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This paper presents the Global Atmospheric Profiles derived from Reanalysis
Information (GAPRI) database, which was designed for earth surface temperature
retrieval. GAPRI is a comprehensive compilation of selected atmospheric vertical
profiles at global scale which can be used for radiative transfer simulation in order
to obtain generalized algorithms to estimate land surface temperature (LST). GAPRI
includes information on geopotential height, atmospheric pressure, air temperature, and
relative humidity derived from the European Centre for Medium-Range Weather
Forecasts Re-Analysis data from year 2011. The atmospheric profiles are structured
for 29 vertical levels and extracted from a global spatial grid of about 0.75° × 0.75°
latitude–longitude with a temporal resolution of 6 hours. The selection method is based
in the extraction of clear sky profiles over different atmospheric weather conditions
such as tropical, mid-latitude summer, subarctic, and arctic, while also considering sea
and land areas and day- and night-time conditions. The GAPRI database was validated
by comparing land and sea surface temperature values derived from it to those
obtained using other existing atmospheric profile databases and in situ measurements.
Moreover, GAPRI was also compared to previous radiosonde atmospheric profiles
using simulated split-window algorithms. Results show good agreement between
GAPRI and previous atmospheric databases, thus demonstrating the potential of
GAPRI for studies related to forward simulations in the thermal infrared range.
GAPRI is a freely available database that can be modified according to the user’s
needs and local atmospheric conditions.

1. Introduction
Atmospheric gases such as water vapour, carbon dioxide, and ozone are important
absorbers of energy at wavelengths in the atmospheric window located in the thermal
infrared (TIR) range (8–14 µm). This absorption reduces the land-leaving radiance
detected by sensors on board the Earth Observing (EO) satellites, and also contributes
to the atmospheric emission detected by the sensor.
Atmospheric absorption and emission must be removed from the at-sensor registered
TIR radiance in order to retrieve surface parameters such as land surface temperature
(LST) and surface emissivity. This procedure is referred to in the literature as atmospheric
correction or compensation, and it is a key factor in the accurate retrieval of land products
from remote-sensing data. LST retrieval can be addressed from a direct inversion of the
radiative transfer equation (RTE), which requires a detailed knowledge of the vertical
structure of the atmosphere in order to account for atmospheric transmissivity and
*Corresponding author. Email: claudioduran@ug.uchile.cl
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radiance (both up- and downwelling) (e.g. Jiménez-Muñoz et al. 2010); or by the
simulation of comprehensive radiosounding data in order to obtain a generalized algorithm to estimate LST (Wan and Dozier 1996; Jiménez-Muñoz and Sobrino 2003; Tang
et al. 2008; Jiménez-Muñoz and Sobrino 2008). In general terms, Split-Window (SW)
algorithms have been conventionally used to retrieve LST from two TIR bands in the
atmospheric window between 10 and 12 μm, which can be applied to a number of
previous and current EO sensors (Jiménez-Muñoz and Sobrino 2008). Moreover,
Single-Channel algorithms have also been developed to retrieve LST from one single
TIR band, such as the Landsat series (Jiménez-Muñoz et al. 2009).
Most LST algorithms require the computation of certain coefficients obtained from
simulations that use a number of atmospheric cases (and surface conditions). Once these
coefficients are obtained, the LST algorithms can be applied in an operational way to
generate LST products with minimum atmospheric input data (e.g. total atmospheric
water vapour content). Several atmospheric profile databases have been developed for
simulation purposes: the Thermodynamic Initial Guess Retrieval (TIGR) database (Aires
et al. 2002; Chevallier et al. 2000), the radiosounding database for sea surface brightness
temperature simulations (SAFREE) (François et al. 2002), and the Cloudless Land
Atmosphere Radiosounding (CLAR) database (Galve et al. 2008). Despite the fact that
TIGR data were updated in May 2010, other databases currently used in atmospheric
correction do not include diverse atmospheric conditions or locations. For instance, the
CLAR database does not include atmospheric profiles over sea, whereas the SAFREE
database does not include atmospheric profiles over land, and TIGR2 is focused only on
mid-latitudes. Moreover, these databases have fixed atmospheric profiles and do not include
a clear night-/daytime differentiation, and thus the new database described below can fulfil
these needs and offer an alternative for use in earth surface temperature retrieval.
In this article we present the Global Atmospheric Profiles derived from Reanalysis
Information (GAPRI) database, which includes 8324 atmospheric profiles. Each individual
profile is characterized by its geographical coordinates and acquisition characteristics (land/
sea and day/night). The GAPRI database is supplied in Moderate Resolution Atmospheric
Transmission (MODTRAN) code format (Berk et al. 1999) for simulation purposes.

