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Abstract—Pineapple harvesting remains largely manual due
to scattered planting patterns and complex fruit structure. This
study presents a method for detecting pineapple plants in large
orthomosaic images using the Slicing Aided Hyper Inference
(SAHI) technique combined with the YOLOv8 segmentation
model. SAHI divides large images into smaller patches, enabling
accurate detection. A dataset of 867 training and 97 validation
images from two orthomosaics was used, with the model achieving
93% precision and 88% accuracy. Despite high precision, chal-
lenges with false negatives suggest future improvements. This
approach shows promise for automating pineapple harvesting
and improving agricultural efficiency.

Index Terms—Pineapple detection, deep learning, YOLOv8,
SAHI, agricultural automation, orthomosaic images, precision
agriculture.

I. INTRODUCTION

Pineapple, a tropical and subtropical fruit known for its
distinct flavor, ranks fourth in global fruit production. The
international pineapple market is robust, with Costa Rica
leading exports, shipping about 3 million tons in 2023, which
represents approximately 50% of global exports [1]. Brazil
is also a major exporter, with exports totaling around 150,000
tons in the same year [2]. Additionally, pineapple consumption
has shown a growing trend, driven by its popularity in inter-
national markets and the demand for derived products such as
juices and preserves. In 2023, global pineapple consumption
was estimated at about 24 million tons, reflecting a stable and
increasing demand for this nutritious fruit [3].

Despite Brazil’s role in pineapple production, it faces chal-
lenges in maintaining competitiveness in the global market.
Alves [4] analyzed Brazil’s competitive performance from
1997 to 2006, revealing that while the state of Ceará demon-
strated a competitive advantage in pineapple exports, Brazil
as a whole did not achieve the same level of performance.
The competitiveness of Brazilian pineapple exports has been

influenced by a variety of factors, including domestic policies,
market access, and global demand.

On a global scale, Indonesia is recognized as a major
exporter of canned pineapple, maintaining a strong competitive
advantage in the international market. Wiranthi and Mubarok
[5] demonstrated that Indonesia’s exports of canned pineapple
positioned the country as a ”rising star” in key markets such as
the United States, Spain, and China. Their study highlighted
the importance of improving the quality and quantity of
production to maintain this competitive edge.

Technological advancements in agriculture have also played
a crucial role in improving the efficiency and profitability of
pineapple farming. For example, Kleemann et al. [6] examined
the adoption of organic certification by pineapple farmers in
Ghana, demonstrating that organic-certified farming achieved
a significantly higher return on investment (ROI) compared
to GlobalGAP-certified farming, primarily due to the price
premium in organic markets. This trend towards organic and
certified farming has opened new market opportunities for
pineapple producers in developing countries.

The development of mechanized harvesting and fruit detec-
tion technologies has been essential to enhancing productivity
and reducing labor dependency in pineapple farming. The use
of deep learning models, such as YOLOv5, has facilitated
the detection of ripening pineapples, enabling farmers to
optimize harvest timing and improve operational efficiency
[7]. Moreover, Li et al. [8] developed a deep learning-based
approach to classify pineapple quality, combining VGG16,
LSTM, and GAN models to accurately predict maturity and
improve grading efficiency.

In summary, the global pineapple market continues to
expand, driven by increasing demand and technological inno-
vations in agricultural practices. However, challenges remain,
particularly in maintaining competitiveness and optimizing



production processes in a highly competitive export market.
This study aims to build on these advancements by explor-
ing novel techniques in pineapple plant detection, leveraging
the Slicing Aided Hyper Inference (SAHI) technique and
YOLOv8 segmentation model to improve detection accuracy
and facilitate large-scale agricultural automation.

II. RELATED WORKS

Recent advances in object detection and machine learning
techniques have significantly contributed to the automation
of pineapple plant detection, counting, classification, and har-
vesting. Several studies have explored different methods and
models to tackle the challenges of detecting pineapples in
complex environments.

