agronomy

Article

Insect Predation Estimate Using Binary Leaf Models
and Image-Matching Shapes

1

Gabriel S. Vieira *(0, Afonso U. Fonseca 2(*, Bruno M. Rocha 37, Naiane M. Sousa 2, Julio C. Ferreira 10,

Juliana P. Felix 209, Junio C. Lima !

check for
updates

Citation: Vieira, G.S.; Fonseca, A.U.;
Rocha, B.M.; Sousa, N.M.;

Ferreira, ].C.; Felix, ].P,; Lima, ].C.;
Soares, F. Insect Predation Estimate
Using Binary Leaf Models and
Image-Matching Shapes. Agronomy
2022, 12,2769. https:/ /doi.org/
10.3390/agronomy12112769

Academic Editor: Antonio Maria

Garcia Tommaselli

Received: 28 September 2022
Accepted: 25 October 2022
Published: 7 November 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://

creativecommons.org/licenses /by /
4.0/).

and Fabrizzio Soares 2

Federal Institute Goiano, Computer Vision Lab, Urutai 75790-000, GO, Brazil

Institute of Informatics, Federal University of Goias, Goiania 74690-900, GO, Brazil

Department of Technology and Information, Federal University of Jatai, Jatai 75804-020, GO, Brazil
*  Correspondence: gabriel.vieira@ifgoiano.edu.br

w N =

Abstract: Estimating foliar damage is essential in agricultural processes to provide proper crop
management, such as monitoring the defoliation level to take preventive actions. Furthermore, it is
helpful to avoid the reduction of plant energy production, nutrition decrement, and consequently, the
reduction of the final production of the crop and economic losses. In this sense, numerous proposals
support the defoliation estimate task, ranging from traditional methodologies to computational
solutions. However, subjectivity characteristics, reproducibility limitations, and imprecise results
persist. Then, these circumstances justify the search for new solutions, especially in defoliation
assessments. The main goal of this paper consists of developing an automatic method to estimate
the percentage of damaged leaf areas consumed by insects. As a novelty, our method provides
high precision in calculating defoliation severity caused by insect predation on the leaves of various
plant species and works effectively to estimate leaf loss in leaves with border damage. We describe
our method and evaluate its performance concerning 12 different plant species. Our experimental
results demonstrate high accuracy in the determination of leaf area loss with a correlation coefficient
superior to 0.84 for apple, blueberry, cherry, corn, grape, bell pepper, potato, raspberry, soybean, and
strawberry leaves, and mean absolute error (MAE) less than 4% in defoliation levels up to 54% in
soybean, strawberry, potato, and corn leaves. In addition, the method maintains a mean error of less
than 50%, even for severe defoliation levels up to 99%.

Keywords: leaf area measurement; defoliation; insect predating; smart farming; precision agriculture

1. Introduction

Leaf damage affects the correct quantification of the foliar area, and due to various
causes, this is a non-trivial problem. For example, wind can whip the foliage causing tears
in the leaves, and hailstorms can damage them by creating holes or even causing total
defoliation. Besides, leaf skeletonization and insect predation also promote the appearance
of even more harmful external damage. The reasons for leaf skeletonization may result
from insects or diseases and occasionally chemical damage, leading to a visual pattern of
plant deformities. In contrast, the types of damage induced by maxillary insects are more
diverse due to the different developmental stages of insects such as larval, nymph, and
adult stages [1].

Estimating leaf loss is a crucial tool for planning sustainable agricultural practices.
As the leaves are inputs for monitoring, evaluation, and decision-making, when the leaves
are damaged, the deformities can be used to guide the proper management of a crop. In this
sense, to increase productivity, pest control based on leaf analysis is mandatory in crop
management. Predatory insects have caused significant economic impacts in recent decades,
and an average annual loss of US$ 11.40 billion in agricultural production is estimated.
From 1960 to 2020, the economic loss has progressively increased, reaching the mark of
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US$ 165.01 billion in 2020 [2]. The main consequence is related to the functional reduction
of the total leaf surface, namely defoliation [3], which reduces the energy capacity of the
plant, light interception, plant growth rate, and dry mass accumulation [4]. Consequently,
leaf injury caused by insect herbivory negatively affects crop grain yield [5]. Therefore,
estimating leaf loss is a primary practice for conducting inspection methodologies and
performing control services in crop fields.

