel-
oped by representing the temperature di erence between ptusynthetically
and non-photosynthetically active vegetation. In practie, both photosyn-
thetically and non-photosynthetically active vegetationfractions are derived
from a time series of Formosat-2 shortwave data, and then ilncled in the
disaggregation procedure. The approach is tested over a 16 ky 10 km irri-

gated cropping area in Mexico during a whole agricultural sason. Kilometric
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MODIS (MODerate resolution Imaging Spectroradiometer) stdace temper-
ature is disaggregated at 100 m resolution, and disaggregdttemperature is
subsequently compared against concurrent ASTER (Advance8ipaceborne
Thermal Emission and Re ection Radiometer) data. Statisttal results in-
dicate that the new methodology is more robust than the clagsl one, and
is always more accurate when fractional non-photosynthetlly active vege-
tation cover is larger than 0.10. The mean correlation coe ient and slope
between disaggregated and ASTER temperature is increasewrh 0.75 to
0.81 and from 0.60 to 0.77, respectively. The approach is altested using
the MODIS data re-sampled at 2 km resolution. Aggregation tkices errors

in MODIS data and consequently increases the disaggregatiaccuracy.
Key words: Disaggregation, scaling, surface temperature, vegetatio

fraction, albedo, Formosat-2, MODIS, ASTER.

1. Introduction

The usefulness of thermal remote sensing data in hydrometetmgy and
agriculture is intimately related to the temporal frequeng and spatial res-
olution of acquisition. On the one hand, the temporal frequeey of 1 km
resolution MODerate resolution Imaging Spectroradiomet§MODIS) and 5
km resolution Geostationary Operational Environmental Szllites (GOES)
sensors is larger than 1 image per day. MODIS and GOES are rmngly used
to monitor drought and surface moisture de cit in relation wth climatologi-
cal forcing at the continental scale (e.g. Nishida et al., 23;|Anderson et al.,
2007; Stisen et all, 2008). On the other hand, the temporakguency of 90 m

resolution Advanced Spaceborne Thermal Emission and Rete&an Radiome-



ter (ASTER) sensor is larger than 15 days. ASTER is used to estate evap-
otranspiration over highly heterogeneous landscapes (e8chmugge et al.,
1998b;l French et all.| 2005; Courault et all, 2009), but its latively long re-
visit cycle is not convenient for seasonal monitoring (e.florman et al.,[1995;
Sellers et al.] 1995; Norman et al., 2003).

Thanks to the link between surface temperature and hydric atus (e.g.
Jackson et al., 1981; Boulet et all, 2007; Er-Raki et al., 28)) the potential
of thermal data combining high-spatial and high-temporal @ésolution is con-
siderable in the elds of agriculture and water management.In practice,
the spatial and temporal resolution requirements of satéé-derived sur-
face temperature for agricultural applications are estintad as about 40 m
and 1-day revisit (Seguin et al.| 1999). To bridge the gap bseen the low-
spatial resolution of available thermal data and the highssatial resolution
required over agricultural areas, one may disaggregate lspatial-resolution
thermal images at high-temporal frequency. To date, most sliggregation
approaches of remotely sensed surface temperature haverbbased on the
Normalized Dierence Vegetation Index (NDVI) available fom shortwave
data at a spatial resolution ner than that of thermal data (Kustas et al.,
2003;Agam et al., 2007;_Inamdar et all, 2008). Although the DVI-based
approach has been successfully tested over agriculturaleas, Agam et al.
(2007) andlInamdar et al. (2008) emphasized the limitationhat the vari-
ability of surface temperature is not explained entirely byNDVI. Recently,
Inamdar and French (2009) developed a new disaggregationtimedology of
5 km resolution GOES data using 1 km resolution MODIS-derivk surface

emissivity. The authors found that the emissivity-based gproach was more



accurate than a similar one based on NDVI. Note that the appaxrh of
Inamdar and French (2009) is not applicable to the disaggration of MODIS

type data over agricultural areas. The rationale is that agcultural cov-

ers evolve quickly and surface changes drastically betweemo successive
ASTER emissivity products separated by a minimum of 16 daysna more

often (clouds, programming requests) by several months.

The main limitation of the NDVI-based approach is that the rdation-
ship between surface temperature and NDVI is not unique_(Agaet all,
2007). It is not unique because (i) NDVI is mostly sensitivea green (photo-
synthetically active) vegetation cover (e.g._Gutman and Igatov, 11998) and
(ii) surface temperature depends on parameters other thamegen vegetation
cover such as surface soil moisture and non-photosynthetily active vegeta-
tion cover (e.g..Moran et al.; 1994). Especially, the NDVI @r bare soil and
over senescent vegetation is expected to be very low in bothses, whereas
the radiometric temperature over bare soil may be signi caty larger than
that over full-cover senescent vegetation. The temperatardi erence be-
tween bare soil and senescent vegetation can be explainedthy decrease of
aerodynamic resistance with vegetation height facilitatig heat release from
the surface (e.g._Shuttleworth and Wallace, 1985), and/onbthe decrease of
net radiation induced by an increase of surface albedo (eldenenti et all,
1989).

In fact, robust disaggregation algorithms of surface tempature should
account for all the main parameters involved in the surfacenergy budget.
The diculty is then to (i) observe these parameters at highspatial and

-temporal resolution and (ii) develop a general frameworkiwhich these pa-



rameters can be consistently integrated into the disaggration procedure.
Accounting for the variability of surface soil moisture is rade di cult by the
relatively low-spatial resolution (several tens of kilonters) of available ob-
servations. In particular, the spatial resolution of the SNDS (Soil Moisture
and Ocean Salinity, Kerr et al. (2001)) satellite launchechiNovember 2009 is
about 40 km, and that of the forthcoming SMAP (Soil Moisture Ative Pas-
sive, http://smap.jpl.nasa.gov) mission will be about 10 kn. Consequently,
the impact of surface soil moisture on surface temperatureilivnot be ad-
dressed in this paper. On the other hand, senescent vegeteticover can be
estimated at high resolution but no disaggregation procede has included
this parameter yet.

