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Abstract

Leaf herbivory is a ubiquitous ecological interaction that varies significantly in

intensity across species, habitats, and biogeographic regions. Although quanti-

fication of leaf damage is crucial for understanding many ecological processes,

the accuracy and precision of various damage estimation methods used by

researchers, including visual estimation, digital image analysis, and artificial

intelligence, have not been evaluated and compared. We use a phylogeneti-

cally diverse group of tropical plants to compare the accuracy and precision of

damage estimation methods and use the results to provide a guide to herbivory

estimation that balances the advantages and disadvantages of each method.

We found that visual estimation tended to overestimate herbivory levels com-

pared to digital methods but was 15 times faster and improved in accuracy and

speed with training. Conversely, deep-learning algorithms underestimated her-

bivory relative to image analysis with ImageJ when it was on the margin, but

showed similar accuracy for damage inside of leaf margins. Our results indi-

cate that while visual methods allow for rapid assessment of large sample sizes

and are suitable for detecting broad patterns of damage, image analysis is cru-

cial for accurate and precise quantification. The disadvantages of each method,
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however, can be minimized through proper training and efficient use of each

tool, and we therefore provide a guide of practical approaches to herbivory

estimation.

KEYWORD S
digital methods, folivory, herbivory intensity, herbivory protocol, herbivory quantification,
leaf damage

INTRODUCTION

Herbivory is pivotal in energy transfer from plants to
higher trophic levels in terrestrial and aquatic ecosys-
tems, across all biogeographic regions (Díaz et al., 2003;
Emer et al., 2024; Futuyma & Agrawal, 2009; Price, 2002;
Turcotte, Davies, et al., 2014; Turcotte, Thomsen,
et al., 2014); yet, it also varies significantly in intensity at
all scales (Wetzel et al., 2023) and across water and land
plants. Macrophyte herbivory is widespread in the
world’s oceans (Bakker et al., 2016), in freshwater sys-
tems, and it is a key factor shaping aquatic ecosystems
with an important role in biomass and energy transfer
(Cébrian & Duarte, 2016). For terrestrial plants, research
reveals that even minor levels of leaf damage by herbivores
potentially impact fitness, reducing growth, reproduction,
and competitive performance (Bigger & Marvier, 1998;
Gonz�alez-Browne et al., 2016). However, despite decades of
research, accurately assessing the impacts of herbivory on
plant community dynamics and ecosystem processes across
habitats remains challenging (Janzen, 1981; Johnson
et al., 2016; Louda, 1984). Recent efforts have aimed to
quantify the extent of leaf removal of Angiosperms by insect
herbivores on a global scale (see Kozlov et al., 2015a, 2015b;
Liu et al., 2024; Mendes et al., 2021; The Herbivory
Variability Network, 2023; Turcotte, Thomsen, et al., 2014),
but herbivory estimation methods have varied, which hin-
ders direct comparisons and syntheses of published data.
Factors contributing to the lack of standardization include
non-random selection of host plants (e.g., focus on crops or
commonly widespread species), imprecise quantification of
the amount of leaf damage (Johnson et al., 2016; Kozlov
et al., 2014), and the application of novel methods tested
on a limited set of species (Vieira et al., 2025; Wang
et al., 2024).

Given the ubiquity of herbivory across different
ecosystems and plant lineages, numerous methods have
been proposed to estimate leaf consumption by herbivores
(Figure 1). For example, visual estimates of herbivory, in
which the extent of leaf removal is assessed with unaided
eyes, have a rich historical background. Visual estimation
(e.g., Alliende, 1989; Dirzo & Domínguez, 1995; Lincoln &
Mooney, 1984) continues to be widely employed due to its

simplicity and minimal time investment. Visual estimates
can be quickly performed in the field by people without
specialized equipment, making it accessible to researchers
anywhere (Johnson et al., 2016). This approach enhances
our understanding of global patterns of herbivory and its
variation between and within plant species (Xirocostas
et al., 2022). The visual method can take two forms: simple
estimation—in which damage is quantified as the esti-
mated percentage of leaf area removed—or categorical
estimation, in which damage falls into predefined classes
(e.g., 12%–25%, 26%–50%, 51%–75% of leaf area lost) (see
Dirzo & Domínguez, 1995). Following categorization, the
leaf damage index (LDI) is calculated as the sum of leaf
frequencies in each category, multiplied by the median
value of the respective category, divided by the total num-
ber of collected leaves (see Kozlov et al., 2014; Kozlov &
Zvereva, 2017).

Despite its simplicity and effectiveness, visual esti-
mates of herbivory have inherent limitations. Because
they are based on the human eye, the repeatability and
precision of these measurements have been questioned
and rarely validated (Johnson et al., 2016). As a solution,
some researchers favor broad categories (such as those
proposed by Alliende, 1989; Dirzo & Domínguez, 1995),
while others suggest using finer gradations (Kozlov &
Zvereva, 2017). However, a wide range of uncertainty
persists even with narrower categories of leaf damage,
with leaves with very different amounts of area removed
falling into the same damage classes. Given that even low
levels of herbivory—below 5% of leaf tissue removal—can
significantly impact plant performance (Marquis, 1984),
the breadth of the categories used in the LDI can lead to
biased estimates of the actual herbivory levels, introducing
confounding factors to the impacts of leaf removal on
plant fitness. To account for some of these issues, a free
application, The Zax Herbivory Trainer (Xirocostas
et al., 2022), was released in 2022 to support training
researchers to minimize biases on herbivory estimation,
especially when dealing with multiple leaf forms, under
field conditions, and with time constraints. The Zax
Herbivory Trainer is an online app and has been used by
1600 users as of August 2024, indicating that the visual
estimate of herbivory is a valuable resource.

