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Abstract. Early detection of pests in Musa AAB (banana) crops is essential to
maximise crop production. However, farmers' lack of experience can limit their
ability to identify and control these pests. Constant advances in agricultural
technology and the incorporation of software tools have provided efficient
solutions to various challenges in the agricultural sector, while optimising the use
of resources. The objective of this study was to develop a mobile application that
uses an image classification model to detect banana leaf diseases. To achieve this,
a literature review was carried out to identify the most common pests. Images of
these pests were then collected to train the image classification model. The
trained model was integrated into a native Android mobile application, which
was then tested for usability. The results of the literature review identified six
pests as the most common pests in banana crops. A total of 2856 images of these
pests were collected for training the model, which demonstrated 98% accuracy
in pest identification. Therefore, the developed mobile application is a promising
solution, as confirmed by usability tests conducted by experts in the field.

Keywords: Plantain, disease, computer vision, CNN, mobile application.

1 Introduction

Musa is a type of perennial herbaceous plant that gives rise to several species, such as
the banana and the plantain [1]. The banana is known by the scientific name Musa AAA
and the plantain by Musa AAB [2]. The banana is a tropical fruit that grows in bunches
on a tree that, for most varieties, grows between 3 and 10 meters high [3]. This fruit is
an important source of carbohydrates and millions of people in Africa, the Caribbean,
Latin America, Asia and the Pacific depend on it as part of their daily diet [4]. There
are more than 1000 varieties of bananas and plantains traded world-wide, but the most
common variety on the market is the Cavendish variety, which accounts for about 47%
of world production [5]. Banana exports help finance the import of other food products
in countries where banana production is one of the main activities [6].
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The global demand for bananas and plantains is significant, and agriculture plays a
crucial role not only in food security but also in the economic growth of producing
countries [7]. However, these crops are vulnerable to various diseases and pests, which
can negatively impact on their growth, quality, and production, affecting both the econ-
omy and food supply [2]. Bananas, in particular, face numerous challenges from pests
and diseases, which can reduce fruit size and quality. Early detection of these issues is
key to managing their impact, though traditional methods often rely on expert visual
inspections, which can be inaccurate if performed by inexperienced growers [8].

To address this issue, technology is being increasingly integrated into agriculture,
with software and hardware tools providing solutions for plantation problems [9]. The
proposed solution is to develop a mobile application that captures images of bananas,
compares them with a dataset of common pests, and uses a trained model to diagnose
the pest affecting the fruit. This model, trained using convolutional neural netw orks
(CNNs), aims to assist farmers in quickly and accurately identifying pest-related prob-
lems. The application was developed for Android devices, and a usability test was con-
ducted to assess its effectiveness in improving user satisfaction and performance in pest
detection.

2 Banana pests

Rhizome rot, caused by Erwinia chrysanthemi, is a prevalent disease that significantly
reduces plant yield and causes deterioration. The disease spreads through infected
seeds, soil, or tools [10]. Another bacterial disease, moko or bacterial wilt, is caused by
Ralstonia solanacearum, leading to progressive wilting and deterioration of the plant;
it is highly lethal and can affect various ecosystems where bananas are cultivated. Black
Sigatoka, transmitted by airborne spores, primarily infects banana leaves [11]. Addi-
tionally, the black boll weevil (Cosmopolites sordidus) damages the stem and leaves of
the plant [12]. Panama disease, also known as Fusarium wilt, attacks the vascular sys-
tem of bananas and plantains, obstructing the transport of nutrients and water.