A wide range of proposals, from traditional methodologies to computer-based so-
lutions, addresses this issue, aiming to reduce subjectivity, ensure reproducibility, and
increase accuracy. Some of the defoliation estimate methods use human expertise to per-
form visual evaluation and manual quantification [6,7], predictive models of linear leaf
dimensions [8,9], integrative method of leaf area [10,11], digital image processing for math-
ematical models generation [12,13], and deep learning algorithms [3,14]. Nevertheless,
many techniques and methods are applied to a specific type of plant and do not generalize
in order to be consistent with various plant species and issues [14].

In this context, manual, semi-automated, and fully automated methodologies address
leaf area monitoring. Although their contributions are relevant to agricultural processes,
they must overcome some limitations. Visual assessment may increase the error due to its
subjective characteristics. Manual quantification requires extensive work, expertise, and
extended time for analysis and evaluation. Automatic meter devices are expensive, require
technical support, and demand maintenance. The results of computer-based solutions
that require user interaction depend heavily on prior training and proper application
handling. Additionally, automated computer-aided approaches require many leaf samples
to generalize the construction of statistical models or the intensive application of feature
engineering in formulating mathematical models.

In addition, solutions for use in agriculture need to consider devices with limited
computing power, such as embedded systems, Internet of Things (IoT) ecosystems, and
intelligent agricultural machinery. As application processing requires efficient solutions, it
is crucial to consider lightweight processes and energy efficiency to not overload systems.
In this sense, we investigated image processing techniques that guarantee high performance
while being simple to understand and implement and using few computational resources.

To contribute to this area, we present an automatic method to measure the percentage
of insect predation on leaves. As a novelty, our method provides high precision for various
targeted species such as tomato, strawberry, soybean, raspberry, potato, bell pepper, peach,
grape, corn, cherry, blueberry, and apple. Furthermore, it effectively estimates leaf loss in
leaves with border damage, converges quickly, and does not require human interaction.
Our paper presents the processing steps of the defoliation estimate method, which is
based on leaf properties, image processing techniques and statistical measurements. We
emphasize that our method uses comprehensive steps that are easy to implement and
suitable for environments with limited computing power.

The remainder of the paper is organized as follows. The work related to leaf defoliation
methods is presented in Section 2. In Section 3, we present details of our method. Section 4
provides information about the test settings, image data set, and experimental design. In
Section 5, we present experimental tests and discussion about the results. Then, in Section 6,
we conclude the paper and present some future work.

2. Related Work

Mallof et al. [15] implemented a software component called Leaf] to be added to
Image] popular software, a popular computer program that is used to classify leaf shapes
and compute leaf silhouettes. The Leaf] plugin is a semi-automatic tool for studies on leaf
morphology that was designed to increase the features of Image] by providing petiole length
measurement and leaf blade parameters. Although it supports leaf area measurements,
it was not prepared to estimate biomass loss in damaged leaves. Therefore, its use is
recommended only for healthy leaves.
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Easlon and Bloom [16] estimated leaf surface through different color thresholds and
morphological operation to connect image components. Their proposal used a red cal-
ibration landmark with a known area as a visual reference point to calibrate leaf area
estimation, thereby removing the need to estimate camera distance and focal length. The
authors used a leaf area meter to be compared with their method. Additionally, they used
the Image]J software in the comparative analysis. An adequate precision was shown in
both leaf segmentation and leaf area estimation. However, their application is sensitive to
illumination changes and perspective distortion. Additionally, it requires user interaction
and intervention for the best results, and it does not measure insect predation on leaves.

