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Abstract: Biomass production (BIO) and its anomalies were modeled using MODIS satellite
images and gridded weather data to test an environmental monitoring system in the biomes
Atlantic Forest (AF) and Caatinga (CT) within SEALBA, an agricultural growing region
bordered by the states of Sergipe (SE), Alagoas (AL), and Bahia (BA), Northeast Brazil. Spatial
and temporal variations on BIO between these biomes were strongly identified, with the annual
long-term averages (2007-2023) for AF and CT of 78 +22 and 58 + 17 kg ha™! d, respectively.
BIO anomalies were detected through its standardized indexes—STD (BIOsrp), comparing the
results for the years from 2020 to 2023 with the long-term rates from 2007 to each of these
years. The highest negative BIOsrp values were in 2023, but concentrated in CT, indicating
periods with the lowest vegetation growth, regarding the long-term conditions from 2007 to
2023. The largest positive BIOstp values were for the AF biome in 2022, evidencing the highest
vegetative vigor in comparison with the long-term period 2007-2022. The proposed BIO
monitoring system is important for environmental policies as they picture suitable periods and
places for agricultural and forestry explorations, allowing sustainable managements under
climate and land-use changes conditions, with possibilities for replication of the methods in
other environmental conditions.

Keywords: geotechnologies; environmental management; land-use changes; Atlantic Forest;
Caatinga

1. Introduction

Biomass production (BIO) is a robust environmental indicator for
agroecosystems of any biome [1] (Wu et al., 2010), being its values highly variable in
both space and time [2—5] (Adak et al., 2013; Teixeira et al., 2023; Yan et al., 2009,
Bayma et al., 2025). Under water scarcity conditions, particularly in semiarid and arid
regions, the challenge is BIO improvements through optimized management practices
[2] (Adak et al., 2013). Monitoring the vegetation growth is critical for ecological
equilibrium [6-9] (Yang et al., 2016; Zhang & Zhang, 2019; Zang et al., 2019, 2021)
and this task requires large-scale studies to guide sustainable exploration of land and
water resources [10-12] (Almeida et al., 2023; Santos et al., 2020; Zhang et al., 2022).
Quantifying BIO can be also useful to analyze the feasibility of setting up new biomass
power plants and to optimize the best locations for agriculture expansion [13] (Shi et
al., 2008). Many promised pathways for raising BIO in distinct agroecosystems are
available over the continuum from forests and fully rainfed to fully irrigated farming
systems [14] (Molden et al., 2007). BIO is associated with photosynthetically active
radiation (PAR) that is part of the short-wave solar radiation which is absorbed by
chlorophyll for photosynthesis in vegetation, regulating primary productivity, or the
rate of carbon fixed by the plants. Under climate and land use changes, the joint use
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of remote sensing and weather data are suitable tools for monitoring BIO, supporting
public policies for the rational environmental managements [3,15-17] (Clementini et
al., 2020, Chen et al., 2021; Rampazo et al., 2020; Teixeira et al., 2023). Applications
of remote sensing with satellite images, at different temporal and spatial scales, also
allow the detection of BIO anomalies for specific periods along the year [8,9,18-22]
(Begueria et al., 2014; Bento et al., 2018; Gouveia et al., 2017; Teixeira et al., 2021;
Vicente-Serrano et al., 2018; Zhang et al., 2019; Zhang et al., 2021).

Standardized indices for detecting large-scale anomalies have been generally
based on evapotranspiration studies [22,23] (Kim and Rhee 2016; Vicente-Serrano et
al. 2018). Considering vegetation, the Normalized Difference Vegetation Index
(NDVI) has been widely used to indicate variations in soil cover by plants [19,24]
(Bento et al. 2018; Brouwers et al. 2015). This index was developed to describe the
probability of variation in NDVI from its normal value over a long period of data [25].
However, to reflect environmental stress on vegetation, NDVI values have delayed
responses, regarding the root-zone moisture responses [8] (Zhang et al., 2019).
Standardized indices have been also based on precipitation (P), evapotranspiration
(ET), and soil moisture [9,22,26] (Hao & AghaKouchak, 2013; Vicente-Serrano et al.,
2018; Zhang et al., 2021). However, besides NDVI, P and ET, other parameters
derived from remote sensing measurements are important, such as BIO, which is a
robust indicator of water and vegetation conditions, important for environmental
monitoring [3,21] (Teixeira et al., 2021, 2023). ET anomaly quantifications in semi-
arid regions are considered appropriate [23] (Vicente-Serrano et al., 2018), as water
stress affects BIO [27] (Zhang et al., 2016). Thus, an accurate assessment of
environmental impacts on vegetation activity is crucial for understanding the response
of the agroecosystems to anomalies [8,9] (Zhang et al., 2019, 2021), especially under
environmental constraints impacting BIO, as in case of some Brazilian Northeast areas.

