INGENIERIA E INVESTIGACION vOL. 44 No. 3, DECEMBER - 2024 (e112835)

Research Article/Agricultural Engineering http://doi.org/10.15446/ing.investig.112835

A Semi-Supervised Deep Learning Model for
Defective lime Classification

Modelo semisupervisado de aprendizaje profundo para la
clasificacion de limones

1 Juan-Bautista
1

Angel-Moisés Hernandez-Ponce !, Francisco-Javier Ornelas-Rodriguez
Hurtado-Ramos'~'!, Alfonso Ramirez-Pedraza'”'2, and José-Joel Gonzalez-Barbosax*

ABSTRACT

For consumers, the predominant fruit selection criterion is visual quality, a factor that classification models emulate when employing
images as input data. Most classification paradigms presuppose a balance across classes. In the field of defective fruit detection,
databases commonly exhibit a pronounced imbalance between healthy and defective fruit counts. Such disparity can compromise
the robustness of classification models or introduce biases stemming from insufficient data. This study introduces a semi-supervised
classification framework based on anomaly detection to identify defective lime fruits (Citrus aurantifolia). The framework employs
the reconstruction error obtained from an autoencoder neural network and a calculated anomaly probability to locate samples
within a two-dimensional space designed for such purpose. Based on the defined parameter ranges, the limes are categorized
as either healthy or defective. The proposed classification model underwent training utilizing the publicly accessible Fruits360
database and was tested with a set of 118 new and unlabeled lime images. The classification model attained a precision of 94%,
a recall of 0.88, and an F1-score of 0.91 across the test set. These results corroborate that models based on anomaly detection
constitute a promising solution to the inherent challenges of unbalanced classification tasks. They offer the advantage of requiring
minimal training data and reduced training times while maintaining efficacy, even when the evaluation dataset diverges substantially
from the training set. Thus, the proposed model can serve as a decision support tool for farmers, producers, and consumers.
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RESUMEN

Para los consumidores, el criterio predominante en la seleccion de frutas es la calidad visual, un factor que los modelos de
clasificacion emulan cuando emplean imdgenes como datos de entrada. La mayoria de los paradigmas de clasificacion presuponen
un equilibrio entre las clases. En el dmbito de la deteccion de frutas defectuosas, las bases de datos suelen presentar un desequilibrio
pronunciado entre el recuento de frutas sanas y defectuosas. Esta disparidad puede comprometer la solidez de los modelos de
clasificacion o introducir sesgos derivados de la insuficiencia de datos. En este estudio se introduce un marco de clasificacion
semisupervisada basado en la deteccion de anomalias para identificar frutos defectuosos de limon (Citrus aurantifolia). El modelo
emplea el error de reconstruccion de una red neuronal autoencoder y una probabilidad de anomalia calculada para localizar muestras
dentro de un espacio bidimensional disefiado para tal propdsito. A partir de los rangos de parametros definidos, los limones se
clasifican como sanos o defectuosos. El modelo de clasificacion propuesto fue entrenado mediante la base de datos de acceso
publico Fruits360 y evaluado con un conjunto de 118 imdgenes de limones nuevas y sin etiquetar. El modelo de clasificacion obtuvo
una precision del 94 %, una recuperacion del 0,88 y un valor F1 0,91 en el conjunto de pruebas. Estos resultados corroboran que
los modelos basados en la deteccion de anomalias constituyen una solucion prometedora a los retos inherentes de las tareas de
clasificacion no equilibradas; ofrecen la ventaja de requerir datos de entrenamiento minimos y tiempos de entrenamiento reducido,
manteniendo la eficacia incluso cuando el conjunto de datos de evaluacion diverge sustancialmente del conjunto de entrenamiento.
Asi, el modelo propuesto puede servir como herramienta de apoyo en las decisiones de agricultores, productores y consumidores

Palabras clave: aprendizaje semisupervisado, clasificacion de frutos citricos, deteccion de anomalias, pplicaciones para agricultura
de precisién
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Introduction et al., 2023; Naranjo-Torres et al., 2021; Aparicio Pico et
al., 2022; Puerto Cuadros, 2024). Other factors can affect
crop production, such as diseases and pests (George et al.,
2022; Bao et al., 2021). For a producer, the fruit must
have the best possible visual appearance, as it is the main
aspect that the customers look for in the market (Blasco
et al.,, 2016). Hence, it is essential to distinguish good

Citrus fruits are among the most consumed and produced
in the world. However, it is estimated that their production
will decrease within the next 10 years due to factors such as
climate change, land use issues, and diseases.

