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Models for Predicting Biometric Variables in
Cowpea Using Multispectral Aerial Images
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Francinaldo Nunes Pessoa Filho®
Leandro Pessoa Nunes?®
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Abstract — Models based on vegetation indices (VI) from digital aerial
images are promising for predicting biometric variables in agricultural
crops. The objective of this study was to generate prediction models
for leaf area index (LAI) and shoot dry weight (SDW) of cowpea crops
(cultivar BRS-Inhuma) based on VI derived from aerial images captured by
a multispectral camera attached to a drone. The study was conducted at
the experimental station of the Brazilian Agricultural Research Corporation
(Embrapa Mid-North), in Teresina, PI, Brazil (5°05’S, 42°29’'W, and altitude
of 72 m) from September to October 2022. LAl was measured in the field
and in laboratory, while SDW was measured in eight samples at 13, 19, 26,
33, 40, 47, 51, and 61 days after sowing. During this same period, aerial
images were captured by a multispectral camera, with four bands (Green,
Red, Near-Infrared, and Red-Edge). Fifteen Vis were evaluated through the
indicators Pearson correlation and linear regression analyses, and maps
were developed to assess spatial variability in the field. The coefficient of
determination (R?), root mean square error (RMSE), and normalized RMSE
(nRMSE) were used to validate the models. Models based on cumulative
VI during the crop cycle were promising for predicting LAl and SDW
(leaves and total) of cowpea plants. Quadratic polynomial models using
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the cumulative VIs GCI [R2 = 0.8244 (p<0.01), RMSE = 1.14, and nRMSE
= 16.5%] and SR [R? = 0.8358 (p<0.01), RMSE = 1.18, and nRMSE =
17.1%] enabled LAl prediction, considering the LAl measured in the field
with a ceptometer. Linear models using the cumulative VIs TCARI-RE [R?
= 0.93 (p<0.001), RMSE = 22.7 g m2, and nRMSE = 10.2%] and TCARI
[R?2 = 0.9176 (p<0.001), RMSE = 24.8 g m, and nRMSE = 11.1%] are
promising for predicting leaf dry weight, whereas the cumulative VIs SR
[R2 = 0.9693 (p<0.001), RMSE = 62.5 g m?2, and nRMSE = 7.0 %] and
GCI [R% = 0.9669 (p<0.001), RMSE = 65.9 g m?, and nRMSE = 7.4 %]
are promising for predicting cowpea total dry weight. The quality of the
models enabled the detection of spatial variability of LAl and SDW in
cowpea plants across the entire experimental area.

Keywords: precision agriculture, remote sensing, RPA, QGIS, spatial
variability



Modelos de Predicdo de Variaveis Biométricas
em Feijao-Caupi por Imagens Aéreas
Multiespectrais

Resumo — Modelos baseados em indices de vegetacao (IVs) oriundos de
imagens aéreas digitais sdo promissores na predi¢cao de variaveis biométricas
das culturas agricolas. O objetivo do estudo foi a geragdo de modelos de
predicdo da area foliar e biomassa seca da parte aérea em feijao-caupi,
cv BRS Inhuma, baseados em Vs oriundos de imagens areas obtidas por
camera multiespectral embarcada em drone. O estudo foi conduzido na
estacao experimental da Embrapa Meio-Norte, em Teresina, PI, Brasil (5°05’
S, 42°29' W e 72 m de altitude), em setembro a outubro de 2022. Quantificou-
se em campo e em laboratério a area foliar (IAF) e a biomassa seca da parte
aérea em oito amostragens aos 13, 19, 26, 33, 40, 47, 51 e 61 dias apos
semeadura. Nas mesmas datas, procedeu-se a aquisicdo das imagens
aéreas com uma camera multiespectral, com quatro bandas (Green, Red,
NIR e Red-Edge). Avaliou-se 15 IVs por meio de indicadores como analise
de correlacao de Pearson e de regressao linear e a geragdo de mapas para
avaliagao da variabilidade espacial em campo. Utilizou-se para validagao dos
modelos o coeficiente de determinagéo (R?), a raiz quadrada do erro quadrado
médio (RMSE) e o RMSE normalizado (nRMSE). Os modelos baseados em
IVs cumulativos durante o ciclo de cultivo foram promissores na predicao do
IAF e biomassa seca da parte aérea (folhas e total) do feijao-caupi. Modelos
polinomiais quadraticos com os IVs GCI-Ac [R2 = 0,8244 (p<0,01); RMSE
= 1,14 e nRMSE = 16,5%] e SR-Ac [R2 = 0,8358 (p<0,01); RMSE = 1,18
e nRMSE = 17,1%] permitem a predigdo do IAF em relacdo aos dados de
IAF medidos em campo com ceptbmetro. Modelos lineares com os Vs
TCARI-RE-Ac [R2 = 0,93 (p<0,001); RMSE = 22,7 g m? e nRMSE = 10,2%]
e TCARI-Ac [R2 = 0,9176 (p<0,001); RMSE = 24,8 g m? e nRMSE = 11,1%]
sdo promissores para a predi¢cdo da biomassa seca das folhas, enquanto os
IVs SR-Ac [R2 = 0,9693 (p<0,001); RMSE = 62,5 g m? e nRMSE =7,0 %] e
GCI-Ac [R2 = 0,9669 (p<0,001); RMSE = 65,9 g m? e nRMSE = 7,4 %] para
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a predi¢cdo da biomassa seca total do feijdo-caupi. A qualidade dos modelos
possibilitou detectar a variabilidade espacial do IAF e biomassa seca da parte
aérea do feijao-caupi em toda a area experimental.

Palavras-chave: agricultura de precisao, sensoriamento remoto, ARP,
QGIS, variabilidade espacial

Introduction

Cowpea (Vigna unguiculata L. Walp) is an essential food in the dietary intake
and the main source of plant proteins for the population in the Northeast region
of Brazil (Freire Filho, 2011). In the 2022/2023 crop season, 1,035,900 ha were
grown with cowpea in this region, with a production of 441,200 Mg and a mean
grain yield of 426 kg ha™ (Feijao, 2023). Increasing the crop production potential
requires the incorporation of new cultivars tolerant to the main biotic and abiotic
factors, as well as the adoption of management practices that maximize production
factors. Therefore, cowpea production systems, mainly in large areas, demand the
adoption of technologies focused on precision agriculture precepts (Mulla, 2013).

Quantitative evaluations of biometric variables such as plant height, leaf area
index, and leaf dry weight, which affect grain yield, are essential for a proper
precision agriculture system (Bendig et al., 2015; Andrade Junior et al., 2021).
Efficient and non-destructive monitoring of plant growth is essential for managing
crops focused on precision agriculture (Quille-Mamani et al., 2022).

Shoot dry weight (SDW) and leaf area index (LAI) can be estimated
through spectral reflectance measurements of crop canopies (Han et al.,
2019; Gano et al., 2021; Ji et al., 2023). However, these measurements
involve the use of high-technology and costly equipment, which commonly
require calibration. The use of remote sensing techniques employing aerial
images captured by drones is recommended as an alternative due to its
several over conventional field-sampling methods (destructive) (Andrade
Junior et al., 2021; Ji et al., 2022; Quille-Mamani et al., 2022).
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Studies have shown that LAl (Santana et al., 2016; Gano et al., 2021) and
SDW (Bendig et al., 2015; Han et al., 2019; Quille-Mamani et al., 2022; Ji
et al., 2023) can be estimated using prediction models based on vegetation
indices obtained from multispectral aerial images captured by drones, as found
for common bean (Phaseolus vulgaris L.) and fava bean (Vicia faba L.) crops
evaluated by Ji et al. (2022), Quille-Mamani et al. (2022) and Ji et al. (2023).
The results have shown that vegetation index-based models using digital
aerial images are promising for predicting SDW in agricultural crops. However,
no studies were found focused on generating prediction models for biometric
variables in cowpea, such as LAl and SDW, using aerial images from drones.

