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Abstract

We developed an automated system for detecting Fusarium infection in pineapple leaves
and fruits using a two-input onvolutional neural network. Implemented on a Raspberry
Pi 5 with a high-quality camera, the system analyzes image pairs, fruit, and leaves of
healthy and infected samples. To build the dataset, pineapple images were inoculated with
Fusarium, photographed daily for 15 days, then augmented through geometric and color
transformations, producing 1500 image pairs. Model transparency was enhanced by using
local interpretable model-agnostic explanations (LIME). Evaluated with a confusion matrix,
the model achieved an 89.61% accuracy using 77 infected and 77 non-infected image pairs
for testing.

Keywords: Fusarium disease; convolutional neural networks (CNNs); local interpretable
model-agnostic explanations (LIME)

1. Introduction
Pineapple or Ananas comosus is cultivated in tropical places, making the Philippines

one of the primary producers, and Fusarium disease, brought by a fungus, is one of its
phytosanitary threats, which affects the basal portion of the pineapple leaves [1,2]. This
does not usually show external symptoms, but subtle ones, such as fruitlet failing to color
and the base of the leaves, turning brownish in color, with advanced symptoms having
necrotic, deep brown, or black leaves [3,4]. Local interpretable model-agnostic explanations
(LIME), as an explainable algorithm used in medical applications such as studies about
brain tumor diagnosis, helped identify different regions in a magnetic resonance imaging
scan, which greatly influenced the model’s prediction in brain tumor analysis [5].

A study about pineapple leaf disease detection, such as mealybug wilt, leaf spot, and
other diseases, was conducted in Ref. [6]. In this study, a data set of healthy pineapple leaves
and a set of unhealthy leaves were used to detect the diseases mentioned. The developed
system showed an 86.67% accuracy. However, it did not detect Fusarium. Furthermore, the
model’s complexity limits user understanding of its decision-making, so LIME is applied
to address this, such as to improve object recognition in crime scenes [7].

Most research on pineapple identifies the disease in the leaf or the fruit. Fusarium
disease affects both, and automated detection on both is unavailable. Current identification
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methods are manual, time-consuming, and prone to human error. Also, identifying the
features that contribute to misclassification is unknown.

This study aims to develop a Fusarium infection identification system on pineapple
leaves and fruit. We used a camera for image input, a Raspberry Pi 5 to do the processes,
and an LCD screen for display, and created a CNN model that classifies pineapple leaves
and fruit using LIME. The performance was evaluated using a confusion matrix.

The developed system in this study addresses the challenge of detecting Fusarium
disease in pineapples, a condition that reduces yield and quality and leads to significant
economic losses. CNNs enable efficient and accurate automated detection compared
with traditional manual methods. The integration of interpretability techniques enhances
transparency, allowing users to better understand model decisions. This approach supports
farmers, improves productivity, and promotes sustainable pineapple cultivation, while also
offering potential applications for other crops affected by Fusarium.

2. Materials and Methods
2.1. Conceptual Framework

The conceptual framework follows the input–process–output framework to classify
Fusarium-infected pineapple and explain misclassification. The images were captured us-
ing a Raspberry Pi HQ Camera (Raspberry Pi Holdings Plc, Cambridge, United Kingdom),
sourced from Circuitrocks, Parañaque City, Philippines. Once the image was captured,
it was fed to the program. CNN was used to classify and extract the picture that was
provided. Next, it outputted whether the picture of the leaf provided had Fusarium. Then,
the misclassified leaves and fruit images were saved for LIME interpretation at testing.

2.2. Hardware Development

Figure 1 encapsulates the flow and interconnection of the proposed hardware system,
consisting of a power source, Raspberry Pi 5 Model B, Raspberry Pi HQ Camera, and
Raspberry Pi 7 Touchscreen display. The Raspberry Pi 5 offers versatility in applications,
such as machine learning, and supports various programming languages, such as Python
version 3.12.3 which is used in the development of this study. In addition, Raspberry
Pi 5 controls the other peripheral hardware. Raspberry Pi 5 is loaded with the trained
machine learning program. Connected to the microcontroller is a Raspberry Pi 2 HQ
Camera for the users to capture images. Another is the Raspberry Pi 7-inch Touchscreen
display, which is dedicated to displaying the user interface.

Figure 1. Block diagram of the system.