The NDVI-based disaggregation, despite its intrinsic lintations, is among
the best of existing methods. The objective of this study isot complement
the classical approach aof Agam et all (2007) in the conditisnwhere the tem-
perature di erence between photosynthetically and non-pttosynthetically
active vegetation is signi cant. The methodology takes adntage of the
unique capabilities of the Formosat-2 instrument (Chern eall, 2008) pro-
viding shortwave data at high-spatial resolution (8 m) and lgh-temporal
frequency (potentially 1 image per day). The time series ofdfmosat-2 re-
ectances allow a ne analysis of the seasonality of canogealuring the crop
cycle (Duchemin et al.,l 2008; Hadria et al., 2010). Speci tg, Formosat-2
data can be used to retrieve both fractional photosynthetally and non-
photosynthetically active vegetation covers.

The approach is tested over a 16 km by 10 km area near Yaqui inntto

western Mexico. The Yaqui area is adequate to test disaggeggpn method-



ologies because surface temperature is highly variable ipase due to irri-
gation practices, crop rotations and a high evaporative deamd. Kilometric
MODIS Terra surface temperature is disaggregated at 100 msaution on
seven dates in 2007-2008, and disaggregated temperaturesubsequently
compared against concurrent ASTER data. Prior to the appliation to
MODIS data, the use of aggregated ASTER data allows evaluaty disag-
gregation approaches independently from di erences betere ASTER and
MODIS products. The methodology is presented (Section 2) dns applied
to the ASTER data aggregated at kilometric resolution (Seabn 3) and to
real MODIS data (Section 4). A sensitivity analysis is condtted in Section
5.

2. Material and Method

The methodology aims to disaggregate kilometric surfacengerature at
hectometric (100 m) resolution following the scheme preded in Figure [1.
The 100 m resolution is chosen to evaluate the results usingAER, which is

currently the spaceborne thermal sensor with the highest apal resolution.

2.1. Disaggregation methodology

The three disaggregation algorithms DO, D1 and D2 are detad below.
DO does not use any ancillary data. D1 is based on the fractiahphoto-
synthetically active vegetation cover estimated at high olution and is the
same as the NDVI-based approach of Agam etlal. (2007). Framtial pho-
tosynthetically active vegetation cover is notedfp, and is de ned as the
surface of green (photosynthetically active) vegetationgy soil surface unit.

D2 is based on both fractional photosynthetically and non{mtosynthetically
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active vegetation covers. In this paper, fractional non-pitosynthetically ac-
tive vegetation cover is expressed as the di erencéy f,a) with f, being
the fraction of total (photosynthetically and non-photosythetically active)
vegetation. All these variables are derived from Formos&-images.

DO simply sets disaggregated temperatur€© to low-resolution temper-
ature:

TO = Tym (1)

with T, being the temperature available at kilometric resolutionNote that
all the variables de ned at kilometric scale are written wih the subscript
km.

D1 sets disaggregated temperaturé® as:
TO = Tim + a1 fpav h fpavi km (2)

with Hf ,avikm being the average of ,,, within each low-resolution pixel, and
a, the slope of the linear regression betweehy, and Iy iwn. The slope
a; is evaluated at the scale of the satellite image_(Agam eta007). Note
that all the variables de ned at the image scale are writtenn bold.

D2 accounts for both photosynthetically and non-photosyiitetically ac-

tive vegetation covers. Disaggregated temperature® is written as:

TO = T+ al™ 20 hfloig, (3)

with fg;gi being thef ,,, projected using the technique of Merlin et al.(2005),
H D% i v its average within kilometric pixels, andaf™® the slope of the linear
regression betweey, and f”®  with P  being thef P estimated

pav, km ! pav, km pav

at kilometric resolution.



The projection technique was theoretically developed in Mkn et al. (2005).

It was successively applied to 2.5 cm soil temperature(Merlin et al.| 2006),
to surface evaporative fractionl(Merlin_et al., 2008) and tsoil evaporative ef-
ciency (Merlin_et al.| 2010). It is a robust tool to strengthen the correlation
between two variables by representing the dependence of skevariables on
other additional variables. In this paper, the projection &chnique is applied
to fractional photosynthetically active vegetation cover It aims at arti cially
improving the spatial correlation betweenT and f,,, by accounting for the
dependence ofl on fy,. Note that fg;gi is not a physical variable. 1t is
formally written as:

f S;Sj = f pav fpav, mod (4)

with  fpay, moa beINg a corrective term that accounts for the dependence of

T onfy. To derive f,a, mod iN Equation (4), T is expressed as:
T = (1 ftV)TS + fpavTv, min + (ftv fpav)Tv, max (5)

with T4 being the high-resolution soil skin temperatureT ,, min  the minimum
vegetation temperature observed at low resolution withinhe study area,
and T, max the maximum vegetation temperature observed at low resolu-
tion within the study area. In Equation (5), surface temperéure is linearly
decomposed into its soil and vegetation components as a goagbroxima-
tion of the relationship with power 4" for temperatures (Anderson et al.,
1997; Merlin_and Chehbouni}_2004). Vegetation temperaturie also linearly
decomposed into the temperature of photosynthetically ais®e vegetation

Ty min and that of non-photosynthetically active vegetationT, max . FoI-



lowing Equation (5), f pay is modelled by:

@ )T+ fuTymax T

fpav, mod —

(6)

Tv.max Ty, min
As Tg is unknown at high resolution, itis settoT ¢ = (Ts min + Ts, max )=2 IN
Equation (6) with T min @and T max being the minimum and maximum soil
temperature observed at low resolution within the study ar@ respectively.
Setting T to a uniform value is a strong assumption. However, one shdul
acknowledge that the main factor of variability of soil temgrature is surface
soil moisture, which is not available at high resolution. lis reminded that the
scope of this study is to focus on the variability of vegetatn temperature,
and its impact on surface temperature. Surface temperature Equation (6)
is also unknown at high resolution. As a rst guess, it is seta its value at
low resolution Tyy,. Hence, modelled ,,, becomes:

(1 ftv)Ts+ fthv, max Tkm

Tv, max Tv, min

(7)

fpav, mod (ftv) =

Finally, the corrective term  f 5, mod iN Equation (4) is written as the di er-
ence between thd ,,, modelled using high-resolutiorf,, and the f,, mod-

elled using kilometrichf i km:

f pav, mod — f pav, mod (f tv) f pav, mod (H tv | km) (8)

Hence, one obtains:

TV, max TS

Vv, max Tv, min

fpav, mod — T (fo hfyim) 9)

Note that Equation (9) does not use temperature data at ne satial scales.

