
Smart Agricultural Technology 3 (2023) 100125

Available online 4 October 2022
2772-3755/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Multiclass insect counting through deep learning-based density 
maps estimation 
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A B S T R A C T   

The use of digital technologies and artificial intelligence techniques for the automation of some visual assessment processes in agriculture is currently a reality. 
Image-based, and recently deep learning-based systems are being used in several applications. Main challenge of these applications is to achieve a correct perfor-
mance in real field conditions over images that are usually acquired with mobile devices and thus offer limited quality. Plagues control is a problem to be tackled in 
the field. Pest management strategies relies on the identification of the level of infestation. This degree of infestation is established through a counting task manually 
done by the field researcher so far. 

Current models were not able to appropriately count due to the small size of the insects and on the last year we presented a density map based algorithm that 
superseded state of the art methods for a single insect type. In this paper, we extend previous work into a multiclass and multi-stadia approach. Concretely, the 
proposed algorithm has been tested in two use cases: on the one hand, it counts five different types of adult individuals over multiple crop leaves; and on the other 
hand, it identifies four different stages for immatures over 2-cm leaf disks. In these leaf disks, some of the species are in different stadia being some of them micron 
size and difficult to be identified even for the non-expert user. 

The proposed method achieves good results in both cases. The model for counting adult insects in a leaf achieves a RMSE ranging from 0.89 to 4.47, MAE ranging 
from 0.40 to 2.15, and R2 ranging from 0.86 to 0.91 for 4 different species in its adult phase (BEMITA, FRANOC, MYZUPE and APHIGO) that may appear together in 
the same leaf. Besides, for FRANOC, two stadia nymphs and adults are considered. The model developed for counting BEMITA immatures in 2-cm disks obtains R2 

values up to 0.98 for big nymphs. This solution was embedded in a docker and can be accessed through an app via REST service in mobile devices. It has been tested 
in the wild under real conditions in different locations worldwide and over 14 different crops.   

1. Introduction 

The use of digital technologies and artificial intelligence techniques 
is a common practice for the automation of many processes in different 
application fields, such as health, industry or smart mobility. The 
application of these techniques is also feasible in agriculture. Smart 
farming is becoming a reality and is critical to handle the main chal-
lenges the agricultural sector has ahead. The digitalization of the images 
and data of the different processes can be done in quite an easy way 
through mobile devices, tablets and low-cost sensors. The storage of 
those petabytes of information is currently feasible through cloud-based 
storages sites that are nowadays affordable. Moreover, the advanced 
performance that the new GPU or TPU hardware offers allow the man-
agement and processing of millions of data with a reasonable response 
time. As last but not least, in the last years the availability of a set of 
useful tools for the embedding of the algorithms in dockerized solutions 

accessible by different devices in different platforms through ad-hoc 
protocols, makes smart farming a reality. 

Thanks to the existence of this technological ecosystem, image- 
based, and recently deep learning-based systems are being developed, 
deployed and used in several applications. 

In the last years there are different works that tackle diverse topics in 
agriculture related projects. This is the case of methods for disease 
identification [9,34] or for pest detection [15,17]. In fact, there are 
useful and well organized surveys that can help to understand the 
state-of-the-art developments [16,33,50,44]. 

Plagues control is one of the real problems to be tackled in the field. 
Pest management strategies rely on the identification of the level of 
infestation. This degree of infestation is established through a counting 
task that, so far, is done manually by the field researcher. Field re-
searchers invest many hours in laborious and time-consuming tasks for 
fields assessment. The late detection and inaccurate evaluation of the 
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pests may imply huge economic loss and even the survival of the crop. 
Currently, visual inspection is done for the insect counting in the leaf 
and the evaluation of the inferred damage. This is a time-consuming and 
inaccurate process because of the difficulty in tracking the bugs in the 
leaves, the small size they are, and often, the difficulty in distinguishing 
among different types of insects or the different stadia of the same 
species, which may require expert knowledge. Stadia refers to the 
different growing stages of an insect in its metamorphosis towards 
adulthood. The stadia are usually eggs, nymphs (it can be categorized 
between small and big nymph, or even more nymphs’ sizes), pupae. The 
possibility of having a tool that performs this automatic insect counting 
and categorization will help the field researcher to reduce the time 
invested in evaluating the degree of infestation over leaves for pest 
control. 

In this work, a new method is proposed to count insects of Multiple 
species in leaves by means of density maps estimation approach based 
on deep learning and image processing techniques. The method has been 
developed and validated for whitefly counting (single class) in eggplant 
crop in a previous work [4]. It has been now extended to multiclass 
insect counting and validated over leaves of different crops. The vali-
dation of the multiclass approach has been done over different bugs’ 
type. Methodology has provided satisfying results in all the cases. 

The paper is organized as follows. After introduction to the problem, 
the related work is described. Next the materials and methods used are 
explained. The thorough description of the algorithm is detailed in 
Section 4. Section 5 gathers the results provided by the models. Finally, 
the conclusions are exposed. 

2. Related work 

The process of counting and detecting objects is an extremely tedious 
task manually done in most situations. Moreover, in case the object to 
identify and count is very small, appears overlapped to other objects or 
even the object to identify requires expert knowledge, the process is 
prone to error. 