In this context, the objective of the present study was to generate prediction
models for biometric variables (LAl and SDW) in cowpea based on vegetation
indices from aerial images captured by a multispectral camera attached to a
drone. The study aligns with Sustainable Development Goal 2 (Zero hunger
and sustainable agriculture), notably target 2.4 of the 2030 Agenda of the United
Nations (UN), as it proposes the adoption of digital technologies to increase
productive efficiency, making production systems for food crops, such as
cowpea, more sustainable.

Material and Methods

The study was conducted at the experimental station of the Brazilian
Agricultural Research Corporation (Embrapa Mid-North), in Teresina, PI,
Brazil (5°05’S, 42°29'W, and altitude of 72 m). Aerial images were obtained in
an area of 0.6 ha, where three weighing lysimeters were installed to measure
the water demand of cowpea crops (Figure 1). The experimental area had a
conventional fixed-sprinkler irrigation system consisting of eight lateral rows with
sprinkler spacing of 12x12 m. The climate of the region is C1sA’'a’, characterized
as subhumid dry, megathermic, with moderate water surplus in the summer,
according to the climate classification of Thornthwaite and Mather (1955).
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Historically, the region presents a mean annual temperature of 28.2 °C, with
maximum of 34 °C and minimum of 22.4 °C, a mean relative air humidity
of 69.5%, and a mean annual rainfall depth of 1,318 mm (Bastos; Andrade

Junior, 2019).

Photo: Aderson Soares de Andrade Junior
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Figure 1. (A) Municipality of Teresina,
Pl, Brazil; (B) Aerial image of the
lysimeters area and (C) Aerial image
of the experimental area. Brazilian
Agricultural Research Corporation
(Embrapa Mid-North).

Source: (A) Image obtained using QGIS
software; (B) Image obtained from Google
Earth.
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Irrigation management was based on the full replacement of reference
evapotranspiration (ETo), estimated daily by the Penman-Monteith method
(Allen et al., 1998), considering daily climate data obtained from an
automatic weather station located at 500 m from the experimental area.
The total irrigation water depth applied was 194.7 mm from sowing (August
31, 2022) to harvest (November 1, 2022), totaling 63 days, with a uniform
mean distribution of 74.5%. A total rainfall depth of 25.8 mm was recorded,
resulting in a total applied water depth of 220.5 mm (irrigation plus rainfall).

The soil in the experimental area was classified as Typic Hapludult
(Argissolo Vermelho-Amarelo distréfico) (Santos et al., 2018; Melo et al.,
2019), whose chemical and physical-hydrological characteristics are shown
in Table 1. Soil fertilizers were applied according to the soil analysis and
recommendations for cowpea crops (Melo et al., 2018).

Table 1. Chemical and physical-hydraulic characterization of the soil in the
experimental area processed at the Embrapa Meio-Norte Soil Laboratory.
Teresina, PI, 2022.

Layer OM pH P K Mg Ca Na CEC BS

(m)  gkg' H,0 mgdm? cmolc dm?3 %
0.0-02 129 578 3112 0.09 035 0.78 0.02 294 4232
0.2-04 112 595 2349 0.09 042 0.73 0.02 2.89 44.11

Layer Density Sand Silt Clay ©cc ©pmp
(m) (g cm™) g kg’ (%, volume)
0.0-0.2 1.63 814.7 94.7 90.7 21.9 5.8
0.2-0.4 1.64 761.9 109.7 128.4 20.8 6.3

OM = organic matter; CEC = cation exchange capacity; BS = base saturation; ©cc = field
capacity; ©pmp = permanent wilting point.

The evaluated cowpea cultivar (BRS-Inhuma) exhibits an
indeterminate growth habit, a semi-prostrate architecture, and a medium-
early maturation cycle (70-75 days). The seeds were sown using a four-
row seed-fertilizer drill, with a spacing of 0.5 m between rows and ten
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seeds per meter (20 plants m2). The sowing was carried out on August
31, 2022, and the grains were harvested on November 01, 2022.

Leaf area index (LA) and shoot dry weight (SDW) were measured
during the cowpea crop cycle on five randomly selected plant rows,
considering all plants within a linear meter. The plants were cut at
ground level, placed in plastic bags, and taken to the Plant Physiology
Laboratory of Embrapa Mid-North. In the laboratory, the plants were
counted and weighed to obtain the total fresh weight of the sample. A
subsample equivalent to 1/3 of the plants was taken from this sample,
weighed again to obtain the total fresh weight of the subsample, and
separated into leaves, stems, flowers, and pods to obtain the total
SDW. Total SDW was determined by drying the plants until constant
weight in a forced-air circulation oven at 65 °C. The dry weight of the
subsample plants was converted to dry weight per unit area (kg m2),
using the dry-to-fresh weight ratio of the sample from each replication
as a correction factor.

LAl was determined using two different methods: in the laboratory
and in the field (non-destructive). In the laboratory, the same plants
separated for determining dry weight was used to measure leaf area
(LA) using a leaf area meter (LI-3100; Licor, Lincoln, USA). The LA
of the plants was used to calculate the leaf area index (LAI) through
Equation 1:

LAI= (LAXNPY /AS .o, (1)

where: LAl = leaf area index (m? leaves/m? soil); LA = mean leaf area of
the subsample plants (m?); NP = number of sampled plants; AS = soil
area occupied by the sampled plants (m?).

LAI was measured in the field using a ceptometer (Accupar, LP-80;
Decagon Devices, Pullman, USA). The device enabled the obtaining
of LAl through by the ratio between the mean photosynthetically active
radiation above and below the crop canopy. Measurements were taken
at the same locations where the plants were collected for determining
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SDW. LAl and SDW measurements were carried out on eight sampling
days: at 13, 19, 26, 33, 40, 47, 51, and 61 days after sowing.

Aerial images were acquired using a remotely piloted aircraft, a
hexacopter type (Phantom 3 Pro; DJI, Shenzhen, China). Eight flights
were conducted on the same days as the plant sampling for LAI and
SDW evaluations, between 10:00 a.m. and 11:00 a.m. The flight plan
was was created in the software Pix4D Capture®. The flight plan was
designed to ensure that images were captured with 80% lateral and
frontal overlaps, keeping the flight altitude at 40 meters above ground
level, with a ground sample distance (GSD) of 2.5 cm pixel.

Multispectral images were acquired using a Parrot Sequoia camera
(Parrot, Jemmapes, Paris, France) consisted of four sensors that capture
images in the spectral bands Green (550 nm), Red (660 nm), Red Edge
(735 nm), and Near InfraRed (NIR) (790 nm). The camera resolution is
4608%3456 pixels for each band, and the images are recorded in 16-bit
TIFF format.

The images obtained in each flight totaled 186 images per spectral
band; they were georeferenced and corrected using a Global Positioning
System (GPS) and a solar radiation sensor installed on the top of the
aircraft. A radiometric calibration standard was also used for image
correction. The processing for generating the orthomosaic of the
aerial images was performed in the software Pix4D Mapper® (Pix4D
SA, Lausanne, Switzerland). The software configuration enabled the
generation of orthomosaic with a spatial resolution of 4.8 cm pixel'.

Fifteen vegetation indices (VI) were evaluated; they were estimated
based on the bands of the multispectral image. Table 2 presents
a descriptive summary of the indices used, with basic information
regarding their names, abbreviations, equations, and references.

13
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The multispectral indices were estimated using the raster calculator in
QGIS v. 3.22 (QGIS..., 2023). The vegetation indices were extracted using
the zonal statistics plugin of QGIS v. 3.22 (QGIS..., 2023), through the
vector layer consisted of 60 polygons with 1 m? area that were randomly
distributed in eight subareas: four for the modeling step and four for the
model validation step (Figure 2). The zonal statistics plugin generated a
table of attributes (number of pixels, mean, minimum, maximum, median,
and standard deviation) for the vegetation indices of each polygon. The
attributes were subdivided into six sets of ten polygons, whose mean
values were used to generate and validate the models.

9443400

:

Photos: Aderson Soares de Andrade Junior®

9447340

Figure 2. Sampled areas used for the generation (A) and validation (B) of prediction
models for LAl and SDW of cowpea plants of the cultivar BRS-Inhuma. Embrapa Mid-North,
Teresina, PI, Brazil.

p1, p3, p5, and p7 = sampled areas for modeling; p2, p4, p6, and p8 = sampled areas for
validation.

