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Abstract

The use of land surface temperature (LST) for monitoring the consumption and water status
of crops requires data at fine spatial and temporal resolutions. Unfortunately, the current
spaceborne thermal sensors provide data at either high temporal (e.g. MODIS: Moderate
Resolution Imaging Spectro-radiometer) or high spatial (e.g. Landsat) resolution separately.
Disaggregating low spatial resolution (LR) LST data using ancillary data available at high
spatio-temporal resolution could compensate for the lack of high spatial resolution (HR) LST
observations. Existing LST downscaling approaches generally rely on the fractional green
vegetation cover (fg) derived from HR reflectances but they do not take into account the soil
water availability to explain the spatial variability in LST at HR. In this context, a new
method is developed to disaggregate kilometric MODIS LST at 100 m resolution by including
the Sentinel-1 (S-1) backscatter, which is indirectly linked to surface soil moisture, in addition
to the Landsat-7 and Landsat-8 (L-7 & L-8) reflectances. The approach is tested over two
different sites -an 8 km by 8 km irrigated crop area named “R3” and a 12 km by 12 km
rainfed area named “Sidi Rahal” in central Morocco (Marrakech)- on the seven dates when S-
1, and L-7 or L-8 acquisitions coincide with a one-day precision during the 2015-2016
growing season. The downscaling methods are applied to the 1 km resolution MODIS-Terra
LST data, and their performance is assessed by comparing the 100 m disaggregated LST to
Landsat LST in three cases: no disaggregation, disaggregation using Landsat fg only,
disaggregation using both Landsat fe and S-1 backscatter. When including fqy only in the
disaggregation procedure, the mean root mean square error in LST decreases from 4.20 to
3.60 °C and the mean correlation coefficient (R) increases from 0.45 to 0.69 compared to the
non-disaggregated case within R3. The new methodology including the S-1 backscatter as
input to the disaggregation is found to be systematically more accurate on the available dates

with a disaggregation mean error decreasing to 3.35 °C and a mean R increasing to 0.75.

Keywords: LST; disaggregation; soil moisture, Sentinel-1; MODIS/Terra; Landsat.

1. Introduction

Land surface temperature (LST) derived from thermal infrared remote sensing is an essential
input variable for various environmental and hydro-meteorological applications. LST data are
practically used for modeling the land surface processes and monitoring the functioning of

agro-ecosystems
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. Therefore, LST data have been used in a
variety of applications such as, among others, climate studies

, the monitoring of crop water consumption

, Vvegetation monitoring , soil moisture
estimation , and hydrological
studies . However, there is a limitation in the existing satellite thermal

sensors, since those with high revisit cycles (e.g, MODerate resolution Imaging Spectro-
radiometer “‘MODIS’) do not offer high spatial resolution (HR), and those offering HR (e.g,
Landsat-8) generally have low temporal resolution . In contrast, the
visible and near infrared (VNIR) reflectance data are available at a resolution finer than that
of most thermal sensors ( ). To bridge the gap, the finer-resolution VNIR data
have hence been extensively used as ancillary data to disaggregate low-resolution (LR) LST
at HR.

Recently, various efforts have been devoted to disaggregate LST to a finer —typically 100 m-
resolution. Techniques are generally based on a relationship between LST and ancillary
(vegetation cover indexes, emissivity and/or albedo) data, the obtained relationship being
assumed to be scale invariant (and thus applied at both HR and LR). The statistical
downscaling methods in particular, developed by over a homogenous
vegetated area, has been widely used. This method is based on a linear regression relationship
between LST and NDVI (Normalized Difference Vegetation Index) calibrated at LR. The
relation between LST and NDVI is also used in , with the aim of
developing a nonlinear method to estimate LST at HR. used the fraction
of green vegetation cover instead of NDVI. This method showed its capability and good
performance over areas with relatively uniform soil and vegetation hydric status, where the
temperature of bare soil is set to the average between the dry and wet soil over the studied
area. Other studies reported that NDVI (or fq) shows some limitations and cannot explain all
the variations in LST over agricultural areas
. Especially, and
observed a shortcoming when using the LST-NDVI or LST-fg
relationship over areas with high moisture content, or with various photosynthetic activity
vegetation types. adapted this method to heterogeneous vegetation status,

by adding the fraction of senescent vegetation cover to include the photosynthesis activity of
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vegetation, and to distinguish between areas of bare soil and dry vegetation cover.
integrated the surface albedo to estimate HR LST by fitting the relationship
between LST, NDVI and surface albedo. Following the same idea of adding other information
that affect the spatial distribution of LST, used the projection technique
theoretically developed in that aims to strengthen the correlation between
two variables (LST and NDVI) by representing the dependence of these variables on other
additional variables, based on a radiative transfer equation. Moreover, other studies were
further presented involving additional factors that reflect the vegetation type
summarized the
variables that affect LST variability, and they mentioned that, surface soil moisture (SM)
mainly controls evapotranspiration and thermal properties of the surface, which affect LST.
Therefore, optimal LST disaggregation approaches should include the variability of SM in
addition to NDVI (or fgy), in order to represent the variability of the bare soil temperature
bounded by its wet and dry endmembers. Advanced regression tools using spectral bands,
have been successfully used in different studies produce better disaggregation results than

simple polynomial functions (Ghosh and Joshi, 2014)

