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OPTIMIZING THE MONITORING OF NATURAL PHENOMENA THROUGH THE
COUPLING OF ORBITAL MULTI-SENSORS

OTIMIZACAO DO MONITORAMENTO DE FENOMENOS NATURAIS POR MEIO DO ACOPLAMENTO DE

MULTISENSORES ORBITAIS

ABSTRACT

High frequency of images and high spatial resolution are necessary characteristics
in studies with high temporal and spatial dynamics, which are difficult to find in a
single orbital sensor. Therefore, the possibility of using multiple satellites to
overcome this obstacle in monitoring is of fundamental importance. The aim of the
study was to evaluate the multi-sensor coupling for the monitoring of phenomena
that require a greater frequency of spatial detail and high-temporal observations
by intercalibrating the reflectance images of the LISS Il sensor, which is on board
the satellite ResourceSat-Il, and the MSI sensor onboard the Sentinel-2A, utilizing
the Landsat-8 OLI sensor as standard. To perform the methodology, prior the
intercalibration, it was necessary to convert the digital numbers of the bands into
reflectance at the top of the atmosphere, so that intercalibration of data with
simple linear regression could be subsequently performed. The results
demonstrate that, with the intercalibrations of the reflectance images of the LISS
Il and MSI sensors, it is possible to couple the information of these sensors with
those coming from OLI, enabling the increase of the frequency and availability of
information in studies that require more observations, as in agricultural
monitoring, natural disasters, and deforestation among others.

Keywords: Temporal resolution. multiple sensors. availability of images.

RESUMO

Alta frequéncia de imagens e resolugdo espacial sdo caracteristicas necessdrias em
estudos com alta dinamica temporal e espacial, dificil de encontrar em um Unico
sensor orbital. Portanto, a possibilidade de usar varios satélites para solucionar
esse obstaculo no monitoramento é de fundamental importancia. O objetivo do
estudo foi avaliar o acoplamento multisensor para monitorar fenémenos que
requerem uma frequéncia mais elevada de imagens detalhadas, intercalando as
imagens de reflectancia do sensor LISS Ill, a bordo do satélite ResourceSat-Il e o
sensor MSI no Sentinel-2A, utilizando o sensor OLI (Landsat-8) como padrdo. Para
prosseguir com a metodologia, foi necessario, antes da intercalibragdo, converter
os numeros digitais (bandas) em refletdncia no topo da atmosfera, para que
posteriormente fosse possivel realizar a intercalibragcdo dos dados com regressao
linear simples. Os resultados demonstram que, com a intercalibragdao das imagens
de reflectancia dos sensores LISS lll e MSI, é possivel acoplar as informagdes desses
sensores com as provenientes do OLI, possibilitando o aumento da frequéncia e
disponibilidade de informagdes em estudos que exigem mais observacGes, como
no monitoramento agricola, desastres naturais e desmatamento, entre outros.

Palavras-chave: Resolugdo temporal; multiplos sensores; disponibilidade de
imagens.
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INTRODUGAO

With the current need for food, continuous and detailed monitoring of agriculture is essential, and this
process requires images with high spatial and temporal resolution, which are hardly present in a single sensor
(Jensen; Epiphanio, 2011). Phenological changes, especially in annual crops, happen quickly, making a high

temporal resolution necessary (Bertolin et al., 2017).

In order to monitor vegetation along the time series, it is advantageous to use multiple sensors because,
for the same range of the spectrum, different sensors have different spectral response values (Fan; Liu, 2017),
mainly due to the configurations and calibrations that are unique in each sensor and become necessary for
inter-sensor calibration (D’Odorico et al., 2013; Fan; Liu, 2017; Mao et al., 2012; Teillet et al., 2001). Mao et al.
(2012) point out that these discrepancies occur mainly due to the spectral amplitude of the electromagnetic

radiation captured, temporal differences related to the passage of the sensors, and spatial resolution.

