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a b s t r a c t 

Leveraged by the production of grains, oilseeds, and fresh deciduous fruits, food production has reached new 

heights, exceeding the amount produced in previous years and with an estimate of new records for the coming 

years. In this sense, technological advances are essential to reduce costs and increase quality and productivity. In 

this paper, we present a novel method to detect insect predation on plant leaves that uses geometric leaf properties 

and digital image processing techniques to construct image models. Unlike other approaches, our method detects 

and highlights the regions of leaves attacked by insects and segments the contours of insect bites. We evaluated 

our proposal considering 12 crucial crops for the world market, and it demonstrated to be effective, even in the 

presence of noise, image scale, and rotation. Besides, it identifies insect predation areas regardless of the plant 

species with precision above 90% in blueberry, corn, potato, and soybean leaves. Thus, this proposal introduces a 

new approach to automatic leaf analysis and contributes to reducing human effort in identifying the occurrence 

of pests. The code prepared by the authors is publicly available. 
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. Introduction 

The activities performed in agricultural fields respond to high value-

dded businesses, being economically important in the production of

rains, oilseeds, ornamental and medicinal plants, and green vegetables.

orld soybean production reached 336.59 million metric tons (Mmt)

n 2019/2020, moving 31.2 billion U.S. dollars, with only the United

tates production of 96.67 Mmt [1] . Although lower than the produc-

ion of 2018/2019, Corn production reached 1,116.2 Mmt, with an av-

rage price of around $362 per ton, the highest since August 2015 [2] .

entrifugal sugar production reached 166.17 Mmt in which Brazil has

een leading the world production in the last five years with production

bove 29.92 Mmt [3] . 

In the same way, fresh deciduous fruits and stone fruits play an im-

ortant role in global food production. In 2020, China was the largest

roducer of apples, grapes, and pears, launching more than 62 million

ons of these fruits in the domestic consumer market [4] . Furthermore,

n that same year, the European Union and Chile exported the most sig-

ificant number of peaches and cherries, in a total of 395 metric tons

5] . 

The improvement of technologies for automation contributes signif-

cantly to agricultural production, making it more effective and sustain-
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ble through intelligent support for decision making, operation, and

gricultural management [6] . Methods for detecting leaf damage and

onitoring insects in crop fields are examples of computer vision and

achine learning techniques to address real problems that can cause

ignificant losses in the production process. Therefore, if an attack of in-

ects is detected in advance, the management of solutions can be more

ccurate, saving resources and safeguarding cultivation, potentially in-

reasing yield, and protecting crops. 

The detection of insects allows the analyst to verify occurrences of

osses above expectations and carry out mitigation and control actions.

his verification is necessary to distinguish between situations of nor-

ality in which the ecosystem is in balance and when the population

rowth of certain species becomes a risk factor for agricultural devel-

pment. Because of this, some proposals focus on insect detection and

lassification through computer learning systems where several samples

f insect images are collected to build classification models using ma-

hine learning algorithms [7–9] . 

Although detection systems make it possible to identify the presence

f insects in plantations, it is difficult to infer from them the line that

rosses population normality and the outbreak of a given species. Among

he factors that limit these solutions, the mobility of insects between

lants stands out because as they move, there may be different records
il 2022 
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or the same specimen in different plants, and vision systems may not be

ble to record their presence when they move fast or are camouflaged,

idden and in clusters. On the other hand, damage caused by insects

s limited to the location of the injured plants, which can be used to

irect foliar analyzes and verify the local and global health of the crops,

ven in the absence of the insect that induced the losses. From there,

nferences about the ecological balance can be made. 

In this sense, we propose a novel approach to identifying insect pre-

ation marks and point out the places where leaf damage occurs. There-

ore, we do not detect insects but the damage caused by them. It is a

ay of treating the same problem in an innovative way to identify the

ccurrence of insects in the plantation even with their absence. Thus, it

akes our method more versatile as it can detect damage of different

roportions, including damage to leaf border regions and pest incidence

t different stages of development. 

Quantifying the number of damaged leaves is a potential use of the

roposed method that can answer questions related to insect popula-

ion growth, the ability of plants to develop in the face of predators,

nd whether there is a potential risk to crop fields. In these cases, the

revious analysis would justify the conduction of interventions to reduce

osses and re-balance the ecosystem in the crops. Furthermore, the bite

race segments presented as an output of the proposed method enable

he analyst/specialist through visual inspection to determine the cat-

gory of insects, for example, differentiating leaf-chewing insects (e.g.,

aterpillars) from leaf-cutting insects (ants, leafcutter bees, grasshopper,

nd others). 

Our method uses geometric leaf properties and digital image pro-

essing techniques to construct image models. Initially, healthy leaves

re used as input in the model construction process. Then, with the con-

tructed models, an injured leaf is processed, and the image model that

est fits it is selected and used to detect the damaged leaf areas and seg-

ent the insect bites. The strategies used in this proposal demonstrated

o be effective in the presence of noise and geometric distortions caused

y image acquisition processes, in the detection of insect predation in

ifferent foliar structures, and morphologies, and in the segmentation

f insect bites in low or severe defoliation. 

We evaluated our proposal considering 12 critical crops for the world

arket, including soybean, sugarcane, corn, apple, grape, peach, and

herry. We explore different levels of defoliation in a vast and diverse set

f leaf images and investigate the behavior of our method in computer

ision challenges, such as image rotation, scale variation, and noise. Due

o the assertiveness of the proposed method, the results are promising to

ssist experts, agronomists, ecophysiologists, and farmers in making bet-

er decisions in cultivars, including insecticide evaluations and proper

rop management. 

The main contributions of the proposed method are: 

• A novel method for recognition of insect attack on planting leaves. 

• A systematic approach to highlighting insect-damaged leaf regions. 

• A synthetic defoliation strategy using real insect attack cases. 

