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Abstract

This study proposes an image processing-based approach for detecting surface defects in Nam Dok Mai mangoes.
Each fruit was photographed from two sides to capture comprehensive defect characteristics. The images were
subsequently converted into the HSV color space to highlight darker defect regions, such as brown or black, followed by
morphological dilation to refine defect boundaries and facilitate accurate area measurement. Detected defects were
quantified in square centimeters and categorized into four quality classes: Extra Class, Class I, and Class II, according to
the Thai Agricultural Standard TAS 5-2567. Additionally, a fourth class, Bad Quality, was introduced to represent defects
exceeding the Class II size threshold. The annotated dataset was prepared using Roboflow, where labeling and data
augmentation were conducted to enhance sample diversity. The dataset was partitioned into a training set (80%) and a
testing set (20%). While image processing techniques were employed for initial dataset preparation, the primary objective
was to develop a Mask R-CNN model capable of autonomously detecting defects directly from raw images, thereby
eliminating the reliance on manual preprocessing. Following the training phase, the Mask R-CNN model was evaluated
for its ability to detect and classify mango defects. Experimental results demonstrated high Precision and F1-Score values,
particularly in the Extra Class and Bad Quality groups. The model achieved an overall accuracy of 70.71%, reflecting its
strong potential for real-world application. It is anticipated that this system could significantly improve the accuracy and
efficiency of mango sorting processes in the agricultural sector, contributing to standardized and reliable quality control.
Keywords: Image Processing, Deep Learning, Mask R-CNN, Defect Classification, Quality Control
1 . Introduction Export Statistics from 2023 to 2024

In the agricultural industry, the selection and 25000000

quality inspection of produce are crucial steps in
adding value to products and supporting exports.
Mangoes are among the high-demand produce both
domestically and internationally, especially in key  ooonom ‘ S0 00
export markets. In 2023, the database system of ) -
Thailand's Ministry of Agriculture and Cooperatives - s
[1] reported that fresh or frozen mango exports had a T T Mer ot Ny per I aus ser o N D
total value of over 3.5 billion baht, with an upward
trend expected in 2024. Figure 1 illustrates the export
volumes (blue and orange bar graphs), showing
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Figure 1 Export statistics of fresh or frozen mangoes
from 2023 to 2024

changes between 2023 and 2024, with higher exports
in certain months in 2024 compared to 2023. Export
values (pink line for 2023 and yellow line for 2024)
reveal fluctuations in monthly export values, with
some periods in 2024 exceeding those in 2023. A
comparison between the two years highlights a
noticeable increase in both export volume and value in
some months of 2024, reflecting a growing demand
for fresh or frozen mangoes in international markets.
These data are presented in bar and line graphs to
depict export volume (left) and export value (right) on
a monthly basis from January to December [1].

Nam Dok Mai mangoes are one of the major cultivars
that significantly contribute to the country's economic
income. Therefore, maintaining the quality of Nam Dok
Mai mangoes for export according to established standards
is crucial to ensure continued consumer satisfaction and to
sustain Thailand’s competitiveness in the global market.

According to the Thai Agricultural Standard TAS
5-2024 [2], the quality of mangoes must meet the
minimum requirements, which specify that mangoes must
be whole, and if the pedicel is present, it must not exceed
1.5 centimeters in length. The fruit must be true to type,
fresh in appearance, free from rot or deterioration, clean,
and without foreign matter or damages caused by pests.

The classification of mango quality under this standard
is divided into three categories:

e Extra Class: Mangoes in this class must be of the
highest quality, exhibiting no defects except for very slight
superficial imperfections that do not affect the general
appearance, quality, shelf life, or presentation of the fruit.

e Class I: Mangoes must be of good quality. Minor
defects are permitted provided they do not adversely affect
the overall appearance, fruit quality, shelf life, or
presentation. Acceptable minor defects include slight
shape irregularities, minor skin blemishes caused by
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rubbing or sunburn, and suberized stains resulting from
resin exudation as shown in Figure 2. Scattered suberized
rusty lenticels, which occur naturally as the mango
matures, are also acceptable as illustrated in Figure 3. The
total surface area of all defects must not exceed 5 cm*

e Class II: This class includes mangoes that do not meet
the requirements of Extra Class or Class I but still satisfy
the minimum standards specified above. Mangoes in this
class are permitted to have defects provided that the
essential characteristics regarding the quality of the fruit,
shelf life, and presentation remain intact. Acceptable
defects include slight shape irregularities, minor skin
blemishes caused by rubbing or sunburn, and suberized
stains resulting from resin exudation. The total surface area
of such defects must not exceed 7 cm?.

