Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26632-26639

26632

A Segment Anything Model for Melon Pruning

Based on Diameter

Fifi Alfiaturrohmah

Department of Informatics, Telkom University, Purwokerto, Indonesia
fifialfi @student.telkomuniversity.ac.id

Sudianto Sudianto

Department of Informatics, Telkom University, Purwokerto, Indonesia
sudianto@telkomuniversity.ac.id (corresponding author)

Received: 17 May 2025 | Revised: 11 July 2025 and 17 July 2025 | Accepted: 19 July 2025
Licensed under a CC-BY 4.0 license | Copyright (c) by the authors | DOI: https://doi.org/10.48084/etasr.12207

ABSTRACT

Melon is a horticultural commodity with high economic value and great potential for cultivation. One
important technique to enhance fruit quality is pruning, which limits the number of fruits per plant so that
photosynthetic energy is focused on selected fruits. This study aims to implement the Segment Anything
Model (SAM) to support pruning decisions by segmenting melon images and measuring their diameters
automatically. SAM is a pre-trained model designed to generalize across a wide range of image
segmentation tasks. To adapt it for melon imagery, the model was fine-tuned using a specific dataset of
melon images under three different optimizer settings: Adam, AdamW, and Stochastic Gradient Descent
(SGD). The performance of each configuration was evaluated using two standard metrics, Intersection
over Union (IoU) and Dice coefficient. The results showed that the best configuration achieved a
segmentation accuracy of up to 0.9 on both metrics. These findings indicate that SAM is capable of
precisely identifying and measuring melon diameters, thus providing a reliable and efficient decision-

support tool for optimizing pruning strategies and improving overall fruit quality in melon cultivation.
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I.  INTRODUCTION

Melon is a type of horticultural crop that has a significant
economic value and can provide good profits for farmers as a
source of income [1-3]. Known for its sweetness, melon is a
source of vitamins and raw materials for the processed industry
[4, 5]. The short harvest life and high selling price make
melons a very profitable business commodity [2]. Total melon
production in Indonesia reached 138,177 tons in 2020, which
only meets about 40% of domestic demand [6, 7]. To meet
domestic market demand, attention is needed to improve the
quality of melon production. The quality of melons is
determined by their fresh weight and sweetness level, which
can be affected by attention to nutrition and proper planting
techniques [8].

Improving fruit quality through nutritional management can
be achieved using pruning techniques [9]. Melon develops
generatively because it comes from the results of flower
fertilization, so the purpose of pruning is to inhibit vegetative
growth and accelerate generative growth [8]. Pruning focuses
plant resources on fruit development, by limiting the number of
fruits per plant so that photosynthetic energy can be used
effectively for the growth of the remaining fruits [10]. Melon
plants are capable of producing many fruits, but based on the
knowledge of experts at Agribusiness and Technology Park

(ATP) Cikarawang [11], no more than two fruits per plant are
cultivated as this produces better fruit quality and provides high
production values [12].

One solution is to use object segmentation to select melons
that are worth preserving based on diameter using the Segment
Anything Model (SAM) algorithm [13]. With the introduction
of SAM as an innovative basic model for segmentation, it has
gained great attention due to its powerful ability to generate
accurate object masks in a fully automated or interactive
manner [14-16]. SAM by Meta is one of the strongest Al
models used in computer vision [17, 18]. This method allows
zero-shot generalization to unfamiliar objects and images
without the need for additional training [19-21]. SAM is trained
on over 1 billion masks in 11 million natural images and can
generate segmentation masks for any object on demand [18, 22,
23]. SAM is designed to require a command or a series of
commands to produce segmentation masks [24]. It uses a
transformer-based architecture [25], which has been shown to
be highly effective in natural language processing [26] and
image recognition tasks [27]. The SAM method shows several
advantages: is has been proven to be a robust framework with
generalization capabilities adaptable from medical [28] to
agricultural domains [29], and it is fast, capable of real-time
processing. The SAM architecture can be optimized to work
efficiently, thus revolutionizing the field of segmentation [19].
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II. RELATED WORK