During the data acquisition by orbital sensors, there are several factors that cause radiometric
distortions in the images, such as differences in atmospheric conditions, lighting, sighting angles, among others
(Balthazar; Vanacker; Lambin, 2012; Lima; Ribeiro, 2014; Szantoi; Simonetti, 2013; Teillet; Guindon;
Goodenough, 1982). For some applications, the attenuation of these distortions is an indispensable process;
on the other hand, in many situations, the processes involving radiometric corrections are not a trivial task,
especially when the procedure involves the knowledge of factors that cause such distortions, which are not
always available. If the intention is to monitor a certain spatial and temporal phenomenon, these
considerations are essential and must be complied (Colby, 1991; Gao; Kustas; Anderson, 2012; Hantson;

Chuvieco, 2011; Jiménez-Mufoz et al., 2010; Kobayashi; Sanga-Ngoie, 2009; Riano et al., 2003).

Images from free platforms such as ResourceSat-II/LISS Ill, Landsat-8/OLI, and Sentinel-2A/MSI have
spatial resolution that allows carrying out observations at the farm level. These are detailed observations but,
when higher frequency images are desired, the temporal resolution of each platform is limited. The
ResourceSat-II/LISS Il temporal resolution is 24 days, while the values for Landsat-8/0OLI and Sentinel-2A are
16 days and 10 days, respectively (Drusch et al., 2012; Navalgund; Jayaraman; Roy, 2007; Roy et al., 2014). In
addition to low temporal resolutions, there is still the issue of the availability of information due to the
presence of clouds, which reduces the availability of images from the optical spectrum, leaving them limited

in terms of analysis and extraction of information (Chen et al., 2017).

However, if they are used in an integrated way, that is, with one satellite complementing the
information of the other, this obstacle can be overcome. Thus, a higher frequency of images would be
obtained, making it possible to perceive and monitor the phenological dynamics of the agricultural crops and

even to infer about questions related to irrigation management. However, in order to have the possibility of
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monitoring using multi-sensors, their data need to be compatible with each other, so it isimportant to perform

an intercalibration between the sensors to be coupled (Fan; Liu, 2017; Li; Jiang; Feng, 2013; Yan et al., 2016).

Researchers and decision makers often deal with multiple sensors to solve and observe issues in their
areas and, because of this, it is important to know the compatibility of data acquisition between sensors and

the possibility of calibrating their readings (Chander et al., 2009; Pandya; Murali; Kirankumar, 2013).

Based on the possibility of using multiple satellites to increase the frequency and availability of images
for agricultural monitoring, this study aimed to intercalibrate the reflectance images of the LISS Il sensor,
which is onboard the ResourceSat-Il satellite and the MSI sensor, onboard the Sentinel-2A, as a function of the
Landsat-8 OLI sensor. These intercalibrations will be referred to in the present study as: OLI x LISSIII and OLI x

MSI, respectively.

MATERIALS AND METHODS
Area used for sensor intercalibration

The area used for the intercalibration of Sentinel-2A/MSI and ResourceSat-1I/LISS Il images, based on
images from the Landsat-8/OLI platform, is inserted in the central-west portion of the state of Minas Gerais,
Brazil (Figure 1), between the coordinates X1-502741.80; Y1-7898534.80 and X2-590056.20; Y2-7809508.34 S,
WGS-84 datum, UTM (Universal Transverse Mercator) projection, 23S zone. This area was selected because of
its heterogeneous land use, which results in greater amplitude in the reflectance values used in the
intercalibration and, as consequence, leads to models with more capability of generalization. The area includes

bare soil, planted forest, native forest, agriculture, pasture, urban area, rivers and lakes.