The statistical analysis of the data was performed as follows: a)
Pearson correlation analysis between the parameters LAl and SDW and
the evaluated Vls, focused on pre-selecting the most promising VIs for
predicting LAl and SDW; b) linear regression analysis to generate prediction
models for LAl and SDW; c) validation of prediction models for LAl and
SDW; and d) development of LAl and SDW maps with the most promising
prediction models to assess spatial variability in the field.

BOLETIM DE PESQUISA E DESENVOLVIMENTO 154
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Spatial variability was analyzed through box plot graphs and histograms,
which display the distribution of minimum, mean, maximum, median, and
standard deviation values, as well as the proportion of area occupied by
each class of LAI, leaf dry weight (LDW), and total dry weight (TDW) in
the maps. As the number of replications in the field was not adequate, the
same dataset collected in the field for LAl and SDW was used, but with a
different VI dataset (Figure 2).

The t-test was applied for Pearson correlation analysis. VIs with r=|0.8|
in relation to the parameters LAl and SDW were considered promising.
Statistical analyses (correlation and linear regression analysis) were
performed using in the software RBio (Bhering, 2017). Linear regression
models were selected based on the coefficient of determination (R?) (Eq. 2)
and the standard error of estimate (EPE) (Eq. 3). Regression models that
presented the highest R? and the lowest EPE were considered the best
models (Han et al., 2019).

2 I’
R=1 L (vi-y)?

EPE = /M/\/ﬁ e 3)
n-1

where: n is the number of observations, the parameter measured in
field; the parameter estimated by the regression models, and the mean of
the parameters measured in the field.

The performance of the prediction models was assessed using the
coefficient of determination (R?) (Eq. 2), the root mean square error (RMSE)
(Eqg. 4), and the normalized RMSE (nRMSE) (Eq. 5) (Yu et al., 2020).
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where: is the maximum and the minimum value of the parameter measured
in the field. Models with the highest R? and lowest RMSE and nRMSE
present better performance for predicting LAl and SDW (Han et al., 2019;
Jietal., 2022).

Results and Discussion

Leaf area index

The leaf area index (LAI) of cowpea plants during the development
cycle, estimated as a function of plant LA determined in the laboratory (LAI-
Lab) and directly measured in the field by ceptometer (LAI-Cep), is shown
in Figure 3A. The LAI curve showed increases from 13 days after sowing
(DAS) to 40 DAS, with LAI varying from 0.3+0.06 to 7.2+0.70 (measured
in laboratory) and from 0.4+0.05 to 6.8+2.29 (measured in the field with
a ceptometer). The deviations of LAI-Cep were higher than those in LAI-
Lab due to the variability in the LAl measurement processes in the field
and laboratory. LAl decreased after 40 DAS, oscillating from 4.9+0.51
to 3.6120.23 in the laboratory and from 4.7+1.48 to 2.2+0.39 in the field
(Figure 3A). The maximum LAl values were recorded 40 DAS, when the
crop canopy reached its full development, regardless of the measurement
methodology used.

Souza et al. (2017) evaluated the cowpea cultivar BR3-Tracuateua
under rainfed and irrigation conditions in Castanhal, PA, Brazil, and
found the highest LAl in the irrigated treatment, with 3.29+0.15 at 48 DAS
(2012) and 3.26+0.19 at 50 DAS (2013), during the reproduction stage.
Under rainfed conditions, the maximum LAl was 1.75+£0.09 in 2012 and
2.84+0.17 in 2013, denoting decreases of approximately 46.8% and 12.9%,
respectively, when compared to the irrigated treatment. These results
showed that cowpea cannot maintain leaf production when subjected to
water stress. The decreases in LAl were probably a survival strategy to
reduce leaf transpiration surface (Bastos et al., 2011). The LAI results
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found by Souza et al. (2017) was lower than those found in the present
study, probably due to differences in the growth habits of the cultivars used
and in the availability of water and solar radiation, which directly influenced
crop growth (Bastos, 2021).

The variability of LAl between the methodologies used for its
determination was evident from 33 to 61 DAS, when there was higher
variability for field measurements (1.54 to 1.81, with a maximum of 2.29
at 40 DAS) compared to those found for laboratory measurements (0.45
to 0.32, with a maximum of 0.70 at 40 DAS). In the initial stages (13 at 26
DAS) and the final cycle (61 DAS), the variability of LAl obtained by both
methods decreased, with deviations from the mean of 0.06 to 0.54 (LAI-
Lab) and 0.05 to 0.45 (LAI-Cep) (Figure 3A).
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Figure 3. Leaf area index (LAIl) of cowpea plants of the cultivar BRS-Inhuma during the de-
velopment cycle (A), and correlation between leaf areas measured in the laboratory (LAl-Lab)
and in the field (LAI-Cep) (B).

The lowest variability of LAl estimated in the laboratory was due to
more precise LA measurements by the LAI-3000 device compared to
field measurements with the ceptometer device. The ceptometer requires
previous configuration with input of empirical values of parameters that
affect the performance for LAI readings (Facchi et al., 2010), such as
the distribution angle of the crop leaves. This is an important aspect as it
affects the estimation of photosynthetically active radiation intercepted by
the crop (Accupar..., 2017). Field LAl measurements naturally exhibits leaf
overlaps from the upper part over the lower part of the canopy, whereas
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in the laboratory, LAl is obtained by summing the area of all plant leaves.
Considering the methodological differences for measurement, LAl measured
in field by the ceptometer was underestimated by 86.8% (R? = 0.894) compared
to that estimated in the laboratory (Figure 3B). Rodrigues et al. (2013) and
Silva et al. (2016) evaluated LAl in grapevine by destructive methods (LI-3100)
and in the field (Accupar LP-80) and found that the ceptometer Accupar LP-80
underestimated grapevine LAl in different crop systems, requiring correction
for each canopy.

Shoot dry weight

The shoot dry weight (SDW) of cowpea plants during the development
cycle is shown in Figure 4. The leaf dry weight varied from 11.5£0.9 g m
at 13 DAS to 235.1£18.0 g m? at 40 DAS, decreasing during the grain
maturation stage (211.5£5.2 g m?2 at 61 DAS) due to natural leaf senescence
(Figure 4A). The stem dry weight exhibited an increasing growth curve
from the vegetative stage to maturation, increasing from 7.7+0.5 g m? at
13 DAS to 559.3+20.9 g m? at 61 DAS (Figure 4B). The pod dry weight,
concentrated only in the reproduction stage, varied from 1.2£0.5 g m? at 41
DAS to 221.4+32.7 g m2 at 54 DAS, at the stages of full pod formation and
maturation (Figure 4C).

The aerial part dry weight (leaves, stems, and pods) resulted in a total
cumulative dry weight with a typical growth curve, ranging from 19.2£1.7 g
m2 at 13 DAS to 263.0+22.8 g m? at 33 DAS, at the end of the vegetative
stage. A higher increase was found during the reproduction stage due to pod
formation and filling, ranging from 578.4+59.3 g m2 at 40 DAS to 927.2+65.6
g m2 at 54 DAS, at the end of the pod filling stage (Figure 4D).

Souza et al. (2017) evaluated the cowpea cultivar BR3-Tracuateua under
rainfed and irrigation conditions in Castanhal, PA, Brazil, and found a similar
growth curve for total SDW to that observed in the present study; however,
with lower cumulative dry weights. The highest cumulative dry weight obtained
was only 538.4+32.4 g m?2 at 58 DAS in the irrigated crop, which was probably
due to differences in the size and growth habit of the cultivars used.
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Figure 4. Shoot dry weight of cowpea plants of the cultivar BRS-Inhuma during the
development cycle.

(A) Leaves, (B) Stems, (C) Pods, and (D) Total.

Guerra et al. (2020) evaluated the cumulative total SDW of cowpea
cultivars at the beginning of flowering under the soil and climate conditions
of Barra, western Bahia, Brazil, and found total SDW varying from 360 g m2
(BRS-Aracé; 42 days after emergence) to 680 g m? (BRS-ltaim; 31 days
after emergence), denoting that biomass production depends on the cultivar’s
growth habit. The cultivar BRS-Guariba presented a total SDW of 560 g m2 at
31 days after emergence (approximately 36 DAS), close to that obtained in the
present study (576.3 g m?) for the cultivar BRS-Inhuma at 40 DAS.