Research in the field of segmentation has grown rapidly in
recent years, especially with the emergence of increasingly
sophisticated deep learning models. Recent studies have begun
to explore and evaluate the performance of SAM in various
domains such as medicine, agriculture, and satellite imagery.
One relevant early approach is the study of the YOLOv4
algorithm for detecting and pruning melons. This study showed
that configurations with a batch size of 64, 2000 iterations, and
a learning rate of 0.001 produced the best performance, with an
F1 score of 84.47% and a mean Average Precision (mAP) of
87.68% [12]. Prior image segmentation studies also explored
evolutionary optimization, such as a hybrid differential
evolution and genetic algorithm for clustering color and texture
features [30]. However, these methods rely on handcrafted
descriptors and lack generalization across diverse image types.
They are effective in detecting objects using bounding boxes,
but have limitations in detailed segmentation because they do
not produce precise object boundaries down to the pixel level.

Meanwhile, studies in the medical realm are developing
MedSAM for the universal segmentation of medical images.
MedSAM shows higher accuracy than specialist models, both
in internal and external validation [28]. Furthermore, a study
evaluating SAM in clinical radiotherapy showed clinically
acceptable automated segmentation results with a Dice score of
greater than 0.7 [22]. In the agricultural sector, a study
introduced the Agricultural SAM Adapter (ASA), which
improved the performance of SAM in 12 segmentation tasks,
with an increase in Dice score of up to 41.48% in the
segmentation of coffee leaf disease [29].

Previous studies have demonstrated that SAM is not only a
powerful tool for image segmentation but also highly adaptable
to real-world applications, such as disease detection and point
cloud segmentation in underground tunnels using 2D projection
and point cloud coloring techniques [31]. These findings
highlight SAM's flexibility and accuracy across various
segmentation tasks. Building upon this foundation, the present
study aims to adopt and evaluate the performance of SAM in
the context of melon cultivation, specifically for pruning
decisions based on fruit diameter. The implementation of SAM
is expected to assist in optimizing the number of fruits per
plant, thereby enhancing key quality attributes of melons such
as sweetness, crispness, size, and aroma [32]. Whereas
previous research has confirmed SAM's effectiveness in
general segmentation tasks, its integration into real-time fruit
diameter measurement and decision support for pruning in
horticulture remains unexplored. This study seeks to fill that
gap by applying SAM as a precision tool to support pruning
strategies, ultimately contributing to improved yield quality in
melon production.

Although previous works have employed clustering-based
methods [30, 33], and deep architectures like U-Net 3+ [34] for
segmentation in various domains, these approaches either
require  extensive labeled data or domain-specific
customization. Unlike these methods, SAM introduces a zero-
shot segmentation paradigm that is largely unexplored for
precision horticulture tasks such as fruit pruning based on
visual cues like diameter. Therefore, this study bridges that gap

by adapting SAM to melon imagery and evaluating its
effectiveness in practical pruning applications.

1. METHODOLOGY

This research consists of two main stages, namely the
segmentation of melon objects and the pruning technique. The
segmentation stage consists of several sub-stages: data
acquisition, data pre-processing, fine-tuning with the SAM
algorithm, and model testing. The next stage is the pruning
process, using the results of the fine-tuned SAM model,
wherein the diameter is measured based on the segmentation
results for pruning decisions. Figure 1 illustrates the research
workflow.
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Fig. 1. Workflow of the proposed system.

A. Dataset Acquisition

This study uses secondary data obtained from a previous
publication [12], which consists of a dataset collected from
Agribusiness and Technology Park in Cikarawang, Bogor,
West Java, using an Intel RealSense camera, The image capture
process was conducted by photographing parts of melon plants
containing young melons from three viewing angles: 0°, 45°,
and 90°, and four height levels: 20 cm, 30 cm, 40 cm, and 50
cm from the planting medium. The total dataset used
comprised 140 images of melons in .png format.