2 of 14 CORNELISSEN ET AL.

 19399170, 2026, 2, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecy.70308 by T

atiana C
ornelissen - C

apes , W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Grid paper
Grid paper or transparent plastic with grid unit of known area (e.g., 1 cm2) is placed over leaf and 
researcher counts the number of squares that contain damage. The percentage of LAR is 
calculated based on the proportion of squares with LAR and total number of squares.

Pros: simplicity (cheap, quick, non-destructive)

Cons: reproducibility (low accuracy and precision), time consuming (confounding backgrounds
can bias measurements), resolution limitations (dependent upon size of unit and size of leaves)

Visual Method
Visual assessment of LAR and placement of leaves into predefined categories of damage. 
Categories (usually 7) range from 0% to 100%.

Pros: simplicity (cheap, quick, no need of equipment), broad applicability, citizen science

Cons: subjectivity (bias and variability), training required, low accuracy and precision

Digital Image Analysis
Evaluation of LAR based on images of leaves, taken with a digital camera and/or a 
flatbed scanner.  Softwares, mobile applications or artificial intelligence are used to 
calculate the ratio of LAR to the total leaf area.

Softwares Mobile 
applications

Artificial 
Intelligence

ImageJ: allows users to open 

and display images, manually 

draw regions of interest (ROIs) 

around the leaf and damaged 

areas, and calculate the area of 

these ROIs. Herbivory is then 

calculated as the ratio of LAR to 

the total leaf area.

1. Pros: free, open source, 

constantly updated

2. Cons: time-consuming, 

interface may be less intuitive

R: can be used to analyze images 

of leaves using packages like 

EBImage and imager. These 

provide functions to read images, 

convert them to grayscale or

binary, and perform operations 

like thresholding to identify and 

quantify LAR.

1. Pros: free, open source, highly

customizable

2. Cons: time-consuming, steep

learning curve for beginners

BioLeaf: users take a photo of a 

leaf, and the app uses image 

processing techniques to 

calculate the total leaf area and 

LAR.

1. Pros: quick, efficient, tested for 

many crops

2. Cons: data storage, battery 

operation, does not measure leaf 

area

LeafByte: after photographing a 

leaf against a contrasting 

background, the app uses image 

processing techniques to 

distinguish the leaf from the 

background and calculate the 

total leaf area and LAR.

1. Pros: quick, efficient, handles 

image in color and B&W, non-

destructive

2. Cons: data storage, battery  

operation, only available for IOS 

devices

HerbEstim: uses a deep 

learning model to estimate LAR.

The model is trained on dataset 

of images of leaves with known 

levels of damage. Once trained, 

the model can take an image of a 

leaf and predict the level of 

damage. The model uses a type 

of neural network called a 

convolutional neural network 

(CNN), which is particularly 

good at image recognition tasks.

1. Pros: uses generative

adversarial networks (GANs) to

predict the intact status of

damaged leaves and applies

image processing techniques to

estimate the area and LAR

2. Cons: can be computationally

intensive and time-consuming,

requires large amounts of

labeled data

F I GURE 1 Methods used to quantify herbivory by insects available in the scientific literature. Methods are divided into three main

categories, and tools available for image-based methods are further explained. We provide pros and cons for each method based on

simplicity (ease of use) and reproducibility (precision and accuracy). LAR, leaf area removed. Figure created by Tatiana Cornelissen using

icons from Flaticon (www.flaticon.com) under Flaticon Basic License.
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Alternatively, image-based methods have emerged
in an attempt to increase the precision and accuracy in
estimating leaf damage (Figure 1). One such method
involves digitizing leaves using a flatbed scanner or digi-
tal camera, followed by image processing to quantify the
extent of tissue damage. This procedure is often
conducted using Adobe Photoshop (adobe.com), Scion
(https://www.scionresearch.com/), or ImageJ (https://
imagej.net/ij/) software. Over the past 25 years, ImageJ
has played a pivotal role in advancing herbivory quanti-
fication across plant organs and plant species due to its
user-friendly interface and cross-platform compatibility
(Abràmoff et al., 2004; Schneider et al., 2012). More
recently, coding and the development of packages have
enabled using digital images to estimate leaf herbivory
within R (EBImage by Pau et al., 2010; LeafArea by
Katabuchi, 2015; pliman by Olivoto, 2022). These pack-
ages automate the measurements of leaf area and area
removal, allowing for the analysis of larger sets of leaves
into a single file, potentially reducing the time required
for measurements. In addition to these digital tools,
mobile applications like BioLeaf (Machado et al., 2016)
and LeafByte (Getman-Pickering et al., 2020) were
developed and released over the last 5 years. More
recently, deep-learning and machine-automated methods
(e.g., HerbiEstim by Wang et al., 2024) were developed as
alternative methods to measure herbivory on large
datasets, usually within seconds (Vieira et al., 2025; Wang
et al., 2024).