In recent years, precision agriculture has helped farmers and
producers (Ayoub Shaikh et al., 2022; Nowak, 2021; D. Li et

al., 2021; Gonzalez-Barbosa et al., 2022) to create optimized
systems for crop production, crop estimation, weather
monitoring, disease detection, and defect identification
(Wang et al., 2022; Mzoughi and Yahiaoui, 2023; E. Li
et al., 2023; Gokulnath and Usha Devi, 2021; Chaturvedi
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A SEMI-SUPERVISED DEEP LEARNING MODEL FOR DEFECTIVE LIME CLASSIFICATION

fruit from those with defects or poor visual appearance
(Ghazal et al., 2021). The early detection of diseases
and defects has become a critical task to ensure crop
production and quality (Soltani Firouz, 2022), easier post-
harvest processing (Zhang et al., 2021), and longer shelf-
life(Bhole, 2021). The consumers purchasing decision is
heavily influenced by the quality and appearance of the
fruit; a good healthy fruit without defects is the first choice
(Blasco et al., 2016). Therefore, having an automated and
efficient system to monitor the citrus production process
is essential in continuing to meet the global demand (Food
and Agriculture Organization, 2022; Lozano and Archibald,
2022; Peng et al., 2023).

Despite the fact that some systems have been proposed and
developed to improve citrus production, most of them focus
on the study of diseases and defects in tree leaves(Arnal
Barbedo, 2019; Khanramaki et al., 2021; Umit Atila et al.,
2021). The evaluation of leaves is one of the fastest available
methods, but it can lead to biased results since the decision
is based on limited samples rather than on the entire tree
or an inspection of the fruit produced. Furthermore, these
systems often use private and customized databases (Lu
and Young, 2020) and provide limited results. In addition,
the fact that a leaf is defective does not mean that the
fruit produced is. Therefore, fruit evaluation arises as an
alternative method to leaf assessment.

Classifying healthy fruits from defective ones is the final
step in the post-harvest process. At this stage, the fruit is
prepared for storage, and the selection is based on its visual
quality, so both producers and consumers look for the fruit
with the best appearance.

The use of images and their processing is an alternative
to detect and identify diseases and defects in tree leaves
and fruits. Machine vision systems allow for precise defect
localization using RGB (Cubero et al., 2014; Tanet al., 2021),
X-ray, multi-spectral, satellite (Candido-Mireles et al., 2023;
Toosi et al., 2022), and aerial images (Futerman et al., 2023;
Istiak et al., 2023). More recently, the use of machine and
deep learning models has helped to make machine vision
systems more automated, accurate, and efficient (Palei et al.,
2023). Deep learning models based on convolutional neural
networks (CNNs) can handle large amounts of information
and make decisions based on key features such as color,
shape, and texture. However, to obtain a good result
using a CNN, it is necessary to have a large and diverse
database, a balance of classes, and labeled samples (Gron,
2017; Goodfellow et al., 2016; Ibrahim and Kuban, 2023).
Additionally, it takes a considerable amount of time to train
these networks, with the risk of overfitting or bias when
making decisions. One paradigm that addresses some of
these challenges is semi-supervised learning (Thoidis et al.,
2021; Gao et al., 2022; Memarzadeh et al., 2022).

An alternative to CNNs are autoencoders (Bank et al.,
2021). These types of neural networks adopt a different
approach by using a latent space that retains the most
important information of the input data. They also have the
advantage of being able to work with unlabeled or barely
labeled data, so they can work as unsupervised or semi-
supervised classification models and can be robust to input
noise and anomalous data (Cazzonelli and Kulbach, 2023).
Given these advantages, an autoencoder can be used as a
classification model based on anomaly detection, e.g., in a
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dataset of samples that do not match the learned features
and are considered anomalous. This approach is useful
when dealing with imbalanced datasets. In some real-world
scenarios, the data available for different classes can be
highly imbalanced. In contrast, traditional machine learning
models assume a class balance, so they can be prone to
overfitting or to bias.

In the field of precision agriculture, anomaly detection can
be applied to detect defective or diseased fruit. In a lime
dataset, anomalous data correspond to damaged, injured,
or sick fruits, or to any other fruit with a compromised
visual appearance. Fruit diseases are a serious threat to
lime harvesting, yet defective limes can only be observed
during the post-harvest process or in the delivery stages.
Therefore, the citrus industry and the horticultural industry
in general necessitate rapid and automated disease detection
tools throughout the post-harvest period.

The objective of this work is to develop a semi-supervised
classification system to separate healthy limes from
defective ones. The paradigm of autoencoders, combined
with the advantages of semi-supervised learning, constitutes
a versatile yet robust combination for such tasks. In
this case, defective limes are difficult to obtain due to
current high-quality standards. By using anomaly detection,
defective limes can be identified with relatively little effort
by teaching the model the characteristics of a healthy lime.
Consequently, if a lime does not meet these characteristics,
it is considered defective. The anomaly detection
approach addresses the issues of data scarcity, overfitting,
and heightened training times commonly associated with
traditional classification models. This article proposes a
classification system based on anomaly detection using
autoencoders to obtain the reconstruction error of the input
data (images) as well as the value of a kernel density
estimation function.

