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Abstract: A key step in the processing of satellite imagery is the radiometric correction of images to
account for reflectance that water vapor, atmospheric dust, and other atmospheric elements add to the
images, causing imprecisions in variables of interest estimated at the earth’s surface level. That issue
is important when performing spatiotemporal analyses to determine ecosystems’ productivity. In this
study, three correction methods were applied to satellite images for the period 2010-2014. These
methods were Atmospheric Correction for Flat Terrain 2 (ATCOR2), Fast Line-of-Sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH), and Dark Object Substract 1 (DOS1). The images
included 12 sub-scenes from the Landsat Thematic Mapper (TM) and the Operational Land Imager
(OLI) sensors. The images corresponded to three Permanent Monitoring Sites (PMS) of grasslands,
“Teseachi’, “‘Eden’, and “El Sitio’, located in the state of Chihuahua, Mexico. After the corrections were
applied to the images, they were evaluated in terms of their precision for biomass estimation. For that,
biomass production was measured during the study period at the three PMS to calibrate production
models developed with simple and multiple linear regression (SLR and MLR) techniques. When the
estimations were made with MLR, DOS1 obtained an R? of 0.97 (p < 0.05) for 2012 and values greater
than 0.70 (p < 0.05) during 2013-2014. The rest of the algorithms did not show significant results
and DOS1, which is the simplest algorithm, resulted in the best biomass estimator. Thus, in the
multitemporal analysis of grassland based on spectral information, it is not necessary to apply
complex correction procedures. The maps of biomass production, elaborated from images corrected
with DOSI, can be used as a reference point for the assessment of the grassland condition, as well as
to determine the grazing capacity and thus the potential animal production in such ecosystems.

Keywords: Landsat; ATCOR2; DOS1; FLAASH: spatio temporal

1. Introduction

Grassland ecosystems play an important role in biodiversity conservation, ecosystem services
provision, and the global carbon cycle [1]. They also play a key role in biogeochemical cycles and the
exchange of energy [2]. However, grasslands have experienced a notorious degradation in recent years
due to long droughts, climate variability, fragmentation and anthropic intervention. The application of
improper management practices has been one of the main causes of such degradation [3,4]. Specifically,
grasslands in northern Mexico are extensively used for cattle grazing and have also experienced
intensive land-use change due to agricultural activities, which has resulted in changes of the species
composition on such ecosystems [4,5].
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Accurate monitoring and evaluation of grasslands’ conditions is critical for their conservation
and, in some cases, their restoration [6]. In the past decades, biomass inventory of grasslands has been
driven by traditional methods of evaluation, which include extensive field sampling [7,8]. Even though
these methods are accurate, they are costly, as well as time-and labor-consuming, when large pieces
of land have to be covered [9]. With the aim of developing more effective monitoring methods, there
have been numerous studies on indirect methods to estimate the biomass of grasslands using remote
sensing information [10-12]. In this endeavor, optical sensors, radar, and Lidar systems have been
used [13]. In general, all these studies have sought to find relationships between grassland structural
variables and satellite image spectral data [14].

For instance, Marsett et al. [15] used image-processing algorithms to quantify the total cover,
height, and biomass of grasslands. Comparisons of remote sensor estimates with independent field
measurements yielded values of R2 = (.80, 0.85, and 0.77 and Nash Sutcliffe coefficient values of 0.78,
0.70, and 0.77 for coverage, plant height, and biomass, respectively. Dusseux et al. [16] correlated
spectral data from the Satellite Pour I'Observation de la Terre (SPOT) sensor converted to indices, such
as the leaf area index, the Normalized Difference Vegetation Index, and the vegetation cover fraction,
with data of biomass measured in the field. The coefficients of determination found were R? = 0.68,
0.30, and 0.50. These studies demonstrated the good relationships between the spectral information
from the remote sensors and the biomass inventories in the field. Rodriguez-Maturino et al. [17]
correlated 3-year data from Landsat TM5 as well as field measurements of coverage of grass canopy
and grass height, obtaining values of R? greater than 0.70.

The Landsat satellite has provided data since 1972 [18] with an extensive global coverage. This is
an important resource for monitoring global environmental change [19-21]. However, the problem of
saturation of data in the images is considered an important factor affecting the results when estimating
the biomass of vegetation [22-24]. This phenomenon of saturation is caused by atmospheric dispersion
and absorption, which has substantial variations with time, space, and wavelength. In addition,
the surface reflectance is strongly affected by the elevation of the terrain, a more evident effect
in mountainous environments [25]. All of these factors determine the importance of atmospheric
correction to attenuate the effects of noise occurring in the capture of satellite images [26,27], especially
when multitemporal studies are carried out [28-30].