Recently, some studies have attempted to represent the SM effect. used a
normalized multi-band drought index (NMDI) for monitoring soil and vegetation moisture,
based on the absorption properties of the vegetation water in the NIR and the sensitive
characteristics of water absorption differences between soil and vegetation in the short-wave
infrared (SWIR). However, NMDI has inconsistent relationships with vegetation and soil
moisture changes (i.e. positive correlation with vegetation water content and negative
correlation with SM changes). Therefore, it poorly performed over mixed pixels of vegetation
and soil. took into account SM variations using a soil wetness index (SWI)
estimated based on the interpretation of the triangular LST-NDVI space. However, the errors
were found to be larger with low fractional vegetation cover. In the same manner,

discussed the impact of SM variations using the LST-NDVI space and assumed
uniform SM conditions in a coarse pixel. Therefore this technique is only appropriate in
regions where SM varies at large scale and in pixels with high fg. In general, the previously
proposed proxies or indexes that aim to incorporate the SM effect on LST poorly performed

over the areas with low vegetation cover.

In this context, a new algorithm is proposed to improve the disaggregation of LR LST by

explicitly taking into the variability of SM at HR. Incorporating SM information to


https://www.sciencedirect.com/topics/earth-and-planetary-sciences/spectral-band
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disaggregate LST has the advantage of distinguishing between the dry and the wet soil
especially in areas with low vegetation cover, where the soil moisture status is the main factor
controlling the LST variability. The novelty of this work is to integrate a spaceborne radar-
derived soil moisture proxy in the disaggregation of 1 km resolution LST. This research
relies on the Sentinel-1 (S-1) mission, which provides C-band radar data at both high-spatial
and high-temporal resolutions. The approaches are tested over an 8 km by 8 km and 12 km by
12 km semi-arid areas near Marrakech-Morocco. The chosen sites allows for testing the
algorithm over a heterogonous landscape in terms of vegetation type and SM status where
LST highly varies in both space and time. The methodologies are applied to aggregated
Landsat LST and to MODIS LST data separately, and the HR ancillary data are derived from
radar S-1 and VNIR Landsat data. Finally the disaggregated LST is evaluated at 100 m

resolution against Landsat LST.

2. Site description and data set
2.1. Study area
The study areas are located in the semi-arid Haouz plain, situated near Marrakech city, in
central Morocco (Fig. 1). This region is characterized by irregular and low rainfall of about
250 mm/year with a high evaporative demand that exceeds 1600 mm/year.
In recent years, several field campaigns and experiments have been carried out and numerous
studies have been conducted over this area with different objectives related to agricultural

water management

The first site is an irrigated agricultural zone (called R3) known by its heterogeneity and
occupied by different culture types (alfalfa, wheat, olive, orange and horticulture), where
wheat crops is the dominating culture (50 %). Flood irrigation is the main irrigation mode
used in this area.

The second area is a rainfed agricultural area (called Sidi Rahal) mainly dominated by trees
(about 80%) while the remaining surface is comprised of bare soil, small forest and
impervious surfaces (e.g., buildings and roads). The dark area mainly represents parcels
maintained in bare soil conditions (due to a lack of rainfall in late December) and building.
Based on soil analysis soil texture is clayey and sandy in the majority

of fields within the R3 and Sidi Rahal areas, respectively.
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Fig. 1. Location of Marrakech in the Tensift Al Haouz region, Morocco (left) and the study areas

(right) including the weather station installed (green circles) during the 2015-2016 agricultural

season. The images are derived from Landsat data, the 07 February and the 24 July for Sidi Rahal

and R3 sites, respectively.

2.2. Ground data

Two automatic meteorological stations have been installed, one over an alfalfa cover in the R3

perimeter and another over a rainfed wheat crop at the Sidi Rahal site providing local data including

air temperature (Tair), relative humidity (rha) wind speed (ua), wind direction and global solar

radiation (rg) measured at 2 m above ground level. For the Sidi Rahal site, the weather station

is located in a rainfed wheat crop (bare soil during the study) in the lower right plot (Fig.1).

2.3. Satellite data
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In this study, seven dates of quasi coincident VNIR/thermal and radar images were used
(Table 1). The L-7 and L-8 images were downloaded from the USGS website, which freely
provides surface reflectances and thermal radiances data in different spectral bands. The level-
1 products are calibrated radiometrically and orthorectified using digital elevation model. The
revisit time of each sensor is 16 days. Combining both satellites potentially (in cloud free
conditions) provides optical data every 8 days. S-1 mission is composed of a constellation of
two twin satellites. Both S-1A and S-1B operate in C-band synthetic aperture radar (SAR),
providing data in four operational modes (Strip Map, Interferometric Wide Swath, Extra wide
swath and Wave) and different polarizations for all modes. The S-1 constellation offers data

with high revisit frequency (every 3-6 days).

2.3.1 High resolution reflectances

In our feasibility study, Landsat VNIR data are used because the Landsat LST is, in any case,
required for evaluating the disaggregated LST. In real-life, however, the disaggregation
approaches should be implemented using high spatio-temporal resolution VNIR data collected
from Sentinel-2. The VNIR Landsat reflectances are aggregated at 100 m resolution,
consistent with Landsat LST spatial resolution. Surface reflectances are used to calculate the
NDVI, defined as the ratio of the difference between the spectral reflectance measurements
acquired in NIR and red to their sum. The fractional green vegetation cover is estimated from
an empirical relationship with NDVI

NDVI-NDVI
foy = ——
NDVIgy—NDVIg

1)

Where NDVI,, and NDVIs are the NDVI over full-cover green vegetation and bare soil,
respectively. The NDVI end-members are derived from the time series of Landsat data as the
minimum and maximum value of the 100 m resolution NDVI within the whole selected areas

for the bare soil and full-cover green vegetation case, respectively.