The replacement of natural species by agricultural crops promotes carbon sinks,
affecting BIO [28] (Ceschia et al., 2010), while water stress increases can drop
vegetation vigor [29] (Zhao & Running, 2010). Monitoring the dynamics of these
effects along the years is essential for agricultural and forestry explorations to assess
the dimension of environmental impacts [3,6,7,21] (Teixeira et al., 2021, 2023; Yang
et al., 2016; Zhang & Zhang, 2019). In some biomes of Northeast Brazil, there are
several plant species suffering environmental impacts that affect BIO, including land
use changes [30,31] (Lewinsohn & Prado, 2005 Mariano et al., 2018), as in case of
SEALBA, an agricultural growing region involving the states of Sergipe (SE), Alagoas
(AL) and Bahia (BA). This region has different types of species from the Caatinga
(CT) and Atlantic Forest (FA) biomes being replaced by agricultural crops, demanding
large-scale studies to support these land-use changes [32—-34] (Ribeiro et al., 2009;
Santos et al., 2014; Silva et al., 2017). The use of long-term remote sensing and
weather data throughout standardized indices based on BIO is suitable for policy
decision making under these unstable conditions. Some field studies about water
availability and vegetation growth were carried out in the Brazilian AF and CT biomes
[34-37] (Marques et al., 2020; Pereira et al., 2010; Silva et al., 2017; Teixeira et al.
2008). However, few efforts have been made to monitor BIO over the years within
these biomes considering a large data series for average conditions, allowing to
monitor anomalies for specific periods. These assessments can help to understand the
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responses of natural vegetation and agricultural crops to environmental impacts under
climate and land use changes scenarios [38] (Reinermann et al., 2020).

For BIO assessments in the current research, the radiation efficiency concept
(RUE) devised, based on radiation interception, was applied [3,39] (Claverie et al.,
2012; Teixeira et al., 2023). This interception is variable throughout the year and
during the crop growing periods [40] (Tesfaye et al., 2006). The RUE Monteith's
model proposes a direct proportional relation between BIO and the amount of
photosynthetically active radiation absorbed by the vegetation canopies [41] (Monteith,
1977). Although uncertainties in the radiation efficiency values, due to their
spatiotemporal variations [42] (Zhao et al., 2010), the RUE model accuracy has been
considered acceptable for remote sensing applications with satellite data [43—45]
(Bastiaanssen & Ali, 2003; Nyoley et al., 2019; Zwart et al., 2010). To include the
effect of root-zone moisture on BIO rates, through the evaporative fraction - ETj, i.e.
the ratio of actual (ET,) to reference (ETo) evapotranspiration, we used the SAFER
(Simple Algorithm for Evapotranspiration Retrieving) algorithm which was developed
in Northeast Brazil by using simultaneous field and remote sensing measurements to
estimate the water and vegetation parameters in agricultural crops and natural
vegetation. Bands 1 to 7 from Landsat 5 satellite; and bands 1, 2, 31 and 32 from
MODIS sensor were used together with micrometeorological data, to derive and
validate all the SAFER’s equations [46,47] (Teixeira, 2010; 2013). The algorithm can
be applied together with the RUE model to satellite images. An important advantage
of SAFER, regarding other algorithms, is that it can be used without thermal bands,
being possible to use only the visible and near infrared spectrum, more easily available
[48] (Consoli & Vanella, 2014). In addition, the thermal bands of the MODIS, sensor,
with a spatial resolution of 1 km, means that the images should cover more mixed
agroecosystem types, when comparing with the 250-m spatial resolution of its red and
near infrared bands used in current research [3,47] (Teixeira et al., 2013, 2023).

The remote sensing derived parameters crossed with weather data involved in the
modelling steps were the Normalized Different Vegetation Index (NDVI), surface
albedo (0o) and surface temperature (To), considered BIO driven physical parameters.
Pixel values of NDVI, og and Ty were used to model ET:. In the current research,
without thermal satellite bands, Ty was retrieved from the radiation balance applying
the Stefan Boltzmann low assuming the low atmosphere and the Earth surface emitting
longwave radiation as back bodies [3] (Teixeira et al., 2023). To implement a BIO
monitoring system taking the SEALBA agricultural growing region as a reference, we
tested the joint use of the RUE model with the SAFER algorithm, with MODIS
MOD13Q1 reflectance products and long-term weather data from 2007 to 2023 at the
same satellite 16-day timescales, to retrieve BIO dynamics throughout the years.
Besides characterizing long-term conditions, we used a standardized index based on
BIO (BIOsrp) for further anomaly assessments on vegetation vigor for specific periods
of the last four years of this long-term data set. The authors believe that the success of
applications for this specific Brazilian region may stimulate replications of the
methodology in other environmental conditions, even in other countries, only
calibrating the BIO modelling equations.
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2. Material and methods

2.1. Study area and data set

Figure 1 shows the location of SEALBA in Northeast of Brazil with its limits in
the states of Sergipe—SE, Alagoas—AL and Bahia—BA (Figure 1a); the weather
stations, highlighting the altitudes (Figure 1b); and the Atlantic Forest—AF and
Caatinga—CT biomes (Figure 1c).
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Figure 1. Location of the SEALBA agricultural growing region in Northeast Brazil involving the states of Sergipe—
SE, Alagoas—AL and Bahia—BA (a); weather stations, highlighting altitudes (b); and the Atlantic Forest—AF and

Caatinga—CT biomes (c¢).