The main contributions of this work are presented below.

e The anomaly detection model was trained exclusively
with images of healthy limes.

e Predictions were made with the probability of an
image and the reconstruction error value.

e The encoder can be used as a feature extractor for
further classification models.

Related work

A novel deep learning model used to detect defected regions
in citrus fruits is proposed in (Dhiman et al., 2022). The
model uses the Felzenswalb algorithm as the main approach
to measure pixel intensity in the images. The fruits in this
database can have one of three damage severity levels: low,
medium, and high. Additionally, there is a fourth class for
healthy fruits. The model achieved an accuracy value of
99%, 97%, and 96% for low-, medium-, and high-severity
levels. For healthy fruit, the model showed 96% accuracy.

The study by (Fan et al., 2020) presents a deep learning
architecture based on neural networks with a low-cost vision
system to detect defective apples in a fruit sorting machine.
The proposed architecture used images of both classes for
training and performance validation, achieving an accuracy
of 96.5%. The trained model was validated by loading it onto



an independent sorting machine using 200 apples, obtaining
an accuracy of 92%.

Another approach for fruit quality classification is presented
in (Hanh and Bao, 2022). This article proposes a machine
vision system to classify limes in the Vietnam region
into three quality groups: bad, regular, and best. For
classification, the authors use a P-score, which counts the
number of pixels in the image that are considered healthy
within the fruit peel. The quality of limes is poor if the P-
score is less than 35. The lime quality is considered good if
P is between 35 and 85. Lastly, if the P-score is greater than
85, the quality is the best.

An orange categorization system using different features
such as color, fruit size, shape, and surface defects
was reported in (Hasan et al.,, 2021). In their system,
oranges were classified using three CNN models, with
the third model achieving an accuracy of 92.25%. In
parallel, a classification model using a conditional generative
adversarial network (CGAN) and the Lemon Quality Dataset
was developed in (Bird et al., 2022), aiming to address the
shortage of defective lime images with the CGAN. Although
the reconstructions lacked consistency regarding the shape,
color, and texture of the fruit, the authors managed to
achieve an accuracy value of 88.75% in their experiments.

A computer vision system was reported in (Chen et al., 2018)
for the automatic detection and classification of oranges
based on their external features. Ultilizing a combination
of color- and texture-based characteristics, this system
classifies oranges into four categories, each corresponding
to a different level of ripeness. The model’s performance
was evaluated by the authors, with the system achieving an
impressive accuracy of 97.5%. This led to the conclusion
that the proposed system presents significant opportunities
for enhancing both efficiency and accuracy in industrial
applications.

A spectroscopy system developed to evaluate the
phytopathological condition of mango fruit is presented
in (Cabrera Ardila et al, 2020b), given mangoes’
susceptibility to anthracnose infections during the harvesting
phase. The authors monitored the progression of
the pathogen, categorizing the fruits into three stages:
healthy, asymptomatic, and diseased. Various classification
algorithms, such as linear discriminant analysis (LDA),
random forests (RF) and support vector machines (SVM),
were used to assess the data. The best accuracy value was
given by LDA, ranging from 91-100% across the three stages.

A novel approach for identifying surface defects in oranges
using computer vision techniques was proposed in (Rong
et al., 2017). A sliding window algorithm was applied by
the authors to segment the images, which allowed detecting
defects of varying sizes and shapes. The proposed method
was tested on a custom dataset and achieved an accuracy
rate of 91.5%.

A robust and generalized CNN model for detecting black
spot disease and ripeness levels in orange fruit was
introduced in (Momeny et al., 2022) by fine-tuning pre-
trained models. Data-augmentation techniques were used
by the authors to increase the dataset size and enhance their
model’s performance. The learning-to-augment strategy
employed is a technique that generates new training data
by adding noise to existing images. This helped to improve

Angel-Moisés Herndndez-Ponce, et al.

the performance of the deep neural network model, making
it more robust and better able to generalize to new unseen
data with an accuracy of 99.5%.

The state of the art shows deep learning to be the most
marked trend in recent years. However, one of the
most important challenges is the absence of a standard or
universal database to establish a common frame of reference
to evaluate the work done. Each proposal tends to create
its own database, adapted to specific needs and particular
applications, hindering direct comparison between methods
and results.

Classification was identified as the main task within the
studies found, with a focus on assessing the health of fruits
or categorizing them by type. Despite advances in deep
learning techniques, the amount of data used in these studies
is often limited, which restricts the generalization capacity of
the models developed. This data limitation not only affects
the accuracy and robustness of the models, but also poses
interesting challenges for their application in broader and
more varied scenarios and tasks. In summary, although deep
learning shows potential in citrus fruit classification, the
absence of standard databases and the current limitations
regarding the amount of available data are critical challenges
that need to be addressed in order to improve overall
performance and results comparability in this field.