2.3.2 Thermal infrared (TIR) data
2.3.2.1 MODIS data

The daily 1 km resolution LST (version 6) MOD11A1 product is available through the U.S.
Land Processes Distributed Active Archive Center (LP DAAC, https://Ipdaac.usgs.gov/). The

generalized split-window algorithm has been used to retrieve

MODIS LST products and a correction step was performed using the surface band emissivity
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provided also by MODIS spectral data. The LST data were re-projected from sinusoidal to
geographic latitude/longitude using the Universal Transverse Mercator (UTM), Zone 29N,
World Geodetic System (WGS) 84 coordinate system.

2.3.2.2 Landsat data

L-7 and L-8 sensors provide TIR data with a spatial resolution of 60 m and 100 m,
respectively. The TIR radiance is used to calculate LST. To this end, all the followed
correction steps and the processing chain are described in

The L-7 LST is averaged (aggregated) at 100 m resolution, which is the lowest spatial
resolution between S-1 and Landsat data. Note that the reliability of the Landsat-derived LST
was checked in by comparing remotely sensed LST with local in situ
measurements (not shown here) at two TIR stations located within the study area. A relatively
good match between satellite and ground LST data was obtained for both sites with an error
smaller than 1.0 and 2.4 °C.

The Landsat LSTs are linearly aggregated at 1 km resolution to match the spatial resolution of
MODIS observations. The linear averaging technique (without accounting for the nonlinear
relationship between physical temperature and radiance) is chosen based on the work of

, which found that the maximum difference between the temperature aggregated

using different upscaling approaches is 0.2 °C.

2.3.3 Sentinel-1 radar data

Between January 01 and December 31 2016, among the 49 images collected over the study
area, seven were approximately coincident (with a 1-day precision) with clear sky Landsat
images (Table 1). The S-1 level 1 SAR scenes were collected in both ascending and
descending pass directions over the study site. The S-1 satellite provides data in both VV and
VH polarization modes at an incidence angle of 40° over the study area. The S-1 Ground
Range Detected (GRD) images were acquired in interferometric wide swath mode (IW), with
an original spatial resolution of 5 m by 20 m. Several processing steps are applied before
using the original S-1 data, in order to convert the radar signal to a backscatter coefficient
using the Sentinel Application Platform (SNAP). A detailed description of the retrieved
processing steps is reported in . Among the two available polarizations,
the VV polarization is selected in this study for downscaling LST. The rationale behind using
VV instead of VH, is that in , the VV polarization was found to be more
sensitive to SM variability over bare soil than VH over the same study area. S-1 VV
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backscatter (c9,) is aggregated at 100 m resolution, consistent with Landsat LST spatial

resolution.

Table 1: The seven dates between January 01 and December 31, 2016 when S-1data are collected one

day after Landsat data (in clear sky conditions) are selected.

S-109, Landsat LST and NDVI
07 January 2016 06 January 2016 *
08 February 2016 07 February 2016 *
19 March 18 March *
07 June 06 June *
01 July 30 June *
25 July 24 July *
18 August 17 August *

* Landsat-8. + Landsat-7

Table 2 summarizes the characteristics of the satellite data products used as input to, and for

validation of disaggregation approaches.

Table 2: Technical characteristics of satellite products.

. L . Spatial Temporal resolution
Sensors/Mission Acquisition Time Bands .
resolution (m) (Day)

06:30 AM (descending)
S-1A/B and 06:30 PM SAR/ C-band 20 3-6

(ascending)

-VNIR (L-7: B3 & B4 ; L-8:B4 60 and 100 for

L-7/-8 ~11:30 AM &BY) TIR 8
- TIR (B6 for L-7 and B10 & B11
for L.8) 30 for VNIR
MODIS/Terra ~11:30 AM -TIR ~1000 1

Fig.2 shows an example of the spatial variability of LST, fe and o9, over the study site. Two
growing stages (initial, and mid-season) are chosen for illustration purposes. For the initial
stage most of the fields are under bare soil conditions with low fraction of green vegetation
and the backscatter coefficient is mainly influenced by the SM and roughness, while LST
mainly depends on atmospheric conditions and the soil water availability. During the mid-
season, fgy reaches its maximum value and the non-cultivated parcels generate higher value of
LST (40 °C). The spatial variability of the backscatter is attributed to a combined effect of
SM and vegetation (water content). Over cultivated areas, vegetation decreases the radar

signal while SM increases it.
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Fig.2. LST, fe and a2, 100 m resolution maps over R3 area at dates corresponding to the initial and

mid-season growing stages: January 06 (top) and March 18 (bottom).