Projected f,, is computed in Equation (4) and used in the downscaling



relationship of Equation (3). The regression coe cienta?™ in Equation (3)
is estimated from the projected ,,, estimated at kilometric resolution, which
is given by:

TV, max TS

f Proj
T VvV, max T v, min

pav, km — Hf pav! km

(Foim  fu) (10)

with f,, being the average of, over the whole study area.

2.2. Data collection and pre-processing

The Yaqui experiment was conducted throughout an agriculial season
from November 2007 to June 2008 in northwestern Mexico (2%.2N, 109.88
W). The campaign focused on an irrigated area including mdin wheat,
corn, chickpeas and beans. Soil in the top 0{20 cm was classi as clay
with an average of 44% and 36% for clay and sand fractions, pestively.
The objective of the experiment was to characterize the sgat variability of
surface uxes from the eld (hectometric) to kilometric scde. Meteorological
data including air temperature, solar radiation, relativehumidity and wind
speed were monitored throughout the agricultural season a semi-hourly
time step from December 27, 2007 until May 17, 2008. The studirea is
dened as a 16 km by 10 km area (i) containing the Yaqui experiental
area, (ii) included in all Formosat and ASTER images, and (ij delineated

to exactly match up the 1 km resolution MODIS grid.

2.2.1. Formosat-2 data
Formosat-2 was launched by the National Space Organizatiai Taiwan
in May 2004 onto a sun-synchronous orbit. The Remote Sensifrgstrument

(RSI) onboard Formosat-2 provides high-spatial-resoludn images (8 m in the
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multispectral mode for nadir viewing) in four spectral band ranging from

0.45 m (blue) to 0.90 m (near infrared). Unlike other systems operating at
high-spatial resolution, Formosat-2/RSI may observe a p#cular area every
day with the same viewing angle. The scenes are 24-km wideofad-track)

and 27-km long (across-track). More details can be found Inh@rn et al.

(2008).

Forty-two cloud free Formosat-2/RSI images were collectealver the Yaqui
area from 15 November 2007 to 6 June 2008. All images were awsphwith
an o -nadir angle of 12 1 . Image processing included: (i) absolute geoloca-
tion of a cloud-free image against a set of ground control pus collected with
GPS, (ii) registration of this and other images using an autorrelation algo-
rithm, (iii) reprojection of data using UTM WGS 1984 12N coodinate system
with a sampling interval of 8 m, (iv) atmospheric correction(Hagolle et al.,
2008) and (v) re-sampling of 8 m resolution Formosat-2 red dmear-infrared

re ectances at 100 m resolution over the 16 km by 10 km study ea.

2.2.2. Biophysical variables derived from Formosat-2 imag

NDVI and surface albedo are computed using 100 m resolutiog-sampled
Formosat-2 data. NDVI is the ratio of the di erence between ear-infrared
and red re ectances to their sum. Surface albedois estimated as a weighted
sum of red and near-infrared re ectances with the coe ciersg given by Weiss et al.
(1999) and validated inlBsaibes et al.. (2009).

Fractional photosynthetically active vegetation cover ca be estimated

using the expression df Gutman and Ignatov (1998):

NDVI  NDVI,
fpay = 11
P NDVlpyw NDVIg (1)
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with NDVI ,,, corresponding to fully covering photosynthetically actie veg-

etation and NDVIs to bare soil or to bare soil partially covered by non-
photosynthetically active vegetation. In the current stug, NDVI,, and

NDVI¢ are set to the maximum (0.93) and minimum (0.18) value of the
NDVI observed during the agricultural season within the stdy area.

The fractional vegetation coverfy, is de ned as the surface of total (pho-
tosynthetically and non-photosynthetically active) veggation per soil surface
unit. A simple approach is developed to estimatg, on a pixel-by-pixel basis
from the time series of Formosat-derivedl,,, and . As an illustration, Fig-
ure[d plots the typical variations of surface albedo as a fution of fractional
photosynthetically active vegetation cover for a given 106h resolution pixel
in the study area. It is apparent that surface albedo increas with frac-
tional photosynthetically active vegetation cover, and keps increasing when
vegetation dries. An interesting feature is visible at the &ginning of the agri-
cultural season when the variations of surface albedo areelto the drying
of bare soil in between two irrigations, and at the end of theesson when
constant and high values of surface albedo (up to 0.30) aresavved from the
harvest date indicating the presence of bright stubble. Famally, fractional

vegetation cover is estimated as:

if (fpav, max), foy = ————— (12)

pav s
it > (fFpa, max), fov = fpav, max (13)
with  (f pav, max) being the surface albedo observed at the maximum of frac-
tional photosynthetically active vegetation cover {pay, max), s the albedo of
bare soil, and ., the albedo of a fully-covering photosynthetically active

canopy. In Equations (12) and (13), (fpav, max); s pav @nd fpa, max are
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estimated on a pixel-by-pixel basis from the time series obFnosat-2 data.
An illustration is presented in Figure[2 for a given pixel. Bee soil albedo
s IS set to the minimum value observed during the agriculturaseason. The
mean and standard deviation of s over the study area is 0.080 and 0.016 (20
% of the mean value), respectively. Green vegetation albedg,, is set to the
value extrapolated atf, = 1 by assuming a linear relationship between
andf 5, during the growing period. The mean and standard deviationfo ,ay
over the study area is 0.20 and 0.036 (18 % of the mean valuegspectively.
During the growing period, soil moisture may have an impactrothe re-
lationship between surface albedo and fractional photostetically active
vegetation cover in Equation (12). As s corresponds to the wet soil albedo,
the algorithm tends to overestimatef,, when soils are relatively dry. How-
ever, the successive periods of irrigation and drying and éhhigh-temporal
frequency of Formosat-2 data allow clearly identifying theedge correspond-
ing to wet soil. During the senescence period, the impact obik moisture
is rather low because irrigation stops and vegetation covés maximum. In
fact, the relationship in Equation (12) can be applied to theonditions when
soils are relatively dry as long as soil albedo does not getwes larger than
green vegetation albedo. This is generally the case for bnowlay or silty
soils in agricultural areas, but not for sandy soils.
Figure [3 plots fractional vegetation cover as function of stace albedo
for all dates and all the pixels with < (f ;av, max). The increase off, with
is explained by a value of soil albedo signi cantly lower tha vegetation
albedo. FigurelB indicates that the albedo over bare soil idaut 0.08, which