• A methodology for evaluating line segmentation approaches (insect

bite traces). 

The remainder of the paper is organized as follows. Section 2 summa-

izes existing studies of insect predation in crop fields. Section 3 intro-

uces our proposed method in detail. Section 4 describes vital informa-

ion about the experimental design, such as the database used and eval-

ation metrics. Section 5 provides the experimental results and analysis.

ection 6 presents a discussion of the results. Finally, the work done is

oncluded in Section 7 . 

. Related work 

Several works use digital image processing and machine learning

lgorithms to identify pests in different crop fields. Wang et al. [10] ,

or example, classified insects using digital images in which a man-

al processing approach was performed to remove the background and
2 
ighlight only the insect region. Thus, feature extraction was applied to

he insect images previously segmented to obtain information about the

ody radius, body shape parameter, color complexity, head size, and

horax of the insects. Then, the acquired information was indexed to

lassify the insects using Support Vector Machines (SVM). 

Similarly, Wen and Guyer [11] presented an automatic method for

dentifying insects in digital images using local and global features. The

cale Invariant Feature Transform (SIFT) was used to identify local fea-

ures and record them into a histogram. Also, a color-based clustering

egmentation method was applied to obtain global information as the

hape and contour of the insect. The K-means cluster separated the in-

ect area from the background and the insect shape, texture, and colors

orresponding to 54 global features and 100 local features for each im-

ge. These local and global features were used to categorize the images

sing five different classifiers (Minimum Least Square Linear, Normal

ensities Base Linear, K-Nearest Neighbor Classifier, Nearest Mean, and

ecision Tree). 

Xie et al. [12] also used the descriptors of color characteristics (color

istogram), texture, shape (United Moment-Invariant), SIFT, and His-

ogram of Oriented Gradients (HOG) to obtain image features. The SVM

lassifier labeled the images using Multiple Kernel Learning (MKL). In

he same way, Yang et al. [13] developed a system to detect owlfly in-

ects based on the contours of their wings. In this proposal, the image

ackground was manually removed using graphic editing software, and

he image was transformed into a grayscale and binarized to separate

he contours of the insect’s wings. Furthermore, the C-Support Vector

lassification algorithm was used to classify the images. 

Thenmozhi and Reddy [14] presented a method to detect the pres-

nce of insects in sugarcane crops. Initially, RGB images were converted

o grayscale, and the images were divided into smaller regions to deter-

ine the edges or boundaries using Canny, Sobel, Gaussian HPF, and

rewitt Edge detection filters. Then, the feature extraction strategy was

erformed using boundary form, surface, and textures of insects, and

he classification was performed to evaluate the similarity of the body

f insects concerning some geometric shapes such as triangles, circles,

nd rectangles. 

In Deng et al. [15] , the detection of insect pests was based on the

uman visual system in which the FastICA Efficient Projection Map was

sed to detect the region of interest (ROI). Then, the processed images

ere normalized, and the Otsu method was applied to find the thresh-

ld that could better define the ROI. Next, Gabor Filters were applied

o detect edges, and the SIFT and Local Binary Pattern were used to

xtract gradient and texture orientation features, respectively. Finally,

VM with a radial basis function was used to classify the images. 

Another technique widely used to classify objects is deep learning.

n Cheng et al. [16] , multiple layers of abstraction, called ResNet-101,

ere used to classify insects in digital images. Shen et al. [17] used the

aster R-Convolutional Neural Networks (R-CNN) to segment insects in

rain and classify them. Likewise, Kasinathan et al. [7] , based on Con-

olutional Neural Networks (CNN), proposed a method to classify and

etect pests in the initial growth stage of corn, soybean, and wheat.

omparably, Nanni et al. [18] prepared an ensemble of CNNs consist-

ng of AlexNet, GoogleNet, ShuffleNet, MobileNetv2, and DenseNet201.

hese studies show that an advantage of deep learning networks is that

hey do not require explicit background removal to train and classify

mages. However, they do demand a significant number of samples to

onverge accurately. 

Based on the related work, we can note that computer-aided ap-

roaches that deal with crop pest detection consider the identification

nd classification of insects for this task. Nevertheless, we propose a dif-

erent investigation strategy in this study. According to Carvalho et al.

19] , the external-feeding fraction of insect damage has excellent po-

ential for improving the understanding of ancient and extant herbivore

ommunities. Thus, detecting sets of leaf damage types offer opportuni-

ies for assessing insect diversity or detecting changes in insect composi-

ion over climatic. Unfortunately, none of the abovementioned methods
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Fig. 1. Architecture components of the proposed method. 
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i  
ere developed to identify and isolate leaf damage, i.e., the bite signa-

ure caused by mandibular insects or insect-induced damage. 

In this sense, in our proposal, leaf damage occurrences are identified

nd visually demarcated according to the regions in which they occur.

esides, the leaf damage lines formed from the herbivory are segmented

o recognize bite patterns from their peculiarities. Therefore, we iden-

ified the presence of pests considering their harmful effects where the

xacerbated leaf damage can inhibit the development of plants. From

ur perspective, plantation monitoring applications, especially real-time

nspections, may benefit better from the approach we present because

t is easier to find samples of leaf damage in crop fields than the insects

hat produced them. This study demonstrates that our method is invari-

nt to scale, rotation, and image noise changes. Also, it requires few

eaf samples to construct an image model for detecting and segment-

ng insect bite marks, with particular attention to damage in leaf border

egions. We evaluated the proposed method using a challenging image

atabase that includes different cultivars and variations of leaf samples

apple, blueberry, cherry, corn, grape, peach, pepper, potato, raspberry,

oybean, strawberry, tomato). 