3. Disaggregation Methods

Two disaggregation techniques are applied in this work using the same input data derived
from microwave (radar) and optical (NDVI) data. The methodologies are tested over two
different study areas, including a range of conditions (land use, soil hydric status,...). The two
versions are named multi-linear regression (MLR) and radiative transfer model (RTM)
techniques. Both methodologies are based on a scale invariant relationship between LST and
other ancillary variables, which are statistically correlated to LST pixel by pixel. In this work
the disaggregation methodologies were applied to aggregated Landsat derived-LST (as a first
assessment by minimizing uncertainties in LR LST) and then applied to MODIS/Terra LST
(as a real case application). The 100 m resolution was chosen as the target downscaling
because it is the lowest spatial resolution at which all the input HR data are available. The
diagram in Fig.3 summarizes briefly the different disaggregation algorithms used in this work.

10

8 km
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Fig.3. Diagram showing the different disaggregation algorithms and their input/output data.

DO algorithm requires no ancillary data. By cons, D1 (MLR), D1’ (MLR) and D2’ (RTM)
need additional data to disaggregate LST. D1 algorithm is based on fg only, while D1’ and
D2’ are based on both fy and o9,. A description of the MLR and RTM techniques is
presented in the following subsections.

3.1. Multi-linear regressions (MLR) technique

The MLR technique is based on a linear regression at LR between LST and auxiliary data.
This method was firstly developed by using NDVI as a biophysical
indicator of LST. In practice, a least-squares fit is performed between LST (T) and the fqy

aggregated at 1 km. Formally, The D1 algorithm is expressed as:
D; Ty = LSTim + @ X (fgy — fovkm) (2)

with a being the regression coefficient of the least squares regression between LSTy,

and fgy 1cm, and LSTyy, and fg, xm the LR LST and the aggregated fg,, respectively.

The Dj disaggregation algorithm is proposed to improve the D1 algorithm by inserting
additional information about SM (information derived from the S-1 data). A MLR is

performed between LST, f,, and o9y, at LR:
D,1 T1’ = LSTkm +a’ x (fgv - fgv,km) + b' x (va - va,km) (3)

With a’ and b’ being the slopes of the MLR equation at kilometric resolution, and o9, ., the

aggregated o2, .

11
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3.2. RTM technique

The RTM approach ( ) is based on the equation which is formally written as:
D5 T, = LSTym + AT, (4)

With the corrective term AT, estimated using a RTM forced by HR input data derived from

foy and oy

ATZI = TSim(ng' PGSV) - (Tsim(fgv’ PG(\}V))KM (5)

With Tsim being the LST simulated by the RTM, ( )xm the resampling function from 100 m to

1 km resolution and Pso a SM proxy derived from S-1 data:

09,-c?

P 0 = - vv,min (6)

oYy — 0
Ovv,max ™~ Oyv,min

where 69y max and ogv,min are the maximum and minimum o9, during the season and over
the study area. GSV,min and o9, max hence represent the driest and the wettest pixels observed

at 100 m resolution over the study site, respectively.

The Tsim (favs Poo, ) is calculated as:

Tsim(ng: Pcr?,v) = fgv X ch,gv + (1 - fgv) X TbS;n (7)

With Tg. g is the temperature of pixel with fully-covered vegetation and Tgg" the bare soil

temperature estimated using a linearized RTM:
Toe® = Tosw X Poo, + Tpsa X (1 — Pgo) (8)

Where Tys., and T,s 4 are the wet and dry bare soil temperatures, respectively. Note that the
temperature end-members (T gy, Tps,w and Ty,s q) are estimated based on a synergy between
the LST-fyv space, the LST-c9, space and a soil energy balance (EB) model. The sub-section

below details the steps followed for estimating o9, and temperature endmembers.

3.2.1. End-members estimation

Before applying the disaggregation methodologies, the endmembers required in the RTM

method, namely the three temperatures (Te gy, Tpsq and Tysy) and the three backscatter

12
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coefficients (green vegetation 69, 4, bare dry soil oy, s qand bare wet soil oy, ps.), are

determined from available information. Temperature endmembers vary from date to date
depending on the growing stage of vegetation and the soil hydric status over differences

landscapes within the selected areas.

3.2.1.1. Backscatter endmembers

Fig. 4 presents the spatial variability of ¢9, pixel by pixel compared to fey. Based on the
observed o9, — fey Space, the vegetation backscatter coefficient va‘gv is estimated as the o9,
corresponding to fg=1, vertex C (1, o9y,gy) in the o9,-fg, space. The backscatter of bare soil
in dry (09, 1,54) and wet (69, 1,.,) conditions is considered as the minimum and maximum

backscatters observed at low f,, (<0.2), vertex A (0, ogv,bs,d) and B (0, cgv_bs,w), respectively.

2
0 0.2 04 06 08 1 0 01 02 03 04 05 06 07 08 09 1

r,o )
g g
Fig.4. Identification of the o0, end-members using the S-1 backscatter plotted against fractional of

green vegetation cover f,,, space for data on February 07 (left) and March 18 (right) over R3 site.