Contrary to visual estimates of herbivory, methods
based on digital image analysis require a series of
steps: collecting, processing (e.g., drying, pressing, and
scaling), and image acquisition (e.g., digitizing leaves
or camera use) before measurements can be taken.
These methods are time-consuming, but they are
expected to yield precise and reliable estimates of leaf
damage, facilitating comparisons among different
plant individuals, populations, species, and sites.
Therefore, a trade-off between precision and time
needs to be optimized. Despite the use of these
methods (Johnson et al., 2016; Ullah et al., 2020),
there are still gaps in our understanding of how
methods, leaf traits, or image processing influence the
accuracy and precision of herbivory estimates, espe-
cially for wild species in natural ecosystems.

Prior studies assessing the efficacy of visual estimates
and digital tools for quantifying herbivory have primarily
focused on single or a few plant species or crops.
Therefore, our research uses an extensive herbivory
dataset from tropical plants to provide a field guide for
herbivory estimation that considers and balances advan-
tages and shortfalls of different approaches. The aims of
our study were to (1) evaluate the accuracy of different

methods for measuring herbivory across a large
dataset comprising phylogenetically diverse plants
with varying levels of natural and artificial leaf dam-
age and (2) provide a handbook and methodological
guidelines that allow repeatability and comparability
across studies. To achieve these goals, we experimen-
tally evaluated the accuracy of different herbivory
quantification methods at the leaf level and provide
recommendations to support quantitative estimates of
herbivory considering accuracy, precision, and time
spent on measurements.

METHODS

Database

This study is part of the TropHerb Network, an inclusive,
global network of researchers focused on studying her-
bivory and florivory in Neotropical plants. From a data-
base (Mendes et al., 2021) encompassing over 50,000
leaves of 209 species sampled between 2017 and 2023, the
core group of TropHerb Network selected different sets of
leaves and different plant species (Appendix S1:
Figure S1) to test our hypotheses, considering interspe-
cific variability in leaf size, morphology, herbivory levels,
and the availability of intact leaves to create artificial her-
bivory levels. Briefly, leaf samples were sampled from
natural habitats across 40 sites spanning 20� latitudes in
the tropics from March 2017 to February 2023 (see
Mendes et al., 2021). Collaborators of TropHerb identified
and tagged the five most abundant woody species in each
site to ensure intraspecific variability. They collected
50 leaves randomly around the canopy from each plant,
yielding 250 leaves per species. From this larger dataset,
the TropHerb core group selected 79 different plant spe-
cies from 35 different plant families and evaluated more
than 2000 leaves in this study. Different sets of plants
were used to answer different questions regarding
methods to estimate herbivory and the effects of image
quality on measurements.

Quantification of herbivory through visual
estimates

Natural herbivory estimates

The TropHerb core group shared a questionnaire among
18 researchers from the network, requesting them to
visually estimate the percentage of leaf area consumed by
herbivores using images from 24 different plant species.
These species were chosen among the 79 plant species to
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represent a broad spectrum of leaf traits (shapes, sizes,
colors, and types of margin) and a wide range of damage
levels, ranging from 0% (intact leaves) to 70% (highly
damaged leaves). The TropHerb core group randomly
selected 30 leaves for herbivory estimates. These leaves
had been previously measured for herbivory levels per-
centage of leaf area removed using ImageJ and EBImage
(see details in Mendes et al., 2021). All leaves showed nat-
ural herbivory levels by insects onto the leaf lamina as
holes or as eaten margins. After visual estimation of her-
bivory, measurements were compared to herbivory esti-
mates of these same leaves using two software tools
(ImageJ and EBImage on R) and the deep-learning
machine algorithm HerbiEstim (Wang et al., 2024). The
TropHerb core group compared herbivory levels across
all four methods using average herbivory per plant. We
then calculated the accuracy of visual estimation of her-
bivory by computing the delta-herbivory estimation,
defined as the discrepancy between the average leaf area
removed obtained through digital image analysis in
ImageJ, EBImage, and HerbiEstim and the visually esti-
mated measurement performed by researchers.

Artificial herbivory estimates

To investigate the effects of researcher training on herbiv-
ory quantification, the TropHerb core group selected
100 intact leaves from 20 plant species. Leaves were
subjected to different levels of artificial herbivory using a
paper punch with a known diameter of 7.1 mm2, and
total leaf area was measured using ImageJ and EBImage
on R. This was done to ensure that the precise amount of
herbivory was accurately known. Each leaf received 1, 2,
3, 5, 7, 12, or 18 holes, distributed across the leaf lamina
while avoiding the leaf margins, simulating herbivory by
chewers. Leaves were individually digitized with a
ruler for scale purposes only, and this set of leaf images
was distributed among 17 researchers at the Institute
of Ecology of Mexico (INECOL). All researchers had no
prior knowledge of the aims of the project. Herbivory
was visually estimated by each researcher after exam-
ining the images of each leaf and recording the per-
centage of leaf area removed and the time (in minutes)
required to evaluate the set of 100 leaves. Researchers
were then asked to complete the ZAX online training
(Xirocostas et al., 2022) and re-evaluate the same sam-
ple of leaves, visually estimating herbivory without
referring to the previous measurements. We then cal-
culated the delta-herbivory estimation (difference
between the visual estimate of herbivory and the aver-
age known amount of herbivory) before and after ZAX
training.