Different atmospheric and radiometric correction methods have been developed to transform
the original values of the images into values of reflectance [31-33]. Several of these techniques have
been developed to estimate the amount of atmospheric bias from thin-surface terrestrial images
by assessing the molecular and aerosol dispersion [34,35]. For instance, the algorithm called Fast
Line of sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) serves to derive surface and
atmospheric reflectance properties using a MODTRAN accuracy model developed by Spectral Science
Inc. (Burlington, MA, USA) [36], which explains the effects of adjacency associated with the dispersion
of the atmosphere. The method of Atmospheric Correction for Flat Terrain 2 (ATCOR2) removes the
brightness of the image, as well as the possible effects of fog or clouds, to obtain the values of the
terrestrial surface [37,38]. The method of Dark Object Substract 1 (DOS1) is based on the properties of
the image and is the algorithm most widely used for the detection of land-use changes [39,40].

There have been some studies on the comparison of different approaches to correct the
atmospheric effects. In this regard, El Hajj et al. [41] compared relative radiometric normalization
and a 6S algorithm employing SPOT5 data. Chang et al. [42] evaluated the correction methods
TOA, GDOS, and AC performed on Landsat images. Calliceco and Dell’Acqua [43] compared the
algorithms 6S and MODTRAN. Agrawal et al. [44] compared the FLAASH and QUAC algorithms.
Nazer et al. [45] compared five atmospheric correction algorithms, 65, FLAASH, ATCOR, DOS,
and ELM, over sand, turf, grass, and water surfaces. Lopez-Serrano et al. [46] evaluated the
performance of the COST, ATCOR2, FLAASH, 6S, and TOA algorithms for the estimation of forest
above-ground biomass. Martins et al. [47] compared the 6S, ACOLITE, and Sen2Cor methods applied
to the new platform Sentinel 2-MSI. However, these studies lack the multitemporal component and
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only a few studies [48-50] have been developed to compare the methods of radiometric correction on
different dates.

Based on the aforementioned, most of the studies are not multitemporal; they neither compare
correction methods at different dates nor determine the grasslands biomass productivity in semi-arid
regions. The objective of this study was to compare three correction methods based on their
precision for the estimation of grassland biomass on the semi-arid ecosystems of Chihuahua, Mexico.
Two atmospheric (ATCOR?2, FLAASH) correction methods and one radiometric (DOS1) correction
method were evaluated. The results may serve grassland owners for decision-making on animal load
adjustments. Likewise, government institutions and non-governmental organizations working in areas
such as forestry, agriculture, livestock research, and rural development could use this information for
planning, decision-making, and the development of public policies.

2. Materials and Methods

2.1. Study Area

The study included three Permanent Monitoring Sites (PMS), which belong to the National
Livestock Oriented Land Monitoring System [51]. The first PMS is called ‘Teseachi’, located at the
central coordinates 28°53/35"N, 107°26'49""W; the second PMS, called “El Sitio’, is located at 27°35'17"N,
106°16'30”W; the third PMS, called ‘Eden’, is located at 27°06’50”N and 105°26'46"”W (Figure 1). Each
PMS is composed of nine monitoring stations, where biomass sampling was carried out once a year.
The three PMS are located in the semi-arid region of Chihuahua, where the vegetation is dominated by
grasses. Besides the grasslands, this region also houses chaparral vegetation and dunes [52]. Grasslands
provide habitat for wildlife, serve as reservoirs of carbon, and help mitigate global environmental
change impacts [53]. In these ecosystems, it is possible to find mammals, such as Bison bison and
Cynomys ludovicanus, which have multiple effects on grasslands, and both of them are considered key
in maintaining grassland habitats [54]. In addition, mammals such as Puma concolor can also be found,
which is in a decreasing status based on the International Union for Conservation of Nature (IUCN)
red list [55].

2.2. Biomass Sampling

The data on biomass employed for this study comes from values registered on the field during
the period 2010-2014. During the first year of sampling, the sites were plenty identified. The center site
and the corner boundaries were marked with flags. These points got recorded with a global positioning
system (GPS) to ensure that the biomass sampling was performed at the same locations during all
of the years studied. The biomass was sampled during the month of October. During this period,
the maximum peak of biomass is achieved and the vegetation offers a strong reflectance [56].

The sampling design for the biomass collection in each PMS was based on the shape and size
of a pixel of a satellite image. The PMS is a quadrangular area of 225 ha (1.5 km x 1.5 km). In its
interior, the PMS includes nine sampling stations of 1.0 ha each (100 m x 100 m). The centers of
the sampling stations were located 200 m apart. The sampling stations consisted of a cross, which
was marked from North to South and East to West. The cross served to locate its four corresponding
quadrants. Within each quadrant, a circled area of 1.6 m of diameter was randomly marked. The circles
were built with heat-resistant, orange color, plastic tubes of 0.02 m diameter, which are commonly
employed for electrical wire protection. The biomass inside the quadrants was cut with sizers and
placed in paper bags. The bags were tagged to clearly identify the sites where the biomass came from.
The bags were then oven dried for 48 h at 70 °C and the database was built with the values of these
dry weights (kg-ha™1).