The 16 weather stations used were from the National Meteorological Institute
(INMET—https://www.gov.br/agricultura/pt-br/assuntos/inmet), while classification
into AF and CT biomes was according to the Geographic and Statistical Brazilian
Institute (IBGE—www.ibge.gov.br). Being the MODIS pixel size of 250 m, the
SEALBA region with 6.2 Mha (Figure 1a), involves the AF and CT biomes. The AF
areas, mostly below 275 m of altitude, are in a portion closer to the coastline, while
CT areas are located more to the west side, being the majority above 275 m of altitude
(Figure 1b,c).

The AF biome, with a humid tropical climate, characterized by forest vegetation,
comprises dense and open rain forests, semi-decidual season forests and ecosystems
associate to coastal lowlands [49] (Procopio et al., 2019). The climate is tropical humid
but with mixed microclimates involving natural and anthropized areas [32] (Ribeiro et
al., 200). Its environmental conditions are influenced by air masses coming from the
Atlantic Ocean, which increase air temperature and air humidity, with rainfall well
distributed throughout the year. Average annual temperatures range from 13 to 27 °C;
annual rainfall from 1000 to 2500 mm with the rainy season concentrated from
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December to March [49,50] (Francisquini et al., 2020; Procopio, 2019). The CT biome
is composed of trees and shrubs with structures to overcome environmental stress
conditions, with plants presenting resilience under increasing dryness. Its climate is
characterized by distinct wet and dry seasons, with a short rainy period (3—5 months,
typically January—May) and a prolonged dry season (7-9 months, June—December).
Average annual rainfall varies from 300 to 1000 mm and average temperatures range
from 25 °C to 30 °C promoting aridity conditions, however, plant species have been
adapted to these dry conditions with leaves modified into thorns, thick bark, and leaf
losses [49,33,51] (Almagro et al., 2017; Procopio, 2019; Santos et al., 2014). The
adopted criteria for the agricultural aptitude in SEALBA was rainfall above 450 mm
from April to September in at least 50% of each county inside the region, and under
this condition, natural vegetation of both biomes has been replaced by agricultural
crops, such as grains, fruit trees, sugar cane, forestry and pasture, where the relief is
predominantly soft wave, with slope between 3% and 8% [49].

The input weather data for BIO modeling came from 16 stations (Figure 1b),
being global incident solar radiation (Rg) and air temperature (T,), covering the entire
SEALBA region, enabling interpolation through a geographic information system
(GIS), using the geostatistical “average movement” method, which resulted in pixels
with the same spatial resolution of that for the MODIS images. Additional data on
relative humidity (RH) and wind speed (u) were used with Rg and T, to calculate
reference evapotranspiration (ETo) according to [52] Allen et al. (1998), which
together with precipitation (P) were used for climate characterization of the study
region regarding the long-term conditions from 2007 to 2023.

The bands 1 (red) and 2 (infrared) from the MODIS sensor (MOD13Q1
reflectance product) were downloaded from the site of EARTHDATA App EEARS
(https://Ipdaacsvc.cr.usgs.gov/appeears/) and used together with the gridded weather
data. The images have spatial and temporal resolutions of 250 m and 16 days,
respectively, giving 23 free-cloud images in a year [3] (Teixeira et al., 2023). The
MOD13Q1 product provides the NDVI and the Enhanced Vegetation Index (EVI).
The algorithm chooses the best available pixel value from all the acquisitions from the
16-day periods. The criteria used are low clouds, low view angle, and the highest
NDVI/EVI value. Along with these vegetation layers, the HDF file has reflectance
bands 1 and 2, used in the current research.

Considering the long-term period from 2007 to 2023, it was possible to quantify
anomalies for specific years from 2020 to 2023, in the AF and CT biomes within the
SEALBA agricultural growing region. To retrieve BIO from all MODIS images and
gridded R and T, data, the SAFER’s equations were applied by using a script built in
a geographic information system (GIS).

2.2. Modeling biomass production and its anomalies

Figure 2 presents the flowchart for modeling BIO and its anomalies coupling the
RUE model and the SAFER algorithm.
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Figure 2. Flowchart for modelling biomass production (BIO) and its anomalies through the standardized index—STD
(BIOspp) by applying the RUE model and the SAFER algorithm with gridded data on global solar radiation (Rg) and

mean air temperature (Ts).

The regression coefficients of the equations involved in the modelling steps
(Figure 2) were previously obtained in the Northeast region of Brazil with
simultaneous field and satellite measurements of the energy and carbon components,
detailed in [37,46,47]Teixeira (2010) and Teixeira et al. (2008, 2013), and they can be
calibrated for distinct environmental conditions following the procedures described in
these previous papers. In addition, acquiring Ty as residue in the radiation balance
gives mutual compensation, reducing possible errors in this model input parameter, as
in the upward and downward long-wave fluxes, they are self-canceling. The SAFER
algorithm was elaborated and validated with Landsat images when it was first called
PM2 [46] (Teixeira, 2010). Later, it was also calibrated and validated in several
agroecosystems under different environmental environments [10,11,21] (Almeida et
al., 2023; Teixeira et al., 2021; Santos et al. 2020). On the other hand, the regression
coefficients for the BIO model were previously calibrated involving distinct vegetated
surfaces by [43] Bastiaanssen and Ali (2003) and applied in the Brazilian biomes for
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actual and long-term conditions [3,5,17,21] (Bayma et al., 2025; Rampazo et al., 2023;
Teixeira et al., 2021, 2023).