Figure 1. Location of the areas used to intercalibrate the LISS Il and MSI sensors, as a function of the OLI sensor.
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Source: authors.
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The OLI x LISS Il intercalibration was performed using images of March 13, 2017, for both sensors, LISS
Il orbit/point 332/091, which corresponds to the OLI sensor’s orbit/point 218/074. The OLI x MSI
intercalibration was performed using images of December 23, 2016 for both sensors. The image used from the

MSI sensor was the 23KNU, which corresponded to the OLI sensor's orbit/point 218/074.

Orbital Platforms

The intercalibration of the data is based on three orbital platforms, the Landsat-8, which served as the
modeling standard, and as independent variables the Sentinel-2A and the ResourceSat-Il platforms. The
Landsat-8 platform was established as a standard because it belonged to the constellation that captured the
Earth's surface for the longest time and also for its wide use and tradition in scientific research (Wulder et al.

2019).

Landsat-8 has two sensors, the Operational Land Image (OLl) and the Thermal Infrared Sensor (TIRS)
(Irons; Dwyer; Barsi, 2012; Roy et al., 2014) with a temporal resolution of 16 days and radiometric resolution

of 16 bits.

The ResourceSat-Il is equipped with LISS lll (Linear Imaging Self-Scanning Sensor-3) sensor, with spatial
resolution of 23.5 meters, with four spectral bands (Table 1), and image width of 141 km, with a radiometric

resolution of 10 bits (Seth et al., 2016) and temporal resolution of 24 days.

The Sentinel-2A satellite, whose sensor is the MSI (MultiSpectral Imager), has spatial resolution varying
from 10 to 60 meters in 13 spectral bands (Fernandez-Manso; Fernandez-Manso; Quintano, 2016), temporal
resolution of 10 days and radiometric resolution of 12 bits. The characteristics of the spectral bands common

to the three sensors are shown in Table 1.

Table 1. Description of LISS Ill, OLI and MSI sensor bands.

LISS 11l oLl MSI
Spatial . .

Bands (um) res. (m) Bands (um) Spatial res. (m) Bands (um) Spatial res. (m)
- - - B2 0.45-0.51 30 B02 0.45-0.52 10

B2 0.52-0.59 235 B3 0.53-0.59 30 BO3 0.54-0.58 10

B3 0.62-0.68 23.5 B4 0.64-0.67 30 BO4 0.65-0.68 10

B4 0.77 -0.86 23.5 B5 0.85-0.88 30 BO8 0.78-0.90 10

B5 1.55-1.70 23.5 B6 1.57-1.6530 B11 1.57-1.66 20

- - - B7 2.11-2.2930 B12 2.10-2.28 20

Spatial res. = Spatial resolution
Source: Pandya; Murali; Kirankumar (2013); Drusch et al. (2012); Roy et al. (2014)
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Intercalibration process

In order to proceed with the intercalibration of the spectral bands OLI/ LISS lIl, the image from the LISS
Ill sensor needed to be previously georeferenced using the Landsat-8 image as the baseline and the conversion
of digital numbers (DN) to reflectance for both sensors. The conversion is necessary to compare the
instruments from a physical reference (Ponzoni; Shimabukuro; Kuplich, 2012). The LISS Il conversion was
performed in two stages: conversion of DN to spectral radiance, following the methodology proposed by Seth
et al. (2016), and then conversion to reflectance at the top of the atmosphere, through Equation 1.

_ l'ILM
Pai = Kjj.cosZ.dr (1)

where py is the reflectance for band i; Z is the zenith angle, Kj; is the spectral irradiance at the top of the
atmosphere for each band (W m? um™) present in Table 2, dr is the inverse of the square of the Earth-Sun
distance in astronomical units, calculated from Julian day of the images, and Ly (W m™2 sripm™) is the spectral

radiance for each band.

Table 2. Irradiance at the top of the atmosphere for the LISS Il sensor.

Bands KKAi (LISS 111)
B2 — Green 1846.77

B3 —Red 1575.50
B4 - NIR 1087.34
B5 —SWIR 236,65

Source: Pandya et al., 2007, 2002; Zhang and Tian, 2015.