A detailed description of the field sampling design and data collection protocol can be found
in [51].
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Figure 1. Location of the three permanent monitoring sites. The pictures depict representative biomass
features of the sites. (a) Teseachi; (b) El Sitio; (c) Eden.

2.3. Satellite Data

A total of 12 images, including scenes taken by the Landsat Thematic Mapper (TM) and the
Operational Land Imager (OLI), available at the United States Geological Survey [57], were used.
The scenes had a spatial resolution of 30 m x 30 m and correspond to the period of 2010-2014 (Table 1).
The sensors operate with several bands filtered from the electromagnetic spectrum. The Landsat
TM is equipped with band 1 (0.45-0.52 pm), band 2 (0.52-0.60 um), band 3 (0.63-0.69 pm), band 4
(0.76-0.90 pm), band 5 (1.55-1.75 um), and band 7 (2.08-2.35 pm). Likewise, the OLI is equipped with
band 2 (0.45-0.51 um), band 3 (0.53-0.59 um), band 4 (0.64-0.67 um), band 5 (0.85-0.88 um), band 6
(1.57-1.65 um), and band 7 (2.11-2.29 um) [58].
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Table 1. Characteristics of Landsat Thematic Mapper (TM) and Operational Land Imager (OLI) scenes
used in the study.

PMS Scene ID Date of Image Sensor Path/Row
LT50310412010279EDC00 6 October 2010 ™
Eden LT50310412011298EDC00 25 October 2011 31/41

LC80310412013319LGNO0 15 November 2013

LC80310412014274LGNO0 1 October 2014 OLI
LT50320412010302EDC00 29 October 2010
LT50320412011305EDC00 1 November 20111 ™

El Sitio LE70320412012028EDC00 28 October 2012 32/41
LC80320412013278LGNO0 5 October 2013 oLl
LC80320412014281LGN00 8 October 2014
LT50330402010309EDC00 5 November 2010
LT50330402011296EDC00 23 October 2011 ™

Teseachi LE70330402012339EDC00 4 December 2012 33/40
L.C80330402013285LGN00 12 October 2013 oLl

LC80330402014288LGNO0 15 October 2014

2.4. Correction Methods

The correction methods (CM) used to eliminate the noise in the satellite images were: ATCOR?2,
FLAASH, and DOS1. The ATCOR2 method removes the brightness of the image, as well as the possible
effects of fog or clouds, to obtain the values of the terrestrial surface [37]. It also uses predetermined
sensor calibration values as well as solar angles to obtain reflectance values [33]. This method is based
on the MODerate resolution atmospheric TRANsmission (MODTRAN) radioactive transfer model [59].
The main characteristics of ATCOR?2 are: a pre-classification of the scene (soil, water, fog, and clouds),
recovery of atmospheric parameters (aerosol optical thickness, water vapor) and surface reflectance
recovery [60]. The surface reflectance (pg;p) is obtained by Equation (1).

1 d2 7T LTOA
psup = ay (ETOA cosf; uo) &

where 4 is the direct distance to the sun, Loy is the spectral radiance of the satellite, Etpy4 is the solar
spectral radiance on a surface perpendicular to the rays of the sun outside the atmosphere, and ;
is the solar zenith angle. To obtain the coefficients 4y and a1, the standard atmospheric parameters
(aerosol type, visibility or optical thickness, and water vapor column) are required. Such parameters
are available in the Software ERDAS® (v.2014). For this study, the solar model used was rural with a
scene visibility of 40 km. In addition, the parameter of tropical_rural was chosen based on the dates
the scenes were taken.

The mean reflectance of the studied area pg;p. is calculated to correct for the adjacency effect.
Therefore, Equation (2) describes the relation to obtain the reflectance of the free surface of the
adjacency effect.

A . 1R
Psup = psup + (/ 2 TOMRM) (Psup - Zpsup,wi> @)
A Todir i—1 !
where Ty and Ty, are the diffuse and direct transmittance, respectively, R is the
sensor-specific spectral response curve, and w; defines the weighting coefficients as a function of
the distance-dependence. The atmospheric correction was carried out with the ATCOR2 module of the
software ERDAS®© (v.2014).
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The FLAASH algorithm is also based on the MODTRAN radiative transfer model [61,62]. It is
designed to eliminate the atmospheric effects caused by the molecular dispersion of particles in the
atmosphere. It is determined by Equation (3).

_ ( Apsup Bpe
broa = (1_Pes><1_PeS>+LO ®

where L1p4 is the spectral radiance reached by the satellite, pgi;p is the reflectance of the pixel surface,
e is the reflectance of the average surface of the pixel of the surrounding region, S is the spherical
albedo of the atmosphere, L, is the radiance backscattered by the atmosphere, and A as well as B are
coefficients that depend on the atmosphere and geometric conditions.

