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A B S T R A C T   

The estimative of the leaf area using a nondestructive method is paramount for successive 
evaluations in the same plant with precision and speed, not requiring high-cost equipment. Thus, 
the objective of this work was to construct models to estimate leaf area using artificial neural 
network models (ANN) and regression and to compare which model is the most effective model 
for predicting leaf area in sesame culture. A total of 11,000 leaves of four sesame cultivars were 
collected. Then, the length (L) and leaf width (W), and the actual leaf area (LA) were quantified. 
For the ANN model, the parameters of the length and width of the leaf were used as input var-
iables of the network, with hidden layers and leaf area as the desired output parameter. For the 
linear regression models, leaf dimensions were considered independent variables, and the actual 
leaf area was the dependent variable. The criteria for choosing the best models were: the lowest 
root of the mean squared error (RMSE), mean absolute error (MAE), and absolute mean per-
centage error (MAPE), and higher coefficients of determination (R2). Among the linear regression 
models, the equation ŷ = 0.515 + 0.584 ∗ LW was considered the most indicated to estimate the 
leaf area of the sesame. In modeling with ANNs, the best results were found for model 2-3-1, with 
two input variables (L and W), three hidden variables, and an output variable (LA). The ANN 
model was more accurate than the regression models, recording the lowest errors and higher R2 in 
the training phase (RMSE: 0.0040; MAE: 0.0027; MAPE: 0.0587; and R2: 0.9834) and in the test 
phase (RMSE: 0.0106; MAE: 0.0029; MAPE: 0.0611; and R2: 0.9828). Thus, the ANN method is 
the most indicated and accurate for predicting the leaf area of the sesame.   

1. Introduction 

The leaf is the main photosynthetic organ of plants, responsible for important physiological and ecophysiological functions [1]. 
Several factors affect plant yield and growth, such as leaf size, leaf shape, leaf thickness, number of leaves per plant, and leaf area [2]. 
Among these, the leaf area is considered by some researchers as the most important parameter in evaluating the growth, development, 
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productivity, and physiology of vegetables [3]. The estimation of leaf area is important for studies involving the interaction between 
plants and the environment, the composition of plant communities, evolution, and adaptation of plants [4–6]. In addition, leaf area is 
paramount in ecological, agronomic, and horticultural studies involving interception and absorption of light, respiration, transpira-
tion, liquid CO2 absorption, stomatal opening and closing, internal carbon concentration in responses to fertilizer use, irrigation 
methods and biotic and abiotic stresses in plants [7]. 

The leaf area can be measured using different methods, classified as direct and indirect, destructive and non-destructive methods 
[8]. Most direct methods destroy plant leaves, and planimeters, millimeter paper, scans, photographs, and leaf discs can be used to 
determine leaf area [9]. Thus, it is impossible to perform successive measurements on the same leaf or plant throughout the life cycle 
[10]. In addition to these methods, new equipment (portable or benchtop) and software were developed to determine the leaf area, 
such as laser optical scanners and software for analyzing digital images. These direct methods (destructive and high cost) are simple 
and precise; however, they require more time and workforce in the analyses [11]. On the other hand, indirect methods are low-cost, 
simple, fast, and accurate for the in situ estimation of the leaf area, being indicated for studies with multiple evaluations in the same 
individual without destroying the sample [12]. One of the indirect (non-destructive) methods most commonly used today is the 
estimation of leaf area using regression models and allometric equations, with leaf area being the dependent variable and dimensional 
parameters of leaf blade (e.g., length and width) the independent variables for these analyses [13]. 

Regression models using length and width were proposed to estimate the leaf area of many oilseed species such as macaúba palm 
[11], sunflower [14], walnut [4], canola [15,16], chia [17], cocoa [18], brazil chestnut [19], moringa [20], peanut [21] and basil [22]. 
In addition to linear dimensions, such as length and width, other studies have proposed a correction coefficient to correct a systematic 
bias in estimation and increase the accuracy of leaf area measurements in plants [23–25]. However, the estimation of leaf area through 
regression modeling presents limitations, where the best regression models depend on a good sampling amplitude and morphological 
aspects of leaves and are useful only when there is a linear or non-linear relationship between predictor variables and response 
variables. In situations with many predictors, it is impossible to observe a nonlinear and complex relationship between the variables of 
responses and predictor variables [26]. 

