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INTRODUCTION

Accurate classification of pineapple cultivars is hindered by limitations
in image acquisition, feature extraction, and classification algorithms.
This study identifies these technical challenges and proposes
methodological improvements to support reliable autonomous
recognition systems. Key findings reveal deficiencies in current image
datasets, leading to a proposed standardised acquisition protocol
involving consistent lighting, optimal camera positioning, and suitable
file formats. The HSV colour space is validated as more effective for
extracting skin features, with its threshold values and post-processing
steps significantly reducing classification errors. The proposed
algorithmic refinements integrate chromatic and morphological
attributes, particularly surface area and optimise logical operators to
enhance accuracy. The study addresses two main research gaps: precise
quantification of skin colour and the development of robust
classification frameworks. Future work will emphasise empirical
validation and the deployment of the YOLOv7 model for real-time, on-
site assessment of fruit maturity in field conditions. These contributions
hold strong implications for advancing precision agriculture and
improving post-harvest processing.

One of the main economic drivers in many nations is the agricultural sector, and pineapple is one of the
most produced and traded tropical fruits in the world (Chang et al., 2025). Despite the crop’s economic
importance, most pineapple cultivars are still classified manually (Lai et al., 2023). Accurately identifying
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pineapple cultivars is essential for maintaining efficient supply chain operations and meeting consumer
demand. Harvesting and sorting pineapples continue to be labour-intensive processes, putting significant
strain on the industry's manpower and expertise. Reliance on conventional farming practices lowers
operational efficiency, which is made worse by labour shortages brought on by rural migration (Lai et al.,
2023; Li et al., 2024). These limitations impede producers' capacity to fulfil increasing market demand and
limit the overall total growth potential of the pineapple industry (Lai et al., 2023; Li et al., 2024).

Existing research has predominantly focused on detecting ripeness rather than identifying specific
pineapple cultivars. In this regard, Lai et al. (2023) created a system employing You Only Look Once
version 7 algorithm (YOLOV7) to detect pineapple maturity under difficult conditions, whereas Trinh and
Nguyen (2023) used YOLOVS for real-time identification with high accuracy suitable for embedded devices
to detect pineapple freshness. Additionally, Arboleda et al. (2021) used a fuzzy logic and image processing-
based system to automatically assess pineapple ripeness of the 'queen' kind, increasing evaluation
efficiency. Though maturity categorisation may aid in harvesting at the optimal time for optimum market
value, it does not address the problem of cultivar identification, which is related with a distinct technique
based on visual traits. Moreover, Logistic Regression (LR), Naive Bayes (NB), and Support Vector
Machine (SVM) have been successful in image classification applications (Wang & Chai, 2022). However,
using handcrafted features during extraction poses significant hurdles for these models, making them less
adaptive to complicated agricultural data.

The goal of this research is to identify a reliable approach for classifying pineapple cultivars. Along
with the discussion in this paper, the challenges, advantages, and disadvantages of existing approaches will
be emphasized. Furthermore, this paper proposes potential improvements to current classification
approaches. The significance of this research is to highlight the research gap and opportunities for
development in the classification domain. Furthermore, the findings will aid other researchers in developing
an automatic pineapple cultivar detection and classification system, so that predictions about the food
supply chain can be visualized and the food supply is secure. Indirectly, secure the nation's economy, which
is dependent on pineapple imports and exports.

In accordance with the study's objectives, this paper is structured as follows: Section II presents a
comprehensive literature review and critical analysis of related work. Section III details the proposed
methodology. Section IV examines the analytical findings and provides an in-depth discussion of the
results. Finally, Section V concludes the study and proposes directions for future research.

2. LITERATURE REVIEW

2.1 Pineapple feature

Features are essential data used to recognize and classify objects in images. The features accessible for
object recognition and classification include shape, size, texture, and colour (Jabal et al., 2022, Jabal et al.,
2024). Consequently, analysis of pineapple images suggests that shape and colour are the most reliable
features for use in this study. Table 1 displays the findings from the analysis.