The first term of the equation corresponds to the reflectance of the surface that travels directly
into the sensor while the second term corresponds to the luminosity of the surface that is dispersed
by the environment. The distinction between pgy;p and p, explains the “adjacency effect” (spatial
blending of radiation between nearby pixels) caused by the atmospheric dispersion. The values of
A, B, S, and L, can be determined empirically from the MODTRAN4 standards. The vision and the
solar angles of the measurement and the nominal values for the surface elevation, aerosol shape,
and visible range of the scene must be specified [60]. For this study, the standard model used was
tropical, which is recommended for locations with Latitudes around 30° when the scenes are taken in
September—October. The terrain elevation values used were 1818.13, 1450.5, and 2114.5 meters above
the sea level for El Sitio, Eden, and Teseachi, respectively. In addition, the aerosol type was chosen as
rural with a scene visibility of 40 km, corresponding to zones with clean weather conditions, as this
is the case for the three sites analyzed in this study. This correction method was carried out with the
FLAASH module of the software ENVIO (v.5.1).

The DOS1 method is based on the properties of the image. This correction method is the most
widely used for the detection of land-use changes. Elements such as water, forests, and shadows
are considered as dark objects when their values of reflectance are close to zero. Dark objects are
detected automatically when the pixel reflectance value is less than or equal to 1.0%. The assumption
is that some pixels within the image receive 0% of the solar radiation (100% of shade), mainly due
to the effect of topography, and the value of radiances corresponding to these pixels registered by
the satellite correspond to atmospheric dispersion [31]. If a dark object is found in the image, the
minimum reflectance value in the histogram is assigned to such an object. From this minimum, it is
possible to correct the entire scene by the effects of the atmospheric dispersion [39,40]. To obtain the
surface reflectance, Equation (4) is used.

d* 7t (Lroa — Lo)
ETOA COSGl‘

psup = (4)
where d is the direct distance to the sun, Lo 4 is the spectral radiance to the satellite, L is the backscatter
glow through the atmosphere, E1p 4 is the solar spectral radiance on a surface perpendicular to the
sun’s rays outside the atmosphere, and 0; is the solar zenith angle. The radiometric correction was
carried out with the Semi-Automatic Classification plugin developed by Congedo [63] and included in
the software QGis (v.2.18).

2.5. Accuracy of the Correction Methods

A visual analysis of false color compositions was performed to compare the correction methods
(CMs). Statistical analyses included an ANOVA and a means comparison of the spectral signatures per
band, carried out in the software SAS© (v.9.1.3). In addition, a simple linear regression (SLR) analysis
was carried out between the values of each CM, separately per band, and the biomass. Moreover,
a multivariate principal component (PC) analysis was performed. The components that explained
at least 80% of the total variability of the reflectance values of each CM were selected. The accuracy
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of the CMs was determined by SLR when only one main component was selected and by multiple
linear regression (MLR) in the cases when two or more components were selected. In any case, the
coefficient of determination (R?) and the root mean square error (RMSE) were quantified to find the
CM that best fitted the data of each year and each sampling site analyzed. Likewise, the p value
served to determine the reliability of the CMs to estimate the biomass. A flow diagram explaining the

methodology followed in this study is represented in Figure 2.

Figure 2. Flow diagram representing the procedure followed for the analysis. CM: correction method;
SLR: simple linear regression; MLR: multiple linear regression; PC: principal component; RMSE: root
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3.1. Composition of Radiometrically Corrected Images

In a first analysis, the radiometrically corrected false-color images for Eden (years 2010, 2011,
2013, and 2014), as well as El Sitio and Teseachi (years 2010, 2011, 2012, 2013, and 2014), as is shown in
Figures 3-5, were visually compared. The correction methods were configured using the parameter
of rural zone, which is a pre-calibrated value for zones not affected by urban zones or industrial

activities [60].

Figure 3. False-color images from the different radiometric correction algorithms. Site: Eden.
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Figure 4. False-color images from the different radiometric correction algorithms. Site: El Sitio.

DOS1 ATCOR
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FLAASH
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107°29'0"W 107°28'0"W 107°27'0"W 107°26’0"W 107°25’0”"W
Figure 5. False-color images from the different radiometric correction algorithms. Site: Teseachi.

3.2. Comparative Analysis of the Correction Methods

The reflectance means from the three PMS, obtained after applying the CMs for the period
20102014, were compared (Figures 6-8). The differences among the CMs in general varied.
The spectral signature of the grassland showed low reflectance values for the bands blue, green,
and red during the studied period. Conversely, high values of reflectance were obtained by the bands
corresponding to the Near Infra-Red (NIR) and Shortwave Infra-Red (SWIR) regions for the three PMS.
That was possibly due to a strong chlorophyll absorption.