Comparisons between different methods to
quantify herbivory

To evaluate herbivory accuracy among three commonly
used methods—visual estimation, ImageJ, and EBImage
on R—a total of 64 plant species from 31 families were
evaluated. A set of 250 leaves was sampled for each spe-
cies (50 leaves from five individuals of each species).
From this set of 250 leaves, the TropHerb core group ran-
domly sampled 30 leaves per plant species through a
drawing process. If a selected leaf was intact, we
conducted another draw until we obtained a set of
30 leaves with varying levels of damage by natural her-
bivory for each plant species. This procedure ensured that
all 1920 leaves had some sign of herbivory. Additionally,
we recorded the time taken (in minutes) to classify and
measure each set of 30 leaves. We opted not to use mobile
applications (e.g., LeafByte and BioLeaf) due to the spe-
cific requirements of operating systems, costs associated
with applications, image storage, and because some of
those applications do not estimate the total leaf area. We
did not use HerbiEstim deep learning algorithm (Wang
et al., 2024) for this particular set of leaves, as our results
(see below) indicated that this method did not return
measurements of leaf area removal for several images of
leaves that experienced herbivory on leaf margins.

For visual estimation of herbivory, we classified each
sampled leaf (n = 30 per plant species) into one of the
following damage categories: 0: intact leaf; 1: any levels
of damage up to 1% of the leaf area removed; 2: between
1.01% and 5% of the leaf area removed; 3: 5.01%–25%; 4:
25.01%–50%; 5: 50.01%–75%; and 6: over 75%. We then
calculated the herbivory index (HI) as follows: we multi-
plied the number of leaves in each damage category by
the average value of the damaged leaf area. The HI was
then obtained using the equation: HI = Ʃ(ni) × i/N,
where ni represents the number of leaves in the i damage
category, i is the median value of damaged leaf area, and
N is the total number of sampled leaves.

To quantify herbivory using ImageJ, we randomly
sampled leaf images (n = 30 for each plant species) and
calculated: (1) total leaf area and (2) total area lost due to
herbivory. Each image underwent initial processing
including calibration to millimeters, conversion of the
image to black and white, determination of the leaf area,
filling in the leaf contour when necessary, and checking
for shadows or spots that could be mistaken for leaf area
or removed leaf area (see Appendix S1: Section S1). After
obtaining all measurements, we determined the level of
herbivory as a percentage of leaf area lost.

For herbivory measurements using R Core Team soft-
ware, we used the EBImage package (Ole�s et al., 2024; Pau
et al., 2010) and a custom code (Figshare doi: 10.6084/m9.
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figshare.27123372). The images were initially processed
using GIMP 2020 software, and a protocol for image
processing was developed and made available to all
researchers. Similar to ImageJ, the processing involved cal-
ibration to mm, optional conversion of the image color to
black and white, delimitation of the leaf area (threshold),
filling in the leaf contour when necessary, and checking
for shadows or spots that could be mistaken for leaf area
or removed leaf area. Following processing, we analyzed
the images using the EBImage package in the R Core
Team software to estimate the percentage of leaf area
removed by herbivores.

We analyzed each leaf in this dataset (n = 1920) using
all three methods (visual estimation, ImageJ, and
EBImage in R) by at least two researchers. We also evalu-
ated the time (in minutes) required to analyze each leaf.
For ImageJ and R, we additionally accounted for the time
needed to digitize the leaves and process the images
before measurements. We opted not to use deep-learning
methods for this dataset, as this tool did not recognize
leaf images in 20% of our dataset (see results below),
especially when damage was concentrated on leaf
margins.

Comparisons between image data and leaf
traits in herbivory estimates

To assess the influence of image processing method and
leaf traits on herbivory estimates and the time required
for measurements, we selected 20 leaves per species
(n = 1280 leaves from 64 plant species) representing a
diverse range of image data, including image color (col-
ored vs. black and white), image type (digital photograph
vs. digitized image with the aid of a flatbed scanner), and
number of leaves per image (individual leaf in a single
image file vs. all leaves in a single image file). We also
considered leaf traits such as size (small = up to 6 cm2

and large = greater than 60 cm2), surface color (light
vs. dark), the digitized surface (abaxial or adaxial),
leaf margins (smooth vs. irregular), and herbivory
levels (low = less than 5% of leaf tissue removal,
intermediate = 6%–15% leaf tissue removal, and
high = above 25% of leaf tissue removal).

The images were processed in GIMP software follow-
ing the standardized protocol outlined in Appendix S1:
Section S1. For each original image containing the
20 leaves/species, we generated 42 additional images. This
set of images included one color image with all 20 leaves,
one black-and-white image with all 20 leaves, 20 individual
color images (each containing one leaf from the original
image), and 20 individual black-and-white images (each
containing one leaf from the original image).

To evaluate the influence of the type of image acquisi-
tion method on herbivory measurements, we included
digitally scanned images and photographs of the
20 leaves. We ensured a light background for dark leaves
and vice versa and used flash to avoid shadows in the dig-
ital photograph. A NIKON camera (D3100) was mounted
on a tripod with a fixed height (30 cm) and stable wooden
base for capturing digital photographs to standardize
image quality and pixel count on the scale. After
processing, herbivory was calculated using only the
EBImage package in R.

Data analysis

To compare herbivory quantification among the four
methods (visual estimation, ImageJ, EBImage in R, and
HerbiEstim deep-learning algorithm), we firstly built a
phylogenetic generalized least square (PGLS) model, ini-
tially reconstructing the phylogenetic tree using phytools
(Revell, 2012) and nlme package (Pinheiro et al., 2025) in
R software using the mega phylogeny by Qian and Jin
(2016). We included the phylogenetic distances and
expected covariance under a Brownian motion model in
the model’s random part, and the different methods to
detect herbivory levels were used as fixed factors. For this
same dataset of 24 species, we calculated delta herbivory
as the difference between visual estimates and esti-
mates derived from image analysis. Because there was
no effect of phylogenetic relatedness on herbivory
detection, we assumed independence across plant spe-
cies in the analyses. The difference in delta-herbivory
estimation of visual estimates before and after training
researchers on ZAX was tested using a one-tailed
paired sample t test.