Currently, in contrast to traditional scientific methods, researchers are using and proposing other methodologies in modern 
research to determine the leaf area, such as artificial intelligence (AI), adaptive neuro-fuzzy inference system (ANFIS), and artificial 
neural network (ANN) [27]. ANNs are computational models based on biological neurons (artificial neurons) with the objective of 
processing and transmitting information [28]. The development of ANNs was based on principles of human brain functioning, and it is 
possible to obtain relevant results in estimating parameters compared to traditional methods, such as regression and correlation 
analyses [29]. Ann’s overall structure consists of three layers: the input layer, the hidden layer, and the output layer. The input and 
hidden layers consist of artificial and input neurons that allow one to receive information from the external world and transmit the 
information received to a hidden layer without changing the input data [30]. 

Currently, ANNs are used in several areas worldwide due to their practicality and accuracy in predictive data analysis, including 
research in biological, ecological, and agronomic areas. In the last decade, ANNs have been increasingly employed in plant pheno-
typing community. They have been very effective in modeling complicated concepts, owing to their ability of distinguishing patterns 
and extracting regularities from data. Examples include variety identification in seeds [31] and in intact plants by using leaves [32]. 
The ANNs were applied in research with the identification of grain pests [33], modeling of dynamic responses of plant growth affected 
by climate change [34], estimation of corn grain yield [35], estimation of soil quality for crops [36], prediction of the area of harvest, 
yield, and production [37], prediction of greenhouse gas emissions [38], forecasts on the accumulation of heavy metals in crops [39] 
and determine seed germination [40]. In addition, non-destructive predictive models using ANN to estimate leaf area were proposed 
for species such as durian [13], cabbage [41], wedelia [42], tomato [43] and corn [44]. Thus, the use of ANN has been an important 
alternative to statistical methods, providing promising results that would be difficult to predict in biological and agricultural systems 
[45]. 

Sesamum indicum L. (sesame) is an oilseed belonging to the Pedaliaceae family, cultivated in tropical and subtropical regions of 
Africa, Asia, and South America; being considered the oldest oilseed in the world and known as the ‘queen of oilseeds’ due to the high 
economic importance in the growing regions [46,47]. In Brazil, culture represents an income alternative for small and large producers 
in semiarid regions, with a high commercial value of seeds and oil, being easy to productively manage and tolerant of the edapho-
climatic conditions of these regions [48]. Sesame seeds are rich in oil (46–64%), protein (15–25%) (mainly methionine), carbohydrates 
(20–25%), and some micronutrients such as lignans and phytosterol [49,50]. The oil fraction present in the seeds contains approxi-
mately 90% of unsaturated fatty acids, such as oleic and linoleic acids [49]. Essential oil and seeds of the species are widely used 
worldwide to produce various herbal products, food, and cosmetics [51,52]. 

In most cases, there is a strong intraspecific variation in leaf shape. For more generic models, therefore, it is highly advised to 
encompass several cultivars, representing a wide variation in leaf shape [53]. For sesame culture, no studies are related to the esti-
mation of leaf area using models. The modeling of agricultural species can provide information on phenological stages, planting 
conditions, and different crop environments. Thus, we formulated the hypothesis that the ANN model is the most indicated and precise 
regression model to estimate the leaf area of sesame cultivars. According to this perspective, the objectives of this study were to (i) 
construct models to estimate leaf area using linear measurements of leaves using ANN and regression analysis, (ii) to compare the most 
precise non-destructive method to estimate leaf area, and (iii) to evaluate the efficacy of the models in a set of grouped data to estimate 
the leaf area of the sesame independent of the cultivar. 
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2. Material and methods 

2.1. Plant material and experimental conditions 

The experiment was carried out in an experimental area of the Rafael Fernandes Experimental Farm in the district of Alagoinha, 
belonging to the Federal Rural University of the Semi-Arid, in the municipality of Mossoró, Rio Grande do Norte, Brazil (5◦03′31.48″S, 
37◦23′47.28″W). The region’s climate is dry and very hot, with a dry and rainy season classified as BSh [54]. The average annual 
temperature is approximately 27.8◦C, and rainfall is around 555 mm annually. The region has soil classified as a Eutrophic Red-Yellow 
Argisol in the Brazilian Soil Classification System [55]. 