Lai et al. (2023) proposed an improved version of YOLOv7
to accurately detect pineapples and classify their maturity lev-
els in complex field environments. The model incorporated the
SimAM attention mechanism and the soft-NMS algorithm to
improve feature extraction and handle occlusion and overlaps
in the images. The model achieved a mean average precision
(mAP) of 95.82% and a recall of 89.83%, outperforming the
original YOLOv7. This method highlights the potential for
improving the vision systems in robotic harvesting [9].

Sharma et al. (2022) developed a deep learning approach
based on YOLOv5 to detect the ripening stages of pineapples.
The model was designed to assist in optimizing harvest
timing and reducing human resource dependency in large
pineapple fields. The YOLOv5 model achieved over 95%
accuracy in detecting ripening, demonstrating faster training
times and superior performance compared to previous versions
like YOLOv4. This approach offers promising applications for
real-time fruit detection in agricultural settings [7].

Wan Nurazwin et al. (2022) developed an automated method
to detect and count pineapple crowns using machine learning
classifiers such as ANN, SVM, and KNN. The study used
high-resolution aerial images captured by UAVs, pre-processed
and segmented to extract features like color, shape, and texture.
The best performance was achieved using the ANN-GDX
classifier, with an accuracy of 94.4%. This method showed
potential for automating fruit detection and yield estimation
in large-scale fields [10].

Li et al. (2023) proposed a deep learning model that
integrates VGG16, LSTM, and GAN techniques for pineapple
quality classification and maturity prediction. The model was
trained on a dataset of 1,431 MD2 pineapple images and
demonstrated high precision, recall, and mAP scores. This
approach provides a reliable solution for grading pineapples
in commercial settings, aiding in optimizing harvest times and
maximizing crop yield [8].

Anh et al. (2020) introduced a robotic system for the
autonomous harvesting of pineapples, integrating machine
vision and robotic manipulators. The YOLOv3 model was
used to detect and recognize pineapples, achieving a mAP
of 90.82%. The robotic system, equipped with custom end-
effectors, demonstrated a success rate of 95.55% for pineapple
harvesting and an average harvest time of 12 seconds per fruit.

This study underscores the potential of combining machine
vision and robotics for efficient fruit harvesting in agricultural
fields [11].

Rahutomo et al. (2019) implemented an AI-based web ap-
plication for counting pineapple objects over large areas using
aerial images. The application was developed using Python
and Flask, with AI models trained using Keras-RetinaNet. This
system achieved accurate object counting, helping optimize the
use of resources such as water, fertilizers, and packaging ma-
terials. The researchers highlighted the benefits of integrating
AI in agricultural applications [12].

Hobbs et al. (2021) developed a deep learning-based
density-estimation model for counting pineapple inflores-
cences in large fields. Using a U-net backbone, the model
achieved a mean absolute error (MAE) of 11.5 and a mean
absolute percentage deviation (MAPD) of 6.37%. The model’s
efficiency in processing large-scale fields, with over 1.6 million
flowering plants, was a key advantage. This approach improves
field management by detecting vegetative and failed forcing
areas, optimizing the harvesting process [13].

Wan et al. (2023) used a combination of Faster R-CNN and
Mask R-CNN to detect and segment mature pineapple fruits
in UAV-captured imagery. Their study focused on predicting
yield by detecting fruits that were either covered with plastic
hats or nets, which serve as sun protection. Their approach
achieved high precision, with an F1-score of 0.849 and an
overall classification accuracy of 97.46%. However, this study
differs from ours in its focus on fruit detection rather than plant
counting, as well as its reliance on zonal statistics for yield
estimation. While their approach demonstrates the effective-
ness of using multiple detection models, the method requires
specific conditions (e.g., the use of protective coverings) that
are not applicable to our dataset of open-field pineapple plants
[16].

These studies demonstrate the effectiveness of machine
learning and deep learning approaches in solving key chal-
lenges in pineapple detection, classification, and yield estima-
tion. Each method contributes to the broader goal of improving
agricultural efficiency and accuracy, particularly through the
automation of traditionally manual tasks.