To assess the effects of methods, image data, and leaf
traits on herbivory estimates, we first built a PGLS model
using 64 plant species, and due to the lack of a phyloge-
netic signal on herbivory variation among all factors evalu-
ated, we proceeded with generalized linear mixed-effects
models (GLMMs) with beta distribution, using herbivory
level as the response variable and the method/tool as the
predictor variables. To compare the time spent generating
herbivory estimates, we used method, image data, and
leaf traits as explanatory variables, with time in minutes
as the response variable. We incorporated species iden-
tity as a random effect in all models as different species
were used for different models. Whenever necessary, we
performed contrast analyses post-GLMMs to highlight
differences between measurement groups (see complete
statistical report in Appendix S1: Section S2). The ana-
lyses were run using the software R 4.1.1 (R Core
Team, 2023).
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RESULTS

Quantification of herbivory through visual
estimates

Overall, the visual method consistently provided the
highest estimates of herbivory. For leaves with natural
herbivory caused by chewing insects, the visual method
yielded higher estimates than image analysis (χ2 = 38.34,
df = 3, p < 0.0001) in 24 plant species (Figure 2). For
these species, visually estimated herbivory was higher
than image analysis in 87% of the species. Quantification
of herbivory using ImageJ and EBImage yielded 20.7%
(±22.4 SD) and 19.7% (±21.1 SD), respectively, of leaf
area removed, whereas visual estimation yielded 29.1%
(±27.1 SD) damage (Figure 3A), with a delta herbivory of
about 9%. Deep-learning machine algorithms yielded
lower estimates of herbivory (9.8% ± 8.07 SD of leaf area
removed), and in 20% of the species here evaluated, the
algorithm could not read and interpret the leaf area and
leaf damage from images. This was particularly common
when leaves had damage on leaf margins instead of dam-
age dispersed over the leaf blade.

For leaves with artificial herbivory, the visual estima-
tion method overestimated herbivory by 5-fold
(χ2 = 115.2, df = 3, p = 0.0002, Figure 3B, Appendix S1:
Figure S2), with no significant difference in estimate
among the other three methods (p = 0.90). We detected
a positive effect of training on the ZAX platform on her-
bivory estimation (Figure 4), with a reduction of delta
herbivory before and after training in 95% of the
researchers (Figure 4A) and a reduction of 13 min
(±4.45) in the time required to estimate herbivory. Delta
herbivory for all plant species was significantly smaller
after (5.18 ± 0.82) compared to estimates taken before
(8.70 ± 1.11) ZAX training (t = 5.58, df = 16, p < 0.0001,
Figure 4B).

Delta herbivory also varied according to the catego-
ries of leaf damage (F2,27 = 38.476, p < 0.0001, Figure 5).
At low herbivory levels, delta herbivory was significantly
lower (2.15 ± 0.44) compared to intermediate (7.37
± 1.32) and high (13.16 ± 1.44) levels of leaf damage. We
did not observe any effects of leaf size on the difference
between visually estimated and digitally measured levels
of herbivory (F1,14 = 1.276, p = 0.278).

Comparisons between different methods to
quantify herbivory

The quantification of herbivory in 1920 leaves of 64 plant
species depended on the method used, with visual esti-
mates significantly overestimating herbivory (χ2 = 15.01,

df = 2, p = 0.00055, Appendix S1: Figure S3), with no dif-
ference in herbivory accuracy using ImageJ or EBImage
in R. Measurements of herbivory were 10 times quicker
using visual estimates (3.8 ± 0.62 min), compared to
ImageJ (41.03 ± 2.71 min) and EBImage, which took sig-
nificantly longer (54.61 ± 3.82 min) (χ2 = 106.478,
df = 2, p = 0.0001) (Appendix S1: Figure S3).

Comparisons between image data and leaf
traits in herbivory estimates

Image color did not affect the accuracy of leaf herbivory
measurements (χ2 = 0.029, df = 1, p = 0.864) nor the
time required for leaf measurements (χ2 = 0.719, df = 1,
p = 0.396) (Appendix S1: Figure S4). Similarly, there was
no effect of the image digitization technique (scanned
or photographed) on the accuracy of leaf herbivory
measurements (p = 0.628) or the time required to per-
form these measurements (p = 0.450). The number of
leaves per image did not affect the accuracy of leaf her-
bivory measurements (χ2 = 0.010, df = 1, p = 0.920)
(Appendix S1: Figure S4). Still, the use of a set of leaves
significantly reduced the time to perform the measure-
ments (χ2 = 12.17, df = 1, p = 0.0004) compared to
estimates on individual leaves (Appendix S1:
Figure S4). We did not detect any effects of the leaf sur-
face (adaxial or abaxial) used for measurements on the
accuracy or time to estimate leaf herbivory (χ2 = 1.35,
df = 1, p = 0.245).