2. Dataset
2.1. ERA-Interim products
The European Centre for Medium-Range Weather Forecasts Re-Analysis (ERA-Interim)
products were used to generate the GAPRI database. These products are generated by the
European Centre for Medium-Range Weather Forecasts (ECMWF) and have been available
since 1979 to the present day. The ECMWF Integrated Forecast System (IFS Cy31r2) was
used for the ERA-Interim product (Dee 2005; Uppala et al. 2008; Dee and Uppala 2009;
Dee et al. 2011). ERA-Interim products present a wide range of environmental parameters at
the global scale characterizing the surface, atmospheric levels, and potential vorticity at
different time scales such as forecast, daily, or monthly means. A summarized description of
ERA-Interim reanalysis products can be found in Gao, Bernhardt, and Schulz (2012). Even
though other reanalyses can be used, such as the reanalysis from National Centers for
Environmental Prediction and National Center for Atmospheric Research (NCEP-NCAR)
(Kalnay et al. 1996; Kistler et al. 2001) or the Modern Era Retrospective-Analysis for
Research and Applications from the Global Modeling and Assimilation Office (Rienecker
et al. 2011), ERA-Interim has demonstrated its usefulness in remote-sensing applications
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aimed at retrieving LST (Jiménez-Muñoz, Sobrino, Mattar, et al. 2014). Furthermore, partial
comparisons between ERA-Interim and the MERRA database have been carried out for
several parameters, demonstrating good agreement between both (Wang and Zeng 2012;
Naud, Booth, and Del Genio 2014; Boilley and Wald 2015).
In this work, the 2011 global ERA-Interim air temperature, geopotential height, and
relative humidity data set at 0.75° × 0.75° spatial resolution every 6 hours corresponding to
00.00, 06.00, 12.00, and 18.00 Coordinated Universal Time (UTC) were used. The year 2011
was selected following the El Niño Southern Oscillation index criteria where the period 2011–
2012 was a weak Niña phase. The atmospheric parameters for that year were extracted at
different isobaric levels provided by ERA-Interim from the low troposphere to the low
stratosphere, and defined as: 1000, 975, 950, 925, 900, 875, 850, 825, 800, 775, 750, 700,
650, 600, 550, 500, 450, 400, 350, 300, 250, 225, 200, 175, 150, 125, 100, 50, and 20 hPa.

2.2. Validation data
In order to validate the GAPRI database, LST and sea surface temperature (SST) data
provided by Advanced Very High Resolution Radiometer (AVHRR), Advanced AlongTrack Scanning Radiometer (AATSR), and Moderate Resolution Imaging
Spectroradiometer (MODIS) sensors were used in this work to perform the validation of
earth surface temperature retrieved using the GAPRI database. Additionally, atmospheric
databases such as TIGR (all versions – TIGR61, TIGR1761, and TIGR2311), the standard
atmosphere of MODTRAN (STD66), and SAFREE were also used here to compare
GAPRI to the surface temperature retrieved from these databases.

3. GAPRI database and validation
3.1. Profile selection criteria
Due to the large amount of ERA-Interim data, different selection criteria were adopted in
order to construct a robust database capable of representing global atmospheric conditions
with a moderate number of atmospheric profiles. These selection criteria are based on the
selection of spatial location (land/sea), precipitable water content, and temporality.

