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ABSTRACT

Leaf area is an essential variable for the quantification of other important leaf characteristics in physiological studies
of plants, such as normalized photosynthetic rate and normalized phosphorus content. That is one of the reasons for the
need of fast and accurate methods to estimate leaf area. The objective of this work was to fit linear or non-linear
regression models to predict the individual leaf area of six species of forage legumes, based on digital images analyzed
with the package LeafArea, R software. In a field experiment, 100 leaves were randomly collected from the following
speciesCrotalariajuncea(L.), Canavaliaensiformis(L.), Cajanuscajan (L.), Dolichoslablab (L.), Mucuna cinereum
(L.), andMucuna aterrima (Piper &Tracy) Merr, in which the central leaflet length and width were meas@feiwards,
digital images of each leaf were processed in R software for leaf area estimation. These estimates were used to fit leaf area
prediction models; in fact, seventy leaves were used to fit the models; the rest of them were used for model validation.
For the six species, the complete second-degree polynomial model, or derivative submodels, can be used to predict leaf
area as a function of length and width of the central leaflet, presenting Rz above 0.98 and percentage absolute mean error
below 9%. In these models, the effect of leaf width is generally greater than the leaf length. The R package LeafArea
showed to be a very efficient tool for the estimation of leaf area through the execution of the $ogakevith high
precision and easy calibration.
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RESUMO

Modelos para predicdo da area foliar individual de leguminosas forrageiras

A area foliar € uma variavel essencial para a quantificacdo de outras importantes caracteristicas foliares em estudos
fisiolégicos de plantas, como taxa fotossintética e teor de fésforo, normalizados por area. Essa é uma das razdes para a
necessidade de métodos rapidos e precisos para estimar a are@ filjativo deste trabalho foi ajustar modelos de
regressao linear ou néo linear para predizer a area foliar de seis espécies de leguminosas forrageiras, a partir de imagens
digitais analisadas com o pacote LeafArea, software R. Em um experimento de campo, foram coletadas aleatoriamente
100 folhas das seguintes espécigmtalaria juncea (L.), Canavalia ensiformis (L.), Cajanus cajan (L.), Dolichos
lablab (L.), Mucunacinereum (L.), eMucuna aterrima (Piper &Tracy) Merr, nas quais foram medidos o comprimento
e a largura do foliolo central. Posteriormente, imagens digitais de cada folha foram processadas no software R para
estimativa da area folidEssas estimativas foram usadas para ajustar modelos de predicdo de area foliar; de fato, setenta
folhas foram usadas para ajustar os modelos; o restante delas foi usado para validagédo do modelo. Para as seis espécies,
0 modelo polinomial completo de segundo grau, ou submodelos derivados, pode ser usado para predizer a area foliar em
fungdo do comprimento e largura do foliolo central, apresentando R2 acima de 0,98 e porcentagem de erro médio absoluto
abaixo de 9%. Nestes modelos, o efeito da largura da folha € geralmente maior que o comprimento da folha. O pacote R
LeafArea mostrou-se uma ferramenta muito eficiente para a estimativa da érea foliar através da execuc¢éo do software
ImageJ, com alta precisao e facil calibracao.

Palavras-chave Fabaceae; comprimento da folha; largura da folha; pacote LeafArea, imagens digitais.
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INTRODUCTION (Richteret al., 2014), common bean (Marthal., 2013),
z ., 2009), and ial God
Forage legumes (Fabaceae family), such as Iablg les;:go(7)ancletal ). and perennial crops (Godoy

(Dalichoslablab L.) and crotalariaGrotalariajunceal.),

idel ltivated tortil b  thei The package LeafArea (Katabuchi, 2015) of the R
a_re w . elycu |va_e as grfaen_ erizers ) ecf”“‘se 0 _es!E)ftware (R Corgeam, 2016) allows to conveniently exe-
biological and nitrogen-fixation capacity in the soil

Iy . ..~ cute the software ImageJ (Rasband, 2016; Schretiaer
(P_h|I|ppo_tetal., 2013)’Wh.|0h increases the ava_ulabmty Of2012) for the analysis of digital images. The package
this nutrient for conventional crops (e.g. maize). These .