Currently, automation has played a crucial role in
enhancing the agricultural industry, particularly in the
processes of sorting and quality assessment of fruits and
vegetables. By applying image processing techniques and
soft computing methods such as the Naive Bayes
Classifier, the external characteristics of agricultural
produce including color, shape, surface texture, and defect
arca can be analyzed. These approaches have been
successfully utilized in crops such as apples, oranges, and
tomatoes, aiming to reduce reliance on manual labor,
which is often limited by inaccuracy, delays, fatigue, and
inconsistencies in evaluation [3]. In addition, advanced
technologies have been developed to detect fruit diseases
by integrating image processing with Convolutional
Neural Networks (CNNs), significantly improving the
accuracy of identifying diseased fruits such as powdery
mildew and anthracnose. These advancements address the
limitations of traditional systems and enhance the overall
efficiency of fruit quality management [4].

Such technological progress highlights the
importance of applying modern technologies in
Thailand’s agricultural sector, especially in research
and development of defect detection systems for fruits.
These innovations aim to elevate the quality and
standardization of agricultural products. This study
specifically focuses on Nam Dok Mai mangoes, a
high-value economic fruit that is highly popular in
both domestic and international markets. Numerous
previous studies have explored various techniques
targeting objectives such as classifying good and
defective fruits, categorizing types of defects,
measuring defect sizes, and grading fruits according to
export standards.

This research emphasizes the application of image
processing techniques to measure the size of surface
defects on Nam Dok Mai mangoes, aiming to reduce
reliance on expert visual inspection. The process
begins with converting images into the HSV color
space to enhance the visibility of darker defect areas,
such as brown or black patches. Morphological
operations, particularly dilation, are then applied to
refine defect shapes, facilitating accurate area
measurement. The detected defects are measured in
square centimeters and classified into four quality
groups: Extra Class, Class I, and Class II, based on the

Thai Agricultural Standard TAS 5-2024. Additionally,
a fourth group, Bad Quality, was introduced for
defects exceeding 7 cm?, which are considered beyond
acceptable thresholds, as shown in Figures 4-5.

Figure 2 Suberized stains due to resin exudation [2]
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Figure 3 Scattered suberized rusty lenticels [2]

Figure 5 External fruit damage caused by thrips [2]

However, in this phase of development, the
research focuses solely on measuring defect sizes on
the mango surface, without yet classifying defects
based on causative factors or levels of acceptance
according to agricultural standards. The resulting data
from size measurement were used to create a dataset
through Roboflow, where annotation and data
augmentation were conducted to enhance sample
diversity. This dataset was then used to train a Mask
R-CNN model to evaluate its performance in detecting
defects based on size. After training, the model was
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tested using a separate test set, and its performance
was assessed through confusion matrix analysis to
determine the accuracy of defect classification across
different groups. It is anticipated that this approach
will significantly enhance the speed, reliability, and
consistency of defect detection compared to manual
visual evaluation.

2. Background and Related Works
2.1 Mask R-CNN Model Concept
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Figure 6 The overall architecture of Mask R-CNN;
showing the sequence from feature extraction to
RolAlign and the final instance segmentation output

Mask R-CNN is a deep learning model that
extends Faster R-CNN by incorporating pixel-level
instance segmentation capabilities [5]. The model
consists of several key components: a backbone
network, such as ResNet-50 or ResNet-101, for
feature extraction; a Region Proposal Network (RPN)
for generating candidate object regions; and three
output heads responsible for classification, bounding
box regression, and segmentation mask generation.
One of the significant improvements in Mask R-CNN
over Faster R-CNN is the introduction of RolAlign,
which replaces RolPooling to eliminate the
misalignment caused by quantization during feature
mapping, as shown in Figure 6. This enhancement
significantly improves the precision and accuracy of
the generated masks. Mask R-CNN has demonstrated
versatility in a wide range of applications, including
medical image analysis, agricultural plant
classification, and autonomous vehicle systems. In
this study, Mask R-CNN is applied to detect the
locations of surface defects on mangoes. The resulting
masks are utilized to measure defect sizes, which are
subsequently used to classify the quality of the fruit
based on the predefined export standards.