Figure 2a shows the experimental setup for how the proposed system would classify
the pineapple identification system. The device has a camera that needs to be pointed at
the target object to capture the desired image. On the opposite side of the device, facing
the user, is the LCD screen that displays the user interface. Figure 2b shows a predicted
output of the pineapple leaves and fruit. The fruit is first captured, then the leaves. Then,
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the classify button is used to classify and kickstart the processing and prediction by feeding
the captured image to the model, which in this case is Fusarium-infected pineapple.

 

 
(a) (b) 

Figure 2. (a) Experimental setup; (b) Graphical user interface.

2.3. Data Gathering

To ensure that Fusarium-related characteristics are represented, isolated Fusarium
cultures were inoculated into healthy pineapples to induce infection. Staggered inoculation
was employed for 15 days to expand the dataset by capturing progressive stages of infec-
tion. Figure 3a shows the isolated Fusarium culture, while Figure 3b,c depicts pineapples
used for training and testing, with the former infected and the latter healthy. A total of
100 image pairs of leaves and fruit were collected: 63 pairs captured using the experi-
mental setup and 37 pairs obtained from the internet, which contributed an additional
200 images. These images were used for data augmentation, resulting in 1000 image pairs of
infected pineapples. In total, 1500 image pairs were used for testing. For testing purposes,
only images captured by the prototype were utilized, comprising 77 pairs of infected and
77 pairs of healthy samples.

   
(a) (b) (c) 

Figure 3. (a) Isolated Fusarium; (b) Fusarium-infected; (c) Not infected.

2.4. Software Development

We utilized a two-input CNN model architecture as shown in Figure 4. Each branch
processes the inputs, namely leaves and fruits, separately, in which both undergo extraction
and pattern learning. The outputs of these branches are the fruit vector and the leaves
vector, which are then concatenated to form a new vector. This vector is passed through
fully connected layers so the model can learn combined patterns and decide whether the
sample is Fusarium-infected.
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Figure 4. Proposed model architecture.

2.5. LIME

CNN-based prediction models often function as “black boxes,” making it difficult to
interpret their decision-making processes. To address this limitation, the study integrated
local interpretable model-agnostic explanations (LIME). LIME perturbs input images,
generates local surrogate models, and highlights influential regions using superpixels
and color coding (green for positive influence, red for negative) [8,9]. Figure 5 illustrates
the application of LIME, where an input image is divided into superpixels that can be
selectively shown or hidden. The algorithm perturbs the image by randomly altering
these superpixels and records the predictive model’s output for each perturbed version.
By generating multiple samples, LIME fits a human-interpretable model, such as ridge
regression, to approximate the predictive model’s decision-making process and explain
its inference [10].

 

Figure 5. LIME algorithm diagram in images (Figure colors are irrelevant) [10].

3. Results and Discussion
Table 1 shows the confusion matrix after testing 77 image pairs for healthy pineapple

and 77 image pairs for infected pineapple. After recording the results, the following
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values are derived: True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN), which are 49, 77, 0, and 28, respectively. Using the formula shown in (1)
and substituting the appropriate values, the system’s overall accuracy is 89.61%.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Table 1. Confusion matrix.

Healthy Infected

Healthy 49 TP 28 FN

Infected 0 FP 77 TN

Table 2 shows the results after running the LIME algorithm on the model, explaining
why the model made such decisions. The green area positively contributes to misclassifica-
tion, while the red area shows negativity.

Table 2. LIME application results for model explanation.

Class False Prediction LIME Remarks

Infected Not Infected

 

All the pineapple fruit, including
the part of the background, is

considered in the misclassification.
For the leaves, the dark area in the

leaves contributes to the
misclassification, while the lighter

areas are against it.

Infected Not Infected

 

For the fruit picture, most of the
pineapples are considered in the
misclassification. The leaves are

detected, and the red region
implies negativity to the prediction,
while most of the leaves contribute

to misclassification.

Infected Not Infected

 

The green areas in the fruit image,
though in the background, imply a
positive region, while the red area
on the leaves in the second image

suggests negativity. The model put
more weight on the green areas in

the first image than the red areas in
the second image.

4. Conclusions and Recommendations
We developed a system for Fusarium infection in pineapple leaves and fruit. The

system provides a solution for disease detection by utilizing a CNN model. The system,
built with a Raspberry Pi 5 and a camera, achieved an overall accuracy of 89.61%. Through
the integration of LIME, the black box nature of deep learning algorithms is addressed
by explaining the decision-making process behind the predictions. LIME highlighted
the superpixels that show positivity and negativity towards the misclassification. The
background plays a role in the model’s decision, so it is recommended to preprocess
the captured images by removing the background before feeding them to the model
for classification.
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