. Proposed method 

The proposed method is divided into five parts. In the first, the im-

ges are segmented, and the image background is removed, preserving

he leaf region. In the second, feature detectors are designed and used

n the third step to build an image base with leaf models. In the fourth

tep, a similarity evaluator is formulated to select the appropriate image

emplate for a damaged leaf image. Finally, the foliar damage regions

re automatically detected and segmented in the last step. Fig. 1 pro-

ides an overview of the proposed method, described in the following

ubsections. 

.1. Leaf segmentation 

The segmentation process consists of separating only the leaf region

area of interest) concerning the other regions of the image. In our study,

ach image 𝐈 𝐑𝐆𝐁 in the database is composed of two classes that describe

he leaf or background regions. We use a median filter to assist this

rocess with a kernel 𝜅 of size 5 × 5 . After applying this filter, we obtain

ew versions of the image channels, that are, 𝐑 

∗ , 𝐆 

∗ , and 𝐁 

∗ . 

Then, we exceed the green color, 𝐆 

′ = 2 𝐆 

∗ − 𝐑 

∗ − 𝐁 

∗ , and the Otsu

hreshold method [20] is applied to obtain an optimum threshold value

hat separates the leaf pixels from the non-leaf pixels in 𝐆 

′ and based on

his step the background regions from 𝐈 are removed. In this fashion,
𝐑𝐆𝐁 

3 
he original image is preserved without interference from the median

lter applied to it and the approach of exceeding the green channel. 

.2. Leaf features 

The feature extraction step is performed in two ways. In the first one,

he leaf geometry is used to find a line representing the length of a leaf.

hile the second, the edge detector, is applied to find straight line-like

tructural descriptors. 

In the initial step, the margin of the leaf is highlighted according to

 binarization process that removes interior pixels to leave only the out-

ine of the shapes. Then, the Mahalanobis distance is used to calculate

he distances 𝑑 2 ∈ 𝐃 

2 between the vectors 𝑣 𝑠 and 𝑣 𝑡 ∈ 𝐕 . The Maha-

anobis distance is defined in Eq. (1) , 

 

2 = ( 𝑣 𝑠 − 𝑣 𝑡 ) 𝐶 

−1 ( 𝑣 𝑠 − 𝑣 𝑡 ) ′, (1)

here 𝐶 is the covariance matrix. The vectors 𝑣 𝑠 and 𝑣 𝑡 represent the

airwise Cartesian coordinates ( 𝑥, 𝑦 ) of the margin of the leaf, for all 𝑣 𝑠 
nd 𝑣 𝑡 different from each other. 

Then, the index of longest distance 𝑑 ∗ among all vectors in the leaf

order is found using Eq. (2) : 

 

∗ = arg max ( 𝐃 

2 ) (2)

After that, the line connecting the two margin points ( 𝐴 = 𝑣 𝑑 
∗ 

𝑠 
=

 𝑎 𝑥 , 𝑎 𝑦 ) and 𝐵 = 𝑣 𝑑 
∗ 

𝑡 
= ( 𝑏 𝑥 , 𝑏 𝑦 ) ) represents the longest path, i.e., the length

f the leaf which we refer to as the reference line. 

In the second feature detection strategy, the Sobel edge detector is

pplied to the image 𝐆 , and the feature extraction process is performed

o find straight line-like structural descriptors using the Hough trans-

orm [21] . Due to its ability to isolate features of a particular shape, the

ough transform technique is commonly used to detect regular curves

uch as lines, circles, and ellipses, image analysis, computer vision, and

igital image processing [22] . 

.3. Leaf models 

Those two points that defined the length of the leaf, points 𝐴 and

, are used to adjust the leaf so that its apex (leaf tip) or base points

pwards. First, the Δ between these two points is found using Eq. (3) : 

= 

𝑎 𝑦 − 𝑏 𝑦 

𝑎 𝑥 − 𝑏 𝑥 
, (3)

Then, the inverse tangent function of Δ is calculated, and the angle

f rotation 𝜃 of the leaf relative to the image plane is found ( Eq. (4) ). 

= arc tan −90 ◦<𝜃< +90 ◦ (Δ) (4) 

Hence, the rotation angle 𝜃 is used to define a rotation matrix

 Eq. (5) ) and to apply a planar rotation to each point 𝑥̃ ∈ 𝐈 𝐑𝐆𝐁 , which

esults in a rotated image 𝐈 ′𝐑𝐆𝐁 . 

 = 

[ 

cos ( 𝜃) − sin ( 𝜃) 

sin ( 𝜃) cos ( 𝜃) 

] 

(5)

After the rotation transformation, the leaf area is detected and sur-

ounded by a rectangular bounding box. This delimited area is used to

rop the image to contain only the leaf parts, discarding the leafless re-

ions. Finally, the cropped image is resized to the same size as the origi-

al image, i.e., for size, 𝑚 by 𝑛 , producing the 𝐈 ′′𝐑𝐆𝐁 image. Complemen-

ary, the rotation angles of the lines detected by the Hough transform

elative to the image plane are also used to produce other transformed

mages. 

.4. Template matching 

The template matching is performed by measuring the dissimilar-

ty between damaged leaf area distributions with the prepared image
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Fig. 2. Detection of insect predation marks: (a) damaged leaf 𝐁 , (b) predation 
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eccentricity evaluation and erosion operation. 
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odels. The earth mover’s distance 1 (EMD) [23] is used, and the dis-

imilarities between them quantify the proximity between the damaged

eaf to the image models. To perform this evaluation and in addition to

he EMD 

2 , we propose a cost function that evaluates the correspondence

etween image pairs using their dissimilarities but also considering the

on-overlapping areas between them. 

The three terms of Eq. (6) represent the proposed cost function 𝑐 𝑜 . 