3.2.1.2. LST endmembers

In this study, the LST at HR is assumed to be unknown and therefore, extreme temperatures
should be derived from LR LST and possibly other ancillary (meteorological, fg,) data. Two
different techniques are combined to estimate the LST endmembers: the contextual LST-fy,
space and an EB model forced by available meteorological data . In
order to estimate soil extreme temperatures independently of remote sensing data a soil EB
model is run to estimate Ty, and Ty 4. In practice, the wet and dry conditions are simulated
by setting the evaporation resistance rss values equal to zero and infinity, respectively. The EB

model is outlined in the appendix.
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On some days, the maximum temperature estimated by EB modelling appears relatively low
compared to the maximum (both HR and LR) observed LST especially on the hottest days
(summer) as founded in . This is explained by the fact that the
meteorological data used as forcing to EB model are collected at a wet alfalfa site, thus
underestimating the 2-m air temperature over very dry and hot surface conditions. To correct
for such a slight underestimation, the Ty,s 4 is set to the maximum between the maximum

value (Tmax) Observed at LR and EB estimation:

Tbs,d = max [Tmax ,EB (rss = oo)] (9)

The temperature of full cover vegetation (Tt gv) IS Set to the air temperature

A visual representation of the LST-fe and LST-09, spaces at a LR and HR are plotted in
Fig.5. The LST-fy space identifies three extremes values for fy (0, 1), while the LST-09,
space is surrounded by the three extremes backscatter values (o9y,gy, cgv_bs,d and cgv,bs,w)
derived previously from the o9, — fy, space. Note that the triangle formed in the sigma-fo
space is not as well defined as in the LST-fg space. In fact, the spatial correlation between
sigma and fyy is affected by variabilities of both SM and soil roughness. Therefore, 69, 14
more precisely corresponds to a smooth (low roughness) dry soil and larger sigma values are
expected over dry bare soil pixels with larger surface roughness (the data points on the other

side of the AB segment).

The point A in Fig.5 in the low resolution (aggregated LST) case is estimated using the soil
energy balance model, which estimates LST in dry soil condition using meteorological data
only i.e. independently from Landsat observations. For that reason, the simulated dry soil
temperature is hence not necessarily equal to the maximum value observed within the study

area from Landsat LST.
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Fig.5. Scatterplot of LST-fy and LST-a2, spaces at 100 m (left) and 1 km (right) resolution. In the LR

case, extreme temperatures are estimated using a soil EB model on February 07 over R3 site.

4. Results

The disaggregation approaches MLR (D1 and D1’) and RTM (D2’) are applied to the seven
dates when all the satellite data are available. The disaggregated LST is evaluated against
Landsat LST and in each case, disaggregation results are compared with those obtained in the
no-disaggregation case (DO0). A stepwise approach is presented by using the (1 km resolution)
aggregated Landsat LST as the LR LST input prior to the application to MODIS LST.

4.1. Application to aggregated Landsat-7/-8 data

As a first assessment, the disaggregation approaches are applied to aggregated Landsat LST.
Moreover, in the case of RTM (D2’), the LST end-members are estimated from the spaces
built from HR data in order to reduce possible uncertainties. The disaggregation results are
evaluated visually and quantitatively using the 100 m Landsat LST image as reference. Fig. 6
shows the LST images obtained from DO, D1, D1’ and D2’ for the six dates over Sidi Rahal
rainfed site. The high spatial heterogeneity in soil properties and the land use over the selected
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375
376
377
378

379

380
381

areas induces strong variations in LST at the HR. All three D1, D1’ and D2’ algorithms
provide more variability of LST than DO algorithm which does not take into account the
spatial variability at HR. It is also observed that the boxy artifact, meaning the block effect
that still remains in the disaggregated LST at the LR (Agam et al., 2007b; Merlin et al., 2010),
is reduced for D2’.

January 06

February 07

March 18

June 30

July 24

August 17

Fig.6. Maps of the LR (Landsat-aggregated) LST disaggregated by the four algorithms compared to
the Landsat reference HR LST on six selected clear dates separately over Sidi Rahal area.
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Fig. 7. Comparison between the LST disaggregated using each algorithm against the HR Landsat LST

Table 3: Summary statistics of the disaggregation algorithms. Temperature endmembers are estimated
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R () RMSE (°C) Slope (-)

DO D1 DI’ D2 DO D1 DI’ D2 DO D1 DI’ D2
087 094 095 097 168 131 125 082 073 107 106 0.94
083 095 095 096 294 179 169 1.39 068 1.04 103 0.6
081 088 090 095 229 267 227 130 063 118 114 095
075 091 091 093 334 28 272 1.8 056 114 113 0.0
084 092 095 096 1.86 1.63 1.26 099 068 1.08 1.04 0091
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387
388
389
390

391
392
393
394
395
396
397
398

399
400
401
402
403
404

All ‘ 0.82 0.92 0.93 0.95 2.42 2.04 1.83 1.27 0.65 1.10 1.08 0.93

Results (Fig. 7) listed in Table 3, shows that the D2’ performs systematically better than the
classical approach in all the cases, and provides more accurate results over the rainfed
agriculture site. 1.27 °C is the minimum mean error it has been assessed using the D2’

algorithm compared to 2.04 °C by using the classical D1 approach.

A significant underestimation is observed for the low LST values during the hottest days
(June 30, July 24 and August 17) using D1 and D1°. In contrast, the RTM D2’ LST fits
correctly the Landsat observation. The most significant difference in performance is found for
the February 07 image, when the bare soil dominates and the soil moisture variation controls
the LST distribution. This means that radar data provide useful and independent information
about the LST variability that the fy does not provide. The results indicate that the additional
SM proxy used in the RTM algorithm allows more of the variability in LST to be captured

over this scene.