Pearson correlation analysis

The Pearson correlation coefficient (r) between the evaluated vegetation
indices (VIs) and the field-measured LAl using a ceptometer (LAI-Cep) was
higher than that determined in the laboratory (LAl-Lab) in all evaluated
situations (Figure 5), denoting that the spectral response of the crop canopy
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was better detected by aerial images when the ceptometer was used for
measuring LAI. This may be due to the ceptometer’s mode of operation, which
measure the photosynthetically active radiation above and below the canopy,
preserving the natural structure and distribution of canopy leaves; this is the
opposite of the laboratory determination, for which the plants are collected in
the field, thus changing the canopy structure. As mentioned, LAl measured in
the field was underestimated by 86.8% (R? = 0.894) compared to laboratory
measurements, probably due to the methodological differences (Figure 3B)
(Rodrigues et al., 2013; Silva et al., 2016).

Considering all eight LAl measurements and the established criterion for
selecting the best Vs as those with r=|0.8|, the VI NDREI (r = 0.839, p<0.01),
GCI (r = 0.816, p<0.05), and gNDVI (r = 0.812, p<0.05) stood out for LA-
Lab (Figure 5A); and all others presented r=0.8 for LAI-Cep, except NDVI-RE,
RDVI, RECI, and SR-RE. NDREI (r = 0.924, p<0.01), GCI (r = 0.912, p<0.01),
TCARI-RE (r =-0.903, p<0.01), and gNDVI (r = 0.901, p<0.01) presented the
highest r values (Figure 5B).

However, considering only the LAl measurements up to the 6 sampling
(47 DAS), the number of VIs with r=0.8 increased considerably, indicating a
higher potential for predicting LAl in cowpea when measurements are taken
during the crop reproduction stage (LAI-Cep = 6.8+2.29). The VIs with the
highest r values were TCARI-RE (r =-0.974, p<0.001), SR (r = 0.952, p<0.01),
NDREI (r = 0.951, p<0.01), and GCI (r = 0.95, p<0.01) (Figure 5C) for LAl-Lab
measurements; and the most promising VIs (r=0.8) were TCARI-RE (r = 0.95,
p<0.001), NDREI (r = 0.94, p<0.01), SR (r = 0.93, p<0.01), and GCI (r = 0.93,
p<0.01) for LAI-Cep measurements (Figure 5D).

According to Haboudane et al. (2004), predicting LAI from spectral
image data presents two important challenges: (i) the VI approaches a
spectral asymptotic saturation level when LAl = 5 m? m, making it difficult to
establishment an acceptable prediction model, depending on the VI used; (ii)
there is no single correlation between LAl and a VI, but several correlations
depending on leaf chlorophyll content and other characteristics of the crop
canopy (Stanton et al., 2017). Kross et al. (2015) found spectral saturation for
the VIs gNDVI, NDVI, NDVI-RE, and RTVI when the mean LAI of soybean and
maize exceeded 6 m? m2,
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Figure 5. Pearson correlation between LAls measured in the laboratory (LAl-Lab) and in the
field (LAI-Cep) in cowpea plants of the cultivar BRS-Inhuma and the evaluated vegetation

indices (VIs).

(A) LAI-Lab and VI measured up to the 8" sampling; (B) LAI-Cep and VI measured up to
the 8" sampling; (C) LAl-Lab and VI measured up to the 6" sampling; (D) LAI-Cep and VI

measured up to the 6" sampling; (E) LAl-Lab and cumulative VI in successive samplings; (F)
LAI-Cep and cumulative VI in successive samplings.
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Spectral saturation of VI images was reached after 40 DAS (LAI-
Cep = 6.8+2.3), at reproduction stage. Some studies have evaluated
and compared several Vls in terms of stability and power for predicting
LAl (Baret; Guyot, 1991; Broge; Leblanc, 2000), whereas others have
modified some VIs to improve their linearity and increase their sensitivity
to LAl (Nemani et al., 1993; Chen, 1996; Brown et al., 2000). Santana
et al. (2016) found NDVI saturation for common bean plants 50 days
after plant emergence and recommended this vegetation index mainly
during the crop vegetative stage. Studies focused on predicting LAI in
cowpea plants through VlIs from spectral images should advance on
finding calibration parameters to reduce the effect of spectral saturation
of the promising Vls identified in the present study, as well as incorporate
textural information from images that exhibit intrinsic structural and
geometric canopy characteristics (Ji et al., 2023).

Using cumulative VI over the cowpea development stages (cumulative
VI) was the alternative found for predicting LAl of cowpea crops at any
development stage, without the inconvenience of spectral saturation of VI
images (Figures 5E and 5F). A similar procedure was used by Kross et al.
(2015). In this case, there was a high number of VI with r=|0.8| for both
methodologies used. The most promising VIs for LAlI-Lab were GCI (r =
0.933, p<0.0001), RDVI (r = 0.925, p<0.001), MTVI2 (r = 0.92, p<0.001),
and TCARI (r = -0.918, p<0.01) (Figure 5E); whereas the most promising
VIs for LAI-Cep were TCARI (r =-0.949, p<0.001), SR (r = 0.936, p<0.001),
TCARI-RE (r =-0.933, p<0.001), and GCI (r = 0.918, p<0.01) (Figure 5F).

Haboudane et al. (2004) searched for methods to minimize the effect of
leaf chlorophyll contents on LAI prediction and developed new algorithms
that adequately predict canopy LAI for soybean, maize, and wheat crops.
They evaluated the performance of existing Vls, such as NDVI, RDVI, SR,
SAVI. MSAVI, TVI, and MCARI, and prospected the use of new VIs (MTVI1,
MCARI1, MTVI2, and MCARI2) that are less sensitive to chlorophyll content
variations and linearly correlated with canopy LAI. They concluded that the
existing VIs were sensitive to changes in chlorophyll contents or affected
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by spectral saturation at high LAI. However, they developed two spectral
indices (MTVI2 and MCARIZ2) that proved to be the best predictors of
LAI for soybean, maize, and wheat crops. The analysis of the prediction
power of the proposed algorithms based on MCARI2 and MTVI2 showed
consistent results between the model measurement and non-destructive
field measurement of LAI, with coefficients of determination (R?) of 0.98
for soybean, 0.89 for maize, and 0.74 for wheat.

The prediction of cowpea LAI by the two evaluated methodologies
(laboratory and ceptometer) presented similar results to MTVI2,
presenting r = 0.92 (p<0.001) for LAl-Lab and r = 0.9 (p<0.01) for
LAI-Cep (Figures 5E and 5F). According to Haboudane et al. (2004),
MTVI2 has the advantage of being less sensitive to changes in leaf
chlorophyll contents. Kross et al. (2015) found that MTVI2 is sensitive
to leaf inclination angle in soybean and maize crops, as also found by
Liu et al. (2012). Gano et al. (2021) evaluated the performance of Vls
(NDVI, CTVI, MSAVI2, gNDVI, and SR) in predicting LAI in sorghum
canopies and found that SR and gNDVI are promising for predicting LAI
in sorghum plants, with r= 0.87 (p<0.001) for both Vls.

The Pearson correlation between total (TDW) and leaf (LDW) dry
weights of cowpea plants and the evaluated VIs is shown in Figure 6.
The correlation with SDW data measured at all samplings, as well as up
to the 6" sampling (47 DAS) was evaluated. TDW presented significant
correlation with the evaluated VIs for measurements taken up to the 4"
sampling (33 DAS) (vegetative stage); there was no correlation between
the VIs with TDW up to the 8™ sampling, as well as with cumulative VI
(Figures 6A, 6C, and 6E). However, LDW presented correlation with the
evaluated VIs for measurements taken up to the 5" sampling (40 DAS)
(beginning of the reproduction stage) and with cumulative VI for the
successive measurements up to the 8" sampling (Figures 6B, 6D and 6F).
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Figure 6. Pearson correlation between total (TDW) and leaf (LDW) dry weights of cowpea
plants of the cultivar BRS-Inhuma and the evaluated vegetation indices (VIs).