is a typical value for wet clay (e.gl Ten Berge, 1986). The afiolo over full-
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cover vegetation ranges from about 0.16 to 0.25, which arepigal values
for irrigated and dry crops, respectively (e.g. Campbell ahNorman,|1998).
The procedure in Equations (12) and (13) would not be adaptefbr sandy
soils having an albedo (about 0.20) larger than the typicalalue for green
crops.

The images of fractional photosynthetically active vegetaon cover, sur-
face albedo and fractional vegetation cover are presentad Figure[4 at the
beginning (December 30), middle (April 11) and end (May 6) ahe agricul-
tural season. They illustrate both the seasonality of canags throughout the
agricultural season and the high variability of vegetationcover within the

study area.

2.2.3. ASTER data

The ASTER was launched in 1999 on a sunsynchronous platforidASA's
Terra satellite) with 10:30 am descending Equator crossirand a 16-day re-
visit cycle. The ASTER thermal sensor provides nadir-lookg scenes of
approximately 60 km by 60 km. Data are collected on request ewv speci-
ed areas. There are ve thermal bands with a 90 m resolutionrad centred
at 8.30, 8.65, 9.05, 10.60 and 11.30n. The accuracy in ASTER temper-
ature and emissivity was predicted [(Gillespie et all, 199&nd is currently
estimated (Jacob et al.] 2008; Sabol et al., 2009) as within51K and 0.015,
respectively.

During the 2007-2008 agricultural season, 7 cloud free ASREImages
were collected over the Yaqui area at around 11:00 am locallaotime on
December 30, February 23, March 10, April 11, April 27, May 6ral May
13. ASTER o cial products were downloaded from the Earth Obgrving
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System Data Gateway. They consisted of the 90 m resolution réace skin
temperature (ASTO8) retrieved by the \temperature and emisivity separa-
tion" algorithm (Gillespie et al., 1998; Schmugge et al., BBa) and projected
in UTM WGS 1984 12N. The absolute registration of ASTER data as per-
formed using a background 8 m resolution Formosat-2 image.ulsimages
were extracted over the 16 km by 10 km study area and were reagaled at
100 m resolution using the bicubic interpolation.

In this study, 100 m resolution ASTER data are used as a referee to
evaluate disaggregation results. To evaluate disaggregat algorithms inde-
pendently from di erences between ASTER and MODIS productsASTER
data are also used to generate kilometric observations whi@are unbiased
against reference temperatures. This is done by linearly enaging high-
resolution surface temperatures, i.e. without accountindor the nonlinear
relationship between physical temperature and emissivity This choice is
motivated by the results ofi Liu et all. (2005) who compared théemperature
aggregated using di erent scaling approaches and obtainegry low di er-

ences (maximum di erence of 0.Z0).

2.2.4. MODIS data

The MODIS/Terra data were collected concurrently with ASTER data
with an incidence angle of 71 . MODIS o cial products consisted of the 928
m resolution surface skin temperature (MOD11-L2) retriewé by the \gen-
eralized split window" algorithm (Wan and Dozier, 1996; Waret all, [2002)
and registered in a sinusoidal projection. The MODIS Repreg¢tion Tool
(http://igskmncnwb001.cr.usgs.gov/landdaac/tools/modis/index.asp) was used

to project MOD11-L2 data in UTM WGS 1984 12N with a sampling iterval
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of 1 km.

As a rst assessment of thermal data, the MODIS temperaturea-sampled
at 1 km resolution is compared against the ASTER data aggretg at 1
km resolution in Figure[®. The mean root mean square di ereecbetween
MODIS and ASTER data is 2.4C for all dates. This is consistent with
recent studies reporting a discrepancy between ASTER and MIDS surface
temperature of about 3C (Liu_et al., 2006,2007). The same comparison is
done at 2 km resolution by aggregating ASTER and 1 km re-sangd MODIS
data. The 2 km resolution is chosen arbitrarily as twice the KDIS nadir
resolution to investigate the impact of the re-sampling of @DIS data on
the di erence between MODIS and ASTER products. The mean rdanean
square di erence between 2 km resolution re-sampled MODIS@& ASTER
data is 1.8 C for all dates. It is suggested that the lower di erence beteen
MODIS and ASTER products at 2 km resolution is mainly due to tle re-
sampling of MODIS temperature product. Re-sampling is a nessary step to
use data in a given coordinate system. However, it systemedily smoothes
spatial data, especially over highly heterogeneous aredlsel Yaqui. Both 1
km and 2 km resolution MODIS data sets will be used in the foNaing to

assess the impact of the accuracy in MODIS data on disaggréiga results.

2.3. Extreme temperatures extrapolated from MODIS data umj ancillary

data

The disaggregation procedure D2 requires an estimate®f min , T s, max »
Ty mn and T, max . The algorithm for estimating extreme temperatures is
derived from learnings brought by Figurdd6.

Figure @a plots the space de ned by kilometric surface tempature and
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kilometric surface albedo for data on April 27. A polygon is lmtained as

in Roerink et all (2000) and.Gomez et al. I(2005). Note that tle relation-

ships between surface temperature and re ectance (or alb®dhave been
extensively used to develop remote sensing-based energgdet models like

SEBAL (Surface Energy Balance Algorithm for Land, Bastiaassen et al.
(1998)) and S-SEBI (Simpli ed Surface Energy Balance IndeRoerink et all

(2000)) to monitor evapotranspiration at decametricl(Jach et all,|l2002| Gomez et al.,
2005) and regionall(van den Hurk et all, 1997) scale.