Traditionally, classical image processing techniques were used for 
the detection and counting of the objects. These techniques may present 
drawbacks and limitations, especially in difficult problems. The detec-
tion and counting of objects by means of these techniques rely on the 
identification and extraction of key features of the objects. The proper 
characterization of the objects was really a difficult problem, especially 
in cases where they look alike, appear overlapped or have small size. 
These techniques suffer a lack of generalization capabilities, since every 
new object should be characterized by a set of features susceptible of 
been extracted by means of ad-hoc algorithms. In the recent years, deep 
learning has emerged as the set of techniques capable of overperforming 
classical image processing techniques in many problems. Many refer-
ences can be found in the literature, such as [2,7,11,29,48] for cell or 
animal counting in biology [26,30], for crowd counting [32,41,42], for 
vehicle counting, among others. 

Some reviews address the topic of object detection ad counting [6, 
39,40] and recent [12,14]. These reviews show different approaches to 
tackle the problem. Main approaches are on a basis of object detection, 
regression and density map estimation over deep learning-based tech-
niques. Different network architectures have been proposed to solve the 
problem. 

The core of modern approaches for counting is density map estima-
tion and was initially proposed by [19]. This approach consists of the 
fact that given labels with point annotations of each object, a density 
map of the image can be built. In this density map, each object is rep-
resented by a normalized Gaussian and therefore, it takes up a density of 
1. The assumption is that, in a properly trained model, the sum of the 
values of all the pixels of the estimated density map image provides the 
total number of objects in the image. This method outperforms metrics 
for overlapped objects in comparison with object detection or regression 
approaches. Besides, density map estimation approach presents 

additional advantages, such as the fact that the annotation process can 
be simplified and faster. Object detection or instance segmentation 
techniques imply accurate annotation of the contour of the objects in the 
images. On the contrary, for density map annotations, only a dot is 
needed on top of the object to be counted. 

Some works can be found in the literature based on density map 
estimation such as the fully convolutional redundant counting, proposed 
by [7] or the counting in small datasets of large images [1]. 

Recently proposed transformers have also been applied to counting 
applications. For instance, in [46], Omni-DETR is proposed, which is a 
omni-Supervised object detection approach based on transformers. 
Onmi- DETR is used as a network capable of improving metrics obtained 
after training with only fully supervised image by adding other images 
with weak annotations. These weak annotations are diverse such as only 
labels indicating the contained objects in the image, dot annotations 
over the objects, usual bounding box annotations, labels with global 
number of objects of every type, etc. The work shows the potential of 
transformers also for an object detection and thus counting problem. 
This work addresses counting of objects of real life, being each repre-
sented by a high number of pixels. The problem might appear in case 
every object is represented by a small number of pixels, or there are 
different types of objects difficult to be recognizable but for experts in 
the field. 

Regarding other works that count elements in agriculture applica-
tions, we can find maize tassels counting in the wild [27], corn kernels 
counting and yield estimation [18] or crop pest counting over wheat 
leaves by self-learning saliency feature maps (W. [21]). 

In relation to insect location, classification and counting, some works 
can be found. A comprehensive review of the use of deep learning based 
techniques for the classification and detection of pest is presented in 
[22]. Some years ago [3], proposes a method to count whiteflies in 
soybean leaves. Therein classical image processing methods are applied 
based on morphological operations over different planes outcoming 
from transformation of the input image on diverse color spaces. Another 
method to locate and count Pyralidae insects in maize plant is proposed 
in [10]. The algorithm is based on color space transformation from RGB 
to HSV and the extraction of features of the insects that can describe 
their contour and shape [25]. Proposes a system for aphids’ detection 
based on image processing and Support Vector Machine (SVM) tech-
niques. These approaches based on classical image processing tech-
niques require the thorough identification of key features that may 
describe and serve as identification signature of every insect. These 
characteristics act as features vector that constitutes the input of any 
machine learning classifier. These features should be meaningful and 
must provide the key information as to discriminate among classes with 
certainty. The more unique and identifiable these features are, the more 
separable the classes will be, and the classifier will be capable of iden-
tifying properly the insects to be located. These solutions lack the pos-
sibility of including additional classes in an easy way. This is because the 
detection of a new object implies the identification of its key features, 
the development of some methods to extract these features with high 
accuracy. The process of identifying and coding the extraction of key 
features might be a complex task. In the case of insects’ detection, as this 
is our case, most of them are small, ellipse-shaped, with smooth curva-
tures, antennas, wings, almost imperceptible and often non-visible legs. 
If there are different types of insects in the same leaf, it is often needed to 
be an expert to distinguish among them because the differences might be 
subtle. Interesting vision can be found in [13] where the authors state 
that deep learning and computer vision will transform entomology. 
Deep learning-based approaches aim at overcoming the limitations of 
classical image processing methos. 

Some works can be found in the literature that address the detection 
and counting of insects by means of deep learning techniques. Methods 
based on object detection approaches such as YOLO [35] do not provide 
accurate counting in crowded images where overlaps exist, neither for 
location of small objects or in the situations where the objects are closed 
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to each other [36]. have proposed a deep learning-based solution to 
detect the specie Drosophila commonly found in fruits. The bigger 
limitation of this solution is that it is highly dependent on the back-
ground in the images, that require a red colored sheet as background to 
detect the object of interest. The location of tomato whitefly is addressed 
in [31], where yellow sticky traps are used to help in the detection of the 
insects. Similar approach based on stick-traps analysis by means of deep 
learning based techniques has also recently been proposed in the 
greenhouse for multiple pest control [38]. In [45] the authors propose 
an improved YOLOv4 deep learning network for accurate detection of 
whitefly and thrips on sticky trap images. Controlled environments can 
be also found in [5,23,47] where a light trap and computer vision system 
are used to detect and classify live moths (Lepidoptera), aphids and the 
species stored in Pest24 dataset, respectively. 