(A) TDW and VI measured up to the 8" sampling; (B) LDW and VI measured up to the 8™
sampling; (C) TDW and VI measured up to the 4" sampling; (D) LDW and VI measured
up to the 5" sampling; (E) TDW and cumulative VI in successive samplings; (F) LDW and
cumulative VI in successive samplings.
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These results denoted spectral saturation of VI for predicting TDW and
LDW of cowpea plants at 33 and 40 DAS, respectively, which is equivalent to
263.0+22.8 g m2 (TDW) at the end of the vegetative stage and 235.1+18.0
g m? (LDW) at the beginning of the reproduction stage (Figure 4D). Gano
et al. (2021) found spectral saturation of Vls (NDVI, CTVI, gNDVI, MSAVI2,
and SR) for predicting total dry weight of sorghum when the plants reached
75 g per plant. They explained that this VI spectral saturation is due to
decreases in LA after the flowering period. Mutanga e Skidmore (2004)
reported that other indices such as NDREI, TCARI-RE, RTVI, and SR-RE
may be more efficient in predicting biomass production after canopy closure
due to saturation in the Red-Edge spectral band in intermediate and late
crop growth stages. Similar LDW results were found in the present study for
cowpea plants, which presented a slight decrease in LA after the 5" sampling
(40 DAS), during the reproduction stage (Figure 4A).

According to the selection criterion established for the best Vs (those
with r=|0.8]), TCARI-RE (r = -0.985, p<0.05), TCARI (r = -0.982, p<0.05),
RDVI (r = 0.973, p<0.05), SR (r = 0.967, p<0.05), GCI (r = 0.963, p<0.05),
and MTVI2 (r = 0.963, p<0.05) stood out in predicting TDW (Figure 6C),
whereas TCARI-RE (r = -0.908, p<0.05), NDREI (r = -0.890, p<0.05), SR
(r = 0.881, p<0.05), GCI (r = 0.875, p<0.1), gNDVI (r = 0.847, p<0.1),
and TCARI (r = -0.826, p<0.1 stood out in predicting LDW (Figure 6D).
According to Kross et al. (2015), Vs that include spectral reflectance in
the Red-Edge band, such as RTVI, NDREI, and TCARI-RE, increase the
potential to estimate SDW (Haboudane et al., 2004; Chen et al., 2010).

Ji et al. (2023) evaluated the prediction of total SDW of fava bean
through VIs based on RGB images and found that GRVI, NDI, VARI, ExR,
and MGRVI presented higher correlation with total SDW (r = 0.71 or -
0.71) at the reproduction stage, whereas GRVI, NDI, GLI2, VARI, ExR, and
MGRVI presented higher correlation with total SDW (r = 0.62 or — 0.62) at
the beginning of grain filling stage. The multispectral images used in the
present study encompassed the NIR and Red-Edge bands, allowing for a
better assessment of plant spectral responses than images with only red,
green, and blue bands (Fei et al., 2021).
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Considering the cumulative VI, there was a high number of VI with
r=0.8. The most promising Vs for LDW were TCARI (r = -0.905, p<0.01),
SR (r = 0.896, p<0.01), GCI (r = 0.894, p<0.01), and TCARI-RE (r =
-0.883, p<0.01) (Figure 6F). Similar results were found for LAl prediction
(Figures 5E and F). However, this approach did not prove to be efficient for
predicting TDW (Figure 6E). According to Kross et al. (2015), cumulative
VI presents good performance for estimating total SDW (r = -0.883,
p<0.01), mainly for maize crops (CV<20%). Cumulative VI has been used
to include absorbed photosynthetically active radiation (Liu et al., 2009),
which is proportional to total dry weight (Monteith, 1972). However, in the
present study, this alternative was efficient only for leaf dry weight.

Generation of prediction models

The prediction models for LAl-Lab and LAI-Cep obtained with the most
promising VlIs are shown in Figures 7 and 8, respectively. NDREI and GCI
stood out for LAl-Lab, measured up to the 6™ and 8" samplings, presenting
the best fit to first-order linear models (Figures 7A the 7D). NDREI-8th
presented R? = 0.7042 (p<0.01) and standard error of estimate (EPE)
= 0.69 (Figure 7A), whereas GCI-8th presented R? = 0.6653 (p<0.05)
and EPE = 0.67 (Figure 7B). NDREI-6th presented Rz = 0.9051 (p<0.01)
and EPE = 1.06 (Figure 7C), whereas GCI-6th presented R? = 0.9029
(p<0.01) and EPE = 1.03 (Figure 7D). Kross et al. (2015) also found that
linear prediction models for LAl of soybean and maize crops presented
better fit for the VIs gNDVI (R? = 0.89), NDVI (R? = 0.89), NDVI-RE (R? =
0.83), and RTVI (R? = 0.87); however, all indices exhibited some spectral
saturation when LAl reached 6 m? m=2. In the present study, spectral
saturation occurred from 40 DAS onwards, with a maximum LAI-Cep of
6.8+2.3 and LAI-Lab of 7.2+0.7 m? m~ (reproduction stage) (Figure 3A).
This result explains the better fit of LAl prediction models up to the 6%
sampling compared to the 8" sampling.
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Figure 7. Prediction models for LAl-Lab in canopy of cowpea plants (cultivar BRS-Inhuma)
based on the two most promising vegetation indices (r=0.8).
(A) NDREI-8th; (B) GCI-8th; (C) NDREI-6th; (D) GCI-6th; (E) TCARI-CS; and (F) SR-CS.
8th = measurements up to the 8th sampling; 6th = measurements up to the 6th sampling;
CS = cumulative samplings. Significance levels of model coefficients: * (p<0.05), ** (p<0.01)
and *** (p<0.001).
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Figure 8. Prediction models for LAI-Cep in canopy of cowpea plants (cultivar BRS-Inhuma)
based on the two most promising vegetation indices (r=0.8).

(A) NDREI-8th; (B) GCI-8th; (C) NDREI-6th; (D) GCI-6th; (E) SR-CS; and (F) GCI-CS. 8th
= measurements up to the 8th sampling; 6th = measurements up to the 6th sampling; CS =
cumulative samplings. Significance levels of model coefficients: * (p<0.05), ** (p<0.01) and
*** (p<0.001).
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According to Gitelson et al. (2014), the best correlations of NDVI with LAI
and photosynthetically active radiation occur during the vegetative stage
for maize and soybean crops. However, during the reproduction stage, the
NDVI presented few changes as a function of LA increases. Similar result
was found in the present study.

Santana et al. (2016) evaluated common bean plants and found linear
LAl prediction models based on NDVI for four cultivars, in two sowing
times. The prediction models presented R? of 0.928 (cultivar Agreste),
0.942 (cultivar Perola), 0.893 (cultivar BAT 477), and 0.707 (cultivar BRS-
Pontal) for the first sowing time (May 17, 2013).

The LAI prediction models using cumulative VI in cumulative samplings
showed a better fit than models using VI measured up to the 6™ and
8" samplings. TCARI presented R2 = 0.9447 (p<0.001) and EPE = 0.8,
whereas SR presented R? = 0.9407 (p<0.001) and EPE = 0.79 (Figures 7E
and 7F). The prediction models using cumulative TCARI and SR fitted to
second-order polynomial functions, denoting that the cumulative VI during
the cowpea crop cycle was efficient in overcoming the spectral saturation
limitations, enabling the prediction of LAl even after reaching the maximum
LAl measured in the field (Kross et al., 2015).

Haboudane et al. (2004) found the best fit for LAl prediction in soybean,
maize, and wheat crops using exponential functions, with an R? higher than
0.98, and found that the most promising VIs were RDVI, TVI, MSAVI, and
MTVI2, as they combine low sensitivity to changes in chlorophyll content
and the ability to predict LAl in crops with moderate to high density (LAI>3)
(Broge; Leblanc, 2000).