Relevant research studies can be categorized into
groups based on the techniques employed, as follows:
2.2 Studies Using Mask R-CNN and Its Extensions

In one study, YOLOv4-tiny and Mask R-CNN
were compared for evaluating the size and weight of
mangoes on trees. It was found that Mask R-CNN
achieved higher accuracy in segmenting fruits from
complex backgrounds, making it more suitable for
real-world orchard environments [6]. Similarly,
another study improved the Mask R-CNN architecture
by integrating DenseNet for detecting overlapping
apples, achieving a precision of 97.3% [7]. Mask R-
CNN has also been applied in strawberry-picking

robots, effectively segmenting strawberries under
natural conditions and accurately identifying pedicel
cutting points [8]. Additionally, Mask Scoring R-CNN
was introduced for detecting pathogen spores in
microscopic images, successfully classifying and
counting spores with high precision and later
developed into a web application for practical use [9].
In another context, Mask R-CNN combined with
ensemble models was applied for skin cancer
classification from dermoscopy images, with the
technique showing potential for defect detection
problems similar to fruit surface blemishes [10].

2.3 Studies Using CNNs and Other Deep Learning

Models

Many studies have employed Convolutional
Neural Networks (CNNs) to directly detect defects
from fruit images, as CNNs offer high accuracy with
relatively simple architectures. For example, a CNN
model was developed to detect defects on Kent
mangoes, achieving an accuracy of 98.5% [I11].
Another study utilized InceptionV3 to classify mango
varieties and grades, with an accuracy as high as
99.2% [12]. LeafNet, a lightweight CNN model, was
also proposed for detecting seven types of mango leaf
diseases, achieving an average accuracy of 98.55%
[13]. In Thailand, CNNs have been applied to grade
Chok Anan mangoes, achieving near 100% accuracy
in testing [14]. Similarly, Faster R-CNN combined
with MobileNet on the TensorFlow platform was used
to classify two types of fruits mango and dragon fruit
with an accuracy of 99% [15].

2.4 Studies Using SVM, Random Forest, and Fuzzy

Logic

Some studies applied the HSV color space along
with Support Vector Machine (SVM) techniques to
classify defects on Harumanis mangoes and accurately
measure defect sizes [16]. For grading purposes, fuzzy
logic systems have been employed using attributes
like color, size and ripeness ti categorize mangoes into
grades A/B/C I/II/III [17],[18] In addition, Random
Forest algorithms have been utilized to classify mango
quality and distinguish between multiple fruit types,
achieving accuracies as high as 98.3% [19], [20].

2.5 Studies Using Basic Image Processing Techniques

This group focuses on fundamental image
processing methods, such as thresholding, edge
detection, and morphological operations. In one study,
grayscale conversion and binarization were applied to
detect defects and grade mangoes based on the
percentage of defect areas [21]. Another study
analyzed fruit shape and color to measure size and
assist in grading [22]. Furthermore, the use of
monochrome imaging and Otsu thresholding achieved
an accuracy of 88.75% in detecting external defects on
mangoes [23].

Other research has demonstrated that basic image
processing techniques, such as binary conversion,
edge detection, and threshold-based segmentation,
continue to play an important role in preliminary
defect inspection systems. These approaches are
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especially suitable for applications with limited
computational resources or where simplicity is
prioritized over complexity [24-26]

From the literature review, it is evident that fruit defect
detection approaches are diverse, ranging from basic
image processing techniques such as grayscale
conversion and thresholding, to deep learning models
such as CNNs, SVMs, and Mask R-CNN. Each method
offers distinct advantages and limitations. Generally,
CNNs provide high classification accuracy but are limited
in precisely delineating defect boundaries. In contrast,
Mask R-CNN enables pixel-level defect segmentation,
making it well-suited for studies like this one, which
require precise defect area identification. For the
development of the algorithm in this study, image
processing techniques are first applied to measure defect
sizes on the mango surface, replacing the need for expert
visual inspection. The process begins with converting
images into the HSV color space to enhance the visibility
of defect regions, followed by the use of morphological
operations specifically dilation to refine and expand the
defect areas for subsequent processing according to export
standards. Finally, the collected data are used to train a
Mask R-CNN model for developing an algorithm capable
of classifying defect size groups.