Before interpreting the spacely,-h iy, at kilometric resolution, let con-
sider the space de ned at high resolution. ASTER temperata is plotted
against surface albedo in Figur€l6b and against fractionalhptosyntheti-
cally active vegetation cover in Figurdd6c for data on a typal day (April
27). It is apparent that the spaceT- has a polygonal shape while the
spaceT-f,, has a mostly triangular shape. In fact, the presence of non-
photosynthetically active vegetation is captured by surfee albedo, but not
by fractional photosynthetically active vegetation cover This justi es the
use ofT- instead of T-f 55,. In Figure @b, the four edges of the polygoi -
are interpreted as \bare soil" between A and B, \dry surface"between B
and C, \full-cover vegetation" between C and D and \wet surfae" between
D and A. Correspondence with the vertices of the trapezoid INMoran et al
(1994) is highlighted.

In the case of the disaggregation of MODIS data, high-resdlon surface
temperature T is assumed to be unknown. Therefore, one needs to develop
an approach to extrapolate extreme temperatures from the ape Tym-h iym

de ned at kilometric resolution. Below is described stepiypstep the algo-
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rithm used to estimate T min s Ts max, Tv,mn and Ty max from Figure

QA

Ty min IS Set to the air temperatureT, measured in the Yaqui area at

the time of ASTER overpass.

Ts min IS de ned by the intersect between the line of wet surface and
the line of bare soil. The line of bare soil is de ned as a vecal line
ath iym = min, With in being the minimum surface albedo within
the study area. The line of wet surface passes througi (. i; T,)
with h ,4i being the mean photosynthetically active vegetation albex
within the study area. The line of wet surface has a slope sues all

points are kept above the wet edge.

Ts max IS de ned by the intersect between the line of dry surface and
the line of bare soil. The line of dry surface passes throughe point
with maximum surface temperature and has a slope such as abipts

are kept below the dry edge.

Ty max IS de ned as the ordinate of the dry line ath iym = max , With

max being the maximum surface albedo within the study area.

To strengthen the approach, the slope of the wet edge and thaf the dry
edge are assumed to be the same. This is based on the obseovathat the
lines AD and BC in the spacel - are practically parallel. This is also based
on a theoretical consideration! Menenti et al.|(1989) demstrated that the
slope@ =@ Ts proportional to the aerodynamic exchange resistance. se-

quently, if the aerodynamic resistance over full-cover nephotosynthetically
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active vegetation is assumed to be the same as that over fatbver photo-
synthetically active vegetation as irl Bastiaanssen et al1998), then AD and
BC are theoretically parallel. On an algorithmic point of vew, the slope of
wet and dry lines is estimated separately, and the mean valug applied to

both edges.

2.4. Projection

The usefulness of the projection technique is rst assessby plotting in
Figure[df ,o and fg;gi as a function of ASTER temperature on the coldest
(December 30) and hottest (May 6) day. One observes théﬁ;&j is a better
indicator of the variability of surface temperature thanf y,,. In particular,
the projection improves the correlation coe cient betweenfractional photo-
synthetically active vegetation cover and ASTER temperatte from 0.72 to

0.76 on December 30 and from 0.70 to 0.73 on May 6.

3. Application to Aggregated ASTER Data

Disaggregation algorithms DO, D1 and D2 are applied to the AER
data aggregated at MODIS resolution, and results are compad against
ASTER data. The application to aggregated ASTER data impligly as-
sumes that low-resolution observations are perfectly acaie with respect
to high-resolution ASTER data. This is practical to evaluaé disaggregation
results independently from uncertainties in low-resolutin data (Agam_ et al.,
2007).
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3.1. 1 km resolution aggregated ASTER data

Figure [@ presents the 16 km by 10 km images on the coldest (Dece
ber 30) and hottest (May 6) day of the temperature disaggreted at 100
m resolution by DO, D1 and D2 and the ASTER temperature re-sapted at
100 m resolution. The images obtained by D1 and D2 are rst copared
with ASTER images. One observes that the distribution of temperature is
generally better restituted with D2 than with D1. The imagesobtained by
D1 and D2 are then compared with those obtained by DO. One obrges that
the \boxy artifact" at 1 km resolution is more apparent for D1than for D2.
The notion of boxy artifact was rst introduced by lAgam et all (2007) to de-
scribe the low-resolution grid that is still apparent on diaggregated images.
In Agam et all (2007), the boxy artifact was attributed to the variability at
low resolution of the surface conditions that are not accoted for in the dis-
aggregation. In the case of D2, it is suggested that the insien of fractional
non-photosynthetically active vegetation cover improvethe sensitivity of the
disaggregation algorithm, then reduces the boxy artifact.

Table [ lists the root mean square di erence, correlation eocient and
slope between disaggregated and ASTER temperature for eaghthe seven
ASTER overpass dates. The mean fractional non-photosynttieally active
vegetation covertf,, f,ai is also listed. Results indicate that both D1 and
D2 systematically perform better than DO. They also indicat that the slope
between disaggregated and ASTER temperature is systematily closer to
1 with D2 than with D1. However, the performance of D2 relatigly to D1
seems to vary from date to date. In fact, the performance of Dg intimately

related to the amount of non-photosynthetically active vegtation. One ob-
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serves in Tabledl that disaggregation results are more acate with D1 on

the three dates when the mean fractional non-photosynthetlly active veg-

etation cover over the study area is lower than 0.06. This waxpected since
the representation of the impact of non-photosynthetica}l active vegetation

when the fraction of non-photosynthetically active veget#on is low should

decrease the signal to noise ratio within the disaggregatipand thus make
the uncertainty in disaggregation output increase. When $ecting the four

dates with a mean fractional non-photosynthetically actie vegetation cover
larger than 0.10, the mean correlation coe cient between diaggregated and
ASTER temperature is increased from 0.75 to 0.81, and the mea&lope is
increased from 0.60 to 0.77. The systematic increase in tHepe is notably

visible in the scatterplots of Figure®.