 𝑜 = 𝜔 1 + 𝜔 2 + 𝜔 3 , (6)

here 

 1 = 𝐸𝑀𝐷( 𝐈 𝑎 , 𝐈 𝑏 ) 

 2 = 𝜓 + 𝜁 + 𝜙

 3 = 𝜈 + 𝜏

nd 

𝐹 ( 𝐈 𝑎 , 𝐈 𝑏 ) = 

1 
𝑛𝑚 

𝑛 ∑
𝑖 =1 

𝑚 ∑
𝑗=1 

( 𝑝 𝑖𝑗 ∧ 𝑞 𝑖𝑗 ) 

 𝐴 ( 𝐈 𝑎 , 𝐈 𝑏 ) = 

1 
𝑛𝑚 

𝑛 ∑
𝑖 =1 

𝑚 ∑
𝑗=1 

( 𝑝 𝑖𝑗 ∨ 𝑞 𝑖𝑗 ) ∧ ¬( 𝑝 𝑖𝑗 ∧ 𝑞 𝑖𝑗 ) 

𝜓 = 𝐹 𝐴 ( 𝐈 𝑎 , 𝐈 𝑏 ) 

𝜁 = 𝐹 ( 𝐈 𝑎 , ¬𝐈 𝑏 ) 

𝜙 = 𝐹 (¬𝐈 𝑎 , 𝐈 𝑏 ) 

𝜈 = 𝐹 (¬𝐈 𝑎 , 𝐰 𝑟 ) 

𝜏 = 𝐹 ( 𝐈 𝑎 , ¬𝐰 𝑟 ) 

et be 𝐹 ( ., . ) a function that averages the intersection of pixels that have

rue values in a binary image, for pixels 𝑝 ∈ 𝐈 𝑎 and 𝑞 ∈ 𝐈 𝑏 . 𝐹 𝐴 ( ., . ) is a
unction that calculates the area that is outside of the intersection be-

ween a damaged sample image and the input leaf; 𝐈 𝑎 and 𝐈 𝑏 are the

mage recovered by the method in the model and the input image of

he leaf that the insect damages, respectively; 𝜁 is the area that is in the

nput leaf but not in the damaged sample image; 𝜙 is the area that is in

he damaged leaf sample but not in the input leaf; 𝜈 is the area that is

n the leaf model but not in the input leaf; 𝜏 returns the area that is in

he input leaf but not in the leaf model. 

Then, with the cost resulting from the comparison performed, the

eaf model with the smallest error is the chosen one, Eq. (7) . 

 = arg min ( 𝑐 𝑜 ) , (7)

here 𝑒 is the minimum error resulting from the cost function between

he damaged leaf and all leaf models. 

.5. Leaf predation 

To segment the insect predation areas, the margin of the damaged

eaf 𝐁 is detected, resulting in the logical image 𝐁 

′. The damaged regions

 are detected first based on the logical conjunction operation between

 

′ and the retrieved image model 𝐀 ( Eq. (8) ). Hence, 𝐒 is updated by

pening and dilating morphological operations. The opening operation

s applied to remove spurious connected components with smaller pixels

han 𝛽, and the dilation operation is applied to connect nearby compo-

ents, according to a circular structural element of radius 𝑟 . In the tests,

and 𝑟 are set with 25 and 2, respectively. 

 = 𝐀 ∧ 𝐁 

′ (8)
1 It is also referred to as the Wasserstein distance and the Monge-Kantorovich 

roblem. 
2 We use the code provided by Liu et al. [24] to calculate the earth mover’s 

istance. 

d  

i  

p

4 
After applying the morphological operations, the eccentricity value

f each of the remaining connected components is calculated to remove

omponents that have structures similar to a straight line. It is performed

o prevent the damaged leaf margins from being interpreted as predation

reas when the damaged leaf is smaller than the retrieved image model.

he eccentricity value is calculated according to Eq. (9) 

 = 

√ 

1 − 

(
𝑏 

𝑎 

)2 
, (9) 

here 𝑏 is the length of the minor axis, and 𝑎 is the length of the major

xis of an ellipse that contours a connected component in 𝐒 . 
The eccentricity value 𝐸 is between 0 and 1. When it is closer to 1,

t is closer to being a line segment. After calculating the eccentricity,

n evaluation is applied in which connected components smaller than

 threshold 𝑡 are discarded. In the tests, we define 𝑡 as 0.98, which is

 strict value so that only segments similar to lines are removed. Fig. 2

llustrates the process of detecting predation regions on a damaged leaf.

. Material and methods 

.1. Image database 

In the experiments, we used a public database 3 prepared by Hughes

nd Salathé [25] . In obtaining the samples, technicians sought a va-

iety of lighting conditions, positioning, and foliar shape to prepare a

iverse data set of leaf images obtained in various lighting conditions,

ncluding healthy and disease-affected leaves. From this database, we

elected healthy leaf samples from 12 plants: apple, blueberry, cherry,

orn, grape, peach, bell pepper, potato, raspberry, soybean, strawberry,

nd tomato. The size of the images is 256 × 256 . 

.2. General setup 

Each crop species in the database is divided into (1) data modeling

nd (2) test data. The first one is used to construct the leaf models, and

he second one is used to validate the proposal. Tests are done individ-

ally for each leaf species, i.e., we do not mix samples from different

lasses. From each leaf species in the database, we select 20 leaf im-

ges to feed the data modeling group and 100 different images for the

est data group. Thus, we worked with 140 images for the data mod-

ling groups and 1.200 images for the test data groups. The validation

s performed using the K-fold cross-validation strategy, which consists

f splitting the available data into 𝐾 partitions, one for the data mod-

ling group and the remaining ( 𝐾 − 1 ) for the test data group. In the

xperiments, 𝐾 is set to 5, so each test is run five times. 