B. Data Pre-Processing

Pre-processing involves the dataset annotation stage, which
is the act of adding meaningful and informative tags to the
dataset, making it easier for algorithms to understand and
process the data [35]. The data annotation process in this study
was carried out using Roboflow with the instance segmentation
process. The dataset was labeled with the name 'melon,’ and
each image was in COCO format, recording the segmentation
points in a series of X, y pairs to facilitate the segmentation
process. The instance segmentation process can be thought of
as a combination of object detection and semantic
segmentation [36]. The annotation process is illustrated in
Figure 2. The next stage is to split the dataset into 100 images
as training data, 20 images as test data to assess model
performance, and 20 images as validation data. The process of
splitting the dataset is shown in Figure 3.

www.etasr.com

Alfiaturrohmah & Sudianto: A Segment Anything Model for Melon Pruning Based on Diameter



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26632-26639 26634

Unannotated @

Annotated @

P26_TINGGI 2... P26_TINGGI 2... P26_TINGGI 2...

P27 TINGGI 2... P27 TINGGI 2... P42 _TINGGI 2...

Fig. 2.
Roboflow.

Melon dataset annotation using instance segmentation in

140 Total Images View All Images

VALID SET TEST SET
100 Images 20 Images 20 Images
i 14%
Fig. 3. Dataset splitting into training, validation, and test sets.

C. Building the Segment Anything Model and Fine-Tuning

SAM supports three segmentation modes, namely fully
automatic mode, bounding box mode, and point mode [15, 29,
34]. The SAM architecture consists of several components that
work together to perform the segmentation process. First, the
melon images from the dataset are input into the model. Then,
the image encoder converts images into simpler, more compact
representations of features. The features are then placed into a
numerical embedding representation. Through the input
prompt, instructions are given to the model, which are then
converted into a numerical representation by the prompt
encoder. The mask decoder generates pixel tagging of the
image according to the instructions given, ultimately resulting
in valid masks, which are the final results of the segmentation
process [13, 35, 36]. Figure 4 presents a visual depiction of the
of SAM algorithm architecture. Fine-tuning is done based on

the hyperparameter configuration, as listed in Table I, to find
the optimal combination.

TABLE L. HYPERPARAMTER CONFIGURATION
Epoch Learning rate Optimizer
50 0.001 Adam
50 0.001 AdamW
50 0.001 Stochastic Gradient Descent (SGD)

D. Ranking Technique

The ranking technique was applied to the detected masks by
taking the horizontal line barrier of the mask which was used as
the diameter or width of the fruit. Then the obtained fruit
diameters, from largest to smallest, were classified and ranked.
The larger the diameter, the lower the ranking, and vice versa.
Algorithm 1 presents the pseudocode of the ranking technique.

Algorithm 1: Ranking melons for pruning

selection based on diameter using SAM

Input Width (horizontal line)

segmentation values

Output Ranked melons and pruning

decision

1. image_h, image_w € image.shape

2. out_segments, num_segments €
segment_objects (image, SAM_model)

3. melon_diameters € []

4. for i ¢ range(num_segments) do

5. segment « out_segments([i]

6. x_coords ¢« [point[0] for point in
segment ]

7. y_coords <« [point[1l] for point in
segment ]

8. min_x < min (x_coords)

9. max_x < max (X_coords)

10. min_y ¢ min(y_coords)

11. max_y ¢ max(y_coords)

12. width ¢<max_x - min_x

13. height < max_y - min_y

14. diameter < max (width, height)

15. melon_diameters.append((diameter,

segment) )
16. end for

17. sorted_melons « sort (melon_diameters,

descending = True)
18. for rank «1 to length(sorted_melons)
do
19. diameter, segment ¢«
sorted_melons[rank - 1]
20. print "Melon ", rank, ": Diameter
=", diameter
21. if rank > 2 then
22. print "Pruned"

23. end if
24. end for
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Fig. 4.

E. Model Evaluation

In the evaluation stage, performance was assessed using
Intersection over Union (IoU) and Dice coefficient, which
consider the similarity between the predicted model and the
ground truth [37-39].