Methodology
Model description

The proposed model is based on the autoencoder algorithm.
An autoencoder is a type of algorithm with the primary
purpose of learning an abstract representation of the data
by learning to reconstruct a set of input observations
(Bank et al., 2021). This representation can then be used
for different applications. In recent years, convolutions
have been added to autoencoders to reduce dimensions.
The variant studied herein is known as convolutional
autoencoders (CAEs). CAEs are a type of CNN that use
convolutional, pooling, and deconvolutional layers to create
and refine feature maps from input images, ultimately
reconstructing the original input through unsupervised
learning. By employing the convolution operator, CAEs
filter input signals to extract significant content, encoding
inputs into fundamental signals and reconstructing them
to minimize error. Unlike traditional CNNs, which are
primarily used for supervised classification tasks, CAEs
focus on learning optimal filters for feature extraction
and input reconstruction.  This approach modifies the
standard autoencoder by incorporating convolutional layers
in the encoder and transposing convolutional layers in the
decoder, effectively capturing spatial statistics in image data
(Maheshwari et al., 2022). CAEs are better suited for image
processing tasks since they capture spatial patterns and
relationships between pixels, resulting in a more accurate
image reconstruction (Michelucci, 2022). Figure 1 shows
the workflow followed to carry out the classification tasks.

The model takes a color image of any size as input.
Then, the input image passes from the input layer to a
preprocessing layer, where its size changes to 96 x 96.
The image is also standardized in this layer. After the
pre-processing layer, there is an image augmentation layer.
Here, the image is transformed through various adjustments,
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Figure 1. Graphical representation of the workflow proposed for the classification of the lime images

: Authors
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including rotation, brightness, contrast, and changes in
pose. These changes provide the autoencoder with more
data in the training stage (dos Santos Tanaka and Aranha,
2019; Shijie et al., 2017). The augmentation stage helps the
autoencoder learn from new situations or instances in which
the lime fruit may appear.

The autoencoder processes the input image into a
condensed representation known as the latent space. In
this part of the network, the input data become a lower-
dimensional representation of the input image, capturing
its most significant features in a compact, encoded format.
Because the latent space is smaller than the input image, it
effectively reduces data complexity. Exploring this space
enables the generation of data points that mirror the
original, allowing for advanced operations like clustering,
classification, and anomaly detection.

The encoder

The next segment of the model is the encoder, which
converts input data into the latent space. This process aims
to retain as much of the initial information as possible. The
proposed encoder design incorporates three down-sampling
stages. In each stage, the dimensions of the image are
reduced, while its complexity is increased. This is achieved
through a sequence of convolutional layers paired with max-
pooling layers. Consistency is maintained throughout the
process by using identical kernel sizes and stride values for
the convolutional and max-pooling layers, while the rectified
linear unit (ReLU) serves as the activation function for all
layers. Variations arise only in the number of filters within
the convolutional layers and in the pool sizes for the max-
pooling layers. Initially, the convolutional layers start with 16
filters. This number then decreases to 8 and subsequently to
3 for the second and third layers, respectively. In tandem,
the pool size expands progressively as the model delves
deeper. Upon completion of the encoding process, the
transformed data emerge with the dimensions 3 x 3 x 3,
which constitutes the latent space of the proposed model.
This compressed output then proceeds to the next phase:
the decoder.

The decoder

The decoder is responsible for reconstructing the input
data from the encoder’s compressed latent representation,
producing an output that closely resembles the original
input. This step is crucial in an autoencoder’s architecture,
as the quality of the decoder directly influences the fidelity of
the reconstruction (Gron, 2017). The decoder reverses the
encoder’s process by up-sampling the compressed data to
its original dimensionality. A well-crafted decoder ensures
high-quality reconstructions, whereas a sub-optimal one
may result in poor quality. Reflecting the autoencoder’s
symmetrical design, the decoder of the proposed model
mirrors the encoder’s structure with reversed operations.

Training the model

The next phase in the workflow involves training the
model. Google Colaboratory’s services and TensorFlow
were utilized for coding and training. The basic GPU
environment of Google Colaboratory, equipped with an
NVIDIA K80 with 12GB of VRAM and an Intel Xeon CPU

Angel-Moisés Herndndez-Ponce, et al.