The used algorithms in this paper have been tested over the 8 km by 8 km R3 site, in order to
test the stability of the new approaches. Here we test the capacity of the new algorithm to
capture LST variability over the complex fields. Fig 8 show the spatial distribution and the
temporal variation across the season of the disaggregated and Landsat LST over the R3 site
for seven clear sky selected dates. We can observe a high variability of LST, which depends

on the spatial heterogeneity of fg, and/or SM.
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Fig.8. Maps of the LR (Landsat-aggregated) LST disaggregated by the four algorithms compared to
the Landsat reference HR LST on the seven selected dates separately over R3 area. The data gaps on
February 07 and June 30 for D1’ and D2’ are attributed to S-1 raw data (no data value).

To facilitate the comparison between the algorithms, they are plotted against the Landsat-
derived temperature over the R3 site in Fig.9. The statistical results for each algorithm are
summarized in Table 4.
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413 Fig. 9. Comparison between the LST disaggregated using each algorithm against the HR Landsat LST

414 for the seven dates over R3 area.

415  Table 4: Summary statistics of the disaggregation algorithms. For D2°, LST endmembers are derived

416  from the contextual spaces defined by HR ancillary data.

Date R () RMSE (°C) Slope (-)
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417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440

441
442

DO D1 D1’ D2’ DO D1 b1’ D2’ DO D1 D1’ D2’
January 06 0.76 0.93 0.93 0.94 0.71 0.45 0.47 0.36 0.55 1.06 1.06 0.95
February 07 0.78 0.95 0.96 0.97 2.26 1.26 1.15 091 0.59 1.06 1.06 0.89
March 18 0.66 0.97 0.97 0.97 4.42 1.48 1.44 1.46 0.45 0.96 0.97 0.96
June 06 0.63 0.80 0.82 0.83 331 2.78 2.61 2.37 0.40 0.82 0.82 0.68
June 30 0.61 0.86 0.86 0.88 2.25 1.47 1.54 1.39 0.33 0.84 0.84 0.76
July 24 0.61 0.91 0.92 0.90 2.54 1.37 1.27 1.40 0.37 0.96 0.95 0.80
August 17 0.67 0.92 0.94 0.92 181 1.01 0.87 0.97 0.41 0.96 0.96 0.78
All 0.67 0.90 0.91 0.91 2.47 1.40 1.33 1.26 0.44 0.95 0.95 0.83

Data points in the scatterplot of the new (D2’) algorithm fall closer to the 1:1 line. Based on
Table 4, D1, D1’ and D2’ generate better results than DO. The improved disaggregation
algorithms show a decrease in the root mean square error (RMSE) with 1.26, 1.15 and 0.91 °C
using the D1, D1’ and D2’ algorithms, respectively compared to DO, which shows an error up
to 2.2°C on 07 February as an example.

The results change from date to date, but in general in our study case we found that, the MLR
D1’ and RTM D2’ algorithms provide better results in term of correlation coefficient (R) and
RMSE than the original approach D1. A better slope of the linear regression between
disaggregated and Landsat LST is provided by D1 and D1’ whereas D2’ degrades slightly the
slope on the same dates. The good results provided by the D1’ algorithm are attributed to an
efficient calibration at LR of the coefficients of the regression fit between LST, fqy and the
radar backscatter. Moreover, the RTM model is sensitive to uncertainties in extreme LST,
which in this case, were derived using HR Landsat data. The Landsat-derived temperature
endmembers may be significantly biased in the case where/when surface conditions are
relatively homogeneous (in particular over rainfed sites like Sidi Rahal).

The mean R between disaggregated and Landsat LST slightly increases from 0.90 to 0.91, and
the mean RMSE decreases from 1.40 °C to 1.26 °C using the D1 and D2’ algorithms,
respectively. In contrast, the mean slope is decreased from 0.95 to 0.83 using D1 and D2’
algorithms, respectively.

Since HR Landsat LST is assumed to be unavailable in our disaggregation exercise, the LST
endmembers are now derived from LR LST data only (instead of using HR LST data as
previously). Table 5 lists the RMSE, R, and slope of the linear regression between
disaggregated and Landsat LST for D2’ algorithm, using the temperature endmembers

derived from LR LST data combined with EB model estimates.

Table 5: Statistics of the disaggregation algorithms using temperature endmembers estimated by EB
modelling (estimated by LST-fy spaces defined using HR data in parenthesis).
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443
444
445
446
447
448
449
450
451
452
453
454

455

456
457
458
459
460
461
462
463
464
465

Date R () RMSE (°C) Slope
January 06 0.87 (0.94) 0.85 (0.36) 1.27 (0.95)
February 07 0.97 (0.97) 0.89 (0.91) 0.92 (0.89)

March 18 0.96 (0.97) 1.60 (1.46) 0.88 (0.96)
June 06 0.83 (0.83) 2.40 (2.37) 0.66 (0.68)
June 30 0.87 (0.88) 1.43 (1.39) 0.73 (0.76)
July 24 0.86 (0.90) 1.65 (1.40) 0.79 (0.80)

August 17 0.87 (0.92) 1.21 (0.97) 0.80 (0.78)

All 0.89 (0.91) 1.43 (1.26) 0.86 (0.83)

A valuable discussion is presented in this paragraph that helps to see the impact of the LST
endmembers estimation on the disaggregation results. Looking at the Table 5, the statistical
results clearly show that the disaggregated LST is more accurate when using the LST
endmembers derived from Landsat HR data than those derived from EB modelling (combined
with LR data). In contrast, using EB-derived extreme LST provides a slightly better mean
slope (0.86) than when using HR data (0.83). In order to assess the main causes behind that,
the Tys,q estimated by the EB model is compared to the maximum value observed at HR. On
January 06, an overestimation of about 8 °C of Tpsd is observed when using the EB model
(data not shown here), which leads to slightly poorer results compared to when using
temperature endmembers derived from HR spaces. It is suggested that the temperature
endmembers derived from EB modeling are more uncertain than those derived from HR
spaces, especially over a highly heterogeneous area like R3.