These methods propose a two-stage algorithm. In the first stage, the 
controlled background and illumination conditions allow an acceptable 
extraction of the features of the insect to locate. These features enter a 
deep learning-based classifier that finally indicates to which class the 
element to analyze belongs to. These methods provide quite good results 
in these controlled environments but lack the possibility of being 
applicable and extended to other environments in real life, such in the 
greenhouse or the field, where there are non-uniform lighting condi-
tions, different backgrounds and variability in images acquired with 
mobile devices (for instance) by the users. There are recent works that 
proposed variations over YOLO for insect detection [28]. Develop a 
method for olive fruit fly detection and counting, where insects appear 
over a controlled yellow background. In the same line [49], propose a 
method based on performing YOLO over tiles of input images, where 
black pine bast scale detection is done. There are traps in the image that 
increase the contrast between the black pest and the yellow background. 
The tiling helps to locate small elements with an object detection 
approach that are not often so efficient when working over whole image. 
In these two cases, the color of the background is carefully chosen to 
increase the contrast with the object to be detected and thus make the 
process feasible. 

Recent approach is [4], where a methodology based on deep learning 
techniques can generate density maps to estimate the final number of 
insects in the main leaf of the image. In this work a global overview of 
other state-of-the-art methods for counting and for insect counting are 
described, such as [20,21]. Main limitation the authors refer is that the 
detection is not very accurate in dense distributions of insects with se-
vere overlaps. Object detection-based approaches perform poorly in 
these situations. All the previous solutions try to find only one insect 
type, this is, they are a single class solution. 

If we take a look at multiclass solutions for insects characterization, 
location or counting, the number of works is almost inexistent [24]. 
Propose PestNet which is a model capable of locating different insect 
types at a time. This model presents reasonably good results, but it 
performs over images taken in the laboratory under controlled illumi-
nation conditions and uniform backgrounds. Insect detected are quite 
big size [43]. Also propose a solution for multiple classes identification 
over images under controlled environment. Works that tackle this 
problem over images in the wild, that present higher variability are 
difficult to find [17]. Propose a solution to identify pest in the crops by 
means of deep learning techniques and images acquired by mobiles in 
the wild. Their aim is to guess which the pest is, and they have developed 
a solution to characterize 5 different types of insects. However, they 
identify the pest by means of images of single insects, this is, images 
taken at short distance in the leaf where the insect is well defined and 
recognizable, as it can be appreciated in the illustrations they show. The 
insect is classified through a model deployed in the cloud and answer is 
received in the mobile. It is not neither detection or counting of multiple 
insects at a time in the leaf, so level of infestation and degree of the pest 
is unknown. 

The method proposed in [4] has demonstrated to be robust over 
images taken by mobile devices in wild conditions. This means that the 

images can present non uniform illumination, and variability of the in-
sects in size, orientation and appearance. Apart for the insects there 
might appear several objects in the leaf, such as waterdrops, soil, 
damaged regions, other insect’s types, etc. The images might appear 
unfocused due to the lack of perpendicularity of the leaf and the sensor 
and the depth of field the sensor provides in the acquisition conditions. 

In our work we face up to these limitations and propose a new 
approach to count and detect multiple insects’ species at a time over 
different crop leaves in the wild. 

3. Materials & methods 

3.1. Dataset 

Two domains of application have been chosen for development and 
validation of the multiclass counting approach: (1) insects in leaves; (2) 
immature’s insects in 2 cm leaf disks. 

3.1.1. Insects in leaves 
In leaves, there are four species of insects to be counted: Bemisia 

tabaci (BEMITA), Frankliniella occidentalis (FRANOC), Myzus persicae 
(MYZUPE) and Aphis gossypii (APHIGO) [8]. For APHIGO and MYZUPE, 
all nymphs and adults are to be counted together, it is not necessary to 
distinguish between different stadia. It is required to do so in FRANOC. 
This is a premise established by the expert field researchers in BASF. It is 
also necessary to distinguish alive from dead BEMITA because alive and 
dead BEMITA look like similar sometimes, although dead BEMITA is to 
be discarded. 

The available dataset for the insect counting over the leaf comprises 
several collections. An acquisition campaign took place beginning 2017 
in greenhouse in Spain. Images were acquired with different illumina-
tion conditions and in different seasons with 3 different devices: 
Olympus 24 M pixels camera, Nikon 20 Mpixels camera, and Samsung 
Galaxy A8 smartphone. This variability in acquisition devices assures 
different acquisition conditions, regarding focusing, resolutions, illu-
mination, etc. This collection is the one already use for whitefly 
(BEMITA) counting in our previous work [4]. Second acquisition 
campaign took place in 2020 in Spain. Images were acquired in different 
seasons with single device: Samsung Galaxy A8 smartphone. This 
collection gathers images with the different types of insects. These in-
sects are APHIGO, BEMITA, nymph and adult FRANOC and MYZUPE. In 
both cases it was intended to gather images with a great variability in 
illumination, shape and sizes of the leaves, damage degree of the leaves, 
different density of insects, or even the presence of additional elements 
that may appear in the field, such as water drops, stick, soil, that might 
be identified though being a false positive. Total number of available 
images is 1834. The summary of the dataset is gathered in Table 1. 