III. METHODOLOGY

A. Dataset Preparation

The dataset utilized in this study was acquired by the
authors through aerial images captured with a DJI Mavic
2 Pro drone at an altitude of 70 meters. The images were
taken in pineapple fields located in the region of Pital, Costa
Rica (Latitude: 10.526293°, Longitude: -84.182759°). These
orthomosaics serve as the primary source for training and
validating the YOLOv8 segmentation model in detecting indi-
vidual pineapple plants. The original images have a resolution
of 27,199 x 26,808 pixels, offering a comprehensive view of
the surveyed area.

The dataset used in this study is proprietary and was
provided by the agricultural mapping company Altamap. Any



inquiries regarding access to this dataset should be directed to
Altamap.

To create the training and validation datasets, one of the
orthomosaic images was used exclusively for training, while
the other was reserved for validation. This approach ensures
that the model is validated on a separate image, preventing
overfitting and providing a robust evaluation of its performance
on unseen data.

Due to the large size of these orthomosaic images, directly
training and performing inference on the entire image would
be computationally expensive and could result in inaccuracies
when detecting small objects, such as individual pineapple
plants. To address this, the images were divided into smaller
patches using the Slicing Aided Hyper Inference (SAHI)
technique. The SAHI method was employed to divide the large
orthomosaic images into smaller patches of 640 x 640 pixels,
with a 20% overlap between adjacent patches to ensure that
no part of a pineapple plant was truncated at the edges of a
patch.

B. Slicing Aided Hyper Inference (SAHI)

SAHI is a technique designed to improve the efficiency
and accuracy of object detection models when working with
large-scale images. Traditional object detection methods often
struggle with large images, especially when objects are small
in relation to the image size. SAHI mitigates this by slicing
the large images into smaller, manageable patches, allowing
the model to process each patch individually [14].

This method ensures that the detection model, such as
YOLOv8, can focus on smaller sections of the image where
objects, such as pineapple plants, are more likely to be
detected. After processing, the results from each slice are
merged back into the original large image, maintaining spatial
consistency and improving detection accuracy.

C. Slicing Process

The SAHI technique was employed to divide the large
orthomosaic images into smaller patches of 640 x 640 pixels,
with a 20% overlap between adjacent patches in both the x and
y directions. This overlap ensures that no part of a pineapple
plant is truncated at the edges of a patch, which could result
in missed or incomplete detections. Through this process, a
total of 867 smaller images were generated for training, while
97 images were reserved for validation.

Figure 1 illustrates how the original orthomosaic image is
divided into smaller patches using a grid. The grid ensures
that each 640x640 image contains complete portions of the
pineapple plants, preventing truncation at the edges due to the
20% overlap.

During the slicing process, some patches were discarded
as they did not contain any areas with pineapple plants,
thus ensuring that the dataset used for model training and
validation focuses solely on relevant regions. The rationale
behind this decision is that the model learns to distinguish
between background and the object of interest from the images
that contain the pineapple plants. Including patches without

Fig. 1. Grid over a section of the original orthomosaic image, showing where
the image is sliced into smaller patches, including annotations of the detected
pineapple plants.

any plants could lead to dataset imbalance, as a significant
portion of the area in the orthomosaic does not contain any
objects, potentially diluting the model’s ability to focus on the
relevant detection task.

Future work may explore the impact of incorporating such
images without plants into the training process to assess
their effect on the model’s robustness. However, this was not
applied in the current work to maintain the dataset’s focus
on meaningful data and avoid overfitting the model to non-
informative background areas.

Fig. 2. Example of a 640x640 sliced patch from the original image, showing
the annotated pineapple plants.

Figure 2 presents an example of a 640x640 pixel image
slice generated during the process, with annotations of the



detected pineapple plants. These smaller images form the basis
for training the YOLOv8x segmentation model.

D. Model Training and Hyperparameters

For training, the YOLOv8x segmentation model was se-
lected due to its state-of-the-art performance in object de-
tection tasks [15], particularly for handling dense and small
objects in large-scale images. The YOLOv8x variant, known
for its larger architecture and ability to process high-resolution
images, was ideally suited for detecting pineapple plants in the
orthomosaic patches used in this study.

The model was trained on the sliced patches, each of size
640x640 pixels, for a total of 100 epochs. The Adam optimizer
was used, which is a popular choice in deep learning due to its
adaptive learning rate and robust performance across a wide
variety of tasks. A batch size of 8 was employed, which was
the maximum allowable size on the GPU used for training—a
Tesla V100 with 16GB of VRAM. This batch size provides a
good balance between memory efficiency and computational
speed, ensuring stable and effective learning throughout the
training process.