Thus, with previous calibrations and validations of the models, together with
assumptions based on physical processes in the current paper, one can expect sufficient
accuracy for BIO evaluations and comparisons among the biomes in the SEALBA
conditions, being not strictly necessary new expensive validations with field data.

2.2.1. Normalized difference vegetation index (NDVI) and surface albedo (ao)
After clipping the MODIS reflectance images for the SEALBA region, the
Normalized Difference Vegetation Index (NDVI) was calculated and incorporated in

the BIO modelling steps as a surface cover and root-zone moisture remote-sensing
indicator [25] (Peters et al., 2002):

NDvI =P P (1)
P, +p,

where p; and p; are the reflectances in bands 1 (red) and 2 (near infrared) coming from
the MODIS sensor.
The surface albedo (0) values were calculated as:

a, =a+bp, +cp, (2)

where a, b and ¢ are regression coefficients of 0.08, 0.41, and 0.14 for Northeast Brazil
[47] (Teixeira et al., 2013).

2.2.2. Surface temperature (To)

The net radiation (R,) was estimated by using the Slob equation [53] (de Bruin et
al., 1987):

R, =(1-a,)R,—a 1, (3)

where Ty is the atmospheric transmissivity for short wavelengths considered as the
ratio between Rg and the radiation incident at the top of the atmosphere (Rtop) being
L a regression coefficient as a function of T. [37] (Teixeira et al., 2008).

The atmospheric emissivity (€,) was calculated by:

g,=a,(Int )bA 4)

where ax and ba are the regression coefficients 0.94 and 0.11, respectively for
Northeast Brazil [46] (Teixeira, 2010).
The surface emissivity (&) was estimated according to [10] Almeida et al. (2023):

g, =a,InNDVI+b, (5)

where ap and by are the regression coefficients 0.06 and 1.00, respectively, for
Northeast Brazil.

Using the residual method, surface temperature (To) was estimated using the
Stefan-Boltzmann law:
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- R, (1-a,)+oe T -R, ©

o€,

where is 6 = 5.67 10°* W m 2K ™is the Stefan-Boltzmann constant [17] (Rampazo et
al., 2020).
2.2.3. Biomass production (BIO)

To include root-zone moisture conditions in BIO calculations, the
evapotranspiration fraction (ETy), i.e., the ratio of actual (ET) to reference

evapotranspiration (ETy), was modeled by the SAFER equation [54] (Venancio et al.,
2021):

(7

T
ET =exp|a, +b | —>—
f p{ sf st (GONDVIJ

where agr and bsr are the regression coefficients 1.80 and —0.008, respectively, for
Northeast Brazil.

To estimate the incident photosynthetically active radiation (PARiy), it was
considered as a fraction of Rg [21] (Teixeira et al., 2023):

PAR. =a,R, ®)

where the regression coefficient ar used was 0.44 in Northeast Brazil.
The values of the absorbed photosynthetically active radiation (PARabs) were
calculated according to [43] Bastiaanssen & Ali (2003):

PARabs = fPARPIA]Kinc (9)
where the factor fpar was estimated from NDVI (Bayma et al., 2025):

fo.r =2, NDVI+b, (10)

where ap and bp are regression coefficients considered as 1.257 and —0.161,
respectively.
BIO was then quantified using the RUE model [41] (Monteith, 1977) as:

BIO=¢_ ETPAR, 0,864 (11)

abs

where gmax is the maximum light use efficiency, which for the majority of C3 plants in
SEALBA was assumed to be 2.45 g MJ ™!, and 0.864 is a conversion factor.

2.2.4. Standardized index for the biomass production (BIOsrp)
To determine BIO anomalies, considering the annual and 16-day periods of the

MODIS MOD13Q1 product, the standardized index equation below was used [9,21,55]
(Leivas et al., 2014; Teixeira et al., 2021, Zhang et al., 2021):
_ BIO-BIO,

BIOSTD - T (12)
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where BIOsrp is the standardized index for biomass production (16-day or year
timescales, from 2020 to 2023), BIO is the long-term averages for the specific periods
(20072020, 2007-2021, 2007-2022, and 2007-2023), BlOmean is the long-term
average and SD s the pixel-by-pixel standard deviation for these periods.