The prediction models of LAI-Cep (Figure 8) and LAI-Lab (Figure 7)
presented similar results; however, with better statistical indicators, i.e.,
higher R? and lower EPE, for measurements carried taken up to the 6"
sampling, probably due to methodological differences in LAl measurements
in the field, resulting in an underestimation of 86.8% (R? = 0.894) for LA-
Cep compared to LA-Lab (Figure 5B).
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NDREI and GCI stood out for LAI-Cep measurements up to the 6" and 8"
samplings, presenting the best fit to first-order linear models (Figures 8A to
8D). NDREI-8th presented R? = 0.8538 (p<0.01) and EPE = 0.7 (Figure 8A),
whereas GCI-8th presented R? = 0.8318 (p<0.01) and EPE = 0.69 (Figure
8B). NDREI-6th presented R? = 0.882 (p<0.01) and EPE = 0.93 (Figure 8C),
whereas GCI-6th presented R? = 0.8605 (p<0.01) and EPE = 0.92 (Figure 8D).

In the predictive models of cumulative LAI, SR stood out with R?
0.8686 (p<0.01) and EPE = 0.7 (Figure 8E), followed by GCI with R?
0.8523 (p<0.01) and EPE = 0.69 (Figure 8F). The prediction models with
cumulative VI fitted to second-order polynomial functions, reinforcing the
trend that the cumulative VI strategy is effective in overcoming spectral
saturation limitations in cowpea crops, as previous found for soybean,
maize, and wheat crops (Kross et al., 2015).

The prediction models of LDW and TDW in cowpea plants are shown
in Figures 9 and 10, respectively. The models fitted better to exponential
(prediction up to the 5" sampling) and first-order polynomial (cumulative
samplings) functions.

The most promising models (r=0.8) for leaf dry weight measurements up to
the 5" sampling were NDREI-5th, with R? = 0.9091 (p<0.05) and EPE =40.5 g
m2 (Figure 9A), and TCARI-RE-5th, with R2 = 0.7541 (p<0.1) and EPE = 34.1
g m?2 (Figure 9B). The most promising Vls for the models based on cumulative
VI were TCARI-RE, with R2 = 0.9325 (p<0.001) and EPE = 31.3 g m? (Figure
9C), and TCARI, with R2=0.9238 (p<0.001) and EPE = 31.1 g m (Figure 9D).

The most promising models for predicting TDW up to the 4" sampling were
generated using gNDVI, with R? = 0.9985 (p<0.01) and EPE = 56.7 g m?
(Figure 10A), and NDREI, with R? = 0.9978 (p<0.01) and EPE = 57.3 g m?
(Figure 10B).

In the prediction models obtained for cumulative VI, SR stood out, with R?
= 0.9606 (p<0.001) and EPE = 132.5 g m? (Figure 10C), followed by GClI,
with R? = 0.9668 (p<0.001) and EPE = 132.3 g m? (Figure 10D). The models
fitted better to exponential (prediction up to the 5" sampling) and first-order
polynomial (cumulative samplings) functions.
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Figure 9. Prediction models for leaf dry weight (LDW) in cowpea plants (cultivar BRS-Inhuma)
based on the two most promising vegetation indices (r=0.8).
(A) NDREI-5th; (B) TCARI-RE-5th; (C) TCARI-RE-CS; and (D) TCARI-CS. 5th = measurements
up to the 5" sampling; CS = cumulative samplings. Significance levels of model coefficients: °
(p<0.1), * (p<0.05), ** (p<0.01) and *** (p<0.001).

Kross et al. (2015) evaluated prediction models for LDW in soybean,
maize, and wheat crops and found exponential functions for NDVI (R?

= 0.86), MTVI2 (R?

0.84), and gNDVI (R? = 0.82), whereas the most

promising models were linear, for the IVs SR (R? = 0.89) and RTVI (R?
= 0.92). Regarding TDW, they found an exponential prediction model for
NDVI-RE (R? = 0.78) and a linear model for SR-RE (R? = 0.58). All indices
presented spectral saturation of approximately 400 g m?2 and 800 g m for
LDW and TDW, respectively. In the present study, the spectral saturation
for prediction models for LDW and TDW were 235.1+18.0 g m?2 (40 DAS)
and 263.0£22.8 g m? (33 DAS), respectively.
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sampling; CS = cumulative samplings. Significance levels of model coefficients: * (p<0.05), **
(p<0.01) and *** (p<0.001).

According to Kross et al. (2015), TDW includes more photosynthetically
inactive components (stem and flowers, for instance) than LAl or LDW,
which probably affects the correlation between VI and photosynthetically
active components. The cumulative VI was a better approach for estimating
TDW, with R? varying between 0.73 and 0.92 for maize (linear correlations
for all VI) and between 0.66 and 0.93 for soybean (linear and exponential
correlations).

Gano et al. (2021) defined exponential prediction models for TDW in
sorghum crops using NDVI, CTVI, and MSAVI2, which presented R? = 0.66
(p<0.001), as well as gNDVI, with R? = 0.52 (p<0.001), which are lower
than those obtained in the present study. Santana et al. (2016) defined
linear prediction models for LDW in common bean crops using NDVI, which
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presented R? from 0.874 (cultivar BAT 477) to 0.649 (cultivar BRS Agreste).
Considering the LDW results of the four evaluated genotypes, they better
fitted to a linear prediction model, with an R? = 0.79. The spectral saturation
was reached with approximately 150 g m2, which was close to the saturation
value found in the present study.

Other Vls such as NDREI, TCARI-RE, RTVI, and SR-RE may be more
effective in predicting biomass production after canopy closure, as the
saturation in the Red-Edge spectral band occurs in intermediate and late
stages of the crop growth (Mutanga; Skidmore, 2004; Kross et al., 2015).
Similar LDW result was found in the present study for cowpea, which
presented a slight decrease in LA after the 5" sampling (40 DAS), during
the reproduction stage (Figure 4A).

Validation of prediction models

The validation of prediction models for LAI, LDW and TDW is shown in
Figures 11 to 14. The statistical performance was evaluated by the statistical
indicators R?, RMSE, and nRMSE. Models with the highest R2 and the
lowest RMSE and nRMSE presented better performance in predicting LAI,
LDW and TDW (Han et al., 2019; Ji et al., 2022).

Considering all samplings carried out in the field, the prediction models
for LAI-Lab that presented better performance were obtained using the Vls
NDREI [RZ=0.7071 (p<0.001), RMSE = 1.179, and nRMSE = 17.1 %] and
GCI [R2 = 0.6554 (p<0.05), RMSE = 1.279, and nRMSE = 18.5%] (Figures
11A and 11B). NDREI stood out for samplings carried out up to the 6%
sampling, presenting R = 0.9568 (p<0.0001), RMSE = 0.288l, and nRMSE
4.2 % (Figure 11C), followed by GCI [R? = 0.9088 (p<0.001), RMSE
0.821, and nRMSE = 11.9 %] (Figure 11D). TCARI stood out for the
cumulative VI in successive samplings over the cowpea cycle, presenting
R2=0.9492 (p<0.0001), RMSE = 0.499, and nRMSE = 7.2 % (Figure 11E),
followed by SR [R? = 0.9336 (p<0.0001), RMSE = 0.575, and nRMSE = 8.3
%] (Figure 11F).
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Figure 11. Validation of prediction models for LAl-Lab in canopy of cowpea plants (cultivar
BRS-Inhuma) based on the two most promising vegetation indices (r=0.8).

(A) NDREI-8th; (B) GCI-8th; (C) NDREI-6th; (D) GCI-6th; (E) TCARI-CS; and (F) SR-CS. 8th
= measurements up to the 8" sampling; 6th = measurements up to the 6" sampling; CS =
cumulative samplings. Significance levels of model coefficients: * (p<0.05), ** (p<0.01) and
*** (p<0.001).
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The prediction models for LAI-Cep (Figure 12) presented higher
performance (higher R? and lower RMSE and nRMSE) than models
generated for LAl-Lab (Figure 11), considering all samplings conducted in
the field (Figures 12A and 12B).