3 Image classification for pest identification

In recent years, artificial intelligence (Al) has significantly improved agricultural effi-
ciency and productivity [13], [14], [15]. AL, which aims to simulate human intelligence,
has revolutionized industries and services [16], [17]. In agriculture, computer vision, a
branch of Al, uses algorithms to interpret images and identify patterns [18], [19]. Image
classification, a key component, analyzes images and categorizes them using machine
learning, which can be either supervised or unsupervised depending on the availability
of labeled data [20], [21], [22]. Deep learning techniques, such as neural networks and
convolutional neural networks, have become crucial for image classification by captur-
ing spatial representations and using activation functions to create non-linear relation-
ships [23], [24], [25]. Mobile applications incorporating Al have also gained popularity
in agriculture, offering accessible solutions for issues like pest detection [26], [27].
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4 Reference works

The work by [28] focuses on identifying banana ripeness using images. It uses a dataset
with four maturity states, divided into training and test subsets, and convolutional neu-
ral networks (CNNs) are used to train the model. Unlike the current study, this research
aims to classify banana maturity rather than detect pests. The model achieved an accu-
racy of 92.85%, demonstrating successful image classification without using a pre-
trained model.

In [29], a model was trained to classify different fruits through images. The study
compared several pre-trained models, highlighting MobileNetV2, which achieved an
accuracy of 85.12%. This model was then used as the base layer in a neural network
for fruit classification. While the results were positive, the study did not explore the
model’s agricultural or commercial applications, limiting its practical relevance to the
fruit industry.

Another study [30] employed machine learning to detect diseases in orchid leaves
through image pre-processing, achieving an accuracy of around 90%. The methodology
involved removing backgrounds, normalizing size, and enhancing colors in RGB
spaces. The study, however, was limited to laboratory settings, offering little practical
value for farmers. Similarly, the work in [31] used CNNss to classify Cavendish bananas
based on physical characteristics, achieving over 90% accuracy. The desktop software
developed was not ideal for farmers with large plantations, suggesting mobile apps
might be more suitable. Additionally, [32] explored the use of a "digital twin" with
machine leaming for detecting banana quality during storage. While achieving 99%
accuracy, the use of a thermal camera posed practical challenges for farmers, indicating
that RGB images would be a more accessible alternative.

5 Materials and Methods

The development of this study was divided into 4 stages, starting with a non-systematic
literature review, then training the image classification model using convo-lutional neu-
ral networks, then developing a mobile application on Android that im-plemented the
trained model, and finally evaluating the usability of the application with users.

5.1 Literature Review

The research utilized various sources, including academic search engines like Google
Scholar and databases such as ACM, IEEE Xplore, and ScienceDirect. Relevant search
terms were used to create both Spanish and English search strings to maximize results.
To ensure the selection of high-quality studies, acceptance criteria were applied, and
the studies were analyzed accordingly. Once common banana pests were identified, a
set of high-resolution, homogeneous images of these diseases was gathered to train the
image classification model. The images were selected based on criteria such as resolu-
tion, visual characteristics, and the presence of at least 40 images per pest, with the
Kaggle repository providing the final dataset after reviewing several web repositories.
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5.2 Training the image classification model

The classification model was trained using Python and Jupyter Notebook with a con-
volutional neural network (CNN), chosen due to its success in related studies of com-
puter vision [28], [31], [33]. The TensorFlow Keras library was employed for training,
as it supports various learning algorithms, including CNN, to generate the model [34],
[35], [36], [37]. This approach was based on the effectiveness of CNNs in similar ap-
plications and facilitated the classification of the obtained image set.

Model design. The neural network structure was designed using a pre-trained model as
the base layer, with several pre-trained CNN models reviewed and tested to determine
the best performer [34], [35], [36]. Six models—EfficientNetB0, ResNet50, Dense-
Netl121, MobileNetV2, InceptionV3, and Xception—were evaluated using a subset of
400 images and 20 epochs to minimize training time. The chosen model, based on the
best performance in accuracy and loss, was further refined through experimentation by
adjusting elements like layers, neurons, and activation functions [34], [35], [37].
Model training. The dataset of 2856 images were divided into two subsets: 80% for
training and 20% for validation. The images were optimized by caching to avoid bot-
tlenecks and reordering elements during each iteration. They were then normalized,
adjusting the RGB values to a scale between 0 and | for easier processing. The model
training began with 100 epochs, with accuracy measured at each epoch. Improved re-
sults were observed in both the training and validation sets as the model was re-trained.
Model evaluation. Once training was completed, a segment of the 397-element image
set was used to evaluate the efficiency of the model in predicting pests in banana crops.
With the trained model, predictions were made for each of the images and the results
were compared with the real values by means of a confusion matrix. In the confusion
matrix, the predictions were contrasted on one axis and the real labels on the other axis,
making it possible to visualise the true and false positives. These results were used to
calculate the metrics of accuracy, precision, sensitivity, and F1 score.
Implementation of the model. After training and evaluation, the model was exported
and implemented into a mobile application developed using the rapid prototyping meth-
odology [38]. This application is designed to help farmers by enabling them to use the
trained model to analyze images of their crops from their device’s gallery or camera.
The app classifies the images based on the presence of specific pests and provides de-
tailed information on the detected disease. It also suggests treatment options, supporting
farmers in efficiently managing their crops and maintaining healthy plantations.