The DOS1 and ATCOR2 methods presented higher values of surface reflectance than the FLAASH
method in the visible region for most of the years. This situation may have been induced due to
the configuration of DOS1 and ATCOR2, which ignore the effects of atmospheric dispersion on the
spectral signatures. In particular, DOS1 does not have the capability to simulate the atmospheric
absorption and produces a decrement of surface reflectance [64]. These dissimilarities are also due to
some combinations of adjustments in the radiometric calibration [65]. Furthermore, it could also be
due to the effects caused by the heterogeneity of the sites and the grassland itself.
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Figure 6. Spectral response of each correction method in Eden for 2010 (a); 2011 (b); 2013 (c); 2014 (d);
ATCOR2 (—), DOS1 (—) and FLAASH (—). NIR: near infra-red; SWIR: shortwave infra-red.

The ANOVA applied to the data from the three PMS determined that there were significant
differences (p < 0.05) for all of the CMs in the visible region of the spectrum. The NIR showed a
greater number of non-significant results for the three sites. In the case of Eden, all of the CMs
showed significant differences for all of the bands, except for the SWIR 1 in 2011 (ATCOR2 and
DOS1) and the red region in 2013 (DOS1 and FLAASH). Similarly, significant differences were also
detected for El Sitio, with the exception of the NIR with the ATCOR2 method in 2010. Another two
exceptions were the SWIR 1 in 2010 (ATCOR?2) and the red region in 2013 (ATCOR?2). Finally, the
ANOVA detected significant differences for Teseachi; however, this site showed the greatest number of
non-significant results.
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Figure 7. Spectral response of each correction method in El Sitio for 2010 (a); 2011 (b); 2012 (c); 2013 (d);
2014 (e); ATCOR2 (—), DOS1 (—), and FLAASH (—).
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Figure 8. Spectral response of each correction method in Teseachi for 2010 (a); 2011 (b); 2012 (c);
2013 (d); 2014 (e); ATCOR2 (—), DOS1 (—), and FLAASH (—).

3.3. Estimated Annual Biomass

Table 2 shows the accuracy of the biomass estimation during 2010-2014 when applying the CMs
to the scenes of each PMS. Variability on the values of R? are observed among all the years and
CMs. The contribution of the spectral bands to each SLR model was calculated. The results showed
that, in Eden, the bands were not good biomass estimators (p > 0.05) when used separately. For El
Sitio, the results showed significant values of R? (p < 0.05) for the NIR in 2014 for the three CMs. In
Teseachi, a larger number of significant values of R? (p < 0.05) were observed for the red region, NIR,
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and SWIR 2. Finally, in Teseachi, the NIR and SWIR are the most relevant spectral regions for the
prediction of biomass.

Table 2. Accuracy of the correction methods in the three permanent monitoring sites (PMS). The column
of Band (spectrum region) corresponds to the spectral bands and the corresponding spectrum region
that contributed the most for the biomass estimation.

No Site CA Year Band (Spectrum Region) R2 RMSE (kg-ha_l)
1 2010 1 (Blue) 0.35 72.01
2 2011 1 (Blue) 0.22 23.92
3 ATCOR?2 2012 n/d n/d n/d
4 2013 2 (Blue) 0.38 153.31
5 2014 6 (SWIR1) 0.05 321.27
6 2010 2 (Green) 0.02 88.36
7 2011 1 (Blue) 0.12 25.42
8 Eden DOS1 2012 n/d n/d n/d
9 2013 5 (NIR) 0.19 174.70
10 2014 5 (NIR) 0.48 * 237.99
11 2010 1 (Blue) 0.19 80.11
12 2011 1 (Blue) 0.20 24.22
13 FLAASH 2012 n/d n/d n/d
14 2013 2 (Blue) 0.31 161.73
15 2014 7 (SWIR2) 0.04 323.04
1 2010 1 (Blue) 0.08 98.32
2 2011 1 (Blue) 0.09 54.14
3 ATCOR?2 2012 2 (Green) 0.07 54.14
4 2013 2 (Blue) 0.40 34.43
5 2014 5 (NIR) 0.81* 84.16
6 2010 5 (SWIR1) 0.10 97.21
7 N 2011 7 (SWIR2) 0.26 302.29
8 El Sitio DOS1 2012 2 (Green) 0.07 59.06
9 2013 5 (NIR) 0.46 * 32.54
10 2014 5 (NIR) 0.81* 84.16
11 2010 1 (Blue) 0.02 101.54
12 2011 1 (Blue) 0.27 29.10
13 FLAASH 2012 2 (Green) 0.08 58.94
14 2013 5 (NIR) 0.67 * 26.24
15 2014 5 (NIR) 0.79 * 86.66
1 2010 5 (SWIR1) 0.26 82.58
2 2011 3 (Red) 0.40 52.92
3 ATCOR?2 2012 5 (SWIR1) 0.42 70.76
4 2013 7 (SWIR2) 0.76 * 48.79
5 2014 5 (NIR) 0.57 * 40.90
6 2010 7 (SWIR2) 0.44 * 71.42
7 _ 2011 3 (Red) 0.40 52.93
8 Teseachi DOS1 2012 7 (SWIR2) 0.72 * 48.65
9 2013 7 (SWIR2) 0.76 * 48.79
10 2014 5 (NIR) 0.42* 40.90
11 2010 7 (SWIR2) 0.44 * 71.44
12 2011 3 (Red) 0.40 53.00
13 FLAASH 2012 7 (SWIR2) 0.72 * 60.76
14 2013 7 (SWIR2) 0.76 * 77.97
15 2014 6 (SWIR1) 0.57 * 40.61

* = significant level (p < 0.05), n/d = no data, CA = correction algorithm.