Table 1. Pineapple features

Cultivar Features Other Pineapple Name called by
Local People’s

Spanish 1. Pointed leaf ends with spines. 1. Singapore Spanish Pineapple.
2. Produces 2-12 basal slips at the stalk base. 2. Selangor Green Pineapple.
3. Ideal for canning. 3. Gandul Pineapple.
4. Ripe fruit changes from green to dark purple or reddish-

orange.

5. Large crown.
6.  Long shelflife.

7. Cylindrical fruit shape.
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Smooth Cayenne 1 Large fruit size. 1. Sarawak Pineapple.
2. Flat pineapple eyes.
3. Leaves are dark green.
4.  Tapered fruit shape.

Queen 1. Tapered fruit shape. 1. Moris Pineapple.
2. Best consumed fresh. 2. Yankee Pineapple.
3. Leaves are bluish-green with purple centres. 3. Moris Elephant Pineapple.
4.  Spiny leaves.

Hybrid 1. Cylindrical fruit shape. 1. Maspine Pineapple.
2. Flat pineapple eyes. 2. Josapine Pineapple.
3. Green leaves. 3. N36 Pineapple.
4.  Slightly spiny leaves. 4. MD2 Pineapple.
5. Best consumed fresh.

Based on Table 1, features related to the crown size, leaves and the practicality of the pineapple in
accommodation with the post-harvest handling come into play as major aspects contributing to the
marketing and production viability of the cultivar. Various cultivars possess certain features that lend
themselves to uses such as canning, fresh use, fresh-cut products. Information on agronomics is to
optimising production, transport, and trade. Furthermore, Fig. 1 shows the sample of the pineapple images
received from the Malaysian Pineapple Industry Board (2024). Based on Fig. 1, it contains eight sample
images of pineapple according to their cultivar. The shape and colour are evident qualities that can be
utilized to recognise and classify. Furthermore, the size of the pineapple might be considered as an
additional feature to guarantee that it is classified accurately.

(¢) Gandul

(e) Josapine (f) Yankee (g) Moris Elephant (h) MD2

Fig. 1. Pineapple cultivar images

Next, this study discusses potential recognition approaches proposed by other researchers. The
extensive discussion will emphasize the processes involved, advantages and disadvantages of the
approaches.
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2.2 Feature extraction approach

Feature extraction is the crucial process before the object in the image can be classified (Jabal et al.,
2024). Hence, the accuracy of the object classification result is influenced by the extraction result. Several
approaches have recently been developed to extract significant features such as colour, shape, and texture
that aid in the classification of pineapple cultivars or maturity levels. Such processes determine both the
accuracy of the method and its practical application in real-world agricultural contexts.

Lai et al., (2023) has deployed the integration of YOLOv7 and SimAM to extract the shape and colour
of the object. The colour space used to extract the colour feature is Red, Green and Blue (RGB). The authors
have done a modification on MPConv structure and soft-NMS algorithm to extract the accurate result.
However, the achievement of the accuracy rate is not recorded. Furthermore, the proposed approach had
required high performance workstation and consumed high memory during execution. On the other hand,
Manik et al., (2024) has used morphological method to extract 13 pineapple features. The first step is to
eliminate the non-ROI area in the image. Second step the process continues to resize the image and segment
the features according to the class. However, there is no record regarding the extraction accuracy rate
reported by the authors.

In different cases, with the goal of the research to extract the shape, colour and texture feature, Wan
Nurazwin et al., (2022) has implemented Analysis of Variance (ANOVA) to select and extract the crucial
features from an image. However, the author does not report the achievement of the accuracy rate.
Moreover, the approach needs to be improved to deal with the unconducive foreground and colour
similarities in the image, which caused the approach to perform incorrect feature extraction. Next, in 2021
Arboleda et al. has used RGB colour extraction to yield the colour feature. The author has reported that the
extraction accuracy rate was 90%. However, the approach has an issue to deal with the unconducive
environment image.

In such cases, Jabal et al., (2024) has implemented the Hue, Saturation and Value (HSV) Histogram
method to extract the colour feature. HSV colour space is used to deal with the complex foreground in the
image. The extraction accuracy rate is 77.86% was recorded by the author. However, the method needs
improvement to deal with the image background which tends to dark brown and black colour.