For the construction of the models, sesame cultivars were planted from July 2022 to September 2022, and the leaves were collected 
60 days after planting (beginning of the flowering season). Each experimental plot consisted of a cultivar sowed in lines of 50 m, with a 
density of 3 plants per linear meter and spacing of 0.60 between rows, with a total area of 7.2 m2 in each plot. The plants presented an 
average height of 1.70 m and a canopy diameter of approximately 0.50 m. 

2.2. Plant sampling, image processing, and data analysis 

Eleven thousand mature, fully-expanded leaves (n) were collected, free of pests and diseases and without damage caused by biotic 
or abiotic factors. The leaves were collected from four sesame cultivars (BRS Seda, CNPA G2, CNPA G3, and CNPA G4) (Fig. 1), and 
2750 leaves were randomly collected in each cultivar. Leaves of different sizes and shapes were collected for greater data variability 
and generality of the models. After collection, the leaves were stored in plastic containers and kept in the shade to avoid water loss by 
transpiration, maintaining the degree of turbidity of the same. 

The sheets were individually separated and then scanned in a scanner (Epson, model L3250, Tokyo, Japan) with a resolution of 800 
× 800 dpi, and the images were processed, contrasted, and analyzed with the ImageJ (National Institutes of Health, USA) software in 
the public domain, according to the methodology of Ribeiro et al. (2018) [56]. For each measurement, reference scales were used using 
two rulers graduated in millimeters. In each leaf, the length (L) (distance between the end of the leaf tip to the petiole insertion point), 
width (W) (wider measure perpendicular to the central rib of the blade) was calculated, and the actual leaf area (LA), which was used 
as a reference for the construction of the models. The aspect ratio between length and width (L/W) was calculated, being a metric 
(without dimension) of the shape of the leaves. For the regression models, the data were analyzed with the software R® v.4.1.2 [57], 
and the artificial neural network model (ANN) was developed with the Software Matlab® v. 9.13. To convert the ANN model to a web 
page and Excel file, Tiberius data mining software v. 7.07 was used. The Student’s t-test compared the leaf areas observed and esti-
mated by the ANN and regression models for paired samples (p < 0.01). 

2.3. ANN model 

The development of MLP (Multi-Layer-Perceptron) networks was used by the Neural Network Toolbox of the Matlab software 
(version 9.13), a backpropagation algorithm with Levemberg-Marquadt optimization. The leaf’s length (L) and width (W) were used as 
input variables of the network, with hidden layers and leaf area as the desired output parameter. The trial and error approach was used 
to find suitable neurons in the hidden layer of the network [58], and the learning rate was 0.04. The relative importance of the input 
variables (length and width) was analyzed to observe each leaf parameter’s contribution to the ANN model. The final RNA model was 
selected based on the lowest root of the mean squared error (RMSE) (Eq. (1)) [59], mean absolute error (MAE) (Eq. (2)) [59], and 
absolute mean percentage error (MAPE) (Eq. (3)), and higher coefficients of determination (R2) (Eq. (4)). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(ŷi − yi)2

n

√

(1) 

Fig. 1. Representative leaves of sesame cultivars: BRS Seda (A), CNPA G2 (B), CNPA G3 (C), and CNPA G4 (D). The vertical line represents the 
length of each sheet, and the dashed line represents the width of the booklet. 
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2.4. Linear regression models 