The experiments are divided into two parts. In the first one, we eval-

ate the behavior of our proposal in dealing with typical computer vi-

ion challenges such as scale-variation transformations, image rotation,

nd noise. Furthermore, we also investigated the impact of variations in

efoliation levels when using the proposed method. In this part, which

ncludes Sections 5.1 –5.4 , we consider only soybean leaves to prepare
3 https://github.com/digitalepidemiologylab/plantvillage _ deeplearning _ 

aper _ dataset. 

https://github.com/digitalepidemiologylab/plantvillage_deeplearning_paper_dataset
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he tests. In the second part of the experiment, another examination is

erformed to assess the capability of the proposed method in the de-

ection and segmentation of insect predation on leaves of different crop

pecies (apple, blueberry, cherry, corn, grape, peach, pepper, potato,

aspberry, soybean, strawberry, tomato). Except for the test applied in

ection 5.4 , the defoliation level for the composition of the test group

mages is randomly selected from a range of 5 to 35% . 

The accuracy of the proposed method is assessed with reference im-

ges made from healthy leaves that were automatically segmented using

he image segmentation process ( Section 3.1 ) and deformed to simulate

eaf damage according to the synthetic defoliation strategy ( Section 4.3 ).

hus, quantitative and visual inspections are obtained from different sta-

istical measurements to compare our proposal outputs with the ground

ruth images. 

The experiments were done in a notebook with Core i7-9750H

2.6GHz; 12MB Cache) and 16 GB RAM. As for the execution time, the

ntire construction process of the leaf models required 5.33 seconds for

he 20 images in the data modeling group, which produced an average

8 leaf models, and 5.14 seconds to complete the process of evaluating

nd selecting a suitable model for each one of the features that were

etected in the leaf test image. Thus, on average, each leaf in the test

roup has three features. The code was written using MATLAB and is

vailable on-line 4 . 

.3. Synthetic defoliation 

We have prepared a synthetic defoliation strategy in which healthy

eaves are subjected to a process capable of simulating insect preda-

ion. It consists of extracting bite signatures in real herbivory cases

nd preparing templates of foliar damage to promote different levels

f leaf defoliation. The bite signature of two types of insects, Spodoptera

rugiperda and Chrysodeixis Includens , was extracted from injured leaves,

esulting in some bite samples for each of the two insects. Although the

efoliation examples are based on leaf chewers insects, multiple types of

amage could be equally addressed according to the type of herbivore

nsects, such as bud feeders, hole feeders, skeletonizers, surface abrasion

eeders, and sap-sucking. Thus, it can be addressed in future studies. 

We developed a computer program that receives a healthy leaf as

nput and returns a damaged leaf and its level of defoliation. It uses

our random variables to determine (1) the number of insect bites to

se, (2) select one or more samples from the bite models, (3) apply a

otation transformation to the selected bite samples, (4) and resize the

ite samples to a random size. Besides that, the defoliation level is an

nput parameter in which the desired defoliation level can be set from

 to 99%. 

.4. Line segment assessment methodology 

The evaluation of line segments (insect bite traces) considers a se-

uence of steps that includes image transformation operations and ob-

ect matching. Initially, a morphological operation is applied on both

etected bite segments and ground truth image segments to remove spu-

ious pixels, followed by a dilation operation to connect small fragments

f lines. Then, the pixels at the object’s boundaries are removed, and the

emaining pixels constitute the image’s skeleton. 

The objects are surrounded by bounding boxes whose function is to

ark the area occupied by these objects. Each bounding box has an

dentifier used to track peer-to-peer matching operations. When an in-

ersection between a bite segment and a segment in ground truth is per-

eived, the quality of the intersection is assessed using the IoA metric

presented in Section 4.5 ). If the result is positive, it is said that a True

ositive (TP) was achieved. On the other hand, if there is no match for

ome bite segment, it is labeled as a False Positive (FP), and if there is
4 https://github.com/pixellab- ufg/leaf- analysis . 

𝐘  

w  

5 
o matching for some object in the ground truth, then it is considered a

alse Negative (FN). Fig. 3 illustrates all the steps used in the evaluation

f bite segments. 

Fig. 4 presents an illustration of how this evaluation is performed.

n this example, two predation regions of an injured leaf were detected.

ollowing the ground truth, only one was correctly identified. Thus, it

an be observed that for one of the segmentation results, there is a corre-

pondence (True Positive), while for another one, there is no matching

False Positive). 

.5. Evaluation metrics 

To assess the output accuracy of our proposal, a quality factor known

s 𝑄 𝑠𝑒𝑔 [26] is used according to Eq. (10) : 

 𝑠𝑒𝑔 = 

∑𝑚 

𝑖 =1 
∑𝑛 

𝑗=1 𝑠 𝑖,𝑗 ∧ 𝑟 𝑖,𝑗 ∑𝑚 

𝑖 =1 
∑𝑛 

𝑗=1 𝑠 𝑖,𝑗 ∨ 𝑟 𝑖,𝑗 
, (10)

here 𝑠 𝑖,𝑗 ∈ 𝐒 is the retrieved leaf ( 𝑠 𝑖,𝑗 = 1 ) or background pixels ( 𝑠 𝑖,𝑗 =
 ) and 𝑟 𝑖,𝑗 ∈ 𝐑 is the reference image, also in a binary format. The ac-

uracy is based on logical operations, logical and ( ∧) and logical or ( ∨),

hat compare the overlap between the reference image 𝐑 and the re-

rieved image 𝐒 . 𝑄 𝑠𝑒𝑔 varies in a range of values between 0.00 and 1.00

n which a value 1.00 represents a perfect consistency outcome between

 and 𝐒 images. 𝐑 and 𝐒 are binary images with size 𝑚 by 𝑛 . 

Furthermore, we compare the results between data distributions us-

ng the Kruskal-Wallis test [27] , which is a non-parametric test that as-

esses whether the distribution functions are similar (null hypothesis

 0 ) or if there is any statistical difference between the functions un-

er evaluation (alternative hypothesis 𝐻 1 ). A 𝑝 value is returned, and it

ndicates which hypothesis will be rejected according to a limit of the

ignificance level 𝛼, in our case 𝛼 = 0 . 05 . Also, a confidence interval is

alculated according to Eq. (11) . 