Kaur et al. [17] proposed an elementary computer program for calculating the plant
leaf area in which a digital scanner and a threshold segmentation method are settled to
separate the leaves from the image background. Likewise, Jadon et al. [18] proposed a
simple method that applies digital image processing to estimate foliar area in which a
digital camera and a white background paper suppress the use of a scanner device in the
image acquisition step. However, as these methods do not deal with damaged leaves, none
can adequately address the problem of leaf herbivory along the borders.

In order to address the problem of measuring leaf area with deformation caused by
insects, Machado et al. [5] developed a computer application that uses image processing
techniques to estimate herbivory. They compared their computer application with manual
quantification of injured leaves and a leaf area electronic integrator (considered a standard
method of leaf area analysis). The results showed that the defoliation estimate made by the
computer program developed by the authors was close to the values measured by the other
methods. However, specialized intervention is still required to draw manually the edges
of the leaves that have been compromised; therefore, depending on the user’s expertise,
assertiveness may be better or worse achieved.

Liang et al. [13] proposed some instructions to calculate the area, border, and defolia-
tion estimate of soybean leaves. Their proposal requires the selection of image samples to
build a representative canopy statistical model, which is used to distinguish leaves from
non-leaves and backgrounds. Although they have shown adequate results, the proposed
methodology may be affected by the image acquisition stage, in which unrepresentative
samples may reduce the potential of their method.

In da Silva et al. [3], the authors compared deep learning models to estimate defoli-
ation levels and elaborated an automatic method to compute damage in injured leaves.
In addition, the authors have proposed strategies to generate images with artificial defo-
liation to deal with the number of data examples to feed the neural networks. Although
their proposal creates new possibilities for calculating the leaf area in which deep neu-
ral networks can be used for defoliation analysis, it does require a significant amount
of data samples to improve the overall learning procedure (in their experiments, three
data sets were prepared, each one with 10,000 labeled data). Likewise, Silva et al. [14]
investigated leaf damage estimation using deep neural networks and prepared an artificial
random damage generation method to create a synthetic database. However, as in [3], their
method requires an image data set with many image samples (the authors used more than
22,000 samples during the training step). In this sense, the processing of large databases can
be restrictive for devices with limited computing power, as in smart farming ecosystems, or
demand equipment with specific hardware configurations to reduce energy consumption
and provide timely responses.

In the same way, Zhang et al. [19] used images taken from unmanned aerial vehicles
to determine soybean defoliation in crop fields. This work presented a computer learning
model to estimate crop defoliation. Additionally, the authors prepared computer models
to characterize defoliated crops so that wrong characterizations of healthy crops could be
avoided. Although promising, the author’s method does not include defoliation estimation
for isolated leaf samples. Manso et al. [20] presented a method to detect damage in coffee
leaves that uses image segmentation and an artificial neural network to identify and classify
leaf damage. However, their method only works for leaves with visible leaf damage, i.e., for
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damage that can be identified by the difference in color between the healthy and diseased
areas. Thus, this method does not include the estimate of defoliation in which the leaf area
was consumed, for example, by chewing or cutting insects. Liang et al. [13] presented
a method to determine the soybean canopy defoliation using RGB images to provide
informative data in pest management. Although these researchers show promising results
for soybean leaves, they do not look at their solutions in a broader context to determine
whether their solutions generalize to different plant forms and species [14].

With the advancement of machine learning algorithms, deep learning models have
been widely used to support agricultural management [21-23]. However, training stages on
supervised models demand large data sets with data annotation, which can be challenging
to prepare [24-26]. Moreover, they are not efficient in predicting unexpected scenarios in
data sets that have not been used for training, and the learning steps of these networks are
time-consuming [27,28]. In this regard, computer vision has addressed pattern recognition
in digital images so that the models can be less dependent on the image data sets [29,30].
Furthermore, lightweight models have been designed to consider the characteristics of
agricultural environments, such as reduced computing resources, limited processing power,
and embedded device systems [13,31-34].