Regarding the loss functions, YOLOv8x applies two stan-
dard loss components for object detection tasks. The loss for
bounding boxes was computed using Complete Intersection
over Union (CIoU) loss, which optimizes the localization of
the bounding boxes by considering the distance between the
predicted and ground truth boxes, along with their size and
aspect ratio. For classification, the Cross Entropy loss was
used, which is well-suited for multi-class classification tasks
by comparing the predicted class probabilities with the ground
truth labels.

While the results obtained in this study are promising, it is
important to note that they are based on a single training run.
A limitation of this work is the absence of cross-validation,
which would have provided more robust insights into the
model’s generalization performance. Due to the relatively
small size of the dataset and time constraints, cross-validation
was not performed. Future work will address this by employ-
ing cross-validation techniques to better assess the model’s
ability to generalize across different data distributions.

E. Data Augmentation and Preprocessing

No explicit normalization was applied to the dataset beyond
the inherent preprocessing steps of the YOLOv8 framework.
However, data augmentation techniques were employed to
enhance the diversity of the training data. These included
random horizontal flipping, scaling, and color jittering, which
are common augmentation techniques used to improve the
model’s robustness against variations in lighting and plant
orientation.

These augmentations aimed to simulate real-world variabil-
ity, such as changes in sunlight, camera angles, and slight
variations in the plants’ appearance across different sections of
the field. This helped prevent overfitting to the limited training
data and improved the model’s generalization.

F. Training and Validation Curves

To illustrate the model’s learning process, we include a
plot of the training and validation loss curves (Figure 3).
These curves show the evolution of the loss over the course
of 100 epochs. The graph indicates that the model’s loss
steadily decreased on both the training and validation datasets,
though with some variance in the training set on final epochs,
suggesting that further training would cause overfitting. The
final model’s performance metrics were obtained at the epoch
with the lowest validation loss, ensuring that the model did
not overfit to the training data.

Fig. 3. Training and validation loss curves over 100 epochs, showing the
evolution of the YOLOv8 model’s performance.

G. Merging Detections

After inference on all slices, the detected bounding boxes
were merged to form the final detections on the original large
image. The SAHI technique ensures that overlapping detec-
tions are properly merged, taking into account the overlap in
the slicing process. The merging process involves calculating
the IoU of overlapping boxes and combining them into a single
detection when the IoU exceeds a predefined threshold. This
merging is crucial to avoid duplicate detections and to ensure
that the final output accurately reflects the detected objects in
the full-resolution image.

H. Model Validation

The validation of the model was performed using the same
slicing technique applied to the validation set, consisting of
97 images. The performance was assessed using multiple key
metrics to evaluate how well the YOLOv8x segmentation
model detected pineapple plants. The following metrics were
used:

• True Positives (TP): The number of correctly detected
pineapple plants that match the ground truth labels.



• False Positives (FP): The number of incorrect detections
where the model mistakenly identified an object as a
pineapple plant.

• False Negatives (FN): The number of missed detections
where the model failed to identify a pineapple plant that
was present in the ground truth.

• Accuracy: The percentage of correctly identified pineap-
ple plants out of the total number of plants in the
validation set. It provides an overall measure of the
model’s performance, reflecting both true positives and
true negatives.

• Precision: The ratio of true positive detections to the sum
of true positives and false positives. Precision measures
the model’s ability to avoid false positive detections and
indicates how reliable the detected plants are.

For the validation, a confidence threshold of 0.3 was ap-
plied, meaning that the model only considered a detection valid
if its confidence score was above this threshold. Additionally,
an IoU threshold of 0.5 was used to assess the overlap between
predicted bounding boxes and the ground truth. If the IoU
between the predicted and true bounding boxes was below
0.5, the detection was classified as a false positive.