Solanum melongena, eggplant (SOLME) leaf has been used for vali-
dation purposes, but the algorithm has been designed to work on 
different crops leaves. APHIGO specie has also been captured over So-
lanum lycopersicum, tomato (LYPES) and Gossypium hirsutum, cotton 
(GOSHI) crops, since its color in these crops differ from the color in 
SOLME. Fig. 1 shows an example of the insects in the leaf. 

As it can be appreciated, the insects are very small and can be 
confused with other elements in the leaf. Moreover, similarity is high for 

Table 1 
Summary of dataset for insect counting in the leaf.  

Insect type Num. images 

BEMITA 575 
FRANOC (both nymph and adult) 323 
BEMITA and FRANOC 444 
MYZUPE 167 
APHIGO 325 
TOTAL 1834  
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these pairs of insects: (1) alive and dead adult BEMITA; (2) adult and 
nymph FRANOC; (3) MYZUPE and APHIGO. They all can be present in 
the leaf at a time. As example of nymph and adult FRANOC can be seen 
in Fig. 2. Both stadia of FRANOC are quite difficult to be identified for 
non-expert users since their differences rely on the fact of having wings 
or not (a subtle shadow in the back), the size and the color, being these 
last two features not decisive. 

Classic image processing techniques may find these very challenging 
problems. The solution based on a feature extraction and classification 
approach would probably get confused mainly due to the difficulty in 
extracting unambiguous discriminative characteristics for both classes. 
However, the experts can distinguish them, so deep learning-based 
techniques are expected to do so with proper design and training of 
the network models. Anyway, it is true that it is easier for the expert to 
identify the insects directly over the leaf in the field than on the image. 

Additional challenge is that FRANOC insects can be placed over 
damaged regions of the leaf, as it can be shown in the upper right nymph 
in Fig. 2. The similarity in color with the damaged areas and the small 
size makes it very difficult to locate and characterize them properly with 
classical image processing techniques based on feature extraction and 
classification. 

APHIGO presents additional problems. This species changes its color 
depending on the crop in which it is located and on which it feeds. Color 
can vary from light to dark green, almost black, and it can be also or-
ange. The field experts have identified three crops to represent this color 
variability: SOLME, LYPES and GOSHI. Moreover, in eggplant (SOLME) 
both APHIGO and MYZUPE appear with same color, so it is really 
difficult to categorize them with accuracy even for an expert. Fig. 3 
shows this. 

Specific concern in the insect counting problem is related to the size 
of the objects to be located. It is easy to locate a big element in a photo, 
but the tiny insects that infest the crop leaves are usually smaller than 1 

mm size. This means that it can be represented by 20–30 pixels size in a 
4000×6000 image. There can appear hundreds of insects in every leaf. 

In all situations main problems are occlusions, overlaps and subtle 
differences between classes. Moreover, images acquired in wild condi-
tions present high variability in illumination conditions and back-
ground. Smartphones do not usually have very powerful cameras, and 
images may be unfocused. Acquisition distance from the mobile to the 
leaf is also unpredictable. Therefore, the algorithm must recognize un-
focused objects of different sizes in unexpected background and non- 
uniform illumination conditions, sometimes partially occluded. These 
are the challenges that have been tackled in this work. 

3.1.2. Immature’s insects in 2 cm disks 
In disks, the insects are in an immature state and placed over a 2 cm 

diameter disk of the leaf. There are 4 stadia of BEMITA immatures that 
must be counted: eggs, n1n2 (small nymphs), n3n4 (big nymphs), empty 
pupae (whitefly has gone from the egg and only the skin is left). 

The size of the object is few microns. This forces that the image must 
be acquired with a magnifying glass fixed on a mobile acquisition device 
and specific illumination conditions in the laboratory. Two magnifying 
glasses have been tested and images have been gathered in two collec-
tions. The use of different magnifying glasses implies changes in reso-
lution. Moreover, differences in illumination conditions may appear. 
One collection has been acquired with Samsung A52 mobile and 
magnifying glass (12X APEXEL 36 37) and contains 196 images. The 
other collection has been acquired with Samsung A8 mobile and 
magnifying glass (ARORY 12x) and contains 198 images. Both collec-
tions have all the stadia in most of the images. Total number of images is 
394. 

Example of different stadia can be seen in Fig. 4. 
Indeed, this model aims at merging the two different acquisition 

domains whose differences are gathered in next Table 2: 
The different acuqisition conditions can be shown in Fig. 5. 

3.2. Annotation process 

All the images in the dataset were accurately annotated by expert 
technicians. The annotation process consists of marking with a point the 
presence of an insect in the leaf. The labels for all the possible species are 
available to be assigned to every insect. Annotation process has been 
done with two annotation tools: LabelMe and CVAT. 

First collection with BEMITA pictures was annotated with the 
LabelMe tool [37], which we adapted to our problem. A point in the 
image is enough to annotate its location. 

The rest of images of the dataset were collected later and by then, the 
annotation tools were reviewed again and CVAT was identified as a 
more powerful, user friendly and versatile tool. Its functionalities pre-
sent some advantages over LabelMe’s, so it was decided to use CVAT 
from that moment on. All the images available in the dataset were an-
notated. Fig. 6 shows an image with the annotation example. 