Our method differs from the related work in some aspects as it requires fewer image
samples relative to the deep learning methods (only 60 samples) and does not demand
samples of herbivory in preparing the image models. Also, the method is stable against
image transformation, such as rotation and scale, and is a fully-automated method that
uses data input to construct image models for template matching. Moreover, the method
measures the percentage of the foliar damage area by counting the pixels, uses a global
thresholding method to detach the leaves from the image background, and uses digital
image processing techniques in its design.

In this sense, our method can automatically estimate the leaf area consumed by
insects using digital images without requiring large volumes of data to build the templates.
Additionally, our method indicates the severity level of defoliation regardless of whether
the leaf damage occurs in inner regions or at the edge of the leaves, something that only
semi-automatic methods or deep learning models were able to address.

3. Method

Our method is organized into three steps to handle background removal to highlight
leaf regions, adjust images based on their geometric shape, and estimate defoliation severity.
The adjusted images are used to prepare a database to retrieve leaf models similar to query
images. Then, the retrieved images are used to estimate the percentage of damage in the
query images. Figure 1 presents the flowchart of the method.

3.1. Preprocessing

The input RGB images are processed with a 5 x 5 median filter. From the resulting
images, the channel G (Green color) is updated by multiplying its current channel values by
2 with the subtraction of the R (Red color) and B (Blue color) channel values. Then, the Otsu
segmentation method [35] is applied to detach the leaves from the background, and binary
images are obtained where the inner pixels are removed, leaving only the boundary pixels.
The distances between the remaining pixels are measured, and the two most distant points
draw a line that we call the reference line. The reference line is used to rotate the images
to the vertical position. Then, the images are surrounded by bounding boxes, their outer
areas are cropped, and the images are resized to their original sizes. Thus, the resulting
images are binarized, and the leaf model data set is prepared.
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Figure 1. Flowchart of the presented method.

3.2. Image Retrieval

Considering a binary query image Q; ;) also obtained after the previous step, a
comparison is made between the query image and the binary target models M; ;) from the
model data set. The binary leaf model with the slightest difference from the query image is
selected and used to determine the damaged leaf area to estimate the leaf damage area In
Equation (1), the damage region is obtained by the intersection of two sets.

D(M,Q) = ¥ Y3 (Mj) A ~Q) M

1j

M§
=

where m and 7 represent the numbers of rows and columns of the images, respectively.
Equation (1), which handles the correspondence between a query image and binary
leaf models, is equivalent to calculating the difference between them as described in
Equation (2).
m n
Q) =) ). Mg —Qq)l @
i=1j=1
Then, after Equation (1) or Equation (2), the image model, which yields the slightest
difference, is assigned to the query image according to Equation (3) where k is the number
of binary image models.

d = argmin Dy 3)
k

3.3. Defoliation Level Estimate

In Equation (4), the retrieved image model (T) is compared with the damaged input
leaf (Q) through logical conjunction. After this operation, a logical image L is obtained,
which presents the missing leaf areas.

L=TA-Q 4)
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After that, the percentage of pixels in L is calculated according to Equation (5),

(%) _%XZZZJ (5)

where /;; € L and m and n denote the number, in terms of image dimensionality (rows and
columns), of the image L.

4. Materials
4.1. Database Description

We use the database prepared by [36], which is available online as a result of [37]. In
obtaining the samples, technicians collected leaves by removing them from plants and
placing them against a sheet of paper that provided a gray or black background to begin the
process of acquiring digital images. They obtained the image samples considering various
lighting conditions, leaf shape, and foliar position. Based on this, we randomly selected
healthy leaves from the dataset, which include samples of tomato, strawberry, soybean,
raspberry, potato, bell pepper, peach, grape, corn, cherry, blueberry, and apple. The images
are in RGB format and have a size equal to 256 x 256 pixels.

4.2. Experiment Design

We randomly selected 120 images for each of the 12 types of plants, totaling 1440 im-
ages for use in the experiments. We divided the data into two groups where 60 images of
each plant species are used to construct the leaf model data set, and the other 60 images
of each plant species are used to validate the method. The leaf images contained in these
groups are different, and therefore, a leaf sample belongs exclusively to just one of them.