We found significant differences in the time required
to estimate herbivory depending upon herbivory inten-
sity, with leaves with lower herbivory levels requiring
more time to be measured (χ2 = 37.126, df = 1,
p < 0.0001, Appendix S1: Figure S5). Additionally, her-
bivory on larger leaves required more time to be mea-
sured (Appendix S1: Figure S5). Still, there was no
statistical difference in the time taken to estimate herbiv-
ory between leaves with different leaf face colors (light or
dark) (χ2 = 0.51, df = 1, p = 0.475) or different leaf mar-
gins (smooth or irregular) (χ2 = 1.32, df = 1, p = 0.231).

DISCUSSION

Our study revealed that visual estimates of herbivory
were significantly faster but consistently higher than digi-
tal methods across a diverse range of distantly related
plant species. This overestimation was particularly pro-
nounced in leaves with artificial herbivory, where visual
estimates exceeded the known damage by approximately
five-fold. This scenario, involving numerous small,
scattered holes, appears to represent a worst-case
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challenge for herbivory estimation, inflating error and
the delta herbivory. While this level of discrepancy may
not always occur with natural herbivory, it underscores
the risk and potential magnitude of bias associated with
the visual method. Conversely, deep-learning machine
algorithms yielded lower estimates of herbivory, with
almost 60% of the assessed plants exhibiting values
approximately 50% lower than the ones based on image
analysis on software like ImageJ and R, which performed
very similarly. Underestimation of herbivory by artificial
intelligence was particularly pronounced in leaves with
damage on the leaf margins, whereas the accuracy of her-
bivory levels was indistinguishable between methods in
digitized leaves with artificial herbivory widespread
across the leaf lamina. While visual estimates are a quick
and widely used method (Frost, 2022; Xirocostas
et al., 2022), they were influenced by factors such as the
researcher’s experience and training in herbivory mea-
surements, the intensity of herbivory, and variations in
leaf traits. Additionally, when herbivory is concentrated

on leaf margins, as is common with caterpillar damage,
reconstructing the total leaf area to estimate the leaf area
eaten can be challenging. Inaccuracies may occur due to
the need to reconstruct the original leaf area before esti-
mating the area removed by herbivores. These issues can
bias herbivory estimates regardless of the method used.
However, we suggest that the visual method is more
prone to errors than methods based on digital images,
which can be processed to reconstruct leaf area.
Although the visual method requires less time to estimate
herbivory—allowing for a large number of samples to be
quickly and easily assessed—we recommend that it
should not be used without proper training. While visual
estimation may be a poor choice for precise comparisons
of herbivory within groups of plants with similar herbiv-
ory levels, it might be the only practical option for studies
where the primary goal is to describe very large-scale pat-
terns or major differences across systems, and where the
sampling scale makes digital methods logistically prohibi-
tive. Indeed, our results suggest that in the time it takes

Myrsine umbellata
Symphyopappus reticulatus

Herbivory (%)0 100

Visual method
ImageJ

HerbiEstim
Deep learning
algorithm

EBImage in R

Celtis ehrenbergiana

Eremanthus erythropappus
Cordia alliodora
Pyrostegia venusta
Handroanthus heptaphyllus
Guapira macrocarpa
Vochysia thyrsoidea
Myrcia crassifolia
Miconia ligustroides
Miconia cinnamomifolia
Miconia corallina
Erythrina speciosa
Bauhinia variegata
Bauhinia forficata
Copaifera langsdorffii

Byrnonima coccolobifolia
Byrnonima intermedia
Byrnonima variabilis
Heteropterys umbellata
Esenbeckia grandiflora
Lithrea molleoides

Kageneckia lanceolata

F I GURE 2 Phylogenetic tree and levels of herbivory in 24 plant species belonging to 14 botanical families. Different colored dots

indicate each one of the four methods used to estimate or measure herbivory. In five plant species, the deep learning machine algorithm was

not able to return measurements, hence the absence of gray dots.
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to collect data from 30 leaves using digital methods, one
could collect data from 450 leaves using visual estima-
tion, allowing for considerably broader sampling. In such
cases, it is imperative that all estimates within a study are

made by the same observer, preferably one who has
undergone training. We suggest that visual estimation
can be used successfully, for example, as a first step in
herbivory studies and as an aid in determining sampling
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F I GURE 3 (A) Herbivory level (mean ± SE) on 30 leaves of 24 plant species as a function of the method used to estimate natural

herbivory (Visual method: 29.15 ± 4.95; ImageJ: 20.72 ± 4.08; EBImage: 19.73 ± 3.85; HerbiEstim: 9.85 ± 1.61) and (B) Herbivory level

(mean ± SE) of 100 leaves of 20 plant species with artificial herbivory as a function of the method used to estimate leaf area loss (Punched

area: 3.54 ± 0.32; Visual method: 11.37 ± 0.65; ImageJ: 3.63 ± 0.26; EBImage: 3.49 ± 0.27; HerbiEstim: 3.00 ± 0.24). Figure created by

Tatiana Cornelissen using icons of leaves from Microsoft PowerPoint.
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F I GURE 4 (A) Delta-herbivory estimation (difference in herbivory level between visually estimated and known measurements of

artificial herbivory of 100 leaves of 20 plant species) before and after training in ZAX platform. Each dot connected by a line indicates the

average estimates of individual researchers (n = 17) and (B) delta-herbivory estimation (difference in herbivory level between visually

estimated and known measurements of artificial herbivory of 100 leaves of 20 plant species) as a function of researcher training in herbivory

measurements using ZAX platform. Lines indicate mean ± SE. Significant differences at α = 0.05 are indicated by different letters.