4. Proposed solution. Multiclass insect counting algorithm 

The approach for the multiclass insect counting algorithm extends 
the solution proposed and validated in previous work for single specie 
detection, this is, only BEMITA counting [4]. In this work we aim at 
counting all insect’s types at a time since they can appear together in the 
leaf. Solution relies on extending previous density map estimation 
approach to a multiclass solution. There are not previous multiclass 
counting solutions based on density maps estimation identified in the 
state-of-the-art. 

As in previous work, it happens that more than one infested leaf can 
appear in the image. There is a main leaf but there may be other leaves 
overlapping each other. This may lead to the detection and counting of 
other insects not placed in the main leaf, that is, the area to analyze. 
Therefore, first action is to segment the main leaf. Same method is used 

Fig. 1. Example of a leaf infested with bugs.  

Fig. 2. Leaf crop with FRANOC adult (red) and FRANOC nymph (yellow).  
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as in [4]. The following Fig. 7 shows the processing pipeline. 
To our knowledge there are no experiences in the literature of mul-

ticlass counting by density map estimation. Identified works that deal 
with multiclass problem are related to classification, multiclass object 
detection and instance segmentation. In this paper, we propose a novel 
extension of single class density map estimation for multiclass insects 
counting. 

Density map estimation approach for counting purposes was first 
described in [19]. After annotation of every object in the image with 
dots (no contour segmentation), a density map is constructed where 
each object is described by a normalized Gaussian. The sum of all the 

Fig. 3. Image with APHIGO in LYPES (left) and MYZUPE in SOLME (right). They appear very similar.  

Fig. 4. Examples of images with disks infested with immature individuals.  

Table 2 
Characteristics of acquisition conditions for images of disks.  

Magnifying glass 1 (DOMAIN 1) Magnifying glass 2 (DOMAIN 2) 

Natural illumination is used Controlled two lights are used for 
illumination 

Images are taken directly with the 
mobile 

Images are acquired through Abaqus app 

No white balancing White balancing operation performed 
through Abaqus app; for instance, 
fluorescent yellowish effect is removed 

Poorer magnifying glass (model ARORY 
12x) 

Better magnifying glass (model 
magnifying glass 12X APEXEL 36 37) 

Insects appear smaller due to layout (size 
is critical to differentiate n1n2 and 
n3n4) 

Insects appear bigger in the image 

Thousands of examples of eggs, class 
imbalance 

Few examples of empty pupae, class 
imbalance  

Fig. 5. (. Left) Disk acquired with magnifying glass 1 and natural illumination conditions; (right) disk acquired with magnifying glass 2 and artificial illumination 
conditions. Diameter of both disks is 2 cm. 

Fig. 6. Interface of CVAT annotation tool with disk image and 
BEMITA immatures. 
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pixel values of that Gaussian is equal to 1. A Fully Convolutional 
Regression Network aims at learning this prediction values whenever an 
object is present. This method naturally accounts for overlapping 
objects. 

Density map estimation is a pixel-by-pixel regression method. As it 
has been explained in our previous work, every bug (object to be 
counted) is represented by a normalized Gaussian. A normalized 
Gaussian implies that the sum of all the pixels values is 1. If there are two 
Gaussians together the sum will be up to 2. The big advantage of density 
map estimation over an object detection approach is that it can count 2 
instead of 1 even in the case where overlap exists among the objects. 

The proposed solution to our specific problem is as follows, it is 
explained in [4]. Original input image is used, it is not resized because if 
we did so, the tiny insects would be lost. It should be noticed that a 
nymph FRANOC can be represented in 10×10 pixels area. This is also 
especially critical in case of eggs in the BEMITA immatures stadia 
detection on disks. Therefore, the image is to be processed tile by tile. 
Every tile is 256×256 pixels size. Each patch overlaps with the neigh-
boring patches in all directions. Overlapping margin is 40 pixels. In the 
inference process, the original full-sized image is split up in the neces-
sary number of tiles according to the input image size. Prediction is 
made for all of the tiles, and then reconstruction of those predictions is 
done in the same order than the initial tile split. 

The network architecture is same Fully Convolutional Regression 
Network used in previous referred work; it is a pixel-by-pixel regression 
architecture. The output of the network is a density map where a 
normalized Gaussian is predicted every time an element is detected. 
Final output has as many channels as different types of insects are 
desired to be counted. The addition of as many channels as insect types 
makes it possible to count and to classify at the same time. In the training 
process, the loss function considers the pixel prediction of all the 
channels in the output and compares not only its pixel value with the 
ground truth value but the channel this pixel belongs to. This is way, it 
enforces the network to extract the meaningful features of every insect 
and to provide a correct prediction in both classification and density 
map estimation for counting. 

So, according to the previous explanation, in our case, last layer will 
have up to 6 channels in the use case of insect counting over leaf, and 4 
channels in the use case of immatures stadia counting over 2 cm leaf 
disks. Last layer has a ‘linear’ activation, and the most convenient loss 
function has been ‘mean square error - mse’. 