3. Results

3.1. Long-term weather drivers

The most important weather drivers’ parameters for BIO are precipitation (P),
reference evapotranspiration (ET), incident global solar radiation (Rg) and air
temperature (T.). Figure 3 shows their long-term average pixel values for the period
from 2007 to 2023, together with the standard deviations (SD), at the 16-day
timescales of the MOD13Q1 reflectance product, in terms of Day of the Year (DOY),
classifying the Atlantic Forest (AF) and Caatinga (CT) biomes within SEALBA.
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Figure 3. Long-term average pixel values and standard deviations (SD) of weather BIO drivers: (a) precipitation (P),
(b) reference evapotranspiration (ETy), (¢) incident global solar radiation (Rg) and (d) average air temperature (Ts,), at
the 16-day MOD13Q1 product, for the biomes Atlantic Forest (AF) and Caatinga (CT) within SEALBA, in terms of
Day of the Year (DOY), regarding the period from 2007 to 2023. Overbars means average pixel values.

From Figure 3a, it is noticed that rainfalls are concentrated in the middle of the
year for both biomes, AF and CT, with higher amounts in AF. The highest P values
are between April and July (DOY 097-208), when the mean 16-day total is above 60
mm for AF and larger than 50 mm for CT. The lowest ones, with mean 16-day totals
below 20 mm in both biomes, are from November to January (DOY 305-016), limiting
somewhat BIO rates. At the annual scale, P accounting 781 mm yr! in CT, is 82% of
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P in FA, with a corresponding value of 970 mm yr '. The largest spatial variations
between the biomes are for AF, with SD representing 18% of P, while for CT this
percentual is of 13%.

As shown in Figure 3b, ET, values follow an inverse tendency for those of P
along the year, being the highest mean rates, above 5.0 mm d ™!, from November (DOY
305) to March (DOY 080) for both biomes, however with higher values for CT. In the
middle of the year, the ETy rates drop to below 3.0 mm d™! in June (DOY 161-176).
At the annual scale, the CT biome, with a mean total of 1597 mm yr ! is 3% higher
than the corresponding value of 1550 mm yr™! for AF, indicating a general lack of
rainfall attending the atmospheric demands. Differences in spatial variations of the
atmospheric demands between biomes are small in the middle of the year when occur
the lowest SD values of ETo, but outside the rainy season, the highest spatial variations
are for AF.

Incident global solar radiation (Rg) is the main energy source for water fluxes
and for vegetation growth (Figure 3c¢). Rg values also presented an inverse tendency
of those for P throughout the year. The highest ones were from November to March
(DOY 305 to 064), with 16-day averages above 21.5 MJ m2 d"! for both biomes,
which together with the lowest P values, favor water stress conditions. The minimum
Rg rates happen during the middle of the year from May to July (DOY 145-192), when
the averages stay below 15.5 MJ m2 d’!, but under conditions of the highest P.
However, low differences arise between biomes, being the average R for AF 99% of
that for CT. As for ETy, the lowest and the highest Rg spatial differences between
biomes are respectively in the middle and at the end of the year, with the largest ones
for AF.

Although the tendencies of T, values follow those for Rg (Figure 3d), it is
observed a gap regarding their upper and lower limits compared with those for Rg, due
to the time for the sensible heat flux from the soil to the air. The highest average T
values, above 26.5 °C are from February (DOY 033) to March (DOY 080), while the
lowest ones, below 23.5 °C are between June and August (DOY 177-240). There are
no strong thermal differences between biomes, however, as in case of ETy and Rg, the
lowest differences on spatial variations occur in the middle of the year and the highest
ones during the driest periods, with the largest SD values for AF.

3.2. Spatial and temporal conditions of biomass production

Figure 4 presents the spatial distribution, averages and standard deviations (SD)
for BIO, at the annual scale (Figure 4a) and for the MODIS 16-day periods (Figure
4b), regarding the long-term conditions from 2007 to 2023. Data are classified into
AF and CT biomes, within the SEALBA agricultural growing region.

10
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Figure 4. Spatial distribution, averages and standard deviations of biomass production (BIO) at the annual scale (a) and
for the 16-day MODIS images (b), considering the long-term conditions for the period from 2007 to 2023, in the biomes
Atlantic Forest (AF) and Caatinga (C), within the SEALBA agricultural growing region. Overbars means average pixel

values.

According to Figure 4a,b, strong spatial and temporal variations on BIO values
are observed. From Figure 4a, the annual BIO rates in CT are 74% of those for AF,
with this last biome presenting lower spatial variation in percentual terms, being SD
representing 28% of the mean value, against the corresponding one for CT of 29%.

Considering Figure 4b, the highest BIO values happen after the rainy season,
from June (DOY 177) to August (DOY 240), with 16-day averages above 100 kg ha™!
d™! for both biomes (see also Figure 3a). The lowest rates occur at the start of the year,
from January to March (DOY 001-064), during the driest period, when the averages
are below 50 and 30 kg ha™! d”' in the AF and CT, respectively. At the annual scale,
the average BIO in AF of 78 kg ha™! d! is 34% above of that for CT, with a
corresponding mean value of 58 kg ha™! d'.

In the current research, we tested a methodology for detection of anomalies by
using the standardized index (STD) for BIO at the annual scale and for the specific
16-day periods of the MOD13Q1 reflectance product, taking the years from 2020 to
2023 as references and considering the long-term periods from 2007-2020, 2007—
2021, 2007-2022 and 2007-2023. For these assessments, the average BIO conditions
for each of these last years from the data set are first considered at these temporal
scales.