Based on the extensive discussion, the advantages and disadvantages of the existing feature extraction
approaches have been highlighted. According to the report there is an improvement opportunity towards
the feature extraction approach to extract the shape and colour features of the pineapple. The key point is
the correct shape and colour value will influence the approach to extract the correct ROI features.

2.3 Classification approach

Proceeding with discussion, this section will extensively discuss the existing classification approaches.
This discussion aims to identify the most reliable approach for pineapple classification.

Environmental considerations significantly impact the effectiveness of pineapple classification
systems, especially in real-world agricultural applications. Lighting conditions, occlusion by leaves or other
objects, and fruit-background similarity can all have a substantial impact on image quality and classification
accuracy (Chen et al., 2023, Lai et al., 2023). Fig. 2 presents the sample pineapple image with an
unconducive environment. The images have been achieved from the Facebook Pembekal Benih Nanas MD2
(KSF Enterprise MD2, 2024). These issues stem from the intrinsic complexity of orchard ecosystems and
a lack of predictability, which may affect the required robust procedures for developing design guidelines.
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Fig. 2. Unconducive environment pineapple image

Fig. 2 portrays the sunlight, leaves, shadows, the cover on top of the pineapple, and a pile of pineapples
in the container all affect classification accuracy. Chen et al. (2023) and Mukhiddinov et al. (2022) agreed
that differences in texture and colour can cause visual inconsistencies and hinder pineapple recognition.
Furthermore, lighting variances in the dataset present significant issues, as addressed by Lai et al. (2023),
who noted that variable lighting causes brightness variations, which may hide essential elements such as
shape and colour, which are critical for classification.

Therefore, to deal with the unconducive environment image, Shiu et al., (2023) utilized Faster Region-
based Convolutional Neural Network (R-CNN) and Mask R-CNN to detect plastic-covered pineapples.
Although the technique achieved 97.46% classification accuracy rate and 73.9% of average precision rate
(AP), detection performance was poor and necessitated high quality imagery from unmanned aerial vehicle
(UAVs), restricting its use in resource-constrained contexts. On the other hand, Roslan et al., (2023) applied
the same approach by Shiu, but for orange and apple classification. Roslan's image depicts the orchard
environments. The study has successfully overcome problems caused by fluctuating lighting conditions and
obstructed fruits. Moreover, the study successful achieved 91.44% of AP. However, no classification
accuracy rate has been reported.

In 2023, Trinh and Nguyen deployed an improvement version of YOLOVS to classify ripe pineapple
and achieved a 98% classification accuracy rate. Moreover, the approach had achieved more than 96% of
mean average precision (mAP) rate. Aside from that, the approach required a large dataset for training to
assure accurate classification. Although the approach detection speed is 9.2 milliseconds (ms) per image, it
took a long time to train. In such circumstances, Lai et al., (2023) were successful in classifying pineapples
into 3 maturity classes by introducing an enhancement to YOLOv7. Furthermore, the approach has used
the unconducive environment pineapple images. The approach was successful achieved 95.82% mAP.
However, no record can be discovered of the classification's accuracy rate.