Best network model was trained with the following parameters. 
Input image is 256×256 size as explained before, initial lr = 0.01, l2 =

10− 5 . It has not been used any dropout. Sigma values for the generation 
of the density map are directly related with the size of the insect. In the 
use case of insects counting over the leaf, final values of sigma are: 9 for 
BEMITA, 5 for FRANOC adult, 5 for FRANOC nymph, 5 for MYZUPE and 
9 for APHIGO. In the use case of stadia counting in BEMITA immatures 
the final values of sigma are: 5 for eggs, 7 for n1n2 (small nymphs), 13 
for n3n4 (big nymphs) and 13 for empty pupae. Affine transformations 

were applied for data augmentation during the training process to in-
crease the variability of the images. 

The estimated density map is an image where the sum of all the pixels 
provides the total number of insects present in the image. To increase the 
understanding of the results by the user with an output image together 
with the total number of insects per class, the gaussians have been 
located. Every insect type has been assigned a different color and thus 
every gaussian has been drawn with that color. Note that in overlapped 
insects it may happen that only one circle is drawn even if it may add 
two or more elements in the total counting. Since the detection of these 
gaussians is done by means of classical image processing techniques 
based on thresholding and morphological operations, in the case where 
there are overlapped objects it is not possible to separate the two 
gaussians. 

Fig. 8 shows the results obtained for BEMITA immature counting 
where all stadia can be appreciated. 

The proposed model is a single branched model with several chan-
nels in the output, being the number of channels equal to the types of 
insects that are to be counted. The inclusion of a new insect implies to 
add an additional channel in the output. In principle, the approach may 
be extended to whatever number of insects. Just to remark that for the 
extension of the number of insect’s types, a proper training is to be done. 
This implies the acquisition and annotation of images with the new in-
sects. The proposed methodology has been validated with the progres-
sive inclusion of the species BEMITA, FRANOC, MYZUPE and APHIGO. 

Regading FRANOC, there is a high similarity in the appearance of 
FRANOC nymphs and adults. The subtle differences rely mainly on the 
fact that the adults have the wings folded in the back, and that implies a 
tiny black line that separates both wings. Only expert agronomists can 

Fig. 7. Pipeline for multiclass insects’ counting, adapted from [4].  

Fig. 8. Detected BEMITA immatures over a 2 cm disk of a leaf. Detected insects 
are shown in the image, being eggs circled in red, small nymphs circled in 
yellow, big nymphs circled in blue and empty pupae circled in black color. 
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be sure about this point. Sometimes it seems to be also confusing for the 
network model and in the estimated density maps there are activations 
in same pixels of the image for both classes. This is a problem since a 
pixel cannot be nymph and adult at the same time, they are exclussive 
classes. A routine has been coded to locate the gaussians in the estimated 
density maps for both classes and to compare the centroid position of 
these regions in the image. If the difference in position is very short, only 
one gaussian remains, the one with higher activation value, being the 
activation value the sum of all their pixels values in the neighbourhood. 
This way, unreal duplications are avoided. 

Another issue to consider is that whiteflies tend to be in groups of two 
or three individuals. The basis of this approach is that whenever an in-
sect is present, it is represented by a normalized Gaussian where all 
pixels for that Gaussian sum up a value of 1, with the Gaussian peak 
located in the center of the insect, no matter its size on the image. Every 
gaussian should sum up 1 in the case it represents one insect and should 
sum up 2 or 3 in the case they represent 2 or 3 insects, respectively. It 
should not matter how overlapped they are. 

Nevertheless, several facts such as errors in predictions, very small or 
unfocused insects, low predicted values due to confusion between in-
sects or damaged points in the leaf can provoke that the sum of the pixels 
in the Gaussian can be pretty far from the expected value. This is the 
reason why in the post-processing stage it has been stated that gaussians 
with sum of the pixels higher than 0.5 are considered as 1 additional 
insect, whereas activation values for the gaussian lower than 0.5 are 
discarded (not enough confidence in prediction). Same approach for 
gaussians representing two insects, being values smaller than 1.5 
considered as single element, and higher than 1.5 considered two 
overlapping elements. 

5. Results 

The described algorithms were implemented with Tensorflow 2.8 
framework as backend and Python 3.8 programming language. The 
model together with the preprocessing and postprocessing stages were 
deployed as a service on a Linux based processing server. 

The application is accessible by means of a mobile app. For this 
purpose, it has been provided as a docker image. The deployed service 
was prepared with REST Application Programming Interface (API) that 
manages the connections from smartphone applications. In previous 
work [4] it can be seen the mobile application front-end. Processing time 
of the algorithm is around 3 − 4 s per image depending on the input 
images size. As it has been explained before, the image is cropped in 
patches of 256×256 pixels. Inference is done on every single tile before 
final full image is generated by means of reconstruction of the pre-
dictions per ordered tiles. The call to the inference of the model is done 
as many times as the number of tiles. This is the task that lasts more even 
if it is done in batches. Response time is around 7–8 s per image and is 
good enough for this application even if it could be improved in the 
future with techniques to compress models and make them lighter. The 
reduction in the number of parameters of a model entails shorter 
inference time. 

Several tests were done to validate the results of the proposed ap-
proaches for the different validation experiments. RMSE and MAE have 
been established as metrics, together with the coefficient of determi-
nation R2. These are usual metrics to validate a counting problem. 

Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) 
metrics are calculated this way: 

MAE =

∑N
i=1

(
yEST

i − yGT
i

)

N  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1(yEST
i − yGT

i )
2

N

√

In both use cases, the provided metrics are the average values 

obtained for the images of the testing dataset. 