Figure 5 shows the spatial distributions, averages and standard deviations (SD)
of the annual average BIO values for the years 2020, 2021, 2022 e 2023, in the AF
and CT biomes within the SEALBA agricultural growing region.
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Figure 5. Spatial distributions, averages and standard deviations (SD) for the annual
values of biomass production (BIO), considering the average conditions for 2020,
2021, 2022 and 2023, in the biomes Atlantic Forest (AF) and Caatinga (CT), within
the SEALBA agricultural growing region. Overbars means average pixel values.

According to Figure 5, considering all the analyzed years (2020 to 2023), the
BIO values for AF were around 13 to 17% of those for CT, with the highest differences
between biomes in 2023 while the smallest ones happened in 2020. The lowest BIO
rates were in 2021, when the mean pixel value for the region was 63 kg ha™' d”!, and
the highest ones, averaging 88 kg ha! d”!, happened in 2022, with annual average BIO
above 80 kg ha™! d'in AF and higher than 70 kg ha™' d™! for CT from 2020 to 2022.

Picturing BIO dynamics within each analyzed year, Figure 6 shows the average
pixel values and standard deviations (SD), for the MODIS 16-day periods, from 2020
to 2023, classifying the biomes AF and CT within SEALBA agricultural growing

region.
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Figure 6. Pixel averages and standard deviations (SD) of biomass production (BIO), for the MODIS 16-day periods,
during the years 2020 (a), 2021 (b), 2022 (¢) and 2023 (d), classifying the biomes Atlantic Forest (AF) and Caatinga
(CT) within SEALBA, in terms of Day of the Year (DOY). Overbars means average pixel values.

Considering all the analyzed years, from 2020 to 2023 and both biomes, AF and
CT, the periods with the highest BIO were from the end of June (DOY 177) to the end
of July (DOY 208), when the average rates surpassed 100 kg ha™' d”'. The lowest BIO
values were concentrated during the driest period (see also Figure 3a), with some 16-
day average values below 50 kg ha™! d”! for AF and lower than 20 kg ha™! d™! for CT,
from 2020 to 2021. Even that in general, BIO values for AF were higher than those
for CT, mainly due to better rainfall conditions, there were some short periods with
rates for CT similar or higher than those for AF, occurring in situations of no limited
root-zone moisture for both biomes.

3.3. Standardized index for biomass production

Figure 7 presents the spatial distributions, averages and standard deviations (SD)
of the standardized index (STD) average values for BIO (BIOstp) at the annual scale,
for the years 2020, 2021, 2022 and 2023, classifying the biomes AF and CT within
SEALBA.
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Figure 7. Spatial distributions, averages and standard deviations (SD) for the
standardized index (STD) for biomass production (BIOstp) at the annual scale, for the
years 2020, 2021, 2022 and 2023, considering the long-term values from 2007 to each
of these years, in the biomes of Atlantic Forest (AF) and Caatinga (CT), within the
SEALBA agricultural growing region. Overbars means average pixel values.

The BIOstp values presented in Figure 7 allow the identification of how much,
during the years from 2020 to 2023, at the annual scale, vegetation vigor conditions
differ from those of the long-term values (20072020, 2007-2021, 2007-2022 and
2007-2023). Higher BIOstp values indicate better vigor conditions, while the lower
ones can translate environmental stress [9,21,55] (Leivas et al., 2014; Teixeira et al.,
2021; Zhang et al., 2021).

The lowest BIOstp values happened in 2021 for both biomes, AF and CT, with
an average of 0.1, indicating vigor of plants like that for the long-term period from
2007 to 2021. In general, the highest values were for AF, with the annual average of
0.7 for this biome in 2022, translating more often conditions of BIO rates above the
ones for the long-term period from 2007 to 2022, meaning larger vegetation vigor.

Figure 8 presents the dynamics of the BIOstp average values, together with the
standard deviations (SD), for the MODIS 16-day periods, during the years 2020 to
2023, considering the long-term periods of 2007-2020, 2007-2021, 2007-2022 and
2007-2023, classifying the biomes AF and CT within the SEALBA agricultural
growing region.
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Figure 8. Pixel averages of the standardized index (STD) for biomass production (BIOsrp) and standard deviations (SD),
for the MODIS 16-day periods during the years 2020 (a), 2021 (b), 2022 (c¢) and 2023 (d), regarding the long—term
conditions of 20072020, 2007-2021, 2007-2022 and 2007-2023 in the Atlantic Forest (AF) and Caatinga (CT) biomes
within SEALBA, in terms of Day of the Year (DOY). Overbars means average pixel values.

For the year 2020 (Figure 8a), the highest positive BIOstp average values were
concentrated from March to July (DOY 081-192), in both biomes, AF and CT,
meaning higher root-zone moisture and available energy in favor of the vegetative
growth for their agroecosystems, regarding the long-term conditions of 2007 to 2020.
The negative values happened only at the start of January (DOY 001-016) and in
October (DOY 289-304) for both AF and CT, indicating BIO rates below of the long-
term ones, meaning poorer vegetation vigor.