In such cases, Mukhiddinov et al., (2022) proposed a deep CNN model and an optimized YOLOvV4 to
classify fruits and vegetables based on unconducive environment image. Furthermore, the study observed
73.5% and 72.6% AP for fruits and vegetables respectively based on 20 classes. However, there is no record
found on the classification accuracy rate. Besides, in 2021, Arboleda et al. used Fuzzy Logic to classify
pineapples into 4 classes: 1) unripe, 2) overripe, 3) underripe, and 4) ripe (mature). According to the study,
the classification accuracy rate was 100% for classes 1 and 2, and 90% for classes 3 and 4. However, only
the conducive environment images are required by the approach. This constraint stresses the opportunity to
improve the approach in dealing with an unconducive environmental image.
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Meanwhile in 2021, utilised an aerial image of the pineapple orchard captured by a UAV with main
objective to detect and count the pineapple crown. Wan Nurazwin et al., (2021) had conduct a study on
machine learning classifiers, which are Artificial Neural Network (ANN), Support Vector Machine (SVM),
Random Forest (RF), Naive Bayes (NB), Decision Tree (DT) and k-Nearest Neighbours (kNN) to
investigate the reliable classification approach in order to classify between pineapple (fruit) and pineapple
crown (non-fruit). Later, Variable Learning Rate Backpropagation algorithm (GDX) is one of the models
in ANN known as ANN-GDX is used to detect and count the pineapple crown. The result yield from the
study is exceeded above 90% of classification accuracy rate to identified crown. However, finding from the
study emphasized that the approach had potential for misclassification due to the noise in the image and
colour similarities between leaves and crowns. Besides, the approach requires manual annotation of training
data. Additionally, to implement the approach requires high spatial-resolution images in order to generate
accurate results. On the other hand, Cai et al., (2020) had proposed enhanced version of Single Shot Multi-
Box Detector (SSD) to deal with unconducive environment image. The study's goal is to classify fruits into
specific classes. Furthermore, the study successfully produced 92.4% of mAP. However, the classification
accuracy rate unable to be found in the report. Likewise, the approach has a shortcoming in that it requires
manual image annotation.

This section might be summarised by emphasizing the findings following a thorough discussion. The
unconducive environment image remains as the main challenge to recognise and classify the pineapple. In
terms of feature extraction, shadow removal on the pineapple has the potential to remove or change the
colour feature on the pineapple skin. Furthermore, the identical hue of the leaves and a portion of the
pineapple skin has the potential to induce inaccurate feature extraction and ROI. Other than that, using RGB
colour space in the histogram method for noise reduction is less reliable than using HSV colour space.
Furthermore, miscalculation on extracted feature data by the developed equations in each classification
approach developed by the previous researchers remains a major challenge in achieving an accurate
pineapple cultivar classification result. Also, require manual annotation and large numbers of image for
training emphasizes the limitations of the approaches. Additionally, some of the approaches demand for
the high specification of the workstation for execution.

On the other hand, this study had difficulty determining from prior studies the true properties of colour
features of the pineapple skin to be employed for extraction. There are numerous variables for colour
features that can affect extraction. According to Jabal et al., (2022), RGB colour space, where each colour
is represented by an integer between 0 and 250. Moreover, various values will be produced by combining
the RGB colour space. Hence, this number can cause miscalculation during the extraction and affect the
classification result. Additionally, this issue had stressed the RGB colour space is not reliable to be used
for classification purposes. Another element influencing the colour of the pineapple skin in the picture is
the light illumination. Compared to photography studio illumination, taking a picture in the sun will provide
a distinct colour quality. This issue has the effect of causing the various colour properties to be extracted
from the image and inputted to the equation used to determine classification. Consequently, the
classification output that is generated will be inaccurate. This issue was discovered during the image
capturing, and it can be resolved by following the correct standard operation procedure (SOP).

Following a thorough discussion, this study moves on to the next section to perform further analysis
on the highlighted issue.

3. METHODOLOGY

The unconducive environment image, undefined properties of the pineapple skin colour and standard
operating procedure (SOP) are the issues concluded in the previous section. This section provides a further
analysis of the highlighted issues. The discussion will begin with the analysis on the dataset and continued
with the colour features. Finally, the discussion will be ended with the summary of the section.
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3.1 Dataset

The dataset used in this study was obtained from the Malaysian Pineapple Industry Board (2024) and
Facebook Pembekal Benih Nanas MD?2 (KSF Enterprise MD2, 2024) as presented in Fig. 1 and 2
respectively. Furthermore, for the analysis purposes, another dataset was achieved from Kaggle as depicted
in Fig. 3 (Sujitra, 2024).