3.2. Spatial distribution
In order to extract atmospheric profiles at the global scale over different locations, various
ERA-Interim parameters such as air temperature, relative humidity, and geopotential
height were compiled in global grid. These pixels were divided into ‘sea’ and ‘land’
(Figure 1) using a boolean land–sea mask product provided by ERA-Interim. Following
this, the atmospheric variables (geopotential height, air temperature, and relative humidity) were extracted and structured into 29 atmospheric mandatory levels. This number of
atmospheric levels is based on each of the ERA-Interim pressure levels from 1000 to
20 hPa where the maximum concentration of water vapour is mainly located. Despite the
fact that we can include the maximum number of 34 vertical levels allowed in
MODTRAN, the stratospheric levels (100–1 hPa) provided by ERA-Interim did not reveal
any significant water vapour concentration relevant for TIR down- or upwelling irradiance
in earth surface temperature retrieval. After the selection of this profile, a cloud filter was
applied to select atmospheric profiles under clear sky conditions. This cloud filter is based
on the maximum relative humidity of each level, so that ‘clear sky’ profiles were selected
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Figure 1. Location of atmospheric profiles extracted from ERA-Interim reanalysis to generate the
GAPRI database. Green and blue points indicate profiles extracted over ‘land’ and ‘sea’.

when relative humidity values were lower than 80% at each level. A similar criterion was
used in Wang, Rossow, and Zhang (2000) using radiosonde data. Despite the fact that the
cloud filter was successfully applied to radiosonde data, in numerical weather prediction
the results may present some bias when performing comparison to in situ measurements
or sounder profiles derived from satellites (Boilley and Wald 2015; Schreier et al. 2014).
After application of the cloud filter, the total number of atmospheric profiles was reduced
to 8324 (4714 over land and 3610 over sea).

3.3. Precipitable water distribution
The integrated water vapour column (defined as precipitable water (PW)) is a key atmospheric
parameter in the TIR region, since water vapour is the most relevant absorbing gas in this
thermal window region (Mattar et al. 2010). Therefore, it is reasonable to classify the different
atmospheric profiles according to well-distributed values of this parameter. In the case of
GAPRI, PW (in mm) was estimated from vertical integration of the specific humidity (qv; in
g kg–1), which in turn was calculated from the saturation vapour pressure (es; in hPa):


17:27T
es ¼ 611 10ð237:3þT Þ ;
qv ¼ 0:622
P0

es ðRHÞ
;
100p

PW ¼ 0:01 ò qv dp  0:01
PZ

(1)

X

(2)

qv Δp;

(3)
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where T is the air temperature (°C), RH is the relative humidity (%), p is the atmospheric
pressure (hPa) at each atmospheric layer, P0 and PZ correspond to lower and upper
atmospheric pressure layers, respectively, and dp is a differential of atmospheric pressure.
GAPRI vertical profiles were classified into five PW intervals: 0–10, 10–20, 20–30, 30–
40, and 40–60 mm. The total number of vertical profiles for each PW class was equivalent
and the atmospheric profile was randomly selected in order to be classified into one of
these PW classes. Once the PW classes had been allocated a proportional number of
vertical profiles, the PW selection criteria finished and the classification into day/night,
land/sea, and atmospheric MODTRAN type begun.

3.4. Day/night classification
GAPRI atmospheric profiles were also classified into ‘day’ and ‘night’ acquisitions. This
classification was performed by comparing the local solar time to the sunrise and sunset
hours, using a set of equations that describe the solar time corrections and the position of
the Sun relative to earth’s surface according to Iqbal (1983). This day/night classification
of the atmospheric profiles is related to the difference in LST retrievals when using one
single PW value for daytime rather than the PW value close to the overpass of the
satellite. The day/time separation criterion is detailed as follows.

3.4.1. Solar time and UTC
Solar time is a means of measuring time that is dependent on the rotation and translation
of the earth. The length of the solar day varies throughout the year because it is affected
by the tilt of earth’s axis and the Earth–Sun distance. Thus, local and UTC time system
measurements show a discrepancy with solar time that can fluctuate between –16 and
+16 min. To calculate the true solar time (Ts ), the time equation (Equation (4)) can be
used (Spencer 1982), which corrects this time difference. Furthermore, the equation of
time correction (Tc ) (Equation (5)) includes the gap between local time (TL Þ and UTC
time (Tutc ):
EoT ¼ 229:18ðC1 þ C2 cosðγÞ  C3 sinðγÞ  C4 cosð2γÞ  C5 sinðγÞÞ;

(4)

Tc ¼ 4ðλ  15ðΔUTCÞÞ þ ðEoTÞ;