The leaf area was estimated using ten allometric equations constructed by the linear regression model (ŷ = β0 + β1 ∗ x+ εi), in 
which the value of ŷ estimated the leaf area (LA) as a function of x, which corresponds to the linear dimensions of the leaves of the 
sesame cultivars. The leaf parameters used in the equations were: L, W, LW, LL, WW, L + W, (L + W)2, (L2W2), L0.5, and W0.5). Were 
randomly collected 3300 independent leaves among the cultivars to validate the equations obtained with the regression models. Using 
more than one measure in regression models (e.g., length and width) may present colinearity between the parameters, resulting in low 
precision in estimating the coefficients of the models. Therefore, to verify whether or not there is accuracy in the regression co-
efficients, the degree of colinearity was evaluated by calculating the inflation factor of variance (VIF) (Eq. (5)) [60] and tolerance value 
(T) (Eq. (6)) [61]. If the VIF is less than 10 and the T is greater than 0.1, L and W do not have multilinearity and can be used in 
regression models for leaf area prediction [61]. The criteria for choosing the best regression models were the same as for choosing the 
ANN model (R2, RMSE, MAE, and MAPE). The structure of this model is shown in Fig. 2. 

VIF=
1

1 − r2 (5)  

T=
1

VIF
(6) 

Where: 
r is the correlation coefficient between L and W. 

Fig. 2. Structure of models used to estimate sesame leaf area.  
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3. Results and discussion 

3.1. Descriptive analysis of data 

The maximum and minimum values, means, standard deviation, and coefficient of variation of the data of length, width, and leaf 
area were used to develop models that estimate the leaf area of the sesame, which are presented in Table 2. An amplitude of 12,495 cm 
and 6285 cm was observed for the length and width of the leaves and 37,353 cm2 for the leaf area, where the highest coefficient of 
variation of the data was recorded (>76%) (Table 1). This wide variability of data is of great importance for studies with modeling for 
prediction of the leaf area of crops, providing models of greater representativeness to be used in plants with leaves of different shapes 
and dimensions in distinct phenological stages throughout the plant cycle [62,63]. Thus, the number of samples (11,000 leaves) used 
in this study is considered appropriate for constructing models for predicting leaf area as a function of the linear dimensions of the 
leaves. 

3.2. ANN model 

The ANN method was used as the first method for the construction of the model to estimate the leaf area of sesame. The structure of 
the model (2-3-1) to estimate leaf area is shown in Fig. 3. The complete data set (11,000 sheets) was randomly divided into two parts, 
70% for training and 30% for the test. Thus, 7700 leaves were used for training and 3300 for the test. The summary of ANN parameters 
to determine leaf area is presented in Table 2. The maximum number of interactions between neurons was 3,000, using the logistic 
sigmoid activation function and the backpropagation algorithm for machine learning (Table 2). 

ANN’s results showed that RMSE values ranged from 0.0040 to 0.0106, MAPE between 0.0587 and 0.0611, MAE between 0.0027 
and 0.0029, and R2 between 0.9828 and 0.9834, respectively (Table 3). These results showed a high correlation between the actual leaf 
area and the leaf area estimated by the ANN model, with 98.34% in the training phase and 98.28% in the test phase (Table 3). The 
MAPE values were less than 10%, indicating that the ANN model had a high degree of precision for the prediction of the leaf area and 
good generalization capacity of the network for various formats and sizes of leaves [42,43,64]. According to Wang and Zhang (2012) 
[65], the efficiency of the models obtained with ANN depends on factors such as shape, size, and number of leaves of different cultivars, 
confirming that the high number of leaves in this study contributed to the accuracy of the model. 

The total variability of the data in the training and test phases was greater than 98% (Table 3). Leaf length contributed 100% to the 
ANN model, while leaf width was 53.8% important (Fig. 4). The potential for employing a single leaf dimension has been exploited, 
though the associated reduction in prediction accuracy often outweighs the benefit of reduced labor. By using a single leaf dimension, 
the accuracy of LA estimation is compromised by the fact that changes in L and W are generally not proportional among replicate 
leaves, in combination with other changes in leaf shape [66]. This independent analysis of the importance of leaf parameters is 
essential for selecting input variables for studies with modeling using ANN [26]. 