5.1. Validation experiment 1: insect counting in the leaf 

In this validation experiment multiple types of insects were counted, 
BEMITA, nymph FRANOC and adult FRANOC, MYZUPE and APHIGO. In 
the case of FRANOC nymphs and adults are to be distinguished, whereas 
for MYZUPE and APHIGO it is decided to count nymphs and adults 
together. 

The dataset available for the development, after being cleaned and 
revised, contained 1662 images: 1444 images were dedicated to train, 
106 images for validation and 112 images for testing purposes. Model 1 
was developed for this use case with this dataset. Some examples of 
detection are shown in next figures for the different types of insects. 

A example of output image provided by the model 1 capable is shown 
in Fig. 9. The model is capable of distinguishing BEMITA and FRANOC. 

BEMITA and FRANOC clearly differ visually. However, the good 
location of the insects in this image present some challenges due to the 
damage parts of the leaf. 

There exists similarity between BEMITA and damage spots in the 
leaf, shines, sparkles, and so. As it can be seen in the image, there are not 
false positives due to damage or shines detection. This is the general 
trend in the whole testing subset. Performance is very good. 

A example of output image from this model capable fo distinguishing 
BEMITA and MYZUPE is shown in Fig. 10: 

BEMITA and MYZUPE can be easily confused since they can both 
appear white coloured. However the model manages to separate them. 

Fig. 11 shows detection of APHIGO. This type of insect tends to 
appear in groups and all the insects are overlapping or very close to each 
other. In this situation the use of density map estimation is specially 
relevant and allows to be more precise in the insect counting. 

The model was tested over 112 images. The average metrics ob-
tained, and the regression graphics are shown in Fig. 12 and Table 3. 

The performace of the model is very good. It has to be pointed out 
that some images containing BEMITA and FRANOC together are really 
noisy. Those images contain damages, waterdrops, soil, shines, sparkles, 
etc. To reproduce the real conditions in the wild as much as possible. 
This explains the false positives that can be appreciated in the regression 
graphics for BEMITA alive. After reality check, it was identified that 
some of the errors were also due to imprecise leaf segmentation. 

The conclusion for the multiclass model is that it includes new spe-
cies without decreasing the performance for the previously added spe-
cies, this is, BEMITA. Good results are obtained for new species 
FRANOC, MYZUPE and APHIGO. It can be concluded that the inclusion 
of additional insect type may not affect the counting of previously 
considered insects. The established methodology is proven to be feasible 
and scalable. 

This model has been validated and is currently working for these 
crops: BRSOL, ORYSA, BRSNW, ZEAMX, CUMSA, HORVW, TRZAW, 
SOLME, VITVI, CIDLI, CIDRS, GOSHI, MABSS, PHSVN, PRNPN, PYUCO. 

5.2. Validation experiment 2: BEMITA immatures: eggs, n1n2, n3n4, 
empty pupae (4 classes) 

The multiclass density map estimation approach in this case (disks) is 
similar than the one shown for the leaf domain. Four channels are 
defined in the output image. Sigma value was adjusted for each class: 
σ = 5 was used for eggs, σ = 7 was used for small nymphs (n1n2), σ = 13 
was used for big nymphs (n3n4) and empty pupae. 

Fig. 13 shows some insects in different stadia that were successfully 
counted. Location of the gaussians in the density map was done to help 
the understanding of the performance of the algorithm. 

Fig. 14 shows an example of performance of model 2 over disks ac-
quired in both acquition domains. Detection results are good in both 
situations. 

The available dataset in the first acquisition domain contains 198 
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images: 148 images were used for training, 19 images for validation and 
31 images for testing purposes. 

The available dataset in the second acquisition domain contains 196 
images: 156 images were dedicated for training, 19 images for valida-
tion and 21 images for testing purposes. 

The testing for model 2 was done over 52 images (31 of first acqui-
sition domain and 21 of second acquisition domain that have been 
analyzed separately). The metrics and the regression graphics for every 
class is shown in Fig. 15. 

Next Table 4 contains the average metrics for all the classes obtained 
over all the images of the testing subset: 

As it can be seen, the metrics are quite good in all the situations. The 
regression graphics show reasonable good fit, being extremely good for 
n3n4 in the images acquired with second magnifying glass. There are no 
examples of empty pupae. However, we can appreciate that there are not 
false positives in empty pupae detection. 

For first acquisition domain, R2 ranges from 0.59 to 0.78 whereas for 
second acquisition domainR2 ranges from 0.76 to 0.98. Performance is 
better in the second acquisition domain. The reasons for that can be 
understood from the advantages that the new conditions entails, such as 
better quality of magnifying glass, images taken through the Abaqus app 
and white balancing that removes the yellowish color resulting from 
indoor fluorescent. 

6. Conclusions 

In this work a multiclass insect counting solution has been presented. 
The proposed methodology has been extended to 6 classes with good 
results for all the classes. Methodology has proven to be feasible, scal-
able and could be extended to a higher number of classes. 

The solution has been validated in eggplant leaves (also in cotton and 
tomato leaves for APHIGO) in these different situations. ON the one 
hand, a set of validation experiments were done at leaf level. Five 
different classes of insects were recognized and counted in the leaf 
(BEMITA alive, FRANOC adult, FRANOC nymph, MYZUPE, APHIGO). 
The dimensions of these leaves may vary from few centimeters up to 
20–30 cm, being the optimal acquisition distance between the mobile 
and the leaf is found to be smaller than 30 cm. 