The results obtained could be related to the specific atmospheric parameters included as inputs in
each of the models. The DOS1 method does not refer to the atmospheric profile [66] and FLAASH uses
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global values for its atmospheric parameters [67]. Figures 9 and 10 show the variations of the values of
R? and RMSE obtained by the SLR analysis. The RMSE fluctuated in the three CMs, being DOS1 the
one with the most stable and the lowest values.

a) b)
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0.60 0.60
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Figure 9. Variation in the precision of the correction methods represented by values of R2. Eden (a);
El Sitio (b); Teseachi (c); ATCOR2 (—), DOS1 (—) and FLAASH (—) through single band.

The results of the PC analysis for biomass estimation in the three PMS are shown in Table 3.
Two main components were considered for the PC analysis, which represented at least 80% of the
total data set variance. The analysis of the PCs served to group the spectral variance and to establish
its relation to biomass production. Thus, each resulting component represents a reduced percentage
of variability.

In the site Eden, the highest values of R? were obtained for DOS1 when grouping the visible
and the SWR1, as well as the SWIR?2, regions. The FLAASH correction algorithm showed moderate
values of R? by grouping the visible region of the spectrum in PC1 and NIR, as well as SWIR in PC2.
This result is in agreement with the findings by Hadjimitsis et al. [68] who obtained reliable PCs by
grouping similar regions of the spectrum. The site El Sitio showed values of R? greater than 0.71 and
the components derived from DOS1 were the best biomass estimators. The rest of the methods did
not obtain significant results. Teseachi showed values of R? between 0.41 and 0.98. Table 3 shows the
way the Spectral bands were grouped to form the principal components. Among the three CMs, DOS1
showed the most consistent outputs for all of the years.

Figures 11 and 12 show the variations of R?> and RMSE obtained by the SLR analysis between
biomass and the spectral information. The site that showed the highest precision was El Sitio.
The method of DOS1 produced the most stable and the most precise results among the sites.
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Figure 10. Variation in the precision of the correction methods represented by the RMSE (kg-ha™1).
Eden (a); El Sitio (b); Teseachi (c); ATCOR2 (—), DOS1 (—) and FLAASH (—) through single band.
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Figure 11. Variation in the precision of the correction methods represented by values of R%. Eden (a);
El Sitio (b); Teseachi (c); ATCOR2 (—), DOS1 (—), and FLAASH (—) through PC.

a) 350 b)
300 300
250 250

= =

o >

< 200 & 200

v &n

€ ¥

=150 150

2 o

2 =
100 ® 100

50 50
0 0
2010 2011 2013 2014 2010 2011 2012 2013 2014
<) 350
300
250
o
£
50 200
X
2
g 150
=z
100
50
0
2010 2011 2012 2013 2014

Figure 12. Variation in the precision of the correction methods represented by RMSE (kg-ha™1).
Eden (a); El Sitio (b); Teseachi (c); ATCOR2 (—), DOS1 (—), and FLAASH (—) through PC.
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Table 3. Accuracy of the correction methods represented by the values of R? and RMSE for biomass
estimation in the three PMS and the spectral bands forming the principal components.

No Site  Correction Method Year 1 PC2 R? RMSE (kg-ha—1)
Bands Bands
1 2010 1234 57 0.48 69.08
2 2011 123 457 0.45 21.54
3 ATCOR2 2012 n/d n/d n/d n/d
4 2013 234 67 0.55 139.53
5 2014 234 67 0.32 292.99
6 2010 123457 0.01 88.78
7 2011 12 3457 0.97 * 497
g  FEden DOS1 2012 n/d n/d n/d n/d
9 2013 23467 5 0.77 * 98.49
10 2014 23467 5 0.84 * 141.18
11 2010 147 3 0.39 75.30
12 2011 47 123 0.45 21.56
13 FLAASH 2012 n/d n/d n/d n/d
14 2013 34567 2 0.42 158.38
15 2014 234 567 0.63 * 214.41
16 2010 123 47 0.97 * 19.10
17 2011 123 45 0.93* 15.82
18 ATCOR2 2012 23457 1 0.94* 15.20
19 2013 3467 25 0.86* 17.36
20 2014 23467 5 0.95 * 4452
21 2010 23457 0.99 * 95.61
22 El 2011 123457 7 0.92 * 106.37
23 Sitio DOS1 2012 23457 1 0.97 ** 11.46
24 2013 23467 5 0.85* 18.09
25 2014 23467 5 0.94 * 43.24
26 2010 123457 0.00 102.50
27 2011 234 157 0.92* 9.90
28 FLAASH 2012 12 3457 0.97 ** 11.39
29 2013 3467 25 0.71 34.29
30 2014 23467 5 0.95 ** 45.61
31 2010 1234 57 0.87 * 36.92
32 2011 123 0.41 52.32
33 ATCOR2 2012 1234 57 0.88* 77.96
34 2013 345 267 0.94* 25.92
35 2014 234567 0.60 * 25.35
36 2010 1234 57 0.97 ** 14.69
37 , 2011 123 0.41 13.09
3g  Teseachi DOS1 2012 1234 57 0.88 * 33.62
39 2013 2367 45 0.93* 28.03
40 2014 234567 0.63* 23.53
41 2010 1234 57 0.98 ** 14.63
42 2011 123 0.41 13.24
43 FLAASH 2012 1234 57 0.88* 33.49
44 2013 2367 45 0.84 * 42.16
45 2014 267 345 0.71 25.50