6 Results

A comparative analysis was conducted to evaluate several pre-trained models under
identical environmental conditions, including the same test images, evaluation param-
eters, and computational resources. The EfficientNetBO model was selected over Res-
Net50 due to its lower loss and nearly identical accuracy. After defining the basic
model, experimentation was carried out to optimize the architecture of the convolu-
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tional neural network (CNN) for the best performance. Ultimately, a sequential archi-
tecture was chosen, with specific layers designed to enhance the model’s training effi-
ciency.

Table 1. Comparison of the performance of pre-trained models.

Model Loss Accuracy (training) Loss (validation) Accuracy (va-
(training) lidation)
EfficientNetB0 0,0014 1,0000 0,2697 0,9259
ResNet50 0,0013 1,0000 0,3168 0,9383
DenseNet121 0,0792 0,9725 0,4281 0,8889
MobileNetV2 0,1216 0,9939 0,7677 0,7654
InceptionV3 1,3969 0,4557 1,7037 0,3827
Xception 0,4229 0,8379 1,8217 0,4691

Using this convolutional neural network, it was possible to train a model that achieved
99% accuracy on the training set and 97% on the validation set. Training was carried
out by performing 100 iterations (called epochs). Fig. 1. below shows the accuracy of
the algorithm over the course of training in each epoch.

Accuracyin training and validation Loss in training and validation
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Fig. 1. Training results by periods

Finally, a confusion matrix was run to check the accuracy of the trained model (Fig. 3).
Half of the image set was taken and the model was evaluated by making predictions on
these images. The results, show an accuracy of 98.90%. This result can be contrasted
with an analysis performed on the same set of images where an accuracy of 95.20%
was obtained [36]. This model was implemented in a mobile application that can cap-
ture and analyse an image. This application allows farmers to detect pests in banana
plants from their mobile devices and to read the characteristics and treatments of each
pest. Fig. 2. shows the main interfaces of the prototype mobile application.
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7 Conclusions

The set of images obtained and the structure of the neural networks were suitable for
training the model. Using the EficientNetBO model as the base layer of the neural net-
work gave optimal results and helped to reduce the training time. The use of image
enhancement techniques gave positive training results. The results of the model valida-
tion showed a 98% accuracy in image classification, which is an optimal value and
could be very positive for the farmers using it.

When reviewing other studies that have developed image classification models, the
lack of integration of the model with a tool that allows direct interaction with farmers
was evident, so the implementation of a mobile application was suggested. The Jupy-
ter Notebook tool and the TensorFlow library facilitated the training and export of the
model, allowing it to be included in a mobile application.

A usability test of the prototype mobile application with farmers showed that the
software provided an intuitive and accessible interface for farmers to capture images
and quickly visualise the classification results using the trained model. The model gen-
erated aresult in less than 2 seconds once provided with an image. The tool also proved
to be efficient, with users completing 100% of the tasks in approximately one minute
per session. These features provide a solution to the accessibility and com-plexity lim-
itations encountered in similar projects.

While the current research has focused on convolutional neural networks, experi-
menting with alternative techniques such as Support Vector Machines (SVM) or Ran-
dom Forest may provide additional solutions to improve the model's performance. Fur-
thermore, expanding the image dataset by incorporating new disease varieties and ad-
ditional photographs would enhance the model's detection capabilities.
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