Additionally, same methodology has been tested in another domain, 
this is, 2 cm diameter disks where stadia are grown. The counting of 
these immatures is also of interest for the expert. The acquisition of the 
images in this case is slightly different since it requires an additional 
magnifying glass that makes it possible to appreciate the tiny insects in 

Fig. 9. Example of model 1 performance for BEMITA alive and FRANOC adult and nymph counting. Location of the gaussians in the density maps are marked to help 
the understanding. (Left) Ground Truth image; (right) the different classes of predicted insects in the image. BEMITA is marked in blue, FRANOC adult is marked in 
purple and FRANOC nymph is marked in orange. 

Fig. 10. Leaf with detected BEMITA (blue circled) and MYZUPE (yel-
low circled). 

Fig. 11. Leaf with detected APHIGO (red circled).  
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the disk. The size of the insects can be of few microns. In this case, the 
model has to count 4 different classes (stadia of BEMITA immatures: 
eggs, small nymphs, big nymphs and empty pupae). There are two 
different acquisition conditions in the available dataset. Main difference 
is the magnifying glass and the better image quality because of illumi-
nation conditions and the white balancing correction in the images. 
Model has been trained with images coming from both domains. Ob-
tained results have been good for both acquisition domains. However, 
the results obtained with one of the magnifying glass are better. 

The designed and developed algorithm allows real time performance 
with the following pipeline: (1) leaf segmentation, (2) multiclass density 
map estimation for counting. The extension of single class to multiclass 
density map estimation has been defined and has shown good results. 
The network models have been developed with deep learning-based 
techniques. The application of the proposed methodology over 
another kind of insects may probably lead to successful results. 

The algorithm and its required environment for proper working has 
been deployed as a docker and it is accessible by a smartphone appli-
cation. The algorithm is currently being validated with the collaboration 
of the field experts from BASF in different locations around the world, 
such as USA, Spain, Germany, Philippines, …. The acquisition of images 
in different locations and by different people will show the robustness of 
the approach. These images will be taken in the wild and this entails 
high variability in the images. The dimensions of these leaves may vary 
from few centimeters up to 20–30 cm. The user places the leaf at slightly 
different distance from the camera, since it is advisable that the whole 
leaf appears in the field of view of the sensor. That implies that the size, 
orientation and appearance of the insects may slightly change in every 
image. Correct focusing is also encouraged but sometimes it is not 
achieved due to the lighting conditions and the occasional movement of 
the insects. 

Main limitation is the detection of some false positives, this is, the 
detection of some elements as waterdrops, soil, damages in the leaf, 
sparkles, etc. as being insects. This could be solved by adding more 
images to the training dataset that contain these elements. As long as the 
network is trained with those examples, it would be able to differentiate 
properly between insects and the false positives. Additionally, other 
network architectures could be used to discriminate these false positives 
and increase the performance of the model. 

Another identified limitation is the misclassification of some of the 
insects of the species that look alike, such as BEMITA and MYZUPE. The 
inclusion of additional images in the dataset with both insects together 

Fig. 12. Metrics and regression graphics of model for multiclass insects counting in the leaf. (a) BEMITA alive; (b) FRANOC adults; (c) FRANOC nymph; (d) MYZUPE 
(adults and nymphs together); e) APHIGO (adults and nymphs together) with added zoom in low density leaves. 

Table 3 
Metrics for model for multiclass insect counting in the leaf.  

CATEGORY RMSE MAE R2 

APHIGO.ALL 12.49 4.54 0.90 
BEMITA.IV 4.47 2.15 0.91 
FRANOC.IV 0.89 0.40 0.86 
FRANOC.NF 2.44 0.88 0.91 
MYZUPE.ALL 3.87 0.83 0.91  
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can improve the performance in the training. Other architectures and 
more complex weighted loss functions that might penalize regarding the 
class of the insect could contribute to reduce these drawbacks and 

increase the model performance. 
Future work could tackle these two identified limitations. Further 

work could also validate and extend the methodology to other types of 

Fig. 13. Disks with different stadia located and counted. (Left) single disk with diameter size 2 cm; (right) detail of the disks with examples of all the stadia.  

Fig. 14. Example of stadia counting in images in both domains. Left) disk in acquisition conditions type 1; right) disk in acquisition conditions type 2. Diameter of 
both disks is 2 cm. 

Fig. 15. Metrics and regression graphics for model 2 for BEMITA immatures stadia counting.  
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pests, with similar or different appearance, beyond the 5 different spe-
cies that has been tested in this work. Another future research line is 
related to the number of necessary images for the training. This model 
has been trained with a dataset with fully supervised annotation. This 
annotation process is tedious and time consuming. It should be 
addressed the reduction of the number of required images with fully 
supervised annotation for the training of the models, meanwhile 
achieving similar performance metrics. This entails to explore semi- 
supervised methods, unsupervised, self-supervised methods for 
training of new models with a reduced number of training images. This 
way, extension of the model to other insect’s types can be done easily. At 
the same time, continuous improvement of the model with new images 
could be tackled being these images not fully annotated (point by point 
annotation) but having a global value that indicates the number of in-
sects per leaf that is usually obtained in an approximate way by the user. 
This number can be considered a weak annotation that might improve 
the model performance. 
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