4.2. Application to MODIS data

In this section, the disaggregation methodologies DO, D1, D1’ and D2’ are applied to
MODIS/Terra (MOD11-A1) LST product over only the R3 site. It is reminded that only the
MODIS images acquired on the same dates as Landsat data are used for the evaluation. For
the rainfed Sidi Rahal site, the MODIS LST data are affected by clouds where the
contaminated pixel are masked with the MODIS cloud mask data product. Therefore no
MODIS image is clear, which limits the application to MODIS data over this site. Fig.10
compares the disaggregation images with the 100 m resolution Landsat LST for six selected
dates. Note that the MODIS image on August 17 is affected by clouds and was thus removed.
In the implementation of D2’, the temperature endmembers are estimated using EB

modelling.
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467  Fig.10. Maps of the MODIS LST disaggregated at HR by the four algorithms compared to the Landsat
468 reference LST map on the six clear sky dates over R3 area.
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470 Fig.11. Comparison between the disaggregated LST using each algorithm against the HR Landsat
471 LST for the seven dates over R3 area.

472 Table 6: Summary statistics of the disaggregation algorithms. Temperature endmembers are estimated
473 from EB modelling.

R(-) RMSE (°C) Slope
Date

DO D1 DI’ D2’ DO D1 D1’ D2’ DO D1 D1’ D2’

January 06 0.56 0.80 0.80 0.75 1.03 0.83 0.83 1.09 0.28 0.50 0.50 1.01
February 07 0.65 0.87 0.76 0.86 3.34 2.73 2.94 2.57 0.24 0.44 0.43 0.59
March 18 0.51 0.83 0.80 0.86 5.16 3.57 3.71 2.20 0.24 0.53 0.53 0.65
June 06 0.47 0.70 0.71 0.71 3.84 3.16 3.14 3.09 0.21 0.43 0.42 0.44
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474
475
476
477

478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502

June 30 0.07 0.12 0.13 0.55 6.71 6.68 6.71 6.44 0.03 0.05 0.05 0.38
July 24 0.47 0.84 0.84 0.78 5.14 4.64 4.64 4.71 0.23 0.64 0.64 0.58
All 0.45 0.69 0.67 0.75 4.20 3.60 3.66 3.35 0.20 0.43 0.43 0.61

Looking at the spatial patterns of disaggregated LST maps, the values in all maps range from
14 °C to 60 °C. The boxy effect anomalies are less apparent for D2’ algorithm compared to
the original algorithms. Generally, the disaggregation algorithms of MODIS LST show a

lower maximum and higher minimum than Landsat LST.

The downscaling results and statistics are shown in Fig. 11 and reported in Table 6. The D2’
algorithm provides better results than the MLR approaches (D1 and D1°). Results in Table 6
shows that the minimum mean RMSE is 3.35 °C and the highest mean R is 0.75, which are
both obtained with D2’ algorithm. A systematic negative bias is apparent in the disaggregated
temperature using MODIS LST, quite consistent with the mean bias between MODIS and
Landsat LST estimated as 4 °C in this work. As expected the disaggregation method does not
yield similar results when applied to MODIS/Terra LST instead of aggregated Landsat data.
This is due to the discrepancy between MODIS and Landsat data, and to different sensitivities
of MLR and RTM algorithms to uncertainties (including bias) in LR input data. However, in
our study case over the selected irrigated perimeter, the new algorithm D2' clearly improves
the disaggregated LST against the classical approaches. When comparing the new algorithm
D2’ to the classical one D1, D2’ generally shows the best results with an increase of R from
0.83 to 0.86 and a decrease in the RMSE from 3.57 to 2.20 °C, respectively (18 March as an
example). By comparing the performance of the disaggregation algorithms using aggregated
Landsat and real MODIS LST, the aggregated Landsat LST provides better results than
MODIS LST. The reason is due to the fact that real images have an additional noise in the
LST data which may be related to sensor registration ( ). In addition, part of
the error could be attributed to differences in the algorithms used to retrieve LST, which are
not the same (split-window for MODIS and single-channel for Landsat). A relatively poor
performance is observed for D1 and D1’ on 30 June compared to the new D2’ methodology.
On that date MODIS LST largely underestimates Landsat LST. However, D2’ provides a
much better R (0.55 instead of 0.1 for all the other approaches). We argue that the RTM
method (D2’), is more accurate and more robust than MLR method (D1’) especially when
applying it to real data (MODIS LST). In particular, it is much less sensitive to uncertainties
in LR LST than MLR method. Based on the acquired results, RTM algorithm performed
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better than the classical algorithm and in most cases than the RTM method where it stabilizes

the errors and systematically increases the R between disaggregated and Landsat LST.