(5)

where EoT is the equation of time, γ is the angular day in radians (Equation (6)) that
depends on the day of the year (j), ΔUTC is the discrepancy between local and UTC time
(Equation (7)), λ is the geographical longitude, C1 ¼ 0:000075, C2 ¼ 0:001868,
C3 ¼ 0:032077, C4 ¼ 0:014615, and C5 ¼ 0:04089.
γ¼

π
ðj  1Þ:
180

ΔGMT ¼ TL  Tutc :

(6)
(7)

The true solar time can be calculated using Equation (8), which includes the equation of
time correction and local time:
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Ts ¼ TL þ

Tc
:
60

(8)

Inserting Equations (4)–(7) into Equation (8), it is possible to simplify the expression
of true solar time (Equation (9)):
Ts ¼ Tutc þ

ð4λ  ðEoTÞÞ
:
60

(9)
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3.4.2. Sunrise and sunset times and day/night classification
To estimate sunrise and sunset times, it is necessary to calculate the respective sunrise and
sunset angles (Equations (10) and (11)):
wsr ¼ þacosðtanðφÞtanðδÞÞ;

(10)

wss ¼ acosðtanðφÞtanðδÞÞ;

(11)

where φ is the geographical latitude and δ is the sun’s declination (Equation (12)). The
parameters wsr and wss are the sunrise and sunset angles, which have positive and negative
values, respectively.
δ¼

180
ðC6  C7 cosðγÞ þ C8 sinðγÞ  C9 cosð2γÞ þ C10 sinð2γÞ  C11 cosð3γÞ þ C12 sinð3γÞÞ;
π
(12)

where γ is angular day in radians (Equation (6)), C6 ¼ 0:006918, C7 ¼ 0:399912,
C8 ¼ 0:070257, C9 ¼ 0:006758, C10 ¼ 0:000907, C11 ¼ 0:002697, and C12 ¼ 0:00148.
To calculate sunrise and sunset times, Equations (13) and (14) can be used:
Tsr ¼ 12 

wsr
;
15

(13)

Tss ¼ 12 

wss
;
15

(14)

where Tsr and Tss are the sunrise and sunset times, respectively. If Tsr < Ts < Tss then the
corresponding profile will be assigned to day class, otherwise if Tsr > Ts > Tss it will be
night class.