Although D2 is found to be more robust than D1, the error on deggre-
gated temperature is still about 3C. This error is notably explained by the
variability of soil temperature, which was not accounted foin this study.
Also, the performance of D2 seems to be weaker on May 6 and 18e(Jable
[M). Note that the scheme for estimating fractional vegetatin cover in Equa-
tion (12) may not be valid at the end of the season when leaveslivand in

some instances fall o .

3.2. 2 km resolution aggregated ASTER data

The disaggregation algorithms DO, D1 and D2 are now applied tthe
ASTER data aggregated at 2 km resolution and results are prested in
Table [@ for the four dates with a mean fractional non-photosyhetically
active vegetation cover larger than 0.10. As the number of 2nkresolution

pixels within the study area is much reduced as compared to rkresolution
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pixels, the estimation of extreme temperatures in Section.2is still based
on 1 km resolution data for representativity reasons. Whensging the 2
km instead of 1 km resolution temperature as input to the digggregation
algorithms, the performance of DO, D1, and D2 is systematilta degraded
on each date. The mean correlation coe cient between disaggpated and
ASTER temperature is decreased from 0.75 to 0.68 and from 0.8 0.77
for D1 and D2, respectively. The slope is also decreased fot BBom 0.60
to 0.52 but not for D2. The poorer results obtained using the 8TER data
aggregated at 2 km resolution is due to the increase of the spixel variability
at 2 km resolution. This point is illustrated by the increaseof the error
in the temperature disaggregated by DO from 3. to 4.1 C when using
data aggregated at 1 km and 2 km resolution, respectively. Ehincrease of
disaggregation error when increasing the gap between highddow resolution
was already mentioned in_Merlin et al.|(2009).

The aggregation of low-resolution data before the disag@ation makes
the slope between disaggregated and ASTER data decrease otder words,
aggregating low-resolution data reduces the sensitivityf dhe disaggrega-
tion algorithm. However, the inclusion of an additional vaiable (fractional
non-photosynthetically active vegetation in our case) intte disaggregation
increases the sensitivity of D2, and thus makes the slope irase. One
consequence is that D2 is more robust with respect to the rdgtion of low-
resolution data than DO and D1. In particular, the slope bet@en disaggre-
gated and ASTER temperature is approximately unchanged fob2 when
using 1 km and 2 km resolution aggregated ASTER data.
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4. Application to MODIS Data

4.1. 1 km resolution re-sampled MODIS data

Disaggregation algorithms are rst applied to the MODIS daa re-sampled
at 1 km resolution. Statistical results for all dates with a nean fractional
non-photosynthetically active vegetation cover larger tAn 0.10 are listed in
Table 3. The mean root mean square di erence between disaggated and
ASTER temperature is 4.0C and 3.8C for D1 and D2, respectively. The
use of MODIS data instead of aggregated ASTER data results ian in-
crease by about 1C of the mean error. The error increase is attributed to
the discrepancy between MODIS and ASTER data. In particulgrthe root
mean square di erence (3.8 for D2) is approximately equal to the square
root of the sum of the mean square di erence between MODIS a&STER
temperature (2.4C) and the mean square error in the temperature disag-
gregated using aggregated ASTER temperature (2@). The negative mean
di erences between disaggregated and ASTER temperatureeanot caused
by the disaggregation algorithms but by the di erence betwen MODIS and
ASTER products. In terms of algorithmic performance, D1 andD2 are still
more accurate than DO and D2 is more accurate than D1 consistevith the

results obtained using aggregated ASTER data.

4.2. 2 km resolution re-sampled MODIS data

It is reminded that 2 km resolution re-sampled MODIS data aresloser
to ASTER data than 1 km resolution re-sampled MODIS data. Astated
earlier, the di erence between MODIS and ASTER products maype due to

image co-registration error and to the algorithm used to dere land surface
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temperature. To assess the impact of the accuracy in re-salegp MODIS
data on disaggregation results, algorithms DO, D1, and D2 emow applied
to 2 km resolution re-sampled MODIS data. Results for all das with a mean
fractional non-photosynthetically active vegetation cogr larger than 0.10 are
presented in Tabld¥. When using the 2 km instead of 1 km restbin MODIS
temperature as input to the disaggregation algorithms, stastical results are
improved for D1 and D2. The decrease in the mean error for D1 &2 is
associated with an increase of the mean correlation coe ¢ieand an increase
of the mean slope. In fact, because MODIS data are closer to FEER data
at 2 km than at 1 km resolution, the aggregation of MODIS datarbm 1 km
to 2 km has two opposite e ects on disaggregation results. Qhe one hand,
aggregation increases the gap between low and high resaati and thus
ampli es sub-pixel variabilities and associated disagggation errors. On the
other hand, aggregation reduces random uncertainties in MDS data and
consequently increases the disaggregation accuracy. Undee conditions
that prevail in this study, the gain in accuracy by aggregatig MODIS data
at 2 km resolution is superior to the loss in accuracy due to ¢éhincrease
of sub-pixel variabilities, so that the disaggregation iscually improved by

using 2 km resolution re-sampled MODIS data.

5. Sensitivity Analysis

5.1. Input data

Application of disaggregation algorithm D2 requires a nundy of parame-
ters determined from both high-resolution shortwave dataral low-resolution

thermal infrared data. These include albedo values for theseémation of the
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fractional total vegetation cover, and albedo and extremeemperatures for
the projection of fractional photosynthetically active veetation cover. To
assess the impact on disaggregation results of uncerta@tiin these parame-
ters, a sensitivity analysis is conducted by varyings, pav, Ts, min, Ts, max »
Ty min and T, max . INn practice, D2 is applied to three di erent data sets
A, B and C. Data set A is the same as that used in Section 3.%;, is de-
rived from Equation (12) by using the parameters s and 5 derived at
high-resolution from the time series of Formosat-2 data antP'® is derived
from Equation (9) by using the extreme temperatures derivettom the space
Twm-h im at 1 km resolution. Data set B is identical to A except thatf,
is derived by usingh si and h ., i, the soil and photosynthetically active
vegetation albedo averaged within the study area respeatly. The root
mean square di erence betweens and h si and between p, and h ,ai
is 0.016 and 0.036, respectively. Data set C is identical to éxpect that
f biol is derived by using the extreme temperatures derived from ¢hspace
T- at 100 m resolution (as in Figurdleb). The root mean square dérence
between the extreme temperatures estimated from the spatg,-h i, at 1
km resolution and those estimated from the spacé- at 100 m resolution
arel1.8,2.7,44and 2.& for T y.min » T smin s T v:max @and T s.max respectively.
The disaggregation results obtained with data set A, B and Cra presented
in Table { in terms of root mean square di erence, correlatio coe cient
and slope between disaggregated and ASTER temperatures. @©abserves
that the statistical results obtained with data set A are in gneral slightly
degraded with data set B and slightly improved with data set CHowever,

the di erence between data sets is relatively low comparedtthe improve-
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ment associated with the use of D2 instead of D1 and DO. Conseqtly,
the sensitivity analysis indicates that D2 is relatively sable with respect to

uncertainties in input parameters.