Fig. 3. Normal pineapple image
Source: Sujitra (2024)

Fig. 3 shows the sample pineapple images from Kaggle, which are the images were captured in the
conducive environment same as shown in Fig. 1. However, the images in Fig. 2 contain noise, which may
affect classification accuracy. Furthermore, it has been determined that the noises in the images are caused
by the cover on the pineapple crown, pineapple leaves, and container used to collect the pineapple. Based
on the analysis, the cover on the pineapple crown has caused the shadow on the pineapple skin. Besides,
the leaves also created the shadow on the pineapple skin. Moreover, the similarity of the leaves colour
might disrupt the colour of the pineapple skin that caused confusion during features extraction.
Additionally, the container colour also caused disruptions during feature extraction. A pile of pineapples in
the container is another factor that confuses the feature extraction, resulting in an inaccurate pineapple
classification result. Next, the conducted analysis has examined the properties of the images as shown in
Table 2.

Table 2. Sample of image properties

Image Description

Dimension: 295 X 638 pixels
Bit Depth: 32
Format: PNG
Colour: sSRGB
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Dimension: 720 X 960 pixels
Bit Depth: 24

Format: JPG

Colour: sRGB

Dimension: 417 X 598 pixels
Bit Depth: 32
Format: PNG
Colour: sSRGB

Table 2 shows that the collection of datasets used in this study has a variety of image dimension and 2
types of file formats. The most common file format are Portable Network Graphic (PNG) and Joint
Photographic Expert Group (JPG). Moreover, the colour for all images is standard Red, Green, and Blue
(sRGB). Based on Table 2, the bit depth of the image is a key to determine the value of the RGB used for
extraction. The higher of the bit depth, the higher the tones of the colour, indicating that the colour generated
by the camera is similar to the actual colour visible to the human eye. Furthermore, the significance of the
higher tones of the colour will increase the contradiction of distinguishing ROI features from non-ROI
features in the image, even if the colours are slightly similar, such as the green colour of the leaves and the
green colour of the pineapple skin. As a result, the 24-bit depth in image (b) may hinder ROI differentiation
due to noise interference during feature extraction.

3.2 Colour features

The finding from the analysis towards the datasets, green and yellow are the dominant colours on the
pineapple skin. However, the gradient of the green and yellow has difficulty the extraction when the various
values have been generated from the RGB colour space and impacted the calculation process. Therefore,
instead of using RGB colour space. The analysis has been conducted on other colour spaces such as HSV
and YCDbCr to identify the actual colour values of the pineapple skin, which is known as colour feature.

Obtain Image Range Values of RGB Colour Distribution Generated Result
Colour Components
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(©)

Fig. 4. Colour features analysis using RGB colour space

Fig. 4 presents the findings of the analysis, demonstrating that the RGB component values exhibit
significant variation, which is essential for determining the colour value of each pixel in the pineapple skin.
However, accurately identifying the true colour value remains challenging due to the wide range of RGB
values, which influences the noise elimination process and may result in the unintended removal of key
features within the ROI. For instance, in image (a), to effectively exclude the pineapple crown from the
ROI, the green component value must be constrained between >50 and <250, while the blue component
must range from 0 to <150. Nevertheless, the results indicate that the noise elimination process not only
removes the pineapple crown but also eliminates regions within the ROI that share similar colour properties,
potentially affecting the accuracy of feature extraction. A similar issue is observed in images (b) and (c),
where portions of the ROI have also been inadvertently removed, as evidenced in the generated results
section.

Next, the analysis is continued with the HSV colour space as shown in Fig. 5. The saturation (S) and
value (V) components have a normalised range of 0 to 1, as shown in the figure. When compared to the
RGB counterparts, the range of values for these components is quite narrow. Furthermore, the hue (H)
component regularly has a threshold value below 1. As a result, the noise is successfully eliminated from
the ROI as presents in generated result for image (a) and (c). However, the consequent image (b) is not
completely clean, as some noise artifacts remain. Nevertheless, the ROI in image (b) exhibits more apparent
clarity and focus compared to the ROI in image (b) from Fig. 4.
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Obtain Image Range Values of HSV Colour Colour Distribution Generated Result
Components
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Fig. 5. Colour features analysis using HSV colour space