The digital numbers of the OLI sensor bands were converted to reflectance, also in two stages. However,
for the conversion of DN to planetary reflectance, Equation 2 was used. After that, Equation 3 was used to
obtain the parameter reflectance at the top of the atmosphere, corrected by the zenith angle, for each spectral

band of interest. (Ariza, 2013)

p;\ = Mchal + Ap (2)

Geo UERJ, Rio de Janeiro, n. 37, €37832, 2020 | DOI: 10.12957/geouerj.2020.37832 5



https://doi.org/10.12957/geouerj.2020.37832

. Optimizing the monitoring of natural phenomena...
Filgueiras et al

where: P is the planetary reflectance, without correction of the solar angle; M, is the multiplicative
factor of each band, found in the metadata file (REFLECTANCE_MULT_BAND i, where i is the band number);
Ap is the addition coefficient found in the metadata file (REFLECTANCE_ADD_BAND i, where i refers to the
band number); and Q. are the digital numbers (DN) corresponding to each band of the image. Besides, it is
necessary to correct the reflectance according to zenith angle, which was performed using Equation 3 (Ariza,

2013).

Pp _ Pp
cos(Bsz)  sin(Ose) (3)

PA=

where py is the planetary reflectance, with zenith angle correction, g is the solar elevation angle, and

O is the solar zenith angle, present in the MTL file.

Figure 2. Calibration process of the LISS Ill sensor bands in relation to OLI sensor bands.
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For the modeling of the bands present in the MSI sensor, with those of the OLI sensor, the same
procedures were required. However, the MSI sensor bands are already in values of reflectance at the top of
the atmosphere, but these data are rescaled, so it is necessary to multiply them by a quantification value,
present in the Metadata file, to obtain the values of reflectance at the top of the atmosphere within the range

between 0 and 1 (Gascon et al., 2017).

After the aforementioned processing, the compatible bands of both sensors were modeled, so that an
equation could be found for the reflectance of each MSI band that converted them into reflectance referring

to the OLI/Landsat-8 sensor bands, according to Figure 3.

Figure 3. Calibration process of the MSI sensor bands in relation to OLI sensor bands
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Since both variables, the dependent and the independent, are reflectance data and come from high-
quality sensors, the assumption was that a simple linear regression would fit to the data. In this way, simple
linear regression models were tested and adjusted for both LISS Il and MSI sensors (independent variables)

as a function of OLI (dependent variable), as described in Equation 4 and Equation 5.

Pou = By + B Pussm (4)
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Pou = Byt B Pusi (5)

where POLELISSIEMS) 56 the reflectances of the sensors, while B and 7 are the coefficients of the

regression.

All the process of intercalibration between sensors was executed with QGIS 2.8 and R.

Training and validation sample set

In order to calibrate the LISS Ill and MSI sensors, two regular sets of 50.000 points were generated, one
for the area used to calibrate the LISS Il (4060 km?) and another for the MSI (217 km?) intercalibration area.

With these sets of regular points, the spectral information of the sensors (LISS I, MSI and OLI) was extracted.

For the validation of the models two new sets of 50.000 points were generated, hereinafter referred to
as validation samples, one for each modeling, OLI-LISS Ill and OLI-MSI. These sets were generated randomly
for the two intercalibration areas. From the extraction of the spectral data for the three sensors, the statistical
analyses were carried out before and after the intercalibration of the bands present in the LISS Il and MSI
sensors, using the validation samples for the two areas. Before the intercalibration, it was necessary to
perform an aggregation in the pixels from the LISS Ill and MSI sensors, and the spatial resolution of 30m was

set to be compatible with the OLI sensor (Filgueiras et al., 2020).

Statistical Analysis

After the extraction of the spectral band information, the fitted models were validated. These values
were compared to the observed values of OLI reflectance obtained previously through the extraction by a grid

of random points.