ECOLOGY 9 of 14

 19399170, 2026, 2, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecy.70308 by T

atiana C
ornelissen - C

apes , W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



sizes for more precise subsequent estimation with image
analysis.

Our findings show that visual estimates were 3- to
5-fold higher than measurements obtained using digital
methods based on leaf images. This discrepancy was par-
ticularly high in severely damaged leaves, a typical pat-
tern in tropical rainforests (Mendes et al., 2021). In such
cases, the gap between visual estimates and digital esti-
mates of herbivory levels significantly widened. The aver-
age 8% difference between visual and digital herbivory
estimates using ImageJ and EBImage represents a signifi-
cant discrepancy in the context of herbivory impacts
because even relatively minor levels of leaf damage can
adversely affect plant fitness, triggering premature leaf
abscission, physical and chemical defenses, and imposing
metabolic costs that can impact growth and reproduction
(e.g., Kozlov & Zvereva, 2017). Consequently, visual esti-
mation is less effective at quantifying minor differences
in damage levels and is more suited to describing overall
patterns and quantifying large differences between plants
that are heavily damaged and those that are mostly free
of damage.

Digital methods relying on leaf images and software,
in contrast, provided a more accurate estimate of leaf
damage but were more time consuming. Factors such as
the number of leaves that can be included in a single

image, leaf size, and leaf damage influenced the time
required for measurements, but did not affect the accu-
racy of herbivory measurements. We also demonstrated
that the online training in herbivory analysis was enough
to reduce delta herbivory by more than 50% and is
strongly encouraged to reduce herbivory estimation
biases when employing the visual method (see Xirocostas
et al., 2022).

Highly damaged leaves (approximately 20% of leaf
area lost) exhibited the highest delta herbivory values.
This indicates that researchers typically overestimate
damage at higher levels of herbivory. We suggest that
overestimating highly damaged leaves can be attributed
to the individual’s visual perception of herbivory.
Because researchers must visually segment leaves to esti-
mate damage—a task that requires a spatial understand-
ing of the diversity of leaf shapes and sizes—it is more
straightforward and more precise to estimate leaf damage
on leaves with lower levels of damage, especially if the
damage is located on the leaf margins. Leaf margin dam-
age was also misestimated by artificial intelligence
methods like the HerbiEstim (Wang et al., 2024) because
this tool was unable to reconstruct the leaf image and cal-
culate the amount of tissue loss in leaves with higher her-
bivory or with higher damage on the leaf margins.
Contrary to our expectations, leaf size had no effect on
the delta herbivory between visual and image analysis
methods. Therefore, regardless of leaf size, researchers
are likely to overestimate herbivory levels using visual
methods. However, considering that the visual estimation
method is quicker and becomes more accurate with
proper training, we suggest that it can be used for leaves
with low levels of herbivory to expedite measurements.
For leaves with higher levels of damage, digital methods
should be employed to ensure accuracy. Because our
results also indicate that both ImageJ and EBImage
consistently measure herbivory levels with similar
accuracy for leaves with natural herbivory, and also no
differences in herbivory accuracy were found for leaves
with artificial herbivory using the three digital
methods, any of these methods can be used with simi-
lar results and efficiency.

As expected, the time required to perform the mea-
surements varied among the methods. Visual estimates
took ~15 times less time than the other digital methods,
and the visual method can be advantageous when robust
accuracy of herbivory levels is not necessary, such as in
relative damage comparisons made by the same
researcher across different plant species simultaneously.
Conversely, in some situations, a substantially larger
sample size, though with less accuracy per leaf, could be
important to the goals of a study and could yield more
meaningful data than more accurate estimates for a
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F I GURE 5 Difference between visually estimated herbivory

levels versus those measured through image analysis (mean ± SE)

as a function of herbivory level categorized as follows:

Low = 0%–5% leaf tissue removal (n = 11 leaves);

intermediate = 6%–15% leaf tissue removal (n = 7 leaves); and

high = more than 20% leaf tissue removal (n = 11 leaves). Different

letters indicate significant differences between herbivory levels,

according to contrast analysis after generalized linear mixed-effects

model (GLMM). Each point represents a leaf.
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smaller number of leaves. To do so, one can estimate her-
bivory on all leaves within a delimited canopy volume
(Ribeiro & Basset, 2007), or from a large number of ran-
domly sampled small plant individuals, producing the
average leaf herbivory for each volume/sampling unit,
and having many repetitions. Such distribution of means
may be appropriate to deal with community-scale
hypotheses, but also could be used to counter-calibrate
more accurate, but sampled/time-constrained methods.
By knowing the difference in accuracy of visual and digi-
tal methods, one may use a small pilot with both to pro-
duce a linear regression correction coefficient,
facilitating comparison with the literature based on
other methods. Also, the use of devices that might
replace human estimation in the field, with adequate
image-capturing mechanisms, could be a future inter-
esting contribution for a balance between sample size,
precision, and exactitude (Silva et al., 2021).

Interestingly, the time spent to measure leaves with
the EBImage package in the R software was longer,
averaging 13 more minutes for each set of 20 leaves
compared to ImageJ. We had predicted that measure-
ments in EBImage would be faster than in ImageJ due
to its automation capabilities, allowing researchers to
measure leaves in several images or even entire folders
of digital images of several species in a few minutes,
provided they are on the same scale (in number of pixels
in 1 cm2). EBImage also automatically saves the mea-
surements in a spreadsheet, eliminating the possibility
of transcription errors. The observed time difference
between these two methods likely occurred during the
image preparation step rather than the measurement
time. The measurements in EBImage in R were made by
18 researchers, many of whom were unfamiliar with this
method. Therefore, we developed a detailed protocol
aiming at minimizing methodological biases and facili-
tating image processing to save time (see Appendix S1:
Section S1).