2.6 Evaluation Methods

The evaluation of the model for mango defect
detection in this study utilizes metrics such as Accuracy,
Precision (or Positive Predictive Value), Sensitivity (or
Recall), Specificity, and F1-Score [12],[14],[15]. These
metrics are sufficient for assessing the accuracy and
performance of the developed system.

The evaluation metrics are based on the
classification outcomes, which include:

e True Positive (TP): correctly predicted class

samples,

o True Negative (TN): correctly predicted non-

class samples,

e False Positive (FP): incorrectly predicted as

belonging to a class,

o False Negative (FN): incorrectly predicted as

not belonging to a class.

The relationships between these metrics are
expressed through the eqgs. (1)—(5), as detailed below:

Accuracy: Measures the correctness of the model,
calculated as the ratio of correctly predicted values
(both true positives and true negatives) to the total
number of predictions.

(TP+TN)
Accuracy = (TP + TN + FP + FN) M

Precision (Positive Predictive Value): Assesses
the accuracy of the model in predicting the positive
class. It is calculated as the ratio of correctly predicted
positive cases to all cases predicted as positive (both
correct and incorrect).

TP
(TP + FP) @)

Precision =

Sensitivity (Recall): Evaluates the model's ability to
correctly identify actual positive cases. It is the ratio of
correctly predicted positive cases to the total actual
positive cases.

TP
(TP + FN) 3)

Sensitivity =

Specificity: Measures the model's ability to correctly
identify actual negative cases. It is the ratio of correctly
predicted negative cases to the total actual negative cases.

Specificity = o 4)

F1-Score: Provides a harmonic mean of Precision
and Recall, balancing their trade-off to offer a single
metric for evaluating the model's performance.

2 * (Precision * Recall)

F1-Score = —
(Precision + Recall)

)

3. Research Methodology

This research was conducted by designing and
testing the system following a step-by-step
methodology as described below:
3.1 Equipment Preparation for Photography

For image capture, an iPhone 13 Pro Max smartphone
was used, featuring three cameras: a 12 MP main camera
(Wide) with an aperture of f/1.5 and Sensor-shift Optical
Image Stabilization for enhanced low-light performance,
a 12 MP Ultra-Wide camera with an aperture of f/1.8 and
a 120-degree field of view suitable for wide-angle shots,
and a 12 MP Telephoto camera with an aperture of /2.8,
supporting 3x optical zoom and up to 15x digital zoom.
The smartphone was mounted on an adjustable cantilever
tripod (0.6-1.6 meters in height) and used in a
photography studio measuring 56 x 56 x 56 cm, equipped
with two 22-watt LED lamps providing 2420 lumens of
daylight white light at a color temperature of 6500 Kelvin.
A tape measure was used to maintain a consistent 20 cm
distance from the camera to the object, ensuring optimal
image clarity and quality for analysis [21],[24].
3.2 Software and Tools

This research utilized Python version 3.10 along with
the OpenCV library for image processing, employing
Morphological Operations to emphasize the edges and
defect characteristics of mangoes. RoboFlow was used to
prepare the dataset by labeling mango images into four
defect groups: Extra Class, Class I, Class II, based on the
Agricultural Product Standard TAS 5-2567, and Bad
Quality for mangoes with defects exceeding 7 cm?. These
labeled datasets ensured readiness for training the deep
learning model. For model development, the Mask R-
CNN deep learning technique was implemented using
Google Collaboratory, a platform equipped with GPU
support for efficient deep learning processing, facilitating
model training and testing. Additionally, Microsoft Excel
was used as a data management tool for analysis.
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3.3 Data Collection
A total of 210 ripe Nam Dok Mai Golden mangoes,
as shown in Figure 7, were purchased from the market.
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Figure 7 Ripe Nam Dok Mai Golden mangoes
purchased from the market.

(=

The selection included mangoes without defects as
well as those with various types of defects to ensure data
diversity. The mangoes were cleaned thoroughly and left
to dry completely before being photographed. Each
mango was photographed from both sides, as illustrated
in Figure 8, resulting in a total of 420 images, which were
organized and stored in a folder for further analysis.
3.4Defect Classification System Using Image

Processing Techniques

The process for classifying defects in the 420
mango images stored in the folder can be described
step-by-step as illustrated in Figure 9

Image Input: Load mango images for analysis
from the specified folder.