3.5. GAPRI database format
GAPRI database is presented in MODTRAN format. This radiative transfer code is widely
used for the atmospheric correction of remotely sensed imagery (Berk et al. 2006;
Anderson et al. 2009). The conversion of atmospheric profiles to MODTRAN radiative
transfer code format is basically to standardize GAPRI into one standard format widely
known in the remote-sensing atmospheric correction process. MODTRAN allows the
input of up to 34 vertical levels, including meteorological parameters such as air temperature, relative humidity, dew point temperature, mixing ration, and geopotential height,
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among others. Moreover, it includes six standard atmospheric profiles representative of
different climatic conditions (tropical, mid-latitude summer, mid-latitude winter, subarctic
summer, subarctic winter, and US standard atmosphere). This atmospheric model changes
according to time and latitude, so the GAPRI atmospheric profiles were classified
following the MODTRAN atmospheric model scheme. In order to complement the
GAPRI atmospheric profiles, MODTRAN atmospheric models are also used to add
atmospheric gases to the GAPRI profiles.
GAPRI profiles were converted to MODTRAN format ready for execution in thermal
radiance mode with multiple scattering (16 streams), and with surface emissivity equal to
one. Geopotential height (km), air temperature (K), and relative humidity (%) for each
layer were extracted from the ERA-Interim product, whereas the remaining atmospheric
constituents were retrieved from default values included in the MODTRAN standard
atmospheres dependent on the location of the atmospheric profiles. Nevertheless, users
can change the GAPRI format to adapt its input to other codes or MODTRAN options.
3.6. Validation of GAPRI database
In order to validate the GAPRI database, a comparison of simulated SW algorithms based
on several surface emissivity values was performed between GAPRI, TIGR, and STD
databases. Previous studies have demonstrated the application of GAPRI to SW coefficients
retrieved for Landat-8 and geostationary data (Jiménez-Muñoz, Sobrino, Skokovic, et al.
2014; Jiménez-Muñoz, Sobrino, Mattar, et al. 2014b). Here, the performance of the GAPRI
database for LST algorithm development was compared to other atmospheric profiles
databases. For this purpose, we used the SW algorithm and low-resolution sensors
employed by Jiménez-Muñoz and Sobrino (2008), such as AVHRR, AATSR, MODIS,
Spinning Enhanced Visible and Infrared Imager (SEVIRI), and Geostationary Operational
Environmental Satellite Imager (GOES). In this case, SW coefficients were obtained from
forward simulations using the GAPRI database, whereas the algorithm was tested from
simulated data extracted from various TIGR databases (TIGR-61, TIGR-1761, and
TIGR-2311) and one database constructed from MODTRAN standard atmospheric profiles
(STD-66), as described by Jiménez-Muñoz et al. (2009). For the simulation of LST, the
surface temperature was assumed equivalent to the first temperature in the given atmospheric profile and the emissivity was obtained for each sensor band by using an average of
108 emissivity spectra extracted from the Aster spectral library (ASL). Moreover, GAPRI
was also validated in LST retrieval using a compilation of satellite and in situ data in the
framework of different initiatives:
(1) NOAA/AVHRR and European Remote Sensing Satellite 2 (ERS2) / Along-Track
Scanning Radiometer 2 (ATSR2) data acquired over various Australian sites
(Prata 1994);
(2) NOAA/AVHRR acquired in central Canada within the framework of the BOReal
forest Ecosystem Study (BOREAS) (Sellers et al. 1995);
(3) TERRA/MODIS data acquired over a rice field in Spain (Coll, Wan, and Galve
2009).
The LST results were also compared to LST retrievals estimated from the TIGR
database. Furthermore, since the GAPRI database can also be used for SST, an algorithm
developed with the GAPRI-sea and SAFREE databases was also validated using NOAA/
AVHRR data extracted from the Medspiration match-up database (Ruescas et al. 2011).
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4. Results
4.1. Statistical description
Table 1 shows the number of atmospheric profiles for the different combinations of land/
sea, day/night, standard atmosphere, and PW distribution. GAPRI covers almost all
possible combinations between atmosphere type and PW values, except for some unrealistic cases such as subarctic atmospheres with high PW content. Most of the profiles are
assigned to mid-latitude summer and tropical conditions, followed by subarctic summer
and mid-latitude winter examples. The number of vertical profiles over land is in reasonable proportion to the number of vertical profiles over sea (57% and 43%, respectively),
although the locations of the sea profiles are mainly distributed near continental coasts
(Figure 1). In regard to PW classes, the number of vertical profiles included in each is also
equally distributed (around 20% for each class), as well as the distribution between ‘day’
and ‘night’ values (58% and 42%, respectively). Further information about the distribution of the GAPRI profiles is provided in Figures 2 and 3, which show the histogram of
the atmospheric profiles versus the PW content in terms of both day/night (Figure 2) and
land/sea (Figure 3). These results also show a robust distribution of the different atmospheric profiles included in the GAPRI database.
Figure 4 plots the different atmospheric profiles over selected pixels for different
regions of the world: Pacific, Indian, and Atlantic oceans, the Mediterranean Sea, the
Sahara desert, Southern France, Amazon basin, and Eastern Russia. The thermal amplitude in the first atmospheric layers is noticeable over sea locations to 500 hPa. In regard to
land, the differences are only evidenced in the Sahara desert, which revealed the highest
air temperature on the first layers to 650 hPa. On the other hand, relative humidity
revealed a marked difference for land and sea locations.