* = significant level at p < 0.05, ** = significant level at p < 0.01, n/d = no data.

The site Eden obtained low values of the coefficient of determination (0.3—-0.5) when corrected
with ATCOR2. By correcting the data with DOSI1, the precision improved significantly (p < 0.05)
for the data of 2011-2014 with R? values greater than 0.77. This indicates that DOSI can estimate
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biomass production with a greater precision in spite of the accelerated changes in the succession of the
grassland and the great density, as well as diversity of plants, in the site.

El Sitio obtained precise results for biomass estimations by applying the three CMs, which
indicates homogeneity in the reflectance of the grassland. For Teseachi, good yields were obtained in
2010, 2012, and 2013 with the three CMs, with a similar precision to El Sitio.

4. Discussion

In this study, we have reviewed three correction methods of satellite images applied them to a
temporal series of 12 scenes. The precision of each method was assessed through values of R? and
RMSE. The DOS1 method, which is the simplest, provided a reasonable correction in the bands of the
visible spectrum [40,69]. Given that the input parameters for DOS1 are derived from the image itself, it
makes the method relatively easy to implement. Thus, it is preferred over more sophisticated methods
that require the acquisition of atmospheric or meteorological data [32,66,70]. The time required for each
method can be a crucial factor when using multiple sets of images [71]. The methods of ATCOR2 and
FLAASH required much more processing time than DOS1. These requirements limit their application,
especially when the historical atmospheric information is limited [33,40,72]. The differences in the
results from ATCOR2 and DOS1 were probably due to the availability of reliable atmospheric historical
data, which may have conferred to DOSI a better performance [33]. Likewise, the differences between
ATCOR2 and FLAASH, when performing radiometric correction on spectral data from vegetation,
may be due to the water content of such vegetation [73].

The CMs allowed for the conversion of digital numbers to reflectance values. The spectral
reflectance of grasslands was low in the visible region for all of the three PMS during 2010-2014.
Chlorophyll absorbs most of the light received on the photosynthetically active radiation range of
the spectrum. Consequently, reflectance was higher in the NIR, SWIR 1, and SWIR 2, indicating a
contrast between these and the aforementioned visible regions of the electromagnetic spectrum [74,75].
The variation in biomass production estimation for the period 2010-2014 can be largely explained by
changes in vegetation, its growth conditions, and its distribution. As mentioned by Yan et al. [76],
the growth conditions in semi-arid and arid regions are largely affected by temperature and
precipitation. In addition, human activities, such as grazing and farming, importantly affect the
vegetation distribution. It was observed that in the period when the scenes were taken, the spectral
signature of the grassland varied along the years. This can be explained by the effects of density,
weight, coverage, and shade, which are variable in grass communities [17,65].

The comparison of the different CMs was based on the bands or principal components that
contributed the most to the estimations of biomass. This study proved that the DOS1 method may
be enough for radiometric correction in grassland areas, given the data required, which include only
a few parameters [73]. The results obtained in this study indicate that DOS1 is sufficient to correct
images used in the estimation of structural variables of the grassland. In this sense, it may not be
necessary to employ complex algorithms when evaluating areas of grassland [33,69].

The ANOVA applied to the three PMS revealed significant differences among DOS1, FLAASH,
and ATCOR2 in the visible and the infra-red regions of the spectrum. This is consistent with the results
reported by Vicente-Serrano et al. [48] and Nazeer et al. [45]. In general, band 4 showed the most
non-significant differences, followed by bands 7 and 3.