Table 1. Parameters used for the training stage

Parameter Value
Training set size 656
Validation set size 166

Training time 500 epochs (2 s/epoch)

Loss function ~ Mean squared error

Optimizer Adam
Learning rate 0.001
Batch size 32

Source: Authors

with 13GB of RAM, was selected for the training process.
The Fruits360 dataset (Murean and Oltean, 2018), a publicly
accessible collection of 90 483 images across 120 fruit and
vegetable categories, including apples, bananas, oranges,
limes, and tomatoes, was employed for both training and
validation. The dataset was built for object recognition,
classification, and detection tasks. it includes color images
96 x 96 pixels in size, captured from various angles, under
different lighting conditions, and against contrasting poses
and backgrounds. Every image has an assigned label
(organized in folders) that serves to identify the type of fruit
or vegetable. Furthermore, each class is divided into training
and validation sets.

The Fruits360 dataset is used as a valuable benchmark for
the development of fruit classification or detection models
(Siddiqi, 2020; Latif et al., 2023; Rathnayake et al., 2022;
Dandekar et al., 2020). Within the dataset, there is a subset
of lime images (Citrus aurantifolia). The lime images were
chosen for their close resemblance to the lime varieties
commonly found in Mexico regarding both color and visual
features. The lime subset comprises a total of 822 lime
images, which were partitioned into 656 for training and
166 for validation, i.e., approximately an 80-20 split. This
distribution was adopted due to the fixed number of training
and validation images in the dataset.

Table 1 presents the data distribution and the
hyperparameters selected for model training. The training
process spanned 500 epochs and incorporated an early-
stopping mechanism to mitigate the risk of overfitting.

Subsequent to training, the model became adept at
recognizing the characteristics of a healthy lime. This
allowed applying the trained model for predictions on both
familiar and novel lime images. A lime was classified as
defective if it lacked the characteristics that the model was
trained to recognize as indicative of a healthy specimen.
Conversely, a lime that exhibited these learned traits was
deemed healthy.

Making predictions for new images

The model returns a loss value after the image goes
through all the convolution layers. This value is called
the reconstruction error (RE). For this case, the RE is a
measure that quantifies how similar the decoded output
of the autoencoder is to the original input data. This RE
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Figure 2. Architecture of the convolutional autoencoder used in this work. It consists of an encoder, a latent space, and a decoder. The input is a
96 % 96 color image that is progressively compressed by convolution and max-pooling layers to a latent representation of size 3 X 3 X 3. The decoder
then up-samples the latent representation to reconstruct the original 96 X 96 image via up-sampling and convolutional layers. The network’s total
parameter count is 3738, with 16 convolutional filters in the initial and final layers, ensuring efficient feature extraction and image reconstruction.

Source: Authors
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Figure 3. Loss curve of the model during the training stage. The blue
line denotes the loss value for the training set, and the orange one
denotes the loss value for the validation set.

Source: Authors

serves as the main feedback during the training phase of
an autoencoder; by optimizing this error, it should learn to
capture the important features and patterns of the input data.
Ideally, the RE value would be 0, meaning that the model
can recreate the input image without errors. In practice, this
does not occur often.

The RE value is used to evaluate the quality of a reconstructed
image. One way to ensure that an autoencoder is trained
correctly is to compare it inputs and outputs; the differences
should be insignificant (Gron, 2017). Since the model
is trained to identify healthy lime images, when a faulty
image is introduced, the RE should be higher. However,
the RE value should not be the only metric to evaluate the
performance of a model (Beggel et al., 2020).

A second reference value was calculated to this effect.
This value, derived from the latent space, was utilized
to calculate a probability density using the kernel density
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estimation (KDE) technique (Hu et al., 2020). KDE is a non-
parametric technique for estimating the probability density
function (PDF) of a random variable. It can estimate the
probability distribution of a set of data and constitutes
a helpful tool for data analysis, as it allows the user to
visualize the data distribution more effectively than other
visual representations. Unlike parametric methods, KDE
does not rely on assuming a specific parametric form of
the density function; instead, KDE learns the shape of
the density from the data itself. This kind of flexibility
makes this method popular as a tool for analyzing data
from complex distributions (Lang et al., 2022; Cao et al.,
2016). By combining the autoencoder’s RE and the data’s
KDE value, anomalies (defective limes in this case) can be
detected in an unknown dataset. This approach enables the
automatic detection of anomalies without prior knowledge
of the expected data distribution. Anomalies are data points
with a high RE value and a low probability density, as
estimated by the KDE function.

Results

Another dataset of 118 lime images was constructed to
evaluate the model’s performance on new, previously
unseen samples. These images differed significantly in size
(10801080 pixels), color, texture, and geometry from those
in the Fruits360 dataset. Moreover, the background of the
images was removed. This approach allowed assessing the
classification model’s ability to generalize its learning of the
normal class. A sample of these new images is shown in
Figure 4.