The actual leaf area and leaf area estimated by the ANN model in the training phase (Fig. 5A) and the test phase (Fig. 5C) showed a 
high correlation between the data (R2 > 0.96), with low dispersion of the residues, with no difference by the Student’s t-test between 

Table 1 
Descriptive statistics of sesame leaf parameters (data from 11,000 leaves).  

Parameters Maximum Minimum Mean and standard deviation Coefficient of variation (%) 

BRS Seda 
Length (cm) 13.892 1.454 6.437 ± 2.351 36.52 
Width (cm) 6.523 0.322 2.165 ± 1.184 54.68 
Aspect ratio 31.901 1.142 3.678 ± 2.008 54.59 
Leaf area (cm2) 45.222 1.004 9.493 ± 7.142 75.23 
CNPA G2 
Length (cm) 13.456 1.683 5.626 ± 2.079 36.95 
Width (cm) 6.452 0.437 2.143 ± 1.078 50.27 
Aspect ratio 21.006 1.182 3.114 ± 1.623 52.10 
Leaf area (cm2) 48.671 1.009 8.095 ± 6.205 76.65 
CNPA G3 
Length (cm) 13.210 1.496 5.555 ± 1.917 34.51 
Width (cm) 6.572 0.295 2.161 ± 1.157 53.56 
Aspect ratio 23.559 1.125 3.169 ± 1.700 53.65 
Leaf area (cm2) 43.184 1.000 8.053 ± 6.287 78.07 
CNPA G4 
Length (cm) 12.085 1.397 5.818 ± 2.097 36.04 
Width (cm) 6.462 0.238 2.162 ± 1.135 52.50 
Aspect ratio 32.639 1.142 3.307 ± 1.953 59.06 
Leaf area (cm2) 41.143 1.005 8.593 ± 6.503 75.67 
Grouped data 
Length (cm) 13.892 1.397 5.860 ± 2.142 36.55 
Width (cm) 6.523 0.238 2.157 ± 1.141 52.89 
Aspect ratio 32.639 1.125 2.727 ± 1.821 54.86 
Leaf area (cm2) 38.217 0.864 8.564 ± 6.581 76.84  
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Table 2 
ANN parameters to determine the leaf area of sesame.  

Parameters Value 

Number of neurons in the input layer 2 
Number of hidden layers 1 
Number of hidden layer neurons 3 
Number of output layers 1 
Learning algorithm Backpropagation algorithm 
Learning rate 0.04 
Maximum number of interactions 3000 
Activation function Logistic sigmoid  

Fig. 3. ANN structure with the parameters of length (L) and width (W) (input layer) and leaf area (LA) (output layer).  

Table 3 
Root mean quadratic error (MSE), absolute mean percentage error (MAPE), mean 
absolute error (MAE), and coefficients of determination (R2) for the training and test 
data of ANN.  

Criteria Training data Test data 

RMSE 0.0040 0.0106 
MAPE 0.0587 0.0611 
MAE 0.0027 0.0029 
R2 0.9834 0.9828  

Fig. 4. The relative importance of input variables (length and width) for the ANN model.  
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the actual and estimated values by ANN (Fig. 5B and D). To help researchers predict sesame leaf area using leaf length and width as 
input data, the ANN model was converted into a Web page (compatible with major browsers) (Fig. 6) and an Excel file (see supple-
mentary material) to assist in measurements quickly and accurately. In this way, the proposed ANN model is high computational 
processing power and low-cost tool with a significant advantage, which is its real-time application for the prediction of leaf area in the 
sesame crop, being able to use electronic devices, such as computers and smartphones, to calculate the leaf area through the available 
web page. 

Fig. 5. Relationship between actual and estimated leaf area using data from training (A) and ANN test (C), and comparison between actual (B and 
D) and estimated leaf area using Student’s t-test (p < 0.01). The dispersion analysis of the residuals is presented in the insert. 