. . provides an easy-to-use automated tool to measure the
plants provide a very efficient plant cover (Pesiral., leaf area of several images simultaneqguslit requires
2004), help to control weeds (Monquestoal., 2009),

. . : . ’the excision of leaves, not allowing the same leaves to be
provide animal feed (Fialla al., 2012) and soil protection measured later (Rouphaehl., 2010).

against mechanical damage, and avoid losses of nutrlents_l_he objective of this work was to fit regression models,

by leaching and/or percolation (Souegal., 2012). . linear or non-lineato predict the individual leaf area of six

Nevertheless, the production of biomass and the emc'eatjltivated species of forage legumes, based on digital

use of these species are directly related to the fOIiaﬁﬁages analyzed with the R package LeafArea
production. '

Leaf areais a commonly analyzed variable in field studies
(Wang & Zhang, 2012) with woody species, agricultural MATERIAL AND METHODS
crops, and weeds. This is because several leaf characteristicSThe experiment was carried out in an experimental area
are typically normalized by leaf area, such as maximum rateUrutai, GO, Brazil (latitute: 17°29'24.4" S, longitude:
of net photosynthesis, dark respiration rate, nitroge48°13'3.2" W), where the following crops were grown:
content, and phosphorus content (Osstea., 2013). In  Crotalariajuncea (L.) cv. IAC-KR1, Canavaliaensiformis
phytopatometrythe calculation of leaf area through imaggL.), Cajanus cajan (L.) cv. IAPAR 43 -Arata, Dolichos
analysis is essential to evaluate the severity of diseasgglab (L.) cv. RongaiMucunacinereum(L.), andMucuna
substituting disease diagrammatic scales, and pest damagerima (Piper &Tracy) Merr, all spaced 0.5 m between
degree. Howeveaccurate measurements of leaf area usualigws. When the plants were in full bloom, 100 leaves of the
require the use of expensive equipment, making this typemafddle third of each cultivar were randomly collected. Each
procedure unviable, especially in large scale. leaf was composed of three leaflets.

There are also indirect, non-destructive, methods of |nthese 100 leaves, we measured, with a millimeter ruler
foliar area measurement, thus circumventing logisticghe length and the width of the central leaflet, as illustrated
difficulties in obtaining data. These methods consist iim Figure 1. The central leaflets were scanned using an HP
the application of dimensional or allometric analysis fronmk Advantage 1516® multifunctional digital printer
mathematical equations that relate linear measures of fgnerating\4 size images (210 x 297 mrfijien, the images
leaf limb to its area (Marclet al., 2011). In general, these were processed and analyzed with the package LeafArea
methods are simple, efficient, and inexpensive, based gersion 0.1.1 for leaf area estimation through the function
linear models (Souza &maral, 2015), avoiding leaf run.ij() that automatically runs ImageJ. Images are initially
exception, thus eliminating the need for foliar area metesggmented to separate background from leaf blade. The
or geometric reconstructions. proportion of pixels in each part of the segmented image is

Nowadays, digital cameras are promising devices f@omputed and used to calculate leaf afeaalibrate the
the measurement of leaf area in field because they are efigyction, a leaf cut of 5 x 5 cm size was scanned and
to handle, cheaper than leaf measuring devices, apcessed, setting the arguments “distance.pixel = 395.02”
perhaps more accurate than methods based on laatl “known.distance = 5.0To prevent dust from fcting
dimensions, especially when leaves present damag image analysis, the size lower limit for leaf area to be
(Godoyet al., 2007). The estimation of leaf area througltonsidered on calculations was set to 4.5 (cm?, in this case),
digital images has already been performed with sevetakough the ayjument “lowsize”.
species, such as legumes (Cargnelutti Féthal., 2015; An exploratory analysis of the length, width, and leaf
Camgnelutti Filhoet al., 2012;Toebeet al., 2012), soybean area data from the 100 leaflets of each species was