5.2. Formulation of fractional photosynthetically activevegetation cover
Fractional photosynthetically active vegetation cover igequired in both
D1 and D2. In this study, f,, is estimated using the expression from

Gutman and Ignatov (1993) presented in Equation (11). As manother ex-
pressions have been developed, one needs to evaluate theaichpf a change
in the formulation of f 5, on disaggregation results. For instance, Baret et al.

(1995) expressed fractional photosynthetically active getation cover as:
!
NDVIya,  NDVI

0:62

frav =1 14
pav NDVI oy NDVIg (14)
and|Carlson and Ripley (1997) as:
|
2
NDVI  NDVI
fpav = > (15)

NDVIgay  NDVI

The three formulations from Gutman and Ignatov (1998) (GI98 Baret et al.

(1995) (B95) and Carlson and Ripley|(1997) (CR97) are implesmted in D1
and D2 and disaggregation algorithms are applied to data s&. In each
case, the root mean square di erence, correlation coe ci¢rand slope be-
tween disaggregated and ASTER temperatures are presentedliabled. One
observes that both G198 and B95 are approximately equivalem terms of

disaggregation performance, while errors are slightly ireased with CR97.
The performance of D2 is generally superior to that of D1, regdless of the
formulation chosen forf ,5,. Therefore, the di erentiation between photosyn-

thetically and non-photosynthetically active vegetationcover has a stronger
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impact on disaggregated temperature than the choice in th@rfmulation of

fractional photosynthetically active vegetation cover.

6. Conclusion

A new disaggregation procedure of kilometric thermal datesideveloped
to account for the status of vegetation. It is based on a timeesies of
Formosat-derived fractional (photosynthetically and normphotosynthetically
active) vegetation cover. The methodology is tested over &lkm by 10
km irrigated cropping area in northwestern Mexico during tle 2007-2008
agricultural season. On seven dates, kilometric surfacemiperature is disag-
gregated at 100 m resolution, and disaggregated temperaguis subsequently
compared against concurrent ASTER data.

The disaggregation approach is rst applied to the ASTER dad aggre-
gated at MODIS resolution (1 km). Statistical results indiate that the new
methodology is more robust than the classical one, and is @&ys more accu-
rate when fractional non-photosynthetically active vegettion cover is larger
than 0.10. The mean correlation coe cient and slope betweedisaggregated
and ASTER temperature is increased from 0.75 to 0.81 and frod60 to 0.77,
respectively. The disaggregation algorithm is then applieto real MODIS
data. The error on disaggregated temperature is increaseq¢ i C, which
corresponds to the di erence evaluated at 1 km resolution beeen ASTER
and MODIS data. The approach is also tested using the MODIS tare-
sampled at 2 km resolution. Aggregation reduces random ersoin MODIS
data and consequently increases the disaggregation acaya

Although the new methodology is found to be more robust thanhie
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classical one, the disaggregation error is still about @, which corresponds
to an error in evapotranspiration of about 150 W m? (Kalma et al!, [2008).
This error could be partly explained by the variability of suface temperature
for di erent values of surface soil moisture. The integratn of microwave-
derived soil moisture into the disaggregation procedure gart of ongoing
research. Before any robust disaggregation method is deygéd, monitoring
water uxes over highly heterogeneous agricultural areasilwely on thermal

remote sensing at Landsat scale.
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Table 1. The ASTER temperature aggregated at 1 km resolutionis disaggregated at 100 m resolution by DO, D1, and
D2, and disaggregated temperature is compared to 100 m resglon ASTER temperature in terms of root mean square

di erence (RMSD), correlation coe cient (R) and slope. The regression coe cientsa; and a’j“’j and the mean fractional non-

photosynthetically active vegetation covertfy, f,a i are also indicated for each date. The four dates withfy,  fpa i > 0:10

are highlighted in bold.
RMSD ( C) R (-) Slope (-) ap  al My o

Date DO DI D2 DO DI D2 DO D1 D2 (C) (C) )
Dec 30 266 1.90 171 054 0.80 0.85 029 0.68 0.819.6 66 0.1
Feb23 369 222 242 056 0.87 0.85 031 0.81 0.8215 4.9 0.04
Mar 10 3.88 1.83 221 059 093 090 0.34 0.92 0.9318 4.4 0.04
Aprll 4.83 3.00 3.18 0.61 0.88 0.86 0.37 0.84 0.8622 15 0.06
Apr27 469 354 352 0.63 081 0.84 039 074 09023 20  0.36
May 6 3.71 3.40 3.07 0.60 0.68 0.78 0.37 048 07813 17  0.62
May 13 3.54 3.15 2.84 0.61 0.71 0.77 0.38 049 05810 14  0.69
All 365 3.00 2.78 0.60 0.75 0.81 0.36 0.60 0.7716 12  0.47
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Table 2: The ASTER temperature aggregated at 2 km resolutionis disaggregated at 100 m resolution by DO, D1, and D2,
and disaggregated temperature is compared to 100 m resolath ASTER temperature in terms of root mean square di erence

(RMSD), correlation coe cient (R) and slope. The regression coe cients a; and aﬁ“’j are also indicated for each date.
RMSD ( C) R () Slope (-) a, a
Date DO D1 D2 DO D1 D2 DO D1 D2 (C) (C
Dec30 295 201 187 0.36 0.77 0.83 0.13 0.63 0.84.5 7.2
Apr27 530 4.15 429 048 0.75 0.81 0.24 0.72 0.9826 24
May 6 4.13 3.87 3.64 0.46 0.57 0.74 0.21 0.40 0.8417 20
May 13 3.95 355 3.21 047 0.61 0.70 0.23 0.34 0.43.2 11
All 408 340 3.25 044 0.68 0.77 0.20 0.52 0.7715 16
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Table 3: The MODIS temperature re-sampled at 1 km resolutionis disaggregated at 100 m resolution by DO, D1, and D2,

and disaggregated temperature is compared to 100 m resolath ASTER temperature in terms of root mean square di erence

(RMSD), correlation coe cient (R), slope and mean di erenc e (MD). The regression coe cients a; and aﬁ“’j are also indicated

for each date.