The RE was calculated for the new test set by passing the
each new image through the model. Then, this value,
as given by the trained model, was used to calculate the
KDE probability for all the datasets. Figure 5 shows the
distribution of the REs and the values of the KDE function
for all the three datasets. By illustrating these values in a
scatter plot, we can evaluate whether the model can detect
an anomaly (and locate it if present) in an unknown dataset.
Figure 6 illustrates the data point distribution using both
values.

We propose two ways to evaluate the performance of the
classification model. The first approach is to look at where



Figure 4. Some of the limes used to test the model’s performance.
These images had the background segmented. The limes were
harvested from orchards located in the town of Tecolapa, in the state
of Colima, Mexico. As can be seen, all the fruits exhibit at least one
type of defect that affects their visual quality.

Source: Authors

the value of a new image would lie in the plot after the
model reconstructs it and calculates the value of the KDE
function. However, this strictly necessitates visualization in
the scatter plot in order to provide an accurate result. The
second approach is to establish two thresholds, as shown
in Equation (1), where healthy (normal class) and anomaly
(anomalous class) are the possible output classes; error
refers to the RE value; density represents the KDE function
value; ey, and ey, denote the lower and upper threshold
values for the RE, respectively; and d,,i, and d,.x represent
the lower and upper threshold values for the KDE function.
These values are based on the minimum and maximum
values observed in both histograms in Figure 5.

) (1)
anomaly otherwise

label = { healthy if ey < error < ey & dyin < density < dyax
These thresholds are used to automate the classification of
the faulty limes. Therefore, if a new lime image has a value
within both thresholds, it will be considered a healthy lime;
otherwise, it will be deemed defective. The threshold values
determine the cutoff points for distinguishing between
anomalies and normal instances.

In an anomaly detection application, the objective of the
model is to find all possible anomalies in a given dataset. In
this work, a confusion matrix (Table 2) was elaborated under
the following considerations: true positives (TP) were the
anomalies (defective limes) that lay outside the proposed
thresholds; false positives (FP) corresponded to all the
limes that were anomalies but fell between the established
thresholds; true negatives (TN) were all healthy limes (if any)
that were correctly classified as such; and false negatives
(FN) are the healthy ones misclassified as defective.

Table 3 presents the classification reports, as calculated
using the SkLearn framework (Pedregosa et al., 2011),
the k-nearest neighbors algorithm (kNN), and principal
components analysis (PCA).

The value of the classification model’s metrics has different
interpretations. The recall value (0.88) is higher for the
anomalous class than for the normal class (0.80). For
the normal class, the precision is 0.65, meaning that the
number of instances detected is lower than that of the
anomalous class (0.94). To summarize, the classification
model performs better at identifying anomalies (unhealthy
lime fruits) than in normal instances. This behavior suggests
that the model can identify instances of the anomalous class,
i.e., it has a strong ability to detect the TPs of said class in
comparison with the normal one. The high recall values for
both classes are also desirable under these circumstances,

Angel-Moisés Herndndez-Ponce, et al.

as they minimize the FN rate while increasing the detection
rate of TPs without causing misclassification. Given that
the value is almost identical, it can be assumed that the
model captures the same proportion of positive instances
(either normal or anomalous) across different scenarios
and circumstances in different databases, meaning that the
model is consistent when making predictions with unknown
data.

A comparison with a more recent approach was carried out,
i.e., an autoencoder using the VGG16 architecture. This
architecture is among the most widely used for classification
and feature extraction tasks. Additionally, it benefits from
being pre-trained on the ImageNet database. By utilizing
the TensorFlow framework, it was possible to work with a
pre-trained version of VGG16 and employ transfer learning,
followed by fine-tuning with images from the Fruits360
dataset. The VGG16 architecture is a deep CNN that
consists of 16 layers, primarily composed of convolutional
and fully connected layers. The architecture includes five
convolutional blocks, each followed by max-pooling layers,
and three fully connected layers at the end, making it highly
effective for image classification tasks. The decoder part
of VGG16 was implemented using TensorFlow and Python,
following the same structure as the network, albeit inversely.
Since the decoder’s task is merely to reconstruct the input
data, fine-tuning this section of the autoencoder was not
necessary. The number of epochs, data distribution, and
hyperparameters were consistent with those used in our
autoencoder model. Moreover, as with our proposal, the
RE and KDE values were calculated. Figure 7 shows their
distribution.

An analysis of the density plots and the distribution of the
points revealed distinct patterns between the training and
anomaly datasets. Upon evaluating the overlap between
these distributions, a small number of anomaly points
(orange crosses) were found to lie within the high-density
region of the training data (blue stars), signifying incorrect
classification.

This approach demonstrates a similar precision value to
our proposed method (around 95%). Notably, the number
of anomalous points that lie within the normal data is
approximately 20, which is higher than that of our method.
Nonetheless, a lower proportion of the normal points are
within the region of anomalous data.