In the data used to validate the proposal, we apply a synthetic defoliation strategy
to simulate insect predation. We manually segmented insect bite traces from images with
leaves consumed by the insects Spodoptera frugiperda and Chrysodeixis includens. Then, we
used the bite segments to simulate real cases of herbivory in healthy leaves. Our artificial
defoliation program has four random parameters. The first determines the insects used to
simulate defoliation. The second specifies the number of bite segments. The third applies
rotation transformations to the bite segments. Finally, the fourth parameter resizes the bite
segments. In addition, the user can specify the required defoliation level from 1 to 99%.
After applying the synthetic defoliation, the defoliation level is computed and the reference
data (ground-truth) is prepared.

This approach is necessary because the data set used does not include cases of defoli-
ation caused by insect herbivores such as chewing or cutting insects. Additionally, data
sets containing samples in this category are private and not publicly available, as in [5,38].
Therefore, related works such as [3,14] used artificial defoliation strategies. Unlike other
works, we used actual defoliation simulation, which is the novelty of our study.

4.3. Execution Time

A notebook with Core i7-9750H (2.6 GHz; 12 MB Cache) and 16 GB RAM was used
to perform the experimental tests. The execution time of the leaf model with 60 images
was 9.19 s. In addition, the average time to compute the defoliation estimate was 0.21 s.
Our source code is freely available for download and was written in MATLAB.

4.4. Evaluation

The accuracy of our proposal is measured according to the linear correlation [39], root
mean square error (RMSE), and mean absolute error (MAE) between the results and the
reference data (ground-truth) following Equations (6)—(8):

Zl 1('xl_x Yi— y) (6)

NSNS
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where x contains the reference data values obtained from the synthetic defoliation strategy,
and ¥ is the average value of these defoliation levels. y contains the estimated leaf damage
values, and 7 is the average value of the estimated defoliation levels. n represents the
number of images used to validate the method.

5. Results and Discussion

The method’s accuracy is evaluated concerning the query images transformed with
the defoliation strategy. As we compare the ground-truth images with the outputs of our
method, we verify the quantitative and visual results. Therefore, the performance of our
method is measured according to the severity of the estimated and actual defoliation.

Figure 2 presents visual results of our method with a leaf sample for each of the twelve
plant species under study. After the segmentation and defoliation processes, the query
images are obtained from the input images, and the final result highlights the damaged
leaf regions. As noted, the preprocessing steps adjust the images to a position that reduces
the effects of scaling and image rotation in evaluating the correspondence between a
query image and leaf models. Thus, our method can present consistent results even if the
images were not acquired following a strict standard form of leaves and camera positioning.
Figure 2 also illustrates the diversity of samples contained in the data set we used, showing
that our method has the potential for generalization as it deals with different types of plant
species, leaf shapes, and different levels of leaf damage.

Additionally, we evaluate the proposal considering different defoliation levels. We
consider a gradual increase in the defoliation level from which we apply progressive jumps
of 3% until reaching 99% leaf damage. Figure 3 presents the outcomes where the best results
occurred when the defoliation level was between 0% and 60%. Although the error increases
after 60% defoliation, the error is still less than 50% even when the leaves are destroyed,
such as after 90% defoliation. It is worth mentioning that this pattern is repeated in all
plant species investigated in this study. In this way, it shows the generalization potential of
the method.