4.2. Validation of GAPRI
The results for LST simulation using GAPRI and other atmospheric databases are
presented in Table 2. The mean difference between the GAPRI-derived algorithm and
the other databases is near to 0 K and the standard deviation (1-sigma) is typically below
0.7 K, which demonstrates good performance of the GAPRI database, at least in comparison to other atmospheric profiles databases accepted by the scientific community. In most
cases, comparisons to GAPRI are similar and the greatest differences in sigma were
obtained for TIRG2311 and GOES13. Despite the fact that these results are derived
from simulations of LST, it appears that GAPRI can be used as a potential atmospheric
database with similar errors to those obtained when using TIGR databases for several TIR
low-spatial resolution sensors.
On the other hand, validation of the GAPRI database using in situ LST is presented in
Table 3. This table shows the bias, σ, and root mean square error (RMSE) when
comparing in situ LST and that derived from NOAA, AATSR, and MODIS. The lowest
RMSE was obtained when using GAPRI for the entire databases. Nevertheless, these
results are similar to those obtained from other databases, because on average the
improvement in RMSE shown by GAPRI is 0.11 K over the entire database. Using all
NOAA data comparisons, GAPRI RMSE is the lowest above the entire atmospheric
database, although no statistical differences exist with regard to the remainder of the
atmospheric database (p < 0.05). In the case of SST (Table 4), the GAPRI database shows
similar results to the SAFREE database, with a RMSE of about 0.1 K between both
databases.

W1
W2
W3
W4
W5
Total

10
86
177
245
288
806

A1

A3

A4

68 180 158
257 64 150
160 62 161
194
4 108
285
0 34
964 310 611

A2

Day

13
1
0
0
0
14

429
558
560
551
607
2705

A5 Total
7
62
137
181
170
557

A1

Land

A3

A4

57 215 131
175 18 127
137 11 91
156
0 59
224
0 19
749 244 427

A2

Night

32
0
0
0
0
32

442
382
376
396
413
2009

A5 Total
63
203
94
169
342
871

A1

A3

A4

30 95 87
118 21 68
133 95 115
175
0 112
184
0
4
640 211 386

A2

Day

28
11
0
0
0
39

303
421
437
456
530
2147

A5 Total

A2

A3

A4

Night

70 25 120 84
156 90
6 68
99 73 11 75
110 77
0 74
143 114
0
2
578 379 137 303

A1

Sea

62
4
0
0
0
66

361
324
258
261
259
1463

1535
1685
1631
1664
1809
8324

A5 Total Total

Table 1. Number of GAPRI atmospheric profiles for different combinations in terms of location (land/sea), time (day/night), assigned standard atmosphere
(A1 = tropical; A2 = mid-latitude summer; A3 = mid-latitude winter; A4 = subarctic summer; A5 = subarctic winter), and precipitable water content (W1 = 0–
10 cm; W2 = 10–20 cm; W3 = 20–30 cm; W4 = 30–40 cm; W5 = 40–60 cm).
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Figure 2. Number of vertical profiles according to the precipitable water class and daytime (red)
and night-time (blue).

Figure 3. Number of vertical profiles according to the precipitable water class sea and land
distribution.

5. Discussion and conclusions
Procedures based on radiative transfer simulations (e.g. forward simulations from different
surface and atmospheric input data to reproduce radiance at the sensor level) are essential
for algorithm development. Most thermal remote-sensing applications deal with the retrieval of LST, so algorithm development within this framework remains a topic of interest. In
this sense, the availability of global reanalysis products provides a strong alternative to
infrared soundings on board satellites or systematic launching of radiosonde (only available over particular areas). This option was previously explored for the atmospheric
correction of the Landsat TIR band (Barsi, Barker, and Schott 2003; Barsi et al. 2005),
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Figure 4. Comparison of different GAPRI profiles for selected pixels (top, red points) over land
(left column) and over sea (right column).

and for atmospheric correction of different sensors using the modified atmospheric profiles
from reanalysis information (MAPRI) database (Jiménez-Muñoz et al. 2010), a precursor
of the current GAPRI database presented in this article.
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Table 2. Validation of a split-window algorithm simulated for land surface temperature (LST)
retrieval for different sensors.

Downloaded by [University Of Maryland] at 08:18 16 December 2015

Satellite sensor
Envisat-AATSR
Envisat-AATSR
Envisat-AATSR
Envisat-AATSR
Terra-MODIS
Terra-MODIS
Terra-MODIS
Terra-MODIS
METOP-AVHRR3
METOP-AVHRR3
METOP-AVHRR3
METOP-AVHRR3
GOES13-IMG
GOES13-IMG
GOES13-IMG
GOES13-IMG
MSG2-SEVIRI
MSG2-SEVIRI
MSG2-SEVIRI
MSG2-SEVIRI