Discussion

Since this work aims to detect as many anomalies as
possible, the precision metric was prioritized. For example,
a FN rate is more critical in a medical diagnosis scenario than
a FP. In this case, classifying a healthy lime as faulty is less
critical than misclassifying a faulty one as healthy. As shown
in Table 2, the model has fewer FNs than FPs, indicating its
effectiveness for the given task.

Table 4 lists studies that solve a task similar to that proposed
in our study, and it offers a broader perspective on our
proposal and some related works found in the literature.
Most of these studies use some kind of machine learning
(ML) algorithm for classification, with CNNs being among
the most popular approaches and the ones that report better
accuracy values. As for the feature extraction process, the
methods differ significantly according to the various targets
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Figure 5. Distribution of values for the training and validation datasets. a) Histogram of RE values for both datasets; b) histogram showing the KDE
function values for both datasets. The blue bars represent training data, and the orange bars represent the validation data. The distributions reveal
that the RE values for both datasets lie within the expected ranges, highlighting the effectiveness of the proposed method in identifying regions

corresponding to healthy lime fruit.
Source: Authors

Table 2. Confusion matrix built with the predictions

Predicted
Anomaly Normal Total
Anomaly 82 (TP) T1(FN) 93
Actual
Normal 5(FP) 20(TN) 25
Total 87 31 118

Source: Authors

of the studies. The accuracy value for the listed works ranges
from 88 to 98%.

In comparison with an autoencoder built upon a well-
established architecture such as VGG16, our method
demonstrates a slightly better performance despite being
trained entirely from scratch, while the VGG16 autoencoder
utilized a pre-trained version. Although the precision values
are comparable, the key differences lie in training times
and computational efficiency. Our autoencoder required
approximately 45 minutes for training, whereas the VGG16
model took nearly 120 minutes. Furthermore, despite the
shallower depth of our autoencoder’s architecture compared
to VGGT16, it achieved comparable results, highlighting that
effective performance can be obtained by training a new
model from scratch. Nevertheless, one advantage of using
pre-trained models is the ability to leverage pre-existing
weights, which significantly aids in feature extraction and
the identification of relevant information.

The anomalous dataset reveals similarities with the training
images in terms of color, shape, and texture. Nonetheless,
certain anomalies were mistakenly classified as healthy by
the model. This misclassification could be attributed to
outliers within the anomalous set, indicating more severe
damage or advanced stages of disease. The RE values for
the anomalous set range from 0.2 to 0.9, suggesting that the
autoencoder models reconstructions are generally reliable.
However, a significant limitation of this semi-supervised
approach is its reliance on determining thresholds for the
KDE density function and RE values in the two-dimensional
space. These thresholds are based on the source data, which
may introduce inherent biases. Furthermore, the choice of

Msof14

autoencoder architecture and data pre-processing methods
can impact the RE and the KDE density function values,
potentially contributing to biases in the classification system.

Additionally, most of the works found in the literature use
their own datasets, which were created for their specific
purposes. As a result, it is not possible to make direct
comparisons between works, and there is no common
benchmark to compare the results. This is important
because it limits the solutions to local and specific contexts.
The solutions proposed so far work with regional varieties
of lime fruit. Using these varieties to build datasets can
introduce biases that hinder the construction of a general
solution for this type of precision agriculture application. It
should also be considered that the types of defects change
depending on the harvest location. This phenomenon
is multi-factorial due to the different soil types, climatic
conditions, and harvest times present. Although some of the
studies found show interesting solutions, they are applied
in local contexts, either due to a lack of data or to solve
a particular need. However, there is a trend to develop
more general solutions that can be applied and scaled to
broader and more general contexts (Verma and Verma,
2022; Bhardwaj et al., 2022; Shahi et al., 2022).

The experimental results confirm that the proposed
classification model is sufficiently robust, as it accurately
classifies new lime images, even when they differ
significantly from the training set in key features such as
color, hue, shape, size, and lighting conditions.

Another advantage of the classification model is that it uses
an innovative and robust approach to solve a problem that
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Table 3. Classification report provided by Sklearn with the metrics of the proposed model, the kNN algorithm, and the PCA

Our method KNN PCA
Precision Recall F1 Precision Recall F1 Precision Recall F1
score score score
Normal 0.65 0.80 0.71 0.64 0.95 0.70 0.76 0.73 0.76
Anomalies 0.94 0.88 0.91 0.97 0.84 0.91 0.92 0.93 0.93

Source: Authors

has been present for many years. The anomaly detection
method, along with the proposed architecture, showed that
itis possible to achieve similar results without large amounts
of data and long training times. Additionally, this method
can detect unknown anomalies that are not present in the
training data, whereas a balanced classification approach
assumes that all classes are known and equally present in
the training set.