Table 1:Models to predict leaf area (LA) as a function of the length (L) and width (W) of the central leaflet

Model Function
Power LA= LPiwP2+ ¢
Second-degree polynomial LA = BiL + BoL2+ BaW+ B W2+ Bg (LXW) + €
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performed, calculating minimum, mean, and maximurim Table 2 After choosing the model, 30% of the data (30
values. Then, 70 leaves of each species were used tddéves of each species) were used for the validation of the
the regression models describedable 1, to predict the model, computing Pearsan’correlation codicient
leaf area as a function of leaflet length and width. between observed and predicted values. Shepard diagrams
The complete second-degree polynomial model wasgere built to visualize this relationship.
also subjected to the stepwise selection of regressors, All statistical analyzes were performed with the software
aiming to obtain more parsimonious submodels. R (R CoreTeam, 2016).
We highlight that all models were fitted without the
intercept, so that for null values of length and width, th RESULTS AND DISCUSSION

leaf area would also be zero. The choice of model for each The crops have a great diversity of leaf formats and

species was based on the goodness-of-fit criteria presen&?rﬂensionsc. ensiformis showed the highest leaf area

followed by M. cinereum, M. aterrima, D. lablab, C.
juncea, andC. cajan (Table 3). In each of the six species,
Table 2: Goodness-of-fit criteria the variability in terms of leaf area varied from 20 to 35%.
The fitted equations that relate the leaf area with length
and width, as well as the goodness-of-fit criteria, are
Coefficient of determination R2=1-55R presented iffable 4. In bold, we highlighted the chosen
SST model, also considering the complexity of the model. It
Adjusted coefficient of determinatio,ﬂgj = w was observed, for example, that@juncea, the reduced
n-p-1 linear model practically did not present reduction in R2and
ﬂ adjusted coefficient of determination (R2aj). or increase in
LA; mean absolute percentage error (MAPE) At
Different models were required for the leaf area
SSR - residual sum of squareSST - total sum of squares;- number according to the speues. Howeyiers k_nown (Maldaner
of model parameters) - number of observations (70, in this case)€t &., 2009; Monteiret al., 2005; Queirogat al., 2003)
LA, - i-th value of leaf ared;(é] - maximum value of the likelihood that the format, age, and size of the leaves determine the
function. type of model used for leaf area prediction.

Criterion Equation

Mean absolute percentage error MAPE = %Z

Akaike’s information criterion AlIC=2(p- IogL(@ ).

1 2 3 4 5 6 7

Figure 1: Scanned images of central leaflet o€1juncea, 2)C. ensiformis, 3)C. cajan, 4)D. lablab, 5) M. cinereum, 6) M. aterrima,
and 7) foliar cut 5 x 5 cm.

Table 3:Minimum, maximum, and mean € 100) values of leaflet length, width, and area

s ) Length (cm) Width (cm) Leaf area (cm?)
ecies

P Min. Max. Mean Min. Max. Mean Min. Max. Mean
C.juncea 9.31 19.15 12.42 2.02 5.12 3.13 16.07 73.89 31.37
C. ensiformis 11.85 21.37 16.74 8.76 17.72 12.30 78.42 275.86 160.13
C.cajan 6.71 12.46 9.39 2.48 6.08 4,12 12.71 51.79 29.21
D. Lablab 7.62 14.09 11.05 7.85 15.20 12.12 46.18 151.32 98.26
M. cinereum 10.09 17.72 14.59 8.97 15.91 12.07 86.94 238.22 144.64
M. aterrima 9.31 18.36 13.41 7.77 14.55 10.56 46.92 210.14 114.53
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Table 4:Fitted models to predict leaf area (LA) as a function of leaflet length (L) and width (W)