 

( 

𝑥̄ − 𝑍 𝑠 . 
𝜎√
𝑛 
≤ 𝜇 ≤ 𝑥̄ + 𝑍 𝑠 . 

𝜎√
𝑛 

) 

= 𝛾, (11)

here 𝑃 refers to a probability function, 𝑥̄ , 𝜎, and 𝑛 are the mean value,

he standard deviation, and the size of the population sample, respec-

ively. 𝑍 𝑠 is obtained from a t-student table regarding the confidence

evel 𝛾, and 𝜇 is the unknown parameter of the average population ex-

ected to be in the confidence interval. 

Besides, we prepared a modified version of the Intersection over

nion (IoU) similarity index, and we call it Intersection over an Area

IoA). As conventional, in our version, the predicted and the ground

ruth segments are surrounded by bounding boxes, and these areas are

sed to measure their overlap. However, we do not use the union of

hese areas. In this sense, the IoA scores either complete segments or

nly some parts of them so that the difference between the measured val-

es of these two cases does not have significant differences. This prop-

rty is essential for our study because the contours that represent the

nsect predation segments can be discontinuous and interpreted as indi-

idual segments when, in fact, they are parts of the same bite segment.

herefore, predation segments labeled by the segmentation process are

valuated individually concerning the area they occupy. 

The IoA similarity index is given by the intersection between the

redicted predation segment and ground truth over the maximum area

f predicted segments or the ground truth, Eq. (12) . 

𝑜𝐴 = 

area( 𝐘 𝑖 ∧ 𝐓 𝑗 ) 

max ( area( 𝐘 𝑖 ) , area( 𝐓 𝑗 ) ) 
(12)

here 

rea( 𝑥 ) = 

𝑚 ∑
𝑖 =1 

𝑛 ∑
𝑗=1 

𝑥 𝑖,𝑗 

 𝐢 contains one of the 𝑖 predicted predation segment area compared

ith all 𝐓 areas of predation from 𝑗 to the number of bites in the ground

https://github.com/pixellab-ufg/leaf-analysis
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Fig. 3. Components of the bite segment assess- 

ment methodology. 

Fig. 4. Segmentation of insect predation marks and evaluation: (a) damaged 

leaf, (b) ground truth, (c) predation marks after bite detection, (d) ground truth 

area (yellow), predation areas (green) and the intersection between them (red). 

(For interpretation of the references to color in this figure legend, the reader is 

referred to the web version of this article.) 
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ruth. Therefore, if the IoA of a bite segment is higher than 0.5, we define

t as True Positive (TP). Otherwise, it is defined as False Positive (FP).

urthermore, those segments that do not match any predicted predation

arks are defined as False Negative (FN). 

From IoA, we used two statistical measures to evaluate the detection

nd segmentation of insect bite signatures. In Eq. (13) and Eq. 14 , we

escribe the Precision and Recall measurements. 

recision = 

TP 

TP+FP 
(13)

ecall = 

TP 

TP+FN 

(14)

here TP stands for the number of segments correctly labeled as bite

egments, FP represents the number of segments incorrectly labeled as

 bite, and FN represents the number of bite segments that were not

abeled as a bite. TP, FP, and FN are specified according to IoA scores. 
6 
. Experimental design and results 

.1. Image scale variation 

In this test, we simulate the variation in the positioning of cameras

oncerning their proximity and distance with the target objects. A factor

∈ {0 . 5 , 0 . 6 , 0 . 7 , 0 . 8 , 0 . 9 , 1 . 0} is used to resize the test data image group

here a smaller value for 𝜆 decreases the size of the images and a value

f 1.0 means that the images are in their original size. Fig. 5 (a) to (d)

resents visual examples of this process. 

Although the scale factor applied to the images significantly affects

heir resolution, the proposed method reaches similar results, even with

his factor variation. For example, Fig. 6 shows that the median of the

ests has similar results, which is confirmed by a Kruskal-Wallis 𝑝 = . 95 .
herefore, even with scale variation, the proposal obtains satisfactory

esponses. 

.2. Image rotation transformation 

Continuing with the camera positioning simulation, we investigate

he effect of rotational transformations either by the camera or by po-

itioning the target objects. A factor 𝜃 ∈ {0 , 90 , 180 , 270} is applied to

otate the images of the test data group at different angles where 𝜃 = 0
epresents the images in their original positions. Fig. 5 (e) to (h) presents

isual examples of this process. 

In Fig. 7 , the median values of the test cases are consistent. In this

ense, a Kruskal-Wallis 𝑝 = . 33 value indicates that the rotation transfor-

ation did not affect the distributions to the point of refuting the null

ypothesis, which means that even with the application of this type of

ransformation, the results are stable. 

.3. Image noise variation 

We also investigated the behavior of the proposed method in dealing

ith noisy images. We gradually add random salt & pepper noise with

n density factor 𝜂, as in Eq. (15) , 

∈ {0 , 0 . 08 , 0 . 16 , 0 . 24 , 0 . 32 , 0 . 40} , (15)

o the images of the test data group in which for 𝜂 = 0 no noise is applied,

hile for 𝜂 = 0 . 40 noisy points are inserted in 40% of the input images.

When the addition of noise is applied, there is no significant change

n the results concerning the images without noise, Fig. 8 , confirmed by

ruskal-Wallis 𝑝 = . 97 . However, we point out that the addition of noise

as a minor influence on the segmentation process, causing leaf area

oss or labeling non-leaf parts as the target object, as shown in Figs. 5 (i)

o (l). 
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Fig. 5. Scale, rotation and noise variation. These samples are pre- 

sented after the segmentation process and with 06.04% defolia- 

tion. 

Fig. 6. Scale variation assessment. 