Conclusion
The objective of this paper is to disaggregate MODIS/Terra LST data to 100 m resolution

over an irrigated semi-arid area. The idea is to include the high spatial resolution soil moisture
variability in the disaggregation algorithm, in addition to the classical fraction of green
vegetation cover. The approaches are tested over two heterogonous sites: 8 km by 8 km
irrigated perimeter and a 12 km by 12 km rainfed area south of Marrakech during the 2015-
2016 growing season. The algorithms are firstly tested using the 1 km aggregated Landsat-7/-
8 surface temperature as input to avoid the errors and random uncertainty produced by the
registration of LR sensors like MODIS. Then, the performance of the used algorithms is
assessed using MODIS/Terra daytime LST as input. The Landsat LST at 100 m resolution is
mainly used for validation purposes.

Best results are obtained with the new algorithm denoted D2’ when using MODIS LST data
based on the RTM equation, compared to the procedure based on a linear regression between
fov and LST, and also compared to the multi-linear regression between fqy, 69, and LST. Since
the selected area showed a heterogeneity in terms of vegetation type and soil water status, we
conclude that the new algorithm produces more stable and robust results during the selected
year. 0.83 °C and 0.86 were the lowest RMSE and the highest correlation coefficient assessed
using the new algorithm. These results are encouraging and can be used to reinforce and to
improve the application of downscaling procedure to low resolution thermal sensors. Sentinel-
2 (S-2) is a continuity of Landsat reflectances with an improvement in the spatio-temporal
resolution. Therefore, the application of the disaggregation algorithm to MODIS LST using S-
2 ancillary data will improve the temporal resolution to 5 days. This work also can be
considered as a basis for new missions dedicated to provide TIR data at high spatio-temporal
resolution (India-France joint satellite mission, Trishna). Further research must be undertaken
to incorporate the vegetation water stress into the disaggregation methods, possibly by
integrating the S-1 VVH polarization data, which are more sensitive to vegetation water content

effects than V'V polarization.

Appendix
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To run EB model, the soil temperature is set to air temperature (Tair) and an iterative loop on
the soil temperature is made until the thermal equilibrium is reached by minimizing the cost
function (F(LST)) by finding the LST value corresponding to the EB closure:

F(LST) = (R, — G — H — LE)? (A.1)

Starting from the EB model equation, where the available energy is set equal to the turbulent

fluxes:
R,—G=LE+H (A2)
with Ry is the surface net radiation is expressed as:
Rp = (1—a)rg + e(Ram — 0TS) (A.3)

with 6=5.67x10® the Stephan-Boltzmann constant (W m? K#). a (-) being the surface albedo
(set to 0.15), ry (W m) is the global radiation, £ (-) is the surface emissivity (set to 0.95), Ram
is the atmospheric longwave radiation (W m) and. The downward atmospheric radiation at

surface level is expressed as:
— 4
Ratm = €a X 0Ty, (A4)

where &, is the atmospheric emissivity (Brutsaert, 1975):

1

g, = 1.24 X (i)7 (A.5)

air

. ha
with ey = eg(Tair) X ﬁ (A.6)

rha (%) being the air relative humidity and es the saturated water vapour pressure (kPa) given

by:

e = 0.611 X NCrerr) (A7)
The ground flux G is estimated as a fraction of net radiation at the surface Rn:
G=cg.R, (A.8)
with cg being a fractional empirical coefficient set to 0.2.
The sensible heat flux is given by:
H= pcpTSr_a—j:‘ir (A.9)

The latent heat flux is estimated as:
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LE =22 %% (A.10)
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571 Glossary

Symbols signification and unit

Po Soil moisture proxy

00y max Backscatter coefficient correspond to the wettest pixel during the season
G?fv,min Backscatter coefficient correspond to the driest pixel during the season
Oy ey Green vegetation backscatter coefficient

va,bs, d Bare dry soil backscatter coefficient

o'gv,bs,w Bare wet soil backscatter coefficient

Tcgv The temperature of pixel with fully-covered vegetation
Tos Ttemperature estimated using a linearized RTM

Tohs w Wet bare soil temperature

Tos.d Dry bare soil temperature

c?, VV polarized backscatter coefficient

va km Aggregated VV polarized backscatter coefficient

AT, Corrective term

ss Evaporation surface resistance, s m*

Rn Net radiation, W m

G Soil heat flux, W m

H Sensible heat flux, W m

LE Latent heat flux, W m

ua Wind speed, m s*

g Solar radiation, W m

rha Relative humidity, %

Tair Air temperature, °C

€ Surface emissivity
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572

573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603

Y Psychrometric constant, kPa °C™*

p Mean air density at constant pressure, kg m=
Cp Stands for the specific heat of air, MJ kg °C™*
€a Actual vapour pressure, kPa

€s Saturation vapour pressure, kPa

la,h Aerodynamic resistance, s m*

o Surface albedo

Ratm Atmospheric longwave radiation, W m

c Stephan-Boltzmann constant equal to 5.67 x 108, W m? K*
€a Atmospheric emissivity

Cg Fractional empirical coefficient set to 0.2

fov Fraction of green vegetation cover

fovkm Aggregated fraction of green vegetation cover
NDV gy Full-cover green vegetation index

NDV s Bare soil vegetation index

F (LST) Cost function
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