Considering the year 2021 and the long-term conditions from 2007 to 2021
(Figure 8b), the largest positive average BIOstp values occurred at the end of the year
for both biomes, in December (DOY 337-365), reaching to 0.6 in AF and 1.3 in CT,
indicating better vegetation vigor conditions, when comparing to the long-term ones.
The negative values happened during two periods of the year, from February to April
(DOY 033-112) and from June to October (DOY 167-304), for both biomes,
evidencing BIO rates below those for the long-term conditions, what could have
impacted negatively rainfed agriculture and forestry during these periods.

Analyzing BIOsrp for 2022 (Figure 8c), one can see few situations of negative
16-day average values for both biomes, AF and CT, occurring only in two periods
along the year, reaching to —0.1 and —0.2 in AF and CT, respectively, from May to
June (DOY 145-160) and in October (DOY 289-304), meaning the slightly worst
vegetation growth conditions, comparing with the those for the long-term periods from
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2007 to 2022. However, outside these short periods, high positive BIOstp values
occurred, mainly between January and February (DOY 001-048) and in December
(DOY 337-365), when the averages were above 1.5, translating better conditions for
rainfed agriculture as well as for forest exploration and lower water requirements for
irrigated agriculture.

For 2023, regarding the long-term period 2007-2023 (Figure 8d), there were
several negative BlOstp average values during the second half of the year, most
noticed for CT, reaching —0.6, clear evidence of poor vegetative growth. However,
several positive ones occurred for AF along the year 2023, mainly during the first half
of the year. These results clearly showed the worst conditions for rainfed agriculture
and forestry during the second half of the year in CT when compared with the previous
analyzed years.

Among the analyzed years, the one with the most negative BIOsrp values was
2023, but concentrated in the CT biome, indicating periods with the lowest vegetative
growth, when comparing with the long-term conditions from 2007 to 2023. The
highest positive BIOstp values were for AF in 2022, picturing high vegetation growth
rates, considering the long-term period 2007-2022. The average BIOstp around zero
in 2021 indicated that BIO rates during this year were like those for the long-term
conditions from 2007 to 2021.

4. Discussion

From the processed weather data depicted in Figure 3, according to the rainfall
dynamics, there are two well-defined seasons, one dry and another rainy, promoting
distinct conditions for vegetative growth in both biomes, CT and AF, within the
SEALBA agricultural growing region, with the rainiest conditions for AF. On the
other hand, the CT biome besides having lower P, presents higher ET, rates with more
aridity conditions in the climatic water balance. Rg and T, also show an inverse
tendency of that for P without significative differences in magnitudes between biomes
but with a delay regarding the thermal and solar energy conditions due to the time for
the sensible heat flux from the surfaces to the low atmosphere.

Long term BIO values from 2007 to 2023 are higher for AF than for CT, however,
even with lower BIO rates in CT, there is a short period, at the end of the rainy season,
from June to August (DOY 177-208), when BIO rates for this biome surpass those for
AF, showing a larger and quicker response by the CT species to the rainfall water
availability in the vegetation root-zones. BIO rates much higher than those for
introduced irrigated crops were reported in the semiarid conditions of Northeast Brazil
during the climatically driest period of the year [47]. Variations on BIO in AF and CT
is most affected by rainfall amounts than by solar radiation levels with a time delay
around two months for the maximum BIO values regarding those for P. This delay
occurs due to the time for the root-zone to attain good moisture levels for plant growth
after rainfalls [9] (Zhang et al. 2021). The general higher BIO for AF along the year is
explained by larger rainfall volumes, but under no-limited rainwater conditions, the
higher rates in CT during some short periods are due to more available energy [56]
(Seneviratne et al. 2010).
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BIO assessments from 2020 to 2023, in general, SEALBA represented good
conditions for vegetation growth, however with different rates for both biomes along
the seasons according to rainfall water availability. Rebello et al. (2020), With MODIS
images processing from 2012 to 2015, water stress conditions were detected
significantly affecting BIO rates in the AF biome, followed strong recovering of
vegetation activities with the start of the rainy season [57]. Applying the SAFER
algorithm to MODIS images, [58] found annual average BIO values from 47 to 93 kg
ha! d! for AF within the Sdo Francisco River basin varying according to moisture
conditions, in Northeast Brazil. These previous studies corroborate with our results for
the AF biome within SEALBA.

Throughout field measurements from 2014 to 2015 in CT, [34] Silva et al. (2017)
reported that the natural species of this biome act as carbon sources to the atmosphere
during the driest periods, resulting in lower BIO rates, and as carbon sink during the
rainy seasons, promoting higher BIO values. It is also confirmed in [36] that in the CT
biome, BIO rates decrease under water stress conditions, resulting in rapid changes on
the carbon dynamics, as these situations affect the phenology, seasonality, stomatal
conductance and photosynthesis of its natural species. These previous reports show
similarity with our results for the CT biome in the SEALBA agricultural growing
region.