Species Fitted model R? R?, MAPE AIC
LA =1.37763L - 4.83394W - 0.10460L2 - 0.46837W? + 1.26844(LxW) 0.9989 0.9988 2.94 313.71
C.juncea LA = 0.35959L - 0.91680W + 0.74287(LxW) 0.9988 0.9988 2.99 314.05
LA = 091256 x \\p0-98504 0.9877 0.9875 3.32 337.06
LA =-8.268L + 14.141W + 2.351L2 + 3.085W?2 - 4.881(LxW) 0.9907 0.9902 6.13 847.90
C.ensiformis LA =1.7628L2 + 2.8624W?2 - 3.7505(L x W) 0.9900 0.9897 6.05 850.95
LA = L1282 x \\P5714 0.8074 0.8054 5.87 848.29
LA = -0.85546L + 2.81942W + 0.16528L2 + 0.39295W?2 + 0.09497(LxW).9990 0.9989 2.42 285.25
C.cajan — — — — —
LA = 085813 x \\L0103 0.9892 0.9891 2.42 280.37
LA =-2.1384L + 2.9399W + 0.9479L2 + 0.4828W?2 - 0.7655(LxW) 0.9983 0.9982 3.49 577.72
D. Lablab LA =0.780226L> 0.9923 0.9922 7.33 724.05
LA = L1188 x \\p0.76304 0.9695 0.9692 3.56 577.50
LA = 2.4854L - 1.9488W + 0.6807L2 + 0.5324W? - 0.5240(L*xW) 0.9859 0.9852 9.00 869.27
M.cinereum — — — — —
LA = L1553 x \\P3228 0.7236 0.7208 8.94 863.56
LA =14.7211L - 18.8437W - 0.1182L2 + 1.4295W?2 - 0.1730(LxW) 0.9911 0.9906 8.39 778.71
M. aterrima — — — — —
LA = 09204 x \\0044 0.8697 0.8697 8.67 777.73

MAPE - mean absolute percentage erAC - Akaike's
of determination.

information criterion; R- coeficient of determination; I'}’J_Z_adjusted codicient
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Figure 2: Shepard diagrams of the degree of identity (dashed line) between observed values of leaf area (cm?2) and values predicted
by the chosen model f@. juncea (A), C. ensiformis (B); C. cajan (C); D. lablab (D); M. cinereum (E); M. aterrima (F).
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It was not possible to obtain a reduced linear model for The four criteria of goodness-of-fit, coefficient of
C. cajan and the two mucuna&.power model was chosen determination, mean absolute percentage emand
for C. cajan. Due to expressive differences in R2 and R2ajpkaike’s information criterion, were generally concordant
we chose the complete linear modellbrcinereumand  with each otherNeverthelessAkaike’s information
M. aterrima. criterion was more sensitive to the number of parameters
Except forD. [ablab, the product (L x W) was necessarythan the adjusted coefficient of determination.

in all prediction equations éble 4).The fitted model for The R packagkeafArea showed to be a very efficient
D. lablab was a reduced polynomial, with only thegppjication for the estimation of leaf area through the

quadratic ct of leaf length, LA= 0.780226L*And thisis  execution of software ImageJ, with high precision and easy
perfectly plausible, given the more rounded shape of thg|ibration.

leaflet (Figure 1). Note that if we take the simple ratios

between the mean length and width of each species fou

in Table 3, we will see that the onel@flablab is closest to '&%KNOWLEDGEMENTS

1(11.05/12.12 =0.91), showing a greater circulafibus, We thank the Instituto Federal Goiano (Brazil), for the
it would be unnecessary to have both variables (lengfinancial support, and NEP- Ntcleo de Estudos e Pes-
and width) in the same model. In addition, based on thgiisas enAgroecologia (IF Goiano, Urutai, GO, Brazil), for

area of the circle, we approach the coefficient of the fitteslipplying the seeds.

equation, that is,
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