The correlations between biomass production and the spectral data obtained the highest values
when the bands of red and infra-red were employed. In contrast, the relationships between biomass and
the spectral values of the visible region were weak, indicating the sensitivity of this spectral range to the
atmospheric variation, which agrees with that reported by Roy and Ravan [77]. Thus, in the temporal
estimation and quantification of biomass, the application of a method for radiometric correction is
necessary to eliminate the temporal variability. For most of the studied years, we found that FLAASH
showed the highest reflectance values in the NIR. Such high values affected the relationships between
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biomass and spectral values. Previous studies have shown that high values of reflectance affect the
estimations of biomass and the determination of potential areas for grassland production [69].

The low biomass production values predicted for the three PMS could be due to site conditions or
the date of data collection. Thus, the evaluation period may not be the best period to estimate biomass
by using multitemporal data from the Landsat sensor. Our results confirmed a lack of association
between spectral and biomass data. The relationship between the biomass and the bands (Table 2),
and between biomass and the principal components (Table 3), for all of the PMS evaluated confirmed
that there was a high variability. Such variability could neither be explained by the spectral response
of the bands nor by the principal components. It is possible that the high values of reflectance in
the infra-red region that showed in the site Eden after applying the DOS1 method are due to the
atmospheric dispersion [64].

For the atmospheric and radiometric corrections, we have documented the differences between
the reflectance values after applying the CMs to the data from different sites. In comparison with other
multitemporal studies [23,49,50], we have tested different CMs with a change of platform from Landsat
5 to Landsat 8 in grassland areas. In the site Eden, we found that the deviations between the estimated
and measured biomass were high for 2013 and 2014. This happened when the biomass was estimated
with both the SLR and the MLR. Thus, such deviations can be attributed to the change of platform
(TM to OLI). This change can cause instability in the time series [78]. Eden was the site with the lowest
values of the coefficient of determination. The MLR with PCs was performed to include all of the
spectral variability and correlate it to biomass; however, the results showed low correlation values.
Therefore, such spectral variability may be influenced by other sources of variation, such as climate,
topography, and invasive species [9]. For El Sitio, and analyzing the data with SLR, low values of R
were obtained; in contrast, higher correlations were found with the MLR. This shows that biomass
can be greatly estimated from the spectral data. More precise estimates, evidenced with higher R?
values, were produced with the data from Teseachi when analyzed with both the SLR and the MLR.
The correlation of biomass and spectral data determined through MLR showed that, in at least two of
the three PMS, the variation can be explained with the set of bands of the visible and infra-red ranges
of the spectrum. Conversely, in one of the sites, it is necessary to collect more variables to explain the
biomass variation. The inclusion of PCs in the biomass estimation allowed for an explanation of the
spectral variability more effectively.

5. Conclusions

Atmospheric correction is a crucial step in the pre-processing of satellite images. Landsat images
and biomass data from the field were employed to test the precision of three algorithms of atmospheric
correction. According to the results, DOS1 presented the highest correlation values, pointing it out as a
good method for the atmospheric correction of Landsat images and its application for the estimation
of grassland biomass production.

Determination of the grassland production for Teseachi obtained the lowest deviations between
estimated and measured biomass when modelling this variable with both single and multiple linear
regression. The precisions of the estimates were closely related to the temporal spectral stability of the
images. For Eden, the results were the least precise, which indicates that there is a great variation in the
terrain that is difficult to explain by the satellite images. Biomass estimation using field and spectral
data, coupled with an adequate atmospheric correction method, can accurately reflect grassland
characteristics. For future studies, models that consider the effects of climate, minimum and maximum
temperatures, precipitation, and topographic data, such as elevation, slope, and aspect, could be tested
for higher precisions.

Three correction methods have been proposed and tested in this study. The simplest algorithm,
DOS1, provided a reasonable correction and estimated biomass accurately when employing bands in
the visible and infra-red regions of the spectrum, at least for cloud-free scenes. Operationally, the DOS1
method, which derives its input parameters from the image itself and is relatively easy to implement,



Remote Sens. 2018, 10, 219 19 of 23

may be more reliable to implement over more sophisticated methods, which require the acquisition of
atmospheric or meteorological historical data.

In the multitemporal estimation of grassland biomass production employing spectral information,
it is not necessary to apply complex radiometric correction procedures. The use of the DOS1 method
provided good results given its nature of providing reliable results on dark surfaces. However,
when the spectral signal is affected by various sources of variation, it may be necessary to apply
high-precision radiometric corrections, such as ATCOR2 or FLAASH. To make continuous estimates of
biomass by remote sensors, it is preferable to employ a set of homogeneous Landsat images provided
by a single platform.

Precise estimates of biomass will allow for the quantification of potential carbon stores by
grasslands, serve to regulate animal load based on temporal estimation, and ensure control on the
use of the grassland biomass. Estimating the spatial distribution of biomass is of great importance to
support the study of grassland ecology and its socioeconomic environment. This study proved that
it is possible to estimate grassland biomass production by remote sensing through an SLR analysis.
Grassland biomass maps can be used as a reference to assess the grassland condition, the grazing
capacity, and potential animal production. The use of remote sensing tools in grassland ecosystems is
important for their monitoring, conservation, and protection.
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