RMSD ( C) R () Slope (-) MD ( C) a, a
Date DO DI D2 DO D1 D2 DO DI D2 DO D1 D2 () (C)
Dec30 3.41 3.08 3.01 038 0.64 0.68 0.13 0.26 0.29.74 174 174 33 0.9
Apr27 526 431 3.99 051 072 077 023 042 0.48.76 076 076 13 13
May 6 4.87 4.70 4.37 0.48 0.57 069 0.20 0.25 0.352.65 265 265 55 8.8
May 13 4.15 4.00 3.85 0.48 056 0.61 0.19 0.23 0.271.28 1.28 128 35 1.6
Al 442 402 3.81 046 0.62 069 0.19 029 0.351.61 161 161 63 6.1
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Table 4: The MODIS temperature re-sampled at 2 km resolutionis disaggregated at 100 m resolution by DO, D1, and D2,

and disaggregated temperature is compared to 100 m resolath ASTER temperature in terms of root mean square di erence

(RMSD), correlation coe cient (R), slope and mean di erenc e (MD). The regression coe cients a; and aﬁ“’j are also indicated

for each date.

RMSD ( C) R () Slope (-) MD ( C) a, a
Date DO DI D2 DO D1 D2 DO DI D2 DO D1 D2 () (C)
Dec 30 3.47 284 275 032 0.75 0.76 0.09 0.37 0.44.74 174 174 54 15
Apr27 548 4.16 3.70 0.44 0.73 0.80 0.17 051 0.620.76 076 076 18 18
May 6 5.00 4.71 4.22 0.42 055 071 0.15 0.26 0.472.65 265 265 95 15
May 13 4.27 4.05 391 043 055 0.61 0.14 020 0.241.28 128 128 42 1.6
Al 455 3.94 364 040 0.65 072 0.14 0.33 044161 161 161 93 9.0
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Table 5: The ASTER temperature aggregated at 1 km resolutionis disaggregated at 100 m resolution by D2 using data set A,
B and C, and disaggregated temperature is compared to 100 m selution ASTER temperature in terms of root mean square
di erence (RMSD), correlation coe cient (R) and slope. The regression coe cient ai" is also indicated.
RMSD ( C) R () Slope (-) a™ (C)

Date A B C A B C A B C A B C

Dec30 1.71 166 1.71 085 085 0.84 081 0.79 0.766 6.5 8.6

Apr27 352 345 3.32 084 0.84 0.85 090 0.83 0.8820 19 22

May 6 3.07 3.10 3.00 0.78 0.77 0.78 0.78 0.76 0.7117 17 20

May 13 2.84 285 2.70 0.77 0.77 0.80 0.58 0.57 0.6314 14 15

All 278 276 2.68 081 0.81 082 0.77 0.74 0.7514 14 16
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Table 6: The ASTER temperature aggregated at 1km resolutionis disaggregated at 100 m resolution by D2 (D1) using the
fpav formulation from Gutman and lgnatov|(1998) (G198), Baret et _all (1995) (B95) and|Carlson and Ripley (1997) (CR97).

Disaggregated temperature is compared to 100 m resolution 8TER temperature in terms of root mean square di erence

(RMSD), correlation coe cient (R) and slope.

RMSD ( C) R (-) Slope (-)
Date G198 B95 CR97 GI98 B95 CR97 GI98 B95 CR97
Dec 30 1.71(1.90) 1.78 (1.90) 1.94 (1.99) 0.85(0.80) 0.88() 0.81 (0.78) 0.81(0.68) 0.80 (0.68) 0.78 (0.69)
Apr 27 3.52(3.54) 3.57 (3.62) 3.79 (3.84) 0.84 (0.81) 0.844D) 0.82 (0.78) 0.90 (0.74) 0.91 (0.72) 0.90 (0.68)
May 6 3.07 (3.40) 3.00 (3.41) 3.11 (3.48) 0.78 (0.68) 0.7968) 0.77 (0.66) 0.78 (0.48) 0.79 (0.48) 0.76 (0.44)
May 13 2.84 (3.15) 2.73(3.15) 2.78 (3.18) 0.77 (0.71) 0.7970) 0.79 (0.71) 0.58 (0.49) 0.61 (0.48) 0.62 (0.47)
All 2.78 (3.00) 2.77 (3.02) 2.90 (3.12) 0.81 (0.75) 0.82 (B)7 0.80 (0.73) 0.77 (0.60) 0.78 (0.59) 0.76 (0.57)
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Figure 1: Schematic diagram presenting an overview of the rsampling of Formosat-2, ASTER and MODIS data, the disag-

gregation algorithms DO, D1 and D2 and the veri cation strategy at 100 m resolution.
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plus non-photosynthetically active) vegetation fy, . Fractional vegetation cover (f, ) is set
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Figure 4: Images on December 30, April 11 and May 6 of fractioal photosynthetically active vegetation cover (f pay), surface

albedo ( ) and fractional vegetation cover (f, ) over the 16 km by 10 km study area.
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Figure 8: ASTER temperature compared to the temperature disaggregated by DO, D1
and D2 on December 30 (left) and May 6 (right).
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Figure 9: Scatterplot of the temperature disaggregated by @, D1 and D2 versus ASTER
temperature on December 30, April 27, May 6 and May 13.
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