From the predicted and observed values, the following indices were calculated: Root Mean Square Error
(RMSE) (Kennedy; Neville, 1986), Nash-Sutcliffe Efficiency (NSE) index (Nash; Sutcliffe, 1970), mean bias error
(MBE) (Willmott; Matsuura, 2005), and mean absolute error (MAE) (Chai; Draxler, 2014), according to
Equations 6, 7, 8 and 9.

RMSE = \/EZ(Q -P)

n (6)
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(8)

(9)

where: Pi—value predicted by the model; Oi —observed value of reflectance (OLI); O —mean of observed

values of reflectance (OLI); n — number of data pairs.

RMSE provides a measure of the accuracy of the model through the quadratic difference between the

estimated and observed data, while MAE provides an average value of the absolute errors, differing from

RMSE, which gives a relatively high weight to errors of great magnitude. This means that RMSE should be more

useful when large errors are particularly undesirable, and MBE indicates possible underestimation or

overestimation trends. NSE is used to evaluate the predictive power of the model, which can vary between -

oo and 1; the value 1 corresponds to the perfect fit between the data estimated by the model and the observed

data, values between 0 and 1 are generally considered as an acceptable level of performance, and values

below 0 indicate that the observed average value predicts better than the model, indicating unacceptable

performance (Baksi¢; Baksi¢; Jazbec, 2017; Keshtegar et al., 2016; Keshtegar; Mert; Kisi, 2018; Keshtegar; Piri;

Kisi, 2016; Leach; Moore, 2017; Lorenzo et al., 2017; Moriasi et al., 2007).

Data application

In order to apply the acquired models and to verify the changes before and after the intercalibration,

we proceeded with the calculation of the NDVI (Normalized Difference Vegetation Index), which can be

calculated by Equation 10 (Rouse et al. 1973).

NDVI - (pnir'pr)
(pnir +pr)

(10)

where: pnir - reflectance of the near infrared band and pr - reflectance in the red band. The NDVI has a

response amplitude ranging from -1.0 to 1.0; for more information consult Formaggio; Sanches, (2017);

Ponzoni et al. (2012); Rouse et al. (1973).
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Figure 4 shows the models generated from the relations between the reflectance of the OLI x LISS IlI

spectral bands. This model has a high coefficient of determination (r?), with all p-values smaller than 2x107%¢,

making the regression significant at 99%. Thus, the bands 3, 4, 5, and 6 of Landsat-8/OLI reflectance are

explained by the regression generated along the same lines with the spectral reflectance for bands 2, 3, 4 and

5 of ResourceSat-Il / LISS Ill in 84.52%, 85.53%, 84.00% and 84.16%, respectively (Figure 4). Band 5 of LISS Ill,

corresponding to band 6 of OLI, was the one with the highest r?, although there are differences in the spectral

bands captured by each sensor for these bands, as can be observed in Table 1. It should be noted that the

points with high reflectance values found for the green and red spectra, in both platforms analyzed, which can

be seen in Figures 4A and 4B, do not refer to anomalies or the presence of clouds, but to an urban area,

inserted in the surrounding rectangle, used for data intercalibration.
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Figure 4. Regressions between OLI (y) and LISS Il (x) sensor bands.
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Figure 5 shows the results of the regressions carried out with the OLI sensor reflectance, as dependent

variables, with the reflectance referring to the MSI sensor bands, as independent variables. The regression

generated through the reflectance in the OLI x MSI had a greater capacity to explain the variation of the
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reflectance belonging to the OLI sensor when compared to the analysis performed for the LISS Il sensor. The
r? values for the reflectance of the MSI sensor as independent variables were high, with the lowest being
0.8274, referring to band 8 of the MSI sensor, and the highest r? being 0.9377, for band 11. It is emphasized
that all p-values were lower 2x107%, causing the regression to be significant at 99%. The values of the
determination coefficients and the agreement for the variability between the reflectances (Figure 5) show the

relationship between these two sensors.