The best performances when considering all samplings in the field were
found for NDREI [R? = 0.8924 (p<0.001), RMSE = 0.658, and nRMSE =
10.3 %] and GCI [R? = 0.8128 (p<0.001), RMSE = 0.872, and nRMSE =
13.7%] (Figures 12A and 12B). NDREI stood out for the samplings carried
out up to the 6" sampling, presenting R? = 0.9478 (p<0.001), RMSE =
0.424, and nRMSE = 6.6 % (Figure 12C), as well as GCI [R? = 0.8487
(p<0.001), RMSE = 0.908, and nRMSE = 14.2 %] (Figure and 12D). GClI
stood out for the cumulative VI over the cowpea cycle, with R? = 0.8244
(p<0.001), RMSE = 1.14, and nRMSE = 16.5% (Figure 12E), as well as SR
[R2=0.8358 (p<0.001), RMSE = 1.181, and nRMSE = 17.1%] (Figure 12F).

Santana et al. (2016) evaluated the performance of LAl prediction
models based on NDVI for four common bean genotypes, in two sowing
times. Considering the first sowing time (May 17, 2014), the best fit was
found for the genotype Perola (R? = 0.94; RMSE = 0.31) and the lowest
fit quality was found for the genotype BRS Pontal (R? = 0.70; RMSE =
0.64). Considering the second sowing time (July 03, 2014), the best fit was
found for the genotype BAT 477 (R? = 0.99; RMSE = 0.07) for all quality
indicators, whereas the lowest fit quality was found for BRS Agreste (R? =
0.85; RMSE = 0.24). They found that more prostrated cultivars (BAT 477
and Pérola) performed better for both sowing times, and these cultivars
exhibited a more prostrated architecture with a better soil coverage than the
BRS Agreste (erect architecture) at the beginning of the crop development
cycle, which makes them better for predicting LAI. The cowpea cultivar
BRS-Inhuma exhibits an indeterminate growth habit and a semi-prostrate
architecture, which may have enabled a better prediction of LAl-Lab and
LAI-Cep, mainly for samplings conducted up to the 47 DAS (6" sampling)
(Figures 11C, 11D, 12C and 12D).
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Figure 12. Validation of prediction models for LAI-Cep in canopy of cowpea plants (cultivar
BRS-Inhuma) based on the two most promising vegetation indices (r=0.8).

(A) NDREI-8th; (B) GCI-8th; (C) NDREI-6th; (D) GCI-6th; (E) GCI-CS; and (F) SR-CS. 8th =
measurements up to the 8" sampling; 6th = measurements up to the 6" sampling (47 DAS);
CS = cumulative samplings. Significance levels of model coefficients: * (p<0.05), ** (p<0.01)
and *** (p<0.001).
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Haboudane et al. (2004) evaluated the performance of LAI prediction
models for soybean and maize crops using the Vis MTVI2, MSAVI,
RDVI, and TVI and found the best predictions of soybean LAl when
using MTVI2 (R? = 0.98; RMSE = 0.28), MSAVI (R? = 0.97; RMSE =
0.43), and RDVI (R? = 0.95; RMSE = 0.75); the maize crop showed
a slight lower fit for the same VIs: MTVI2 (R? = 0.89; RMSE = 0.46),
MSAVI (R? = 0.88; RMSE = 0.58), and TVI (R? = 0.81; RMSE = 1.21).
The R? and RMSE obtained were very similar to those found in the
present study for cowpea plants.

LAl prediction models using cumulative VI during the cowpea
development cycle had better performance than the models using simple
(non-cumulative) VI for LAl-Lab (Figure 11E and 11F), denoting that the
strategy of using cumulative VI was effective in overcoming spectral
saturation limitations, allowing for LAl prediction in cowpea crops even
after reaching the maximum LAl measured in the field (Kross et al., 2015).

Regarding SDW, the best-performing models for predicting leaf dry
weight (LDW) in evaluations carried out up to 40 DAS were NDREI [R2 =
0.9964 (p<0.01), RMSE = 35.0 g m2, and nRMSE = 15.7 %] and TCARI-RE
[R2=0.9128 (p<0.1), RMSE = 40.7 g m?, and nRMSE = 18.2 %] (Figures
13A and 13B). The best-performing models for cumulative samplings over
the crop cycle were TCARI-RE [R? = 0.93 (p<0.001), RMSE = 22.7 g m?,
and nRMSE = 10.2 %] and TCARI [R? = 0.9176 (p<0.001); RMSE = 24.8
g m?2, and nRMSE = 11.1 %] (Figures 13C and 13D).

The models that showed the best fit for predicting TDW up to the 4t
sampling were obtained using the VIs gNDVI [R? = 0.9954 (p<0.01),
RMSE = 10.0 g m?, and nRMSE = 4.1 %] and NDREI [R? = 0.9907
(p<0.01), RMSE = 12.0 g m2, and nRMSE = 4.9 %] (Figures 14A and
14B). The best fit for the prediction models obtained using cumulative VI
were found for the VIs SR [R? = 0.9693 (p<0.001), RMSE = 62.5 g m?,
and nRMSE = 7.0 %] and GCI [R? = 0.9669 (p<0.001), RMSE =65.9 g
m2, and nRMSE = 7.4 %] (Figures 14C and 14D).
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Figure 13. Validation of prediction models for leaf dry weight (LDW) in cowpea plants
(cultivar BRS-Inhuma) based on the two most promising vegetation indices (r|0.8|).

(A) NDREI-5th; (B) TCARI-RE-5th; (C) TCARI-RE-CS; and (D) TCARI-CS. 5th =
measurements up to the 5th sampling (40 DAS); CS = cumulative samplings. Significance
levels of model coefficients: ° (p<0.1), * (p<0.05), ** (p<0.01) and *** (p<0.001).

Kross et al. (2015) found best fit for LDW prediction models in soybean
and maize crops using the VIs NDVI [R? = 0.9 (p<0.0707) and mean square
error (MSE) = 82.7 g m?] and RTVI [R? = 0.79 (p<0.0021) and MSE =
130.3 g m?]. The models generated using cumulative MTVI2 stood out for
predicting TDW in soybean, presenting R? = 0.95 and MSE = 84.3 g m?2,
followed by SR (R? = 0.87 and MSE = 77.8 g m). Regarding the maize
plants, the best performance was found for models using the cumulative
Vis SR-RE (R? = 0.97 and MSE = 101.2 g m?) and NDVI (R? = 0.95 and
MSE = 123.4 g m?).
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Figure 14. Validation of prediction models for total dry weight (TDW) in cowpea plants (cul-
tivar BRS-Inhuma) based on the two most promising vegetation indices (r=|0.8]).

(A) gNDVI-4th; (B) NDREI-4th; (C) SR-CS; and (D) GCI-CS. 4th = measurements up to the
4th sampling (33 DAS); CS = cumulative samplings. Significance levels of model coeffi-
cients: * (p<0.05), ** (p<0.01) and *** (p<0.001).

Gano et al. (2021) found better fit for TDW prediction models in
sorghum crops when using the VIs NDVI [R? = 0.91 (p<0.001) and RMSE

= 4.96 g plant”), CTVI [R? = 0.92 (p<0.001) and RMSE = 4.5 g plant],

MSAVI2 [R? = 0.92 (p<0.001) and RMSE = 4.4 g plant'], and gNDVI [R?
=0.77 (p<0.001) and RMSE = 7.06 g plant]. Santana et al. (2016) found
better fit for LDW prediction models in common bean crops when using
the VIs NDVI (R? = 0.97, RMSE = 12, 4 g m?, and nRMSE = 12.8 % for
the cultivar Agreste; and R = 0.94, RMSE = 8.5 g m?, and nRMSE = 10.8
% for the cultivar BAT 477); similar results were obtained in the present

study for cowpea regarding the nRMSE of models using cumulative VI

(Figures 13C and 13D).
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The LDW and TDW prediction models using cumulative VI presented
better fit than the individual VI in each stage, which is consistent with the
results obtained in the present study (Figures 13C, 13D, 14C and 14D).
According to Kross et al. (2015), cumulative VI results in better TDW
estimates, as the TDW estimation includes more photosynthetically
inactive components (such as stems and flowers) than LAl and LDW,
which probably affect the correlation between VI and photosynthetically
active components.