Preliminary Image Processing: Convert images
to HSV (Hue, Saturation, Value) color space to detect
the colors of defects on the mango skin. Create a
binary mask using predefined color thresholds (e.g.,
black, brown) to isolate defect areas.

Figure 8 Photographing ripe Nam Dok Mai
Golden mangoes from both sides using the prepared
photography equipment.

‘ Read Images from the Folder ‘

!

Preliminary Image Processing

Convert images from RGB to HSV color space and create a Binary Mask

‘

Mango Area Detection

Analyze contours and determine the Largest Contour to identify the mango area.

'

Defect Detection and Analysis

Create a Dilated Mask and calculate the defect area,

'

Defect Quality Classification

Classify mango quality based on defect size as follows

Extra Class: defect < 1 cm?
Class I: defect < 5 cm?
Class II: defect £ 7 cm?

Bad Quality: defect > 7 cm?

|

Save Results

Record the results in an Excel file and save the output images,

organizing them into folders based on defect quality levels.

]

Figure 9 Defect classification system using image
processing techniques.

Mango Area Detection: Analyze contours to
identify and outline the mango in the image. Select the
largest contour as the mango area for analysis.

Defect Detection and Analysis: Expand the defect
area using Morphological Operation (Dilated Mask) to
ensure the coverage of defect edges on the mango
surface.

Quality Classification: Categorize mango quality
based on the size of the defect area:

¢ Extra Class: No defects or minor defects that do

not affect appearance

e Class I: Defect area < 5 cm?

e Class II: Defect area < 7 cm?

¢ Bad Quality: Defect area > 7 cm?

Recorded Results: The system generates and
displays four types of output images: Original Image,
Binary Mask, Dilated Defects, and Defects
Highlighted, as shown in Figure 10. These images are
stored in folders organized by the quality levels of the
mangoes. Additionally, analysis data, including the
mango area, defect area, quality level, and processing
time, are recorded in an Excel file for further review
and analysis.
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QOriginal Image

Dilated Defect

Defect Highlighted

Figure 10 Results of image processing techniques for
defect classification by quality groups, with this
mango categorized under the Bad Quality group.

When defect groups are classified into four
categories Extra Class, Class I, Class II, and Bad
Quality according to the system workflow in Figure
4, the results are stored in separate folders for each
defect group. A total of 105, 109, 101, and 105 images
are categorized into these groups, respectively. Within
each folder, the data is split into a Training Set (80%)
and a Test Set (20%) based on the total number of
images classified. The distribution of the data is
presented in Table 1.

Create two folders to consolidate images from all
defect groups: a Training Data Folder for storing all
training set images (Extra Class, Class I, Class II, and
Bad Quality) and a Testing Data Folder for storing all
test set images. This organization centralizes the data,
making it more efficient for model training and
evaluation.

Table 1 Data Split for Model Training and Testing

Defect Data Training Test
Group Set Set Set
Extra Class 105 84 21
Class I 109 87 22
Class 11 101 81 20
Bad Quality 105 84 21

3.5Data Preparation

In the data preparation process, datasets for each class
(Extra Class, Class I, Class II, and Bad Quality) were
constructed by processing images to measure defect sizes.
Subsequently, 80% of the images in each class were
randomly selected for model training (training set), while
the remaining 20% were allocated for model evaluation
(test set). The random selection was independently
performed within each class to avoid data bias.

Regarding image acquisition, each mango was
photographed from two different sides, with each side
saved as a separate image file. Thus, one mango
corresponds to two distinct images, each representing a
different perspective of the fruit. Each image was treated
as an independent data unit during dataset construction.
Image selection for training and testing was conducted at
the individual image level, without necessarily pairing
both sides of the same fruit in the same dataset.

After selecting the images for training, 80% of the
data from each defect group were uploaded to the
Roboflow platform for image labeling. The images
were categorized into four groups: Extra Class, Class
I, Class II, and Bad Quality, resulting in a total of 336
labeled images used for training the Mask R-CNN
model, as illustrated in Figure 11. Following the
completion of the labeling process, further data
preprocessing adjustments were performed in
Roboflow as described below.