The analysis is then carried out using the YCbCr colour space, as seen in Fig. 6. Comparable to the
RGB colour system, the range value of each component in the YCbCr colour space is 0 to 250.
Furthermore, the obtained result for each image is similar to that shown in Fig. 4. However, the generated
result of image (b) in Fig. 6 has less noise than the generated image (b) in Fig. 4. Moreover, in general the

range value of Y component is >10 and <230. Then, the range value of Cb component is >0 and <150.
Next, the range value of Cr component is >140 and <180.
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Obtain Image

Range Values of YCbCr Colour

Components

Colour Distribution

Generated Result

(©

Cr

Fig. 6. Colour features analysis using YCbCr colour space

Based on the comprehensive discussion, there is no specific value can be determined as the value of
the pineapple skin colour. But the finding has shown that the range of the colour value from each component
is possible to be used to extract the colour feature of the pineapple skin. Table 3 emphasises the finding
from the conducted analysis.

Table 3. Range of the colour value for each component

R G B
> 100 > 50 and <250 0to <150
H S \
<1 >0and<1 >0and <1
Y Cb Cr
> 10 and <230 >(0and <150 > 140 and < 180

https://doi.org/10.24191/jcrinn.v10i2.546

©Authors, 2025


https://doi.org/10.24191/jcrinn.v10i2.546
https://doi.org/10.24191/jcrinn.v10i2.546

227 Ab Jabal et al. / Journal of Computing Research and Innovation (2025) Vol. 10, No. 2

Although the range of the colour value is shown in Table 3, still, further study needs to be conducted
to ensure the extraction will extract the accurate ROI features. In other words, there is a possibility to
discover the actual range or colour value of the pineapple skin.

4. FINDINGS

Following extensive analysis, the study revealed numerous important concerns that require action. First,
there is concern about the pineapple image dataset's quality and representation. Second, the extraction
approach used in the study has limitations that must be addressed. Finally, the classification approach must
be refined to improve accuracy and dependability.

Data quality is the primary concern requiring improvement. High-quality images can be achieved by
implementing a standard operating procedure (SOP) and selecting an appropriate camera. Key variables to
consider when developing the SOP include lighting conditions, camera-to-object distance, minimal or
controlled background noise, and saving images in PNG or JPEG file formats.

Subsequent analysis indicates that the HSV colour space is more reliable for extracting colour features
from pineapple skin. However, post-extraction image enhancement is necessary to improve output quality
and minimise classification errors. The recommended threshold values for each HSV component, as
presented in Table 3, can be applied for this purpose.

Finally, the classification approach requires refinement to enhance the accuracy. The algorithm should
be enhanced to incorporate two critical parameters in its computations: colour features and pineapple
surface morphology. Furthermore, the logical operators employed in the classification process must be
optimised to ensure accurate categorical assignment of images.

The identified research gaps present significant opportunities for further investigation and
methodological advancement in this domain. Empirical validation is necessary, with systematic verification
of experimental results to confirm the reliability of the proposed solution.

5.  CONCLUSION AND FUTURE WORK

In conclusion, environmental interference in pineapple imaging represents a critical challenge requiring
resolution. Image noise has been identified as a primary contributor to classification inaccuracies.
Analytical findings reveal two key research priorities: first, the need to precisely define pineapple skin
colour characteristics, and second, the development of robust classification methodologies.This study
establishes HSV colour space as the most effective model for extracting region-of-interest colour features
from pineapple skin. Furthermore, this study has proposed incorporating morphological parameters
(specifically surface area measurements) and optimised logical operators within the classification algorithm
to address these challenges.

The identified research gaps, namely colour definition and classification refinement, are fundamental
challenges that must be addressed to enable the development of reliable autonomous pineapple recognition
systems.Future research directions should prioritise experimental validation to demonstrate the practical
efficacy of the proposed methodology. Additionally, this investigation will explore the applicability of the
YOLOVT7 algorithm for processing suboptimal pineapple images under real-world conditions. Specifically,
subsequent work will focus on developing the algorithm's capability to assess pineapple maturity directly
on the tree, thereby facilitating automated harvest determination.
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