Area of Overlap _ |ANB|
Area of Union |AUB|
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€]
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IoU, also known as the Jaccard index, is the most
commonly used metric to compare similarities between two
arbitrary forms [40-45]. IoU is calculated by dividing the area
of overlap between the prediction model (A) and ground truth
(B) by the area of union of the two sets. Dice coefficients are
often used in image segmentation to measure the similarity
between two sets [46-48]. The Dice coefficient calculates twice
the area of overlap divided by the sum of elements in both sets.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Fine-Tuning Results

The fine-tuning stage of SAM is performed with three
hyperparameter schemes, which differ in the use of optimizers
(Adam, AdamW, or SGD). Each scheme runs for 50 epochs
and uses a learning rate of 0.001 with the same training
process. The loss function used is Mean Squared Error
(MSELoss), which compares the results of segmentation
converted into a binary mask with a ground truth mask to
measure how well the model performs predictions. Accuracy is
calculated based on the pixel match between the segmentation
results and the ground truth mask. Average losses and accuracy
are recorded at each epoch to evaluate the model's
performance, so as to determine the most optimal combination
of learning rate, epoch, and optimizer for improving
segmentation accuracy.

Based on the testing results for the three hyperparameter
schemes, presented in Figure 5 and Table II, the second scheme
using the AdamW optimizer with a weight decay of 0.01, a
learning rate of 0.001, and 50 epochs showed the best
performance compared to the other two schemes. This is
demonstrated by a very low training loss value and an accuracy
close to 100%, which indicates that the model is able to learn
optimally from the training data. In addition, convergence
occurs rapidly, demonstrating the effectiveness of
hyperparameter combinations in accelerating the modeling
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SAM architecture for melon image segmentation.

process. In comparison, the first scheme with the Adam
optimizer experienced stagnation in the loss value and
accuracy, which remained around 0.000008 and 99.9992%,
respectively, without any significant improvement. This
phenomenon can indicate that the model is experiencing a
plateau, where learning does not develop after a certain number
of iterations. Meanwhile, the third scheme using SGD with a
momentum of 0.9 also showed similar results, where the
training loss remained constant at 0.013010 and the training
accuracy did not increase from 98.699% over the 50 epochs.
This shows that the use of SGD with a momentum of 0.9 at a
learning rate of 0.001 in this scheme is less optimal than Adam.
Taking these results into account, the second scheme can be
considered the best approach to model training.

After testing the fine-tuning parameters and choosing the
best scheme, the next step is to test the model using a test
dataset consisting of two images. The main purpose of this test
is to evaluate the extent to which the customized model can
accurately segment new data that have never been used in the
training process. The evaluation of the model's performance
was carried out using the IoU and Dice coefficient evaluation
metrics. Figure 6 presents the results of the segmentation
accuracy evaluation on the test data.

Based on the evaluation of the test data, the SAM showed
excellent performance in segmenting melons. The results of the
evaluation using IoU and Dice coefficient showed that the
model, fine-tuned with scheme b, was able to segment with a
high level of accuracy. This can be seen in some of the images,
which had an IoU value of more than 0.7, indicating that the
model's prediction has a good degree of overlap with ground
truth. The Dice coefficient values ranged from 0.8 to 0.9,
confirming that the model has a high similarity with the ground
truth, especially in objects that are more clearly visible.

B. Pruning Decision Analysis

Based on Figure 7, this method shows that SAM can be
used effectively for segmentation, measuring melon diameter,
as well as assisting in the pruning process. All the melons in
the image were successfully detected and segmented. Each
melon had an identification label along with a parameter value
indicating the quality of the segmentation. The diameter values
and evaluations are displayed next to the labels, as shown in
Table III.
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Fig. 5. Fine-tuning results for the three schemes: (a) Adam, (b) AdamW, and (c) SGD.

TABLEII. HYPERPARAMETER RESULTS FOR THE THREE FINE-TUNING SCHEMES

Scheme Learning rate Epoch Optimizer MSELoss Accuracy (%)
a 0.001 50 Adam 0.000008 99.9992
b 0.001 50 AdamW 0.000008 99.9992
c 0.001 50 SGD 0.01301 98.6990
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Fig. 6. Segmentation results on test images: (a) melon 1 — IoU = 0.9757, Dice = 0.9877; melon 2 — IoU = 0.9654, Dice = 0.9824, and (b) melon 1 — IoU =
0.8209, Dice = 0.9016; melon 2 — IoU = 0.7038, Dice = 0.8262.