Database

N

TIGR61
TIGR1761
TIGR2311
STD66
TIGR61
TIGR1761
TIGR2311
STD66
TIGR61
TIGR1761
TIGR2311
STD66
TIGR61
TIGR1761
TIGR2311
STD66
TIGR61
TIGR1761
TIGR2311
STD66

6588
190188
249588
7128
6588
190188
249588
7128
6588
190188
249588
7128
6588
190188
249588
7128
6588
190188
249588
7128

Bias ± σ (K)
−0.1
0.1
0.2
0.0
−0.1
0.2
0.2
−0.2
0.0
0.2
0.2
0.0
−0.3
0.0
0.0
−0.2
−0.1
0.2
0.2
0.0

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.5
0.3
0.6
0.3
0.4
0.4
0.6
0.4
0.5
0.3
0.6
0.3
1.1
0.7
1.2
0.7
0.5
0.3
0.6
0.3

Notes: Split-window coefficients were obtained from the GAPRI database, whereas the algorithm was tested
from simulated data extracted from existing databases (TIGR61, TIGR1761, TIGR2311, and STD66). N refers to
the number of test cases (number of atmospheric profiles multiplied by the 108 surface emissivities), and bias
refers to the mean difference between LST obtained from GAPRI-derived coefficients and that included in other
databases. Standard deviation of the difference (σ) is also given.

The atmospheric databases used for thermal infrared correction (TIGR or SAFREE)
were rigorously elaborated by selecting radiosondes launched from either mainland or island
sites. GAPRI is the first compilation of an ERA-Interim atmospheric profile presenting
various vertical situations in different parts of the world (ocean, lakes, or continental areas)
following the cloudless sky selection criteria. The main advantages of the GAPRI database
are the complete location description of the different atmospheric profiles, as well as the date
and time when they were selected, covering both land and sea, which in turn allows the
creation of GAPRI-land or GAPRI-sea data sets. This is basically more suitable to the
development of an SW algorithm focusing on one specific sensor operating at predetermined
day- or night-time hours. On the other hand, the GAPRI database provides information about
different MODTRAN atmospheric models and PW concentrations, thus allowing the user to
select defined vertical profiles that reveal the most appropriate situation for its specific
applications. For instance, the mid-latitude summer location can be adapted for specific PW
concentrations, or locations in the tropical forest can also be used to select the profiles
accounting for the highest PW concentrations for a given day- or night-time. Another feature
of GAPRI is that atmospheric profiles are converted to MODTRAN format to allow a direct
execution of the database in this radiative transfer code. It is also important to note that
GAPRI was constructed from an automatic selection implemented in an operational mode,
which means that other configuration options can be chosen and adapted to the user’s
requirements.
The results from the present study show that GAPRI presents a good agreement with
TIGR and SAFREE databases, although its capabilities are dependent on the spatial
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Comparison between GAPRI and other atmospheric databases and in situ land surface temperature (K) derived from various low-spatial resolution

Note: Bias, σ, and root mean square error (RMSE) for NOAA and the entire database are also shown.

NOAA7
NOAA9
NOAA11
NOAA12
NOAA14
ATSR2
MODIS
All
NOAA
All data

Sensor

Table 3.
sensors.
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Table 4. Comparison between GAPRI and SAFREE databases to in situ sea surface temperature
(K) derived from various low-spatial resolution sensors.
GAPRI
Sensor

SAFREE

Number of profiles

Bias (K)

σ (K)

RMSE (K)

Bias (K)

σ (K)

RMSE (K)

14223

−0.80

1.51

1.71

−0.60

1.49

1.61

NOAA14
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Note: Bias, σ, and root mean square error (RMSE) are also shown.

resolution of ERA-Interim reanalysis. Moreover, the detection of clouds may be impacted
by the coarse spatial resolution, added to the rough cloud filter based on the relative
humidity used in this study, which requires a simple approximation to establish whether
the vertical profile is evidence of a potential concentration of water vapour attributed to
clouds or not. However, the intercomparison between GAPRI and other well-established
databases provided satisfactory results, which demonstrates the utility of this new database. Finally, a web-based interface will be developed in forthcoming work to facilitate
downloading of the GAPRI database and also to compute radiative transfer simulation.
Meanwhile, readers interested in using the current GAPRI version (or other modifications
on-demand) can directly contact the authors.
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