Mo Tags Applied

Figure 11 Image labeling is categorized into four groups:
Extra Class, Class I, Class II, and Bad Quality.

Preprocessing: Start with Auto-Orient to ensure
all images are correctly oriented. Then, resize all
images to a standardized dimension of 640 x 640
pixels for consistent input during model training.

Data augmentation: Data augmentation was
performed to enhance dataset diversity, applying
transformations such as vertical and horizontal flipping,
rotation by 90 degrees (clockwise, counterclockwise, and
upside-down), rotation by 9 degrees (clockwise) and -9
degrees (counterclockwise), shifting or shearing along the
x-axis or y-axis, and cropping portions of the images.
These processes increased the dataset to a total of 1,276
images, as shown in Figure 12.

Data Download: Once the dataset is prepared, click
Download Dataset and select the COCO format. Copy
the code displayed in the Your Download Code window
to use it in Google Colab for further processing.
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1276 Total Images

Preprocessing

Auto-Orient: Applied
Resize: stretch to 640x640

Augmentations Outputs per training example: 5
Flip: Horizontal, vertical

90° Rotate: Clockwise, Counter-Clockwise, Upside Down

Crop: 6% Minimum Zoo Maximum Toom

Rotation: Between d +9°

Shear: +18° Horizontal, +10° Vertical

Figure 12 Results after data augmentation, totaling
1,276 images.

3.6 Model Training

The Mask R-CNN model training process began with
the installation of essential libraries such as Detectron2 and
the configuration of basic settings. The dataset, prepared in
COCO format and downloaded from Roboflow, was
registered into Detectron2, including training, testing, and
validation sets. The dataset consisted of four classes.

Subsequently, key training parameters were
configured, including the selection of ResNet-101 with
a Feature Pyramid Network (FPN) as the backbone,
setting the number of training iterations, learning rate,
number of classes, mask format as bitmask, and defining
the evaluation interval.

Parameter Tuning

The important parameters configured for training the
Mask R-CNN model included:

e Learning Rate (BASE LR): Set to 0.001 to
ensure effective learning without causing
excessively slow or unstable convergence.

e Optimizer: Adam optimizer was employed,
offering flexibility and robustness for complex
datasets.

e Batch Size: Set to 128 to ensure sufficient data
processing per training step.

e Maximum Iterations (MAX_ITER): Set at 3,000
iterations to allow adequate model learning and
parameter adjustment.

e Number of Classes (NUM_CLASSES): Set to 5,
including the background class.

e Evaluation Period (EVAL_PERIOD): Set to
every 200 iterations to regularly monitor model
performance during training.

Upon completion of training, the model was
evaluated using the COCOEvaluator. The finalized
trained model was then utilized to predict new data and
display the results.
3.7Model Testing

The model testing process begins by using the test
dataset split as shown in Table 1. All test images across all
classes are consolidated into a single folder, which is then
uploaded to Google Drive connected to Google Colab,

where the model was trained. The folder path in
Google Drive is copied and inserted into the code on
Google Colab to access the test dataset, comprising a
total of 84 images.

4. Model Performance Evaluation

After testing the model, the results of all 84 images
are categorized by defect groups along with the
confidence scores for the predicted classes, as shown in
Table 2. The evaluation metrics include TP, TN, FP and
FN These values, summarized in Table 3, are used to
calculate performance metrics such as Accuracy,
Precision, Sensitivity (Recall), Specificity, and F1-Score
to assess the model's effectiveness comprehensively.

Use Excel to calculate the model's performance
metrics, including Precision, Sensitivity (Recall),
Specificity, and F1-Score for each defect group, as well
as the overall Accuracy of the model. These metrics are
used to evaluate the model's ability to detect and classify
defects, as illustrated in Figure 13.

Table 2 Sample results of model testing for all defect
roups.
Actual Data

Model Prediction

Extra Class 98%

Extra Class

Class I

Class 1 95%

Class II Class II 81%

Bad Quality Bad Quality 98%

Based on the calculated performance metrics of the
model for classifying mango defect groups, the analysis is
as follows:

For the Extra Class, the model demonstrates excellent
performance, with the highest Precision (0.9091) and F1-
defect detection and a strong balance between Precision
and Recall. Additionally, the high Specificity (0.9683)
reflects the model's efficiency in distinguishing defects in
this class from others, while the Sensitivity (0.9524), also
the highest, shows that the model detects nearly all
defects in this class.
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Table 3 Sample results of model testing for all defect
Toups.