Figure 5. Regressions between the OLI (y) and MSI (x) sensor bands.
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Source: authors.

Figure 6 shows the statistical indices calculated from the reflectance image of the OLI sensor with the
reflectance images of LISS lll, before and after intercalibration. The purpose of this information is to explain
how better and more compatible the LISS Ill reflectances became after the adjustments made as a function of

the OLI sensor.
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Figure 6. Statistical indices between LISS and OLI reflectance measurements before and after LISS Il sensor intercalibration: Root
Mean Square Error — RMSE (A); Nash-Sutcliffe efficiency — NSE (B); Mean Absolute Error — MAE (C) and Mean Bias Error — MBE (D).
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The RMSE values of all LISS Il reflectances were reduced after the intercalibrations were carried out,
which indicates that the calibrated data gained accuracy. It is evident the difference presented by the NSE,
before and after the intercalibration of the LISS Ill, especially with regard to the bands of blue, red, near
infrared. Prior the intercalibration, these bands had negative NSE values, which are considered to be

unacceptable, which did not occur after the intercalibration.

The MAE represents the average distance of the OLI reflectance difference (observed) with those from
the LISS 11l before and after the intercalibration. After the intercalibration of the LISS Ill sensor, the MAE value
was reduced for all the spectral bands. The negative MBE indicates that the model tends to underestimate the
final result; the closer to zero, the better will be the estimation carried out by the model. Note that the mean

distance between the data was reduced, being close to the null value.

Figure 7 shows the statistical indices calculated between the OLI sensor reflectance images with the MSI
sensor reflectance images before and after the intercalibrations. The values of the statistical indices, before
the intercalibration and after the intercalibration, have changed subtly, demonstrating the great compatibility

between the sensors. The NSE before the intercalibration already has positive values, which are considered
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acceptable; however, the values after the intercalibration are higher, resulting in better results; i.e. closer to

the values obtained in the OLI sensor.

Figure 7. Statistical indices between MSI and OLI reflectance measurements before and after MSI sensor intercalibration: Root Mean
Square Error — RMSE (A); Nash-Sutcliffe efficiency — NSE (B); Mean Absolute Error — MAE (C) and Mean Bias Error — MBE (D)
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Source: authors.

In order to apply the data using multiple sensors and to have a higher frequency of images, the NDVI
(Figure 8) was calculated with the OLI sensor (A), the calibrated LISS Il sensor (B) and the original NDVI LISS III
(C). In Figure 8 it is possible to observe the histograms of the NDVI differences of the OLI sensor with the NDVI
before (D) and after the intercalibration (E). The NDVI LISS Il image tends to have a higher NDVI value, which
can be verified by the presence of darker green color when compared to the NDVI of the OLI sensor. After the
intercalibration of LISS Ill, a greater similarity between the image intercalibrated with the NDVI OLI image is
observed, which can be verified by the differences presented in the histograms of Figures 8D and 8E. We can
observe, in general, that the frequency of pixels with NDVI difference values close to zero increased

significantly when analyzed in Figures 8D and 8E.
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Figure 8 - (A) NDVI image of OLI sensor; (B) NDVI image with calibrated reflectances; (C) NDVI image of LISS Il sensor with original
reflectances; (D) histogram of the NDVI difference from OLI and LISS Ill sensors before the intercalibration and (E) histogram of the
NDVI difference from OLI and LISS Ill sensors after the intercalibration.
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Figure 9 shows NDVI images calculated with the OLI sensor (A), with the calibrated MSI sensor (B) and

the original MSI NDVI image (C), and also shows the histograms of the NDVI differences, from the OLI sensor

with the NDVI, before (D) and after the intercalibration (E). Generally in the area where the NDVI was

calculated, the MSI sensor tends to overestimate the NDVI value when compared to the OLI sensor, which is