Although the limes used for validation have at least one kind
of visual defect, the model misclassified some of them as
healthy. This phenomenon is understandable since some
of the defects are not as evident as in the training images
or have not reached a critical state. For example, color
change is a known defect in citrus fruit, but the transition
from green to yellow is so subtle that is difficult to identify.
Another example is when limes have tiny black spots on
their peel. According to the experts, the lime is defective
(since it implies the presence of a plague or disease), but,
for the classification model, it is interpreted as healthy.
However, including images with this kind of characteristic
may significantly improve the performance.

The proposed classification model uses color as a critical
feature for lime classification. This behavior can be noticed
in the training and validation data distribution. The images
used for this purpose have a similar green hue. Meanwhile,
the test images have a brighter green hue, and, in some
cases, the fruit color is yellow instead of green.

Another factor that could compromise the results is the type
of defect: if the defect is more evident, i.e., brown spots or
peel injuries, the model will more easily identify the fruit as
defective. On the other hand, less obvious defects such as
plagues or diseases could produce FNs during classification.
This behavior could suggest that the human factor is still
needed. Looking at the scatter plot is useful and can serve
as a quick way to decide, but looking at the lime image can
ensure that the decision is correct.

The study most similar to ours is the one by (Yilmaz et
al., 2023), as their methodology, fruit studied, and network
design are based on a variant of autoencoders: stacked
autoencoders (SAE). Their SAE used different color and
morphological features as input to the network. These
features were extracted using techniques involving the
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Table 4. Comparison of the works found in the literature

Work Metric used Value (%) Approach Application
Proposed method Precision 94% Semi-supervised anomaly detection Lime fruit classification
(Hernandez et al., 2021) Accuracy 92% Convolutional neural networks Lime quality classification
(Schor et al., 2016) Accuracy 95% PCA-based classification Tomato virus detection
(Cabrera Ardila et al., 2020a) Accuracy 91% Spectroscopy and Linear discriminant analysis Anthracnose detection in mangoes
(Rong et al., 2017) Accuracy 97% Window local segmentation algorithm Defective orange peel detection
(Hanh and Bao, 2022) Accuracy 95% Convolutional neural networks Lemon quality classification
(Bird et al., 2022) Accuracy 88.75% Conditional GAN network Lemon quality and defect classification
(Hasan et al., 2021) Accuracy 94.11% Convolutional neural networks Citrus fruit categorization
(Chen et al., 2018) Accuracy 97.5% Neural networks Orange detection and classification
(Yilmaz et al., 2023) Accuracy 98.96% Stacked autoencoders Lemon quality classification
(Roy et al., 2021) Accuracy 97.54% Semantic segmentation Rotten and fresh fruit detection
Source: Authors
Doy ve Reconsuenon Erer. e means that the model is competitive with other approaches
0 ‘4}:’“% Yekdaton toe found in the literature in terms of performance.
o 5 e ST -
o A, * . .
S A As future work, we will test our model with a larger dataset
o7 e ‘55 : : and redesign it for a more robust classification. Although
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e 5;':;“% K our dataset was large enough for our specific purpose, the
o TR LA color of the limes in the Fruits360 dataset is darker than
fre R % o . . L
e e that of the subspecies in Mexico. Recognizing this issue, we
A4 * W * . . . . .
. A . found that having a dataset with Mexican limes is necessary;
2os > 5"'. Bk * . . . . . .
s Ay AN in this way, the predictions will enrich model performance,
§ o benefiting local producers.
g 04 i"* 1 1
. We will explore some variants of the autoencoders, such
S as variational autoencoders, or even other deep learning
03 approaches like reinforcement learning. Recent advances
in these artificial intelligence paradigms show promising
results and could tackle the problem in different ways,
02 . . . .. .
leading to a more efficient or accurate classification method.
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-10 -0.8 -0.6 -0.4 -0.2 0.0
Density 1e7

Figure 7. Scatter plot obtained from the KDE and RE values of the
VGG16 autoencoder. The orange crosses are the anomalous points
(defective limes), while the blue stars correspond to the healthy fruit.
Source: Authors

gray-level co-occurrence matrix (GLCM), color space, and
morphological methods. The authors used labeled data
with two classes (healthy and defective limes) from a
public database. This model achieved an accuracy of
98.96% while using only 32 of the previously mentioned
features.  Furthermore, the authors mention that their
metrics are appropriate due to the size and quality of the
database images, which allowed them to discard redundant
features during training. This study presents interesting
advancements in lime classification. However, one of its
constraints lies in the methodology for extracting features
from the images; as the number of features increases, the
computational cost also does, which may be problematic for
real-time applications or in situ implementations. However,
the utilization of hybrid models suggests a new way to
approach classification tasks.

Conclusions

The method proposed in this paper used a semi-supervised
anomaly detection approach for lime fruit classification, and
it achieved an accuracy of 94% for the anomalous data. This
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