TP TN FP FN
Extra Class 20 61 2 1
Class I 16 59 3
Class 11 16 58 6
Bad Quality 18 60 3 1
Total 70 238 14 14

For Class I, the model shows good performance, with
Precision (0.8421) and F1-Score (0.7805) at acceptable
levels, though lower than those of the Extra Class.
However, the relatively low Sensitivity (0.7273) indicates
that the model may miss detecting some defects in this
class, meaning objects that are truly Class I (Ground Truth)
may either go undetected or be classified into other groups
(False Negative), resulting in incomplete detection for this
class. Nevertheless, the high Specificity (0.9683)
demonstrates that the model effectively distinguishes non-
Class 1 objects, reducing the likelihood of incorrectly
labeling non-Class I objects as Class I (False Positive),
ensuring reliability in avoiding misclassification.

1.05
0.90
0.75

0.60

Performance Metrics

0.30
0.15

0.00

Extra Class Class | Class Il Bad Quality
Defect Group Types

Precision Sensitivity Specificity F1-Score

Figure 13 Performance metrics by defect group types

For Class II, the model exhibits the lowest
performance among all classes, with the lowest Precision
(0.7273), indicating frequent misclassification of defects in
this group. The F1-Score (0.7619) and Sensitivity (0.8000)
are moderate, reflecting that the model struggles to detect
and classify defects in this class effectively. Additionally,
the Specificity (0.9063), the lowest among all classes,
shows that the model has difficulty distinguishing Class 11
defects from other classes, leading to confusion and
misclassification for objects in this group.

For Bad Quality, the model demonstrates good
performance, with Precision (0.8571), Sensitivity
(0.8571), and F1-Score (0.8571) showing balanced and
strong results. This indicates that the model is accurate in
detecting defects of this type and effectively covers
objects in this class. Additionally, the high Specificity
(0.9524) reflects the model's ability to minimize False
Positives, ensuring reliable differentiation of objects that
do not belong to this defect type.

The overall Accuracy of 70.71% indicates that the
model correctly predicts both True Positives and True
Negatives for approximately 70.71% of the total samples

in the test dataset. However, this Accuracy is relatively
low compared to the high Precision, Sensitivity, and F1-
Score observed in some classes, such as Extra Class and
Bad Quality.

The primary issue likely contributing to the low
overall Accuracy is Class II, which has the lowest
Precision and Specificity among all classes. This
indicates frequent misclassification of defects in this
group, significantly impacting the model's overall
Accuracy. Additionally, the Accuracy might be further
reduced by errors in distinguishing between similar
classes, such as Class I and Class II, leading to confusion
and misclassification.

5. Conclusion and Recommendations

In this study, an image processing system was applied
to detect surface defects on Nam Dok Mai mangoes. The
methodology involved the use of image processing
techniques, including conversion to the HSV color space,
application of morphological operations (dilation), and
the deployment of a Mask R-CNN model to classify
defect groups based on defect size.

The experimental results showed that the model
performed well in the Extra Class and Bad Quality
groups, achieving high Precision and F1-Score values,
reflecting the model’s strong ability to accurately detect
and classify defects within these categories. However,
limitations were observed in the Class II group, where the
model exhibited the lowest Precision and Specificity
values, indicating challenges in distinguishing defects
within this class from others. The overall Accuracy was
70.71%, which, while demonstrating the potential of the
developed system, also highlighted areas requiring
improvement.

The primary limitations of this research include the
limited size of the training dataset, particularly for classes
with small or complex-shaped defects. Additionally,
capturing images from only two sides of each mango
may have resulted in undetected defects, leading to
insufficient coverage of defect characteristics within the
training data. Moreover, the similarity of defect
appearances between certain classes may have
contributed to classification ambiguities.

Future improvements should focus on increasing the
amount of training data, especially for problematic
classes such as Class II, and expanding the dataset across
all classes. Advanced data augmentation techniques,
such as variations in brightness, color, and viewpoint,
could further enhance the model’s ability to learn diverse
features. Additionally, capturing images from multiple
angles could provide more comprehensive defect
representations, ultimately leading to higher accuracy
and robustness in defect classification in future
developments.
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