Maps of leaf area index and dry weight

The maps of leaf area index (LAl), leaf dry weight (LDW), and total
dry weight (TDW) during the cowpea development cycle, obtained with
the application of the best-performing prediction models, are shown
in Figures 15 to 18. The LAl maps were developed using prediction
models based on the VI SR-CS, generated based on LAl measured
with a ceptometer (LAI-Cep). Models generated with cumulative VI over
the cowpea development cycle were used.

The classes with the highest LAl were found at 33 (a4) and 40 DAS
(ab), presenting lower variability (smaller standard deviation), with
LAl of 5.1+0.18 (a4) and 5.2+0.10 (a5) when the cowpea reached full
vegetative development (Figures 15D and 18A). During this stage, LAI
ranged from 5.1 (lower quartile, Q25) to 5.3 (upper quartile, Q75) for the
sampling a4 (33 DAS), whereas the sampling a5 (40 DAS) presented
LAl ranged from 5.1 (Q25) to 5.2 (Q75), corresponding to 81.7% (a4)
and 100% (a5) of the evaluated area (Figure 18D).

A higher LAI variability was found for cowpea plants during the
reproduction stage until harvest (a6-a8), which is a period characterized
by decreases in leaf growth until complete leaf senescence. Cowpea
crops under irrigation are characterized by emission of new leaves, as
the adequate water availability in the soil promotes the mixture of plants
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with new and senescent leaves in the crop area. During this stage,
LAI values were 3.9+0.56 (a6), 3.0+0.70 (a7), and 2.3+0.68 (a8), with
percentiles of Q25 = 3.5 and Q75 = 4.3 (a6), Q25 = 2.6 and Q75 = 3.5
(a7), and Q25 = 1.9 and Q75 = 2.7 (a8) (Figure 18A). The distribution
of LAI classes in this stage was: 36.7% (LAl = 3.6 to 4.2) and 25.0%
(LAl = 4.2 to 4.8) for the sampling a6; 31.7% (LAl = 2.4 to 3.0), 16.7%
(LAl =1.81t02.4), and 13.3% (LAI = 3.6 to 4.2) for the sampling a7; and
38.3% (LAl =1.8t0 2.4), 25.0% (LAl = 2.4 to 3.0), and 20.0% (LAl =1.2
to 1.8) for the sampling a8 (Figure 18D).

The classes with the highest LDW were found at 47 DAS (a6),
corresponding to the end of the vegetative stage, presenting slight
decreases at 51 (a7) and 61 (a8) DAS, during the pod maturation stage
when natural senescence of cowpea leaves occurs (Figures 16E,
16F, and 16G). LDW variability was higher during these three stages:
LDW = 227.1+40.3 g m2 (a6), LDW = 217.9+42.0 g m?2 (a7), and LDW
= 199.6+41.7 g m? (a8) (Figure 18B). The sampling a6 (47 DAS)
presented LDW ranged from 199.5 g m2 (Q25) to 258.3 g m? (Q75),
whereas the sampling a7 (51 DAS) presented LDW ranged from 184.4
g m2(Q25) and 250.5 g m2(Q75); and a8 (61 DAS) presented LDW
ranged from 167.0 g m2 to 229.0 g m?2 (Figure 18B). The distribution of
LDW classes was: 20.0% (LDW = 220.0 to 240.0 g m2), 19.0 % (LDW
= 240.0 to 280.0 g m?), and 13.0% (LDW = 160.0 to 200.0 g m2) for
the sampling a6; 22.0% (LDW = 200.0 to 240.0 g m?), 17.0% (LDW =
160.0 to 200.0 g m2), and 13.00% (LDW = 240.0 to 280.0 g m) for the
sampling a7; and 19.0% (LDW = 160.0 to 200.0 g m?), 19.0 % (LDW =
200.0 to 240.0 g m2), and 12.0% (LDW = 240.0 to 280.0 g m) for the
sampling a8 (Figure 18E).

Total dry weight (TDW) presented a similar trend to LDW, however,
with no TDW decreases during the maturation stage when there is a
substitution of leaf dry biomass by pod and grain dry biomasses. The
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classes with the highest TDW were found at 51 (a7) and 61 DAS (a8),
during the cowpea grain filling and pod maturation stages (Figures 17F
and 17G).

TDW variability was higher for the samplings a6 (TDW = 730.5+64.3
g m?)and a7 (TDW = 816.4+64.2 g m?), followed by sampling a8 (TDW
= 881.4459.6 g m?) (Figures 17E, 17F and 17G). TDW ranged from
685.3 g m? (Q25) to 784.7 g m2 (Q75) for the sampling a6 (47 DAS);
773.6 g m2(Q25) to 859.6 g m2(Q75) for the sampling a7 (51 DAS); and
848.3 g m2to 917.7 g m2for a8 (61 DAS) (Figure 18C). The distribution
of TDW classes was: 36.0% (TDW = 720.0 to 840.0 g m2) and 22.0%
(TDW = 600.0 to 720.0 g m2) for the sampling a6; 30.0% (TDW = 720.0
to 840.0 g m?2) and 26.0% (TDW = 840.0 to 960.0 g m2) for a7; and
43.0% (TDW = 840.0 to 960.0 g m2) and 13.0% (LDW = 720.0 to 840.0
g m=2) for a8 (Figure 18F).

The maps of LAl and dry weights of cowpea plants indicated a relative
spatial variability in the evaluated experimental area, which could be
utilized due to the excellent statistical performance of the prediction
models generated using the cumulative VIis SR (LAl and TDW) and
TCARI-RE (LDW), denoting the potential application of prediction
models. Further studies are recommended for model validation in
agricultural production fields using larger sample areas.
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Figure 15. Maps of leaf area index (LAI) of cowpea
plants (cultivar BRS-Inhuma) obtained through a
prediction model based on the vegetation index SR-
CS (CS = cumulative samplings).

Sayl (A) 19 DAS, (B) 26 DAS, (C) 33 DAS, (D) 40 DAS, (E)
T 47 DAS, (F) 51 DAS and (G) 61 DAS.
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Figure 16. Maps of leaf dry weight (LDW) of cowpea
plants (cultivar BRS-Inhuma) obtained through a
prediction model based on the vegetation index TCARI-
RE-CS (CS = cumulative samplings).

(A) 19 DAS, (B) 26 DAS, (C) 33 DAS, (D) 40 DAS, (E) 47
DAS, (F) 51 DAS and (G) 61 DAS.
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Figure 17. Maps of total dry weight (TDW) of cowpea
plants (cultivar BRS-Inhuma) obtained through a
prediction model based on the vegetation index SR-
CS (CS = cumulative samplings).

(A) 19 DAS, (B) 26 DAS, (C) 33 DAS, (D) 40 DAS, (E)
47 DAS, (F) 51 DAS and (G) 61 DAS.
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Figure 18. Box plot and histogram of maps of leaf area index (LAIl) (A, D), leaf dry weight
(LDW) (B, E) and total dry weight (TDW (C, F) of cowpea plants (cultivar BRS-Inhuma),
obtained through prediction models based on the cumulative vegetation indices SR-CS (LAI
and TDW) and TCARI-RE-CS (LDW).

(s1) 19 DAS, (s2) 26 DAS, (s3) 33 DAS, (s4) 40 DAS, (s5) 47 DAS, (s6) 51 DAS and (s7) 61
DAS. In each sampling n = 60. CS = cumulative samplings.
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Conclusions

a)

b)

d)

Models based on cumulative vegetation indices from multispectral
aerial images showed to be promising in predicting leaf area index and
shoot dry weight (leaves and total) of cowpea crops;

Quadratic polynomial models based on the cumulative vegetation
indices GCl and SR enabled the prediction of leaf area index
throughout the cowpea crop cycle, with mean errors of 16.5% and
17.1%, respectively, compared to leaf area index measured in the field
with a ceptometer;

Linear models using the cumulative vegetation indices TCARI-RE
and TCARI are promising for predicting cowpea leaf dry weight, with
mean errors of 22.7 g m2 (10.2%) and 24.8 g m2 (11.1%), respectively,
compared to field-measured leaf dry weight;

Linear models using the cumulative vegetation indices SR and GCI
are promising for predicting cowpea total dry weight, with mean errors
of 62.5 g m2 (7.0%) and 65.9 g m? (7.4%), respectively, compared to
field-measured total dry weight.
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