Fig. 6. Webpage interface for predicting sesame leaf area by ANN is based on the leaf length and width measurements.  
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3.3. Linear regression models 

Before the definition of each model, the analysis was performed to calibrate the models to observe if there is a collinearity between 
the data of length and width of the leaves. The VIF ranged between 2.1862 and 9.6246, and the Values of T ranged from 0.1070 to 
0.4574, respectively. Thus, the VIF values were <10, and T was >0.10, indicating that the parameters of length and width of the leaves 
can be included in the regression models, with no collinearity between the data. Models were constructed through regression analysis 
using different combinations between the linear dimensions of the leaves (length and width), as shown in Table 4. Based on the se-
lection criteria for choosing the best regression model (RMSE, MAE, MAPE, and R2) to estimate the leaf area of the sesame, it was 
observed that model #3 (ŷ = 0.515+0.584 ∗ LW) was constructed using the product between length and width (LW), is the most 
indicated and precise, recording RMSE of 1.2115, MAE of 0.7023, MAPE of 0.0838, and R2 of 0.9560 (Table 4, Fig. 7). In addition to 
this model, the other models can also be used to estimate the leaf area of the sesame, except for models #1, #4, and #9, which showed 
little adjustment about the line, with coefficients of determination (R2) lower than 0.60 (Table 4, Fig. 7). Regression models that use 
only one leaf dimension (length or width) can be an alternative to simplify the analyses; however, these models may cause a loss of 
precision in estimating the leaf area [67]. 

The best regression model to estimate the leaf area of the sesame showed high adjustment of the data about the straight obtained 
(R2 = 0.9560), evidencing a residual homogeneity and low dispersion of the data (Fig. 8). The leaf area estimated using the chosen 
model strongly correlated with the actual leaf area (determined by the destructive method), with a coefficient of determination (R2) of 
0.9648 (Fig. 9A), confirming that there is a significant relationship between the actual and estimated leaf area (Fig. 9B). Thus, the 
proposed regression model can be used to estimate the leaf area of the sesame using the product between leaf length and width (LW). 
For other species, models were also proposed to estimate leaf area using leaf product (LW) as an independent variable [20,21,68–70]. 

3.4. Comparison of ANNs and regression models 

When comparing the methods presented in the present study, it was found that the ANN model presented superiority over the 
regression models. Based on the criteria, it was observed that the ANN model recorded higher values of R2 (>0.98) and lower errors 
(RMSE: ≤0.0106; MAE: ≤0.0611; MAPE: ≤0.0029) compared to regression models in the training phase and the test phase, indicating 
that the ANN model is more accurate than regression models. Analyzing these methods (regression and ANN) with combinations of 
linear parameters of leaves and input and output variables, researchers confirmed that ANN modeling was the most accurate, reliable, 
and efficient method than linear regression models, being possible to explain the nonlinear and complex relationships between input 
and output values [71,72]. 

The actual leaf area presented irregularities as a function of leaf length and width (Fig. 10A and B), a fact that may be associated 
with different leaf morphotypes of sesame cultivars, hindering measurements and may cause underestimated or overestimated 
measurements. On the other hand, using the ANN model provided a greater regularity for the leaf area estimated according to these 
parameters, according to Fig. 10C and D. 

Thus, through ANN, researchers can estimate the sesame’s leaf area using only the leaves linear dimensions (length and width). 
This method is an efficient and practical alternative to predict the leaf area of sesame culture throughout the plant life cycle without the 
need for high-cost equipment and quick evaluations. However, the method proposed through the ANN model cannot be used in sesame 
cultivars with leaf morphotypes different from the cultivars of the present study, which is a possible limitation of this model. 

On a commercial scale, capital investment is initially required for adopting the employed approach [73]. Nevertheless, the 
wide-ranging large-scale commercial applications can provide high returns through considerable process enhancement and cost 
reduction improvements. 