We predict that broader use of the EBImage package
with various leaf sets will facilitate future comparisons
with commonly used software today (e.g., ImageJ), and
with mobile applications such as BioLeaf (Machado
et al., 2016) and LeafByte (Getman-Pickering
et al., 2020). Additionally, comparisons can be made
with deep-learning algorithms like HerbiEstim (Wang
et al., 2024). Although deep learning and automatic esti-
mation of foliar herbivory have become recently avail-
able (see Vieira et al., 2022, 2025; Wang et al., 2024) and
can turn into a very useful tool in the near future, pre-
cise data analyses using AI-based tools are yet to be
demonstrated. Some of these applications have only
been tested on cultivars where the average damage and
leaf traits are well known (see Vieira et al., 2025).

Furthermore, some AI tools are calibrated using
species-specific models developed for a limited number
of plant species. Our study was limited to Neotropical
plants, which may differ in leaf traits and herbivory pat-
terns from temperate or other tropical regions. For
instance, thicker leaves or specific herbivore guilds in
other biomes could influence the performance of visual
or digital methods. Future cross-biome comparisons
would help evaluate the generalizability of our
recommendations.

Considering the advantages and disadvantages
discussed above, we recommend using software based
on digital images of leaves (e.g., ImageJ, EBImage) for
herbivory estimation when the goals of the study are
highly accurate herbivory estimates for comparison of
leaves or plants that have similar levels of herbivory.
The visual method, in contrast, is most suited to
answering questions that require large sample sizes
and when the focus is on describing broad patterns and
major differences in damage levels, and it is important
that researchers are trained in visual estimation using
tools like the Zax Herbivory Trainer.

Comparisons between image data and leaf
traits

As predicted, we observed differences in the time
required to estimate leaf area loss between leaves of vary-
ing sizes and across different herbivory levels. Because
we did not detect differences in herbivory measurements
between colored and black-and-white images, nor differ-
ences in the time required for herbivory measurements
for either image color, we recommend using color
images. Color images reduce the number of steps needed
for image processing and allow for a more detailed evalu-
ation of leaf shadows, blemishes, and missing areas dur-
ing image processing, increasing accuracy in herbivory
detection. We also recommend digitizing oven-dried,
pressed leaves for image-based and software methods
usage. Researchers must consider, however, the time
required for such processing, often done in the field
(pressing) and in the laboratory (oven drying), as well as
the volume of collected material and storage space.

Regarding image source, the lack of differences in
herbivory measurements between image acquisition
techniques suggests the use of digitized images with a
flatbed scanner instead of a digital camera. As expected
with photographs, the scanner reduces measurement
errors mainly related to scales and reduces image distor-
tions and shadow production. Given the lack of differ-
ences in herbivory accuracy between the number of
leaves per image, we recommend using several leaves

ECOLOGY 11 of 14

 19399170, 2026, 2, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecy.70308 by T

atiana C
ornelissen - C

apes , W
iley O

nline L
ibrary on [04/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



per image to reduce the time required to estimate her-
bivory levels. We also suggest making measurements
not only on multiple leaves per image but also on multi-
ple folders containing the entire set of leaves to be ana-
lyzed, especially if using EBImage, thus reducing the
total measurement time. Despite no differences in her-
bivory measurements between leaf faces, we recom-
mend using the abaxial face due to the central vein
potentially preventing the leaf from being completely
flat during image capture, thus creating shadows that
can easily mask leaf herbivory marks or be mistaken for
the total leaf area.

CONCLUSION

Our study comprehensively analyzes both traditional and
contemporary methods for quantifying herbivory across a
diverse range of tropical species. We found that both visual
estimates and deep machine learning introduced biases,
overestimating and underestimating herbivory levels,
respectively. ImageJ and EBImage offered a reliable and
somewhat indistinguishable approach to quantifying her-
bivory based on digital images of leaves, especially for dam-
age dispersed over the center of the leaf blade. Despite the
simplicity, speed, and widespread use of visual estimation,
our findings suggest that this method should be used cau-
tiously and after researchers undergo training to recognize
and quantify herbivory more precisely. In light of our find-
ings, particularly the overestimation revealed by the artifi-
cial herbivory experiment, we recommend that researchers
prioritize digital image analysis for the majority of ecologi-
cal studies where accurate quantification of herbivory is
the goal.

Methodological biases are present in both visual
and digital methods. However, these biases can be min-
imized through standardized and transparent proto-
cols. By adopting such protocols, researchers can
enhance the accuracy of herbivory quantification—
improving our understanding of plant–herbivore inter-
actions and their implications for plant population
dynamics, community organization, and ecosystem
processes. Our study underscores the importance of
carefully selecting methods for herbivory quantifica-
tion depending on the trade-off between time and accu-
racy, and highlights the need for training and for the
use of standardized protocols in herbivory studies. We
hope this work will help investigators select methods
that will work best for the aims of their research and
use those methods most effectively, thereby improving
the accuracy and precision of the field’s understanding
of leaf herbivory across ecological, geographical, and
phylogenetic gradients.
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