confirmed through Figure 9D, where the highest sample frequencies of the NDVI differences from OLI and MSI

are negative. The calibrated NDVI MSI (Figure 9B) has NDVI values more similar to those of NDVI OLI, which

can be noted by the similarities between Figures 9A and 9B. The frequency of pixels with NDVI difference

values close to zero increased significantly when analyzed in Figures 9D and 9E.
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Figure 9- (A) NDVI image of OLI sensor OLI; (B) NDVI image with calibrated reflectances; (C) Original NDVI image of MSI sensor; (D)
histogram of the NDVI difference from OLI and LISS Il sensors before the intercalibration and (E) histogram of the NDVI difference
from OLI and LISS Ill sensors after intercalibration (E).
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Figure 10 shows the increase of image frequency when the three sensors are integrated and can be used

together.

Figure 10. Passage times of the sensors for the study area, during the year 2017: A- LISS Ill sensor; B- MSI sensor; C - OLI sensor and D
- all three sensors together.
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Using the three sensors together, up to 60 images can be obtained on different days for 2017, whereas
when using only one satellite, maximum values of 15 (LISS 1l1), 23 (OLI), or 36 (MSI) images can be obtained on

different days.

DISCUSSION

Comparing the angular coefficients in the models generated between the OLI (Y) and MSI (X) sensors
(Figure 5) and those generated by the regressions given by the OLI (Y) and LISS llI (X) sensors (Figure 4), it is
noted that the angular coefficients of the MSI sensor are closer to the unity. This fact will lead to a higher r?
for the modeling using the MSI sensor, compared to those present in the relationship with the other sensors.
However, it is important to note that both sensors responded to the variations of OLI sensor spectral

responses.

It should be noted that the images present in the LISS Il sensor are not available with georeferencing as
it happens with the images of the Landsat and Sentinel platforms, which may have affected the intercalibration
results in part, although the bands from the LISS Il were georeferenced with a mean error of 0.4342 pixels
with 64 points using a first-order polynomial transformation based on the images from the OLI sensor. Even
with this obstacle, the images of the LISS Il sensor were shown to be predictive, when the intention is to obtain

the reflectance of OLI sensor.

The intercalibration of the LISS Il and MSI sensors was carried out in order to allow the integration of
different sensors in agricultural monitoring and in areas that require a greater frequency of observations, since
the three sensors have medium spatial resolutions and make it possible to obtain important information of
the surface area. However, if these sensors are not calibrated, they are not completely compatible, as seen in
Figures 8 and 9, not serving to be integrated in a single analysis, in order to obtain information with greater

temporal coverage about the object to be analyzed.

D’Odorico et al. (2013) carried out studies aiming to adjust data from the MSI sensor with data from
historical collections, in order to continue the monitoring of the terrestrial surface. These authors found
differences greater than 30% in the red reflectance of the MSI sensor when compared to the Advanced Very
High Resolution Radiometer (AVHRR 9) and Vegetation 1 (VGT1). This dissimilarity transmitted a difference on
the order of 10% when comparing the NDVI MSI with the NDVI of these sensors. After intercalibration, which
was done using univariate and multivariate regression methods, these same authors found differences
between the MSI sensor and these sensors of 6%, 3% and 7% for red, infrared and NDVI reflectance data,
respectively. All the other sensors calibrated in this study reached differences in reflectances and NDVI less

than 5%, except for AVHRRS. The sensors tested in this study were: National Oceanic and Atmospheric
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Administration (NOAA)/Advanced Very High Resolution Radiometer (AVHRR9), Landsat 7 Enhanced Thematic
Mapper Plus (ETM+), Satellite Pour I'Observation de la Terre VEGETATION1 (VGT1), Moderate Resolution
Imaging Spectroradiometer (MODIS), and Medium Resolution Imaging Spectrometer (MERIS). The results
obtained by these authors show that the responses from the sensors are significantly different, with this
difference being considered when integrating the NDVI data of the MSI sensor with those of the other sensors

tested.