Fig. 7. Rotation transformation assessment. 

Fig. 8. Noise variation assessment. 
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Fig. 9. Defoliation level assessment. 
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.4. Defoliation level range 

In this test, we analyze the results of the proposed method when

pplying controlled changes in the percentage of leaf damage. Starting at
7 
%, we increase the defoliation level by 5% until reaching a maximum of

9% damage. Fig. 9 shows the mean, median, and standard deviation of

he test cases. The results are best presented when the leaf damage varies

rom 1% to 35%. After that, the error increases, and the 𝑄 𝑠𝑒𝑔 values

ecrease progressively. However, these results show us that our method

rovides suitable outputs even with a very high defoliation level, and

he average 𝑄 𝑠𝑒𝑔 is always higher than 0.79. 

.5. Detection and segmentation of insect predation 

This experiment evaluates the proposed method for detecting and

egmentation insect predation marks based on precision and recall mea-

ures. Fig. 10 shows the average statistical results for each crop species

oncerning the predation areas segmentation and, as it can be noted,

mong the five executions ( K-fold cross-validation), there are only mi-

or variations between the results with standard deviation values below

.03. 

Table 1 shows the general results obtained from the totality of the

xperimentation rounds with the average ( 𝜇), standard deviation ( 𝜎),

nd minimum and maximum values from the five executions. Apple,

lueberry, and cherry achieved over 86% precision and more than 80%
ecall. The characteristics of the database samples justify the high as-

ertiveness of corn leaves ( 99% precision). As these leaves occupy the
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Fig. 10. Insect bite segmentation: average precision and recall. The x-axis represents the K-fold iteration number, while the y-axis represents the precision or recall 

outcomes. 

Table 1 

Precision and recall with the final scores between K-folds. 

Precision Recall 

𝜇 / 𝜎 Min Max 𝜇 / 𝜎 Min Max 

Apple 0.86 / 0.030 0.82 0.89 0.81 / 0.02 0.78 0.84 

Blueberry 0.90 / 0.010 0.89 0.92 0.81 / 0.01 0.79 0.83 

Cherry 0.89 / 0.010 0.87 0.91 0.80 / 0.01 0.78 0.81 

Corn 0.99 / 0.002 0.99 0.99 0.93 / 0.01 0.91 0.94 

Grape 0.77 / 0.010 0.74 0.78 0.87 / 0.02 0.84 0.91 

Peach 0.79 / 0.020 0.76 0.81 0.53 / 0.01 0.51 0.55 

Bell Pepper 0.89 / 0.010 0.87 0.90 0.81 / 0.02 0.78 0.83 

Potato 0.90 / 0.009 0.89 0.91 0.82 / 0.01 0.81 0.84 

Raspberry 0.87 / 0.010 0.85 0.89 0.82 / 0.01 0.81 0.84 

Soybean 0.96 / 0.010 0.95 0.98 0.85 / 0.01 0.84 0.88 

Strawberry 0.79 / 0.030 0.76 0.84 0.86 / 0.02 0.83 0.89 

Tomato 0.72 / 0.020 0.70 0.74 0.77 / 0.01 0.74 0.78 
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8 
ntire image area, the template matching step can find suitable mod-

ls for damaged leaves more accurately. It was expected behavior for

he set of images of this class. Likewise, it was expected that the results

or the peach leaf were not assertive due to the different shapes of the

eaves and the shading effect on them. The results were inaccurate on

he recall measure but surprising, with an average precision of 77% . 

Unlike the other leaf classes, grape, strawberry, and tomato leaf

amples obtained greater assertiveness in the recall measure than

n precision, increasing at least five percentage points. As a result,

rape and strawberry reached the second and third best recall value,

nly behind corn leaves. Besides, like most leaf classes, bell pepper,

otato, and raspberry achieved recall values above 80% and preci-

ion values close to or equal to 90% . However, the main highlight is

he soybean leaf, which reached 98% precision in some experimental

ests. 
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Fig. 11. Histogram of False Positive (FP) and 

False Negative (FN) obtained by the proposed 

method on soybean leaves. The x-axis repre- 

sents the number of errors, while the y-axis rep- 

resents the number of images in each range. 
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Fig. 12. Bites segments and grount truth: (a) Bite segments superimposed on 

the image model, (b) Misalignment between bite segments (magenta) and gruth 

truth (green). (For interpretation of the references to color in this figure legend, 

the reader is referred to the web version of this article.) 
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In addition, Fig. 11 shows histograms of the number of images by the

otal number of False Positive (FP) and False Negative (FN) segments

cross all runs. It is observed that most of the test images reported zero

P and FN entries; that is, 452 of the 500 test images (considering the

ve validation rounds) did not present FP segments, and for 318 images,

here were no FN entries. Thus, there are more segments labeled as FN

han FP. However, the maximum number of false-positive entries in a

eaf sample was 2, while 5 false-negative entries were observed in just

ne image. Although these histograms were prepared with the results

f the soybean leaf, for the other types of leaf, this behavior pattern is

uite similar. 

The interpretation of False Positive (FP) and False Negative (FN) con-

ists of the attention given to the number of segments wrongly identified

r ignored. False positives occur when bite segments are detected but

o not match the actual bite segments. On the other hand, when actual

ite segments are not detected, the method fails to identify the segments

orrectly, and the number of false negatives increases. Therefore, it is es-

ential to balance these measures to correctly recognize bite segments,

reventing them from being lost or misidentified. As can be seen, the

roposed method has good assertiveness indices to address this issue,

resenting accurate results in the detection and segmentation of insect

ites. 