4. Conclusions 

Based on the dataset, the ANN model had the lowest errors and higher R2 than the regression models. However, this study had 
limitations. We identified concerns for estimating the leaf area of other sesame cultivars with different leaf morphotypes from those 
presented in the present study. Despite these limitations, this model can accurately and quickly estimate the leaf area without needing 
high-cost equipment. For future studies, this study will provide a non-destructive method to successfully predict the sesame leaf area 
simply and easily through ANN modeling using only the length and width of the leaves. 
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Table 4 
Statistical models, regression coefficients (β0 and β1), coefficient of determination (R2), mean square error (MSE), and equations for estimating leaf 
area of sesame cultivars as a function of linear leaf dimensions (pooled data).  

Model code Model Coefficients Equation 

β0 β1 

#1 ŷ = β0 + β1 ∗ L+ εi - 5.029 2.319 ŷ = − 5.029+ 2.319 ∗ L 
#2 ŷ = β0 + β1 ∗ W+ εi - 2.430 5.095 ŷ = − 2.430+ 5.095 ∗ W 
#3 ŷ = β0 + β1 ∗ LW+ εi 0.515 0.584 ŷ = 0.515+ 0.584 ∗ LW 
#4 ŷ = β0 + β1 ∗ LL+ εi 1.596 0.179 ŷ = 1.596+ 0.179 ∗ LL 
#5 ŷ = β0 + β1 ∗ WW+ εi 3.144 0.909 ŷ = 3.144 + 0.909 ∗ W W 
#6 ŷ = β0 + β1 ∗ (L + W)+ εi - 8.429 2.119 ŷ = − 8.429+ 2.119 ∗ (L + W)

#7 ŷ = β0 + β1 ∗ (L + W)
2
+ εi - 0.103 0.119 ŷ = − 0.103+ 0.119 ∗ (L + W)

2 

#8 ŷ = β0 + β1 ∗ (L2W2)+ εi 5.120 0.011 ŷ = 5.120+ 0.011 ∗ (L2W2)

#9 ŷ = β0 + β1 ∗ (L0.5)+ εi - 17.460 10.940 ŷ = − 17.460+ 10.940 ∗ (L0.5)

#10 ŷ = β0 + β1 ∗ (W0.5)+ εi − 2.430 10.190 ŷ = − 2.430+ 10.190 ∗ (W0.5)

Fig. 7. Root of the mean squared error (RMSE), coefficients of determination (R2), mean absolute error (MAE) (Eq. (3)), and absolute mean 
percentage error (MAPE) (Eq. (4)) of sesame leaf area as a function of linear leaf dimensions (length and width). The description of the models is 
presented in Table 4. 

Fig. 8. Relationship between the observed leaf area and the product between length and width of sesame leaves (grouped data), from the model LA 
= 0.515 + 0.584*LW. The dispersion analysis of the residuals is presented in the insert. 
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Fig. 9. (A) Relationship between leaf area observed and estimated by the model (LA = 0.515 + 0.584*LW) as a function of the product between 
length and width. The dispersion analysis of the residuals is presented in the insert. (B) Observed and estimated leaf area compared by Student’s t- 
test (p < 0.01). 

Fig. 10. Plots of the surface response of actual (A and B) and RNA estimated leaf area (C and D) versus length and width of sesame leaves (data from 
11,000 leaves). 
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interest. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.heliyon.2023.e17834. 
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[16] FdL. Tartaglia, E.Z. Righi, Ld Rocha, L.H. Loose, I.C. Maldaner, A.B. Heldwein, Non-destructive models for leaf area determination in canola, Rev. Bras. Eng. 

Agrícola Ambient. 20 (2016) 551–556. 
[17] P.C.H. Goergen, I. Lago, N.T. Schwab, A.F. Alves, CPdO. Freitas, V.S. Selli, Allometric relationship and leaf area modeling estimation on chia by non-destructive 

method, Rev. Bras. Eng. Agrícola Ambient. 25 (2021) 305–311. 
[18] J.C.S. Salazar, L.M. Melgarejo, E.H.D. Bautista, J.A. Di Rienzo, F. Casanoves, Non-destructive estimation of the leaf weight and leaf area in cacao (Theobroma 

cacao L.), Sci. Hortic. 229 (2018) 19–24. 
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