IV. RESULTS AND DISCUSSION

The results from the validation set, after applying the SAHI
technique for slicing and merging the detections, demonstrate
the effectiveness of the YOLOv8x segmentation model in
detecting pineapple plants from large orthomosaic images.
The model’s performance was evaluated using the key metrics
outlined in the previous sections. The final metrics obtained
from the validation set are as follows:

TABLE I
PERFORMANCE METRICS OF THE YOLOV8X MODEL ON THE

VALIDATION SET

Metric Value
True Positives (TP) 30,029
False Positives (FP) 2,223

False Negatives (FN) 1,766
Accuracy 88%
Precision 93%

These results indicate that the model achieves a high preci-
sion, meaning that most of the detected pineapple plants are
correct, with relatively few false positives. The accuracy, at
88%, reflects the model’s ability to correctly identify pineapple
plants out of the total number of plants, though some false
negatives suggest that a portion of the plants were missed
during detection.

A. Performance Evaluation

The high precision of 93% suggests that the model performs
well in terms of avoiding false positives, which is critical in
agricultural applications where overestimating the number of
plants could lead to incorrect yield predictions or inefficient
resource allocation. However, the presence of 1,766 false
negatives indicates that there are still challenges in ensuring

that all pineapple plants in the validation set are detected. This
could be due to factors such as occlusion, plant clustering, or
the resolution of the patches used during inference.

B. Model as an Estimation Tool

Given the results, the YOLOv8x segmentation model
demonstrates the potential to be used as a tool for estimating
the number of pineapple plants in large agricultural fields.
While it does not achieve perfect detection accuracy, the model
can still be effectively applied in scenarios where a general
estimate is sufficient, such as yield prediction, field manage-
ment, and resource allocation. The high precision ensures that
the plants detected are mostly correct, reducing the likelihood
of overestimation.

However, due to the number of false negatives, the model
may underestimate the total number of plants. This suggests
that while it can provide valuable insights for large-scale field
management, further refinement would be needed for tasks that
require near-perfect detection, such as automated harvesting or
precise yield estimation.

C. Comparison with Previous Methods

While many studies in the field of agricultural automation
focus on object detection in aerial imagery, we did not find any
works that specifically address the task of detecting pineapple
plants using orthomosaic images. Many existing methods
leverage geospatial factors for detection and classification,
which differs from our approach that focuses solely on deep
learning-based detection without additional geospatial inputs.
For instance, works such as [16] utilize object detection
models, such as Faster R-CNN, but they focus on detect-
ing and segmenting mature pineapple fruits under specific
conditions (e.g., covered with plastic hats or nets). Although
their approach shares some similarities with our work, the
primary goal and dataset differ significantly, making direct
comparisons difficult.

However, we acknowledge that our results, particularly
regarding false negatives, indicate that further improvements
are necessary to achieve the same levels of precision found
in related works. This highlights the need for continued opti-
mization and the exploration of more advanced segmentation
and detection techniques in future research.

D. Challenges and Future Improvements

Future research should focus on optimizing the use of
drones for capturing orthomosaic images by investigating the
maximum altitude at which images can be captured without
significantly compromising detection accuracy. This would
help improve the efficiency of drone flights, allowing for
broader coverage in less time while maintaining reliable re-
sults.

Additionally, it is important to explore the impact of plant
maturity on detection accuracy. As pineapple plants grow, their
leaves can become denser and overlap, potentially complicat-
ing the counting process. Understanding the most advanced
growth stage at which accurate plant detection is still possible



will be crucial for ensuring the model’s robustness across
different field conditions.

Finally, given that each pineapple plant produces a single
fruit, the ability to count plants accurately provides a direct
method for estimating total crop production. This makes plant
detection not only useful for field management but also a
powerful tool for yield estimation, supporting more efficient
planning and resource allocation in agricultural operations.

V. CONCLUSION

In conclusion, the results of this study show that the
YOLOv8x segmentation model, when combined with the
SAHI technique, can effectively detect pineapple plants in
high-resolution orthomosaic images with high precision. The
model holds potential as an estimation tool in agricultural
settings, where exact detection is less critical, but general
trends and plant densities are needed for decision-making. Fur-
ther improvements could enhance the model’s performance,
particularly in reducing false negatives, making it a more
robust solution for precision agriculture.
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