Table 1 shows the linear correlation and the mean error between the damaged leaves
for each of the 12 plant species considering a maximum defoliation level of 30%. A solid
linear correlation can be noted, especially for corn, strawberry, grape, potato, blueberry, and
soybean, whose correlation was equal to 0.99, 0.94, 0.92, 0.92, 0.91, and 0.89, respectively.
Tomato and Peach showed the lowest positive result, mainly due to the diversity of leaf
shapes caused by the collection of different cultivars, different stages of leaf growth, and
the irregular pattern that plant species can produce. Tomato has samples of various tomato
species with early and adult leaves, and peach has leaves with minor to moderate curvature
and a wide to narrow leaf canopy. Additionally, the intensity of shading on peach leaves
reduced the capability of the segmentation process, justifying the weak correlation that was
obtained. Effective treatment of shadows is open to be addressed in future work. Although
our method presents consistent results, we point out that excessive leaf deformation
can compromise the correct identification of the reference line (Section 3), generating an
inadequate leaf positioning. Additionally, when the images used to build the models are
significantly different from the query images, assertiveness may decrease.

Figure 4 presents the scatter plot between the actual and estimated defoliation levels
considering the correlation results of different plant leaves for the maximum defoliation
level of 30%. The correlation coefficient above 0.84 for apple, blueberry, cherry, corn,
grape, bell pepper, potato, raspberry, soybean, and strawberry shows a positive linear
correlation between the variables and indicates that the estimated damage closely follows
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the actual damage. In addition, a large part of the data is close to the regression line, which
emphasizes the strong correlation between them. Since the fit line is above the reference
line (Y = T), the estimated data are partially overestimated.

(a) Apple (b) Blueberry (c) Cherry (d) Corn
DE: 18.02 DE: 7.63 DE: 23.00 DE: 15.75
GT: 17.02 GT: 10.68 GT: 22.00 GT: 15.55

(e) Grape (f) Peach (g) Pepper (h) Potato
DE: 19.62 DE: 19.52 DE: 18.96 DE: 20.96
GT: 16.51 GT: 19.47 GT: 17.49 GT: 19.83

(i) Raspberry (j) Soybean (k) Strawberry (1) Tomato
DE: 16.38 DE: 14.42 DE: 11.92 DE: 16.93
GT: 15.45 GT: 12.52 GT: 10.71 GT: 12.96

Figure 2. Visual results of our method. The first row of each figure panel shows the images as they
are in the data set, the second row presents the query images after segmentation and defoliation, and
the third row presents the final result with defoliation estimate (DE) and ground truth (GT).
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Figure 3. Results of our method concerning different levels of defoliation.

Complementarily, Figure 5 demonstrates the behavior of the method concerning the
estimated defoliation level. As can be observed, the estimated values are more significant
than the actual damage, i.e., the method overestimates the defoliation level, indicating per-
centages of leaf damage above the actual values. However, these values are not discrepant
since the curves have similar shapes. In the real scenario, this behavior is preferable to
underestimated results that could induce the reduction or interruption of management
operations. Furthermore, as this behavior is repeated in other plant species, the overes-
timation can be measured and used in leaf analysis. For example, in soybean leaves, the
mean overestimated value (mean absolute error, Table 1) is 3.31. Based on this knowledge,
the curves that characterize the actual and estimated defoliation level (Figure 5) can be
adjusted to present a more assertive result.



Agronomy 2022, 12, 2769

10 of 15

Table 1. Results of our method on different plant species.

Defoliation
Plant Species r MAE RMSE -

Min Max
Tomato 0.786 7.11 8.18 3.65 27.06
Strawberry 0.947 3.19 3.51 3.28 24.22
Soybean 0.895 3.31 3.73 3.34 20.37
Raspberry 0.909 3.64 4.09 3.36 27.66
Potato 0.923 341 3.94 3.28 20.60
Bell pepper 0.848 4.69 5.37 3.12 17.49
Peach 0.666 7.07 9.55 3.34 28.90
Grape 0.927 4.37 4.88 3.06 28.12
Corn 0.999 0.12 0.17 3.04 15.56
Cherry 0.848 4.20 4.71 3.20 25.61
Blueberry 0.911 3.78 4.42 3.41 29.34
Apple 0.891 3.92 450 3.19 24.30

Table 2 presents a comparison between our method and some related work. These
methods used the automatic estimation of leaves or human intervention to delineate the
leaves in the images (semi-automatic approach). Some of them were not prepared to
deal with leaf losses. In opposition, other methods consider leaf damage, including the
destruction in border regions with defoliation levels between 0 and 65%. Except for our
method, the automatic approaches were developed using deep learning models, which
require many image samples. Additionally, only our method and Silva et al.’s [40] method
were evaluated exclusively with public databases. The other authors built their bases for
evaluation or used local and public data sets.