The highest BIO rates happening during the rainy season for both biomes in the
current study, under the best water availability in the vegetation root-zones, agree with
other studies under different environmental conditions, in which the association of
maximum NDVI values with optimum soil moisture levels were verified [19,22,59]
(Vicente-Serrano et al., 2015, 2018; Bento et al., 2018). Positive annual BIOsmp
average values, for both biomes from 2020 to 2023, indicated that, in general, at this
timescale, the root-zone moisture and available energy were in favor of BIO in the
SEALBA agricultural growing region. This fact showed general good conditions for
rainfed crops as well for forest exploration and less water need for irrigated agriculture,
in comparison with those for the long-term periods [9,21] (Teixeira et al. 2021a, Zhang
et al. 2021).

From the BIO anomaly assessments, carried out between the years 2020 and 2023,
the deviations of vegetation growth from specific periods regarding the long-term
conditions could be identified, through the BIOsrp values, showing potential support
for identification of better planting dates for rainfed agriculture, irrigation water needs
for irrigated agriculture and better periods for forestry. The plants vigor can be strongly
variable throughout the years, for both, AF and CT biomes within the SEALBA
agricultural growing region, without following specific tendencies. Negative BIOstp
values can badly impact agriculture while positive ones are favorable for crop growth
and forest exploration.

According to [60] Guauque-Melado et al. (2022), distinct biomes respond
differently to the water and energy availability for vegetation growth, depending on
the weather conditions. In case of the biome CT, its species develop physiological
adaptations to overcome environmental stresses [35] (Marques et al., 2020).
Detections of anomalies on BIO rates are appropriate for monitoring ecosystems in a
sustainable way, as they represent alterations in plant developments, affecting
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vegetation productivity [6,8,9,21,61] (Huang et al., 2016; Teixeira et al., 2021; Xu et
al., 2013; Yang et al., 2016; Zhang et al., 2019; Zhang et al., 2021).

On the one hand, increasing BIO is important, as its values are related to water
consumption, plant growth and crop productivities [9,62] (Seddon et al., 2016; Zhang
et al., 2021). On the other hand, a reduction on evapotranspiration rates without
compromising BIO but improving the water productivity levels is desirable, because
this reduction can contribute for minimizing water conflicts among water users [3]
(Teixeira et al., 2023). According to [63] Zhou & Zhou (2009), air humidity and
available energy were the most important parameters for the variations on water and
vegetation conditions in Northeast China. However, BIO rates in plants under water
stress conditions can also be affected by the stomatal regulations [64,65] (Mata-
Gonzalez et al., 2005; Mateos et al., 2013), which are strongly noticed in the CT
species within the SEALBA agricultural growing region.

5. Conclusions

It was confirmed the suitability of using remote sensing and weather data for
monitoring the dynamics of biomass production (BIO) and its anomalies on large and
different time scales, through standardized indexes (STD) for BIO (BIOstp), taking
the biomes Atlantic Forest (AF) and Caatinga (CT) within the Brazilian agricultural
growing region SEALBA as references, coupling the RUE model and the SAFER
algorithm with the MODIS’ MOD13Q1 reflectance product and gridded weather data.

From the BIO anomaly assessments for the years 2020, 2021, 2022 and 2023,
regarding the long-term periods from 2007 till each of these years, the deviations from
the historical conditions could be identified by comparing specific periods with long-
term data, showing potential to monitor vegetation growth in mixed agroecosystems.
Although significant differences in the energy and thermal conditions did not occur
between the analyzed biomes, strong spatial and temporal differences on BIO rates
could be detected, caused mainly by distinct rainfall water availability. Rainfall is the
main responsible weather parameter driver for the spatial BIO variations, which
explains the large differences between CT and AF. It is important to note that varying
BIO might also be caused by different areas of soil covered by the vegetation within
these biomes, affecting the partitions into transpiration and evaporation. Within
SEALBA, higher BIO values are for the AF biome, however CT presents situations
with similar or even higher rates just after the rainy seasons, due to the stronger and
faster response of its species to variations on the root-zone moisture levels.

Rainfall distribution throughout the year contributed to the magnitude of the
evaporative fraction (ETy), representing the root-zone moisture. However, there were
gaps between BIO and precipitation, which may be related to the time needed for
recovering good conditions of soil moisture after rainfall, but also because some of the
rainfall water is lost by runoff and percolation, what also affects BIO. Applications of
the standardized index to BIO in this case study showed that this index is useful for
monitoring vegetation conditions, having potential to support sustainable
environmental management, as it pictures suitable periods and areas for agriculture
and forestry, allowing rational vegetation management while minimizing water
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competitions by distinct water users, increased by climate and land-use changes, with
possibilities for replication of the methods in other environmental conditions.

Although the methods were tested in a specific Brazilian agricultural growing
region, the success of the coupled use of MODIS images and gridded weather data
showed potential for the implementation of an operational BIO environmental
monitoring system by using historical data sets in other environmental conditions, with
enough details to differentiate vegetation conditions in distinct biomes. The BIO
spatial determinations and their anomalies showed strong potential to support public
policies regarding the management and conservation of natural resources, with the
possibility for replication of the methods in other countries. Limitations for application
of the methods in other environments could be lack of long-term weather data on large
scales and the probable need for modelling equation calibrations which will demand
simultaneous field and satellite measurements.
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