. Discussion of the results 

Computer vision-based systems have proven essential in several ar-

as, including agricultural applications in which management processes

re improved, inspection activities are optimized, and decisions are

ade considering statistical data collected by sensors. Foliar loss caused

y insect predation is an example where computer vision solutions are

eing applied to support proactive and reactive strategies in managing

rop fields. On the other hand, there are some challenges related to the

omputer vision area that reduce the assertiveness of automated sys-

ems. In this sense, we proposed a new method for detecting leaf dam-

ge caused by insects. Also, we provided several tests using a complex

atabase whose content includes entries of different plant species, leaf

amples under different lighting conditions, leaves positioned at differ-

nt angles, and leaf format with wide variation. 

To design the experiments, we developed a defoliation method that

pplies synthetic damage to the edges of the leaves. We controlled the

efoliation percentage, and we configured it so that the damage was ap-

lied randomly in the range of 5 to 35% in each leaf of the test group.

he proposed method was demonstrated to be effective in the presence

f noise and image transformations as scale and rotation. Thus, the posi-

ioning of the camera, or the leaf, during the image acquisition process

oes not need to follow a strict control scheme ( Sections 5.1, 5.2 and

.3 ). Besides, our method showed more accurate results for leaves with

p to 35% damage, which is consistent with actual assessments, as dam-
9 
ge above that percentage would, in many cases, imply an irreparable

oss ( Section 5.4 ). 

Furthermore, we have shown that the proposed method accurately

dentifies insect predation areas regardless of the plant species affected

 Section 5.5 ). Statistical measures were consulted, and precision above

0% was achieved in the blueberry, corn, potato, and soybean leaves,

nd, except for tomato and peach, all other leaf classes, such as apple,

herry, grape, bell pepper, raspberry, and strawberry, achieved a recall

igher than 80% . In this assessment, we modified the traditional metric

oU to allow a fair evaluation. We did that because the bite segments

ould contain discontinuities, and when compared to the ground truth,

he covered area (i.e., the area that consists of the union between them)

ould be significantly larger than the intersection area and vice versa.

urthermore, there is no guarantee that the bite segments will align with

he ground truth images, making it difficult to perform a direct overlay

omparison. These facts greatly influenced the results, increasing the

alse-positive or false-negative rate, even when we visually observed a

ignificant intersection between the parts evaluated. Fig. 12 (a) shows an

xample of the overlay of insect bite segments on their corresponding

mage model. It is noticed that the representation of the segments under

he image is almost perfect, but when compared to the ground truth,

here is a disarrangement between the bite segments ( Fig. 12 (b)). The

ssessment methodology presented in Section 4.4 addresses issues of this

ype. 

Table 2 compares the proposed method with some related works.

he first five studies addressed classification algorithms for different

nsect species. In three of these studies, the regions occupied by them

ere highlighted, making it possible to visually verify the location of
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Table 2 

Characteristis of our proposal and related work. 

Research Work Insect Classification Location of Insect Occurrence Insect Damage Detection Method Dataset 

[10] Yes No No ML PD 

[15] Yes Yes No ML LD, PD 

[17] Yes Yes No ML LD 

[7] Yes Yes No ML PD 

[18] Yes No No ML PD 

[28] No No Yes ML LD 

[29] No No Yes ML LD, PD 

[30] No No Yes ML PD 

[31] No No Yes PR PD 

Our No Yes Yes PR PD 

LD : Local Dataset, PD : Public Dataset, ML : Machine Learning, PR Pattern Recognition. 
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a  
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d  
nsects in the scenarios investigated by the authors. However, none of

hem pointed to regions of insect damage. On the other hand, in the

orks of Machado et al. [28] , da Silva et al. [29] , and Silva et al. [30] ,

ethods were proposed to estimate leaf loss, and even without the de-

ection and classification of insects, it is possible to infer their presence

hen considering the percentage of loss. Our proposal offers a balance

etween these works where the places of occurrence of insects can be

erified as well as the regions of damage caused by them. In addition, it

s observed that, except for our work and another one published by us

ieira et al. [31] , the other works use machine learning to design their

ethods. Also, most research uses public databases. 
10 
In terms of method limitations, we point out that the data modeling

roup can negatively influence the assertiveness of the proposed method

f the models are significantly different from the defoliated images. For

xample, insect predation marks may be lost if the leaves used to build

he models are smaller than the leaves under test. On the other hand,

f the model’s size is larger than the leaves under analysis, there is still

 chance that insect predation segments can be preserved. Such limi-

ations can be overcome if the image database has more homogeneous

haracteristics in the leaf samples. Furthermore, stems, branches, and

ore than one leaf per photo could interfere with the interpretation and

ecrease assertiveness, as can occur in images recorded directly from
Fig. 13. Detection of insect predation regions and 

segmentation of bite marks on injured leaves. The 

first rows show the original images, the second rows 

present the images after segmentation and defolia- 

tion, the third rows show the leaves after image ad- 

justment, and the fourth rows present the final re- 

sult of the detection and segmentation of the bites 

segments. 
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ive plants. Despite the limitations presented, the results are promising,

s shown in Fig. 13 where a sample of each crop species is presented with

isible results of bite segmentation achieved after applying the proposed

ethod. 

. Conclusions 

This paper proposed an automatic method for detecting injured leaf

reas caused by insect predation. We validate the proposal’s perfor-

ance using a complex database whose content encompasses several

ypes of cultivation and leaf samples with different morphological struc-

ures. We show that the method effectively highlights the damaged re-

ions and segments the bite contours of predatory insects. A precision of

ver 90% was achieved for blueberry, corn, potato, and soybean crops.

lso, a recall of more than 86% for grape and strawberry. We conclude

hat this work opens up new possibilities for leaf analysis, reduces hu-

an effort in visualizing the occurrence of pests, and encourages the

lassification of insects based on bite patterns. 

Future research includes expanding the study to evaluate additional

ata sets and applying different insect species to generate leaf damage.

lso, different optimization parameters can be experimented with, and

ther leaf deformation models. Besides, the proposed method can be

sed as an initial step in classifying insects through their bite properties.
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