Storey et al. (2016) detail the similar spectral characteristics between the MSI and OLI sensors,
highlighting the temporal improvement obtained using the two instruments when integrated. There are some
obstacles that can be complicating in the intercalibration of these sensors, such as those described by Storey

et al. (2016).

Itis important to emphasize the possibility of calibrating the images along the monitoring, since an easy-
to-execute model has been adjusted and can be improved along the satellite passages. A fact that should be
highlighted as well is the possibility to plan through Figure 10, or with similar methodology, the coincident
dates of passage between the OLI and LISS lll and between OLI and MSI, or the coincident dates of the passages
of the three satellites, aiming at an improvement and verification of the adjustment of the models. In the
present study, it was observed from Figure 10 that six dates coincided with the passage of LISS Il with OLI

above the study area and two dates coincided with the passage of the three satellites.

Goward et al. (2012), aiming to complement the satellite monitoring, used TM (Thematic Mapper) and
ETM + (Enhanced Thematic Mapper) sensors and compared with the Indian sensor AWiFS (Advanced Wide
Field Sensor). This approach has as main focus to analyze the radiometric, geometric and spectral aspects of
the sensors. These authors concluded that the sensors on board the Landsat satellites have considerable
differences in the configurations and operation, and the biggest differences are found in the spectral
configuration of the sensors and the area captured by each sensor. In comparison between the sensors,
Goward et al. (2012) found that the visible images are similar, but the same does not happen in the medium
infrared region. In spite of the dissimilarities found by these authors, they consider that these differences do
not limit the possibility of sensor coupling for analyses focused on forests and agriculture. This fact reinforces
the importance of adjusting the sensors, against each other, for studies aiming at the acquisition of biophysical
information of the landscape. In the present study, it was not observed discrepancy for the medium infrared

bands, for both the LISS Il and the MSI sensors, since in general, all the spectral bands had high r2.

In the present study the LISSIII sensor had a high coefficient of determination (r?) for all the bands. When
modeled with the OLI sensor, the bands that had higher r? were referring to the visible region, but the results

were similar.
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Berra; Fontana; Kuplich (2017), in a study with estimated volume of wood, reported that the LISS llI
sensor has similar sensitivity to that of the TM sensor and stated that both have similar performance for this
purpose. The same authors, based on the results found in their studies, concluded that the LISSIII sensor can
be used as a complement and as a substitute for the TM sensor, at least for estimates of biophysical variables;

however, it should be noted that there may be differences, mainly at the pixel level.

The findings of Berra; Fontana; Kuplich (2017) reinforce the importance of the inter-sensor
intercalibration and the compatibility analysis between the sensors, according to what is discussed in this
study. Therefore, the available information of the sensor should be used, but information from different

sources should be used with caution and rationality.

CONCLUSIONS

The intercalibrations of the reflectance images of the LISS Il and MSI sensors with the OLI sensor as
reference enables the coupling of satellites to increase the frequency and availability of information in studies
that require a greater amount of observations, such as in agricultural monitoring, natural disasters,

deforestation, among others.

The intercalibration among the sensors carried out in this study increases the chance of success in
agricultural monitoring for crops with a short phenological cycle, since the availability of compatible images

among them increased substantially.

An important fact that should be emphasized is the simplicity of the fitted models (simple linear
regression) in the present study, which have a direct application, besides being feasible in practical

approaches.

It is important to note that, in addition to the simplicity of the fitted models, these can still be adjusted
along the dates that the satellites match the passages, that is, the models can gain robustness in the accuracy

of their predictions throughout the monitoring.

It should be noted that with the launch of the Sentinel-2B satellite in 2017, which also has the MSI
sensor, as well as the Sentinel-2A platform, there will be the possibility of raising the temporal resolution even

further by coupling the satellite to the platforms already calibrated in this study.
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