Table 2. Some relevant information about our method and related work.

Defoliation Border Plant Data Set

Paper Method Level Damage Species Reference Year
[38] SA - Yes 1 LD 2007
[15] SA - No 1 LD 2013
[16] SA - No 5 LD 2014

[5] SA [0, 50] Yes 5 LD 2016

[3] AU [0, 64] Yes 3 LD, [41] 2019
[14] AU [0, 65] Yes 153 [41,42] 2021
This study AU [0, 60] Yes 12 [36] 2022

LD: Local data set, SA: Semi-automatic, AU: Automatic.

Table 3 presents a quantitative comparison considering our method and some related
works. Although each work has applied its own experimental evaluations, they have some
characteristics in common, such as performance measurement (r and RMSE) and type of
plant under analysis (soybean leaf). In this sense, this comparison shows that our pro-
posal presents results close to semi-automatic methods that demand human intervention
and automatic methods that use deep learning. For example, Bradshaw et al. [38] and
Machado et al. [5] used local databases and compared their results with leaf area measure-
ment devices (LI-COR). On the other hand, da Silva et al. [3] used local and public databases
and synthetic defoliation methods to train computational models. In contrast, our method
is evaluated with a public database that contains different plant species and variability
in leaf shape. Furthermore, our method involves a few processing steps, which makes it
suitable for systems with reduced computing power that generally qualify applications for
smart farms.



Agronomy 2022, 12, 2769

110f15

Table 3. Quantitative results provided by related work and our method considering soybean leaves.

Digital Scanner [38] BioLeaf [5] AlexNet[3] ResNet[3] This Study
r 0.938 0.992 0.987 - 0.895
RMSE - - 4.57 14.6 3.73
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Figure 4. Regression line between ground-truth defoliation levels and estimated damage by our

method concerning different plant species. Target T refers to the reference data, while Y refers to the

estimated value.
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Figure 5. Comparison between ground-truth defoliation levels and estimated damage by our method

in different plant species.

6. Conclusions

This study presented a new method to calculate the
by insect herbivores on plant leaves. The method uses a

percentage of damage caused
few processing steps, making

it suitable for intelligent farm environments with limited computing power. Based on
the experimental evaluation, our method is assertive in measuring the loss of leaf area,
considering different shapes, sizes, and morphology of leaves. The results were best for
defoliation percentages of a maximum of 60% as the predictions deteriorated beyond 60%.
For defoliation below 60%, the mean absolute error was lower or close to 10% for all plant
species under study, showing the generalization potential of our method. Additionally,
when verifying the correlation between leaf damage and estimated damage, we observed a
positive relationship between the variables with correlation values between 0.84 and 0.89

for apple, cherry, pepper, and soybean, and above 0.90 for
raspberry, and strawberry.

blueberry, corn, grape, potato,
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As a novelty, our method provides high precision for diverse plant species, works
effectively to estimate leaf loss in leaves with border damage, converges quickly, and does
not require human interaction. Furthermore, it does not require samples of herbivory to
prepare the image models and a massive amount of data to converge appropriately. Thus,
we present a comprehensive solution for crop monitoring and decision-making through
quantitative and visual analysis.

In this sense, we conclude that our proposal is a valuable option to support agricultural
management based on analytical information where insect predation can be addressed
before it compromises the entire plantation. The source code of our method is publicly
available for use at no monetary cost. As part of future work, we intend to consider
other image data sets and plant species and prepare a data set with actual herbivory cases.
Moreover, we intend to add a new processing layer to our method so that we can handle
the shadows that are generated during the image acquisition process.
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