Melon Segmentation and Diameter Estimation (Tuned)
o, #
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'\
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Fig. 7. Pruning results based on diameter and segmentation: (a) image 1 (ideal conditions), and (b) image 2 (non-ideal conditions).

IoU and Dice values reflect the quality of segmentation,
TABLEIIL ~ RESULTS OF PRUNING EVALUATION BASED ON whereas diameter better reflects the size of the segmented

DIAMETER object, regardless of how accurate the segmentation is. Under

Images Melon Diameter ToU Dice coefficient ideal conditions, as seen in image 1 (Figure 7(a)), the values of

| Melon 1 91.29 0.96 0.98 diameter, IoU, and Dice are directly proportional. Whereas in

Melon 2 53.37 0.96 0.97 non-ideal conditions such as in image 2 (Figure 7(b)), melon 2

Melon 1 84.16 0.97 0.98 has a lower IoU and Dice, but a larger diameter than melon 3

2 Melon 2 79.69 0.79 0.88 due to the possibility that the segmentation model captured a
Melon 3 51.78 0.83 091

larger area, potentially because of a more oval shape of the
melon. Meanwhile, melon 3 has a higher IoU and Dice, but a
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smaller diameter, which suggests that the segmentation is more
accurate but the object is indeed smaller in size from the start.

In pruning analysis, diameter is not the sole determinant.
There must also be precise segmentation, measured by IoU and
Dice values. Compared to traditional segmentation methods
such as fuzzy clustering with kernel distance [33] and
evolutionary-based clustering using hybrid differential
evolution and genetic algorithms [30], the SAM-based
approach demonstrated in this study achieves significantly
higher segmentation precision with minimal pre-processing and
no reliance on handcrafted features. Additionally, prior
Artificial Neural Network (ANN)-based segmentation in retinal
imaging relied heavily on color-texture feature engineering and
supervised learning [34], whereas the SAM model in this study
required only prompt tuning to yield consistent segmentation
results across diverse melon imagery. These findings highlight
the potential of SAM as a versatile and efficient model for real-
time horticultural decision-making, such as pruning.

The pruning process is greatly aided by accurate
segmentation, as segmentation allows the identification and
separation of each melon individually from the background and
other surrounding objects. With this segmentation information,
the system can measure the diameter of each melon
automatically and consistently, so that pruning decisions based
on size criteria can be made more precisely and efficiently.
Without good segmentation, the pruning process is more
difficult to automate, as the boundaries and sizes of objects are
not clearly defined.

V. CONCLUSION

This study evaluated the performance of the Segment
Anything Model (SAM) for melon segmentation and diameter-
based pruning analysis by testing three optimizers: Adam,
AdamW, and Stochastic Gradient Descent (SGD). The optimal
configuration was achieved using the AdamW optimizer with a
weight decay of 0.01, a learning rate of 0.001, and 50 epochs,
yielding an accuracy of 99%. Experimental results demonstrate
that SAM effectively segments melon objects with high
precision. Diameter estimation was performed by calculating
the maximum dimension of each segmented mask. The
segmentation results showed that melon objects were
accurately recognized, as indicated by high Intersection over
Union (IoU) and Dice coefficient values for most objects.
These findings confirm that SAM is capable of identifying
object boundaries with high precision in complex agricultural
environments.

REFERENCES

[1] F. Nugraha, S. Suriyanti, and M. S. Gani, "Pengaruh Perlakuan Pupuk
Hayati Bioneensis Dan Media Tanam Terhadap Pertumbuhan Dan
Produksi Tanaman Melon (Cucumis melo L.)," AGrotekMAS Jurnal
Indonesia: Jurnal Ilmu Peranian, vol. 4, no. 3, pp. 317-322, Dec. 2023,
https://doi.org/10.33096/agrotekmas.v4i3.400.

[2] B. Mahendra, S. Suwali, A. Priambodo, and M. Sulaeman, "Increasing
Melon Farmers Income through Agribusiness Development Strategies,"
Perwira International Journal of Economics & Business, vol. 2, no. 1,
pp. 9-16, July 2022, https://doi.org/10.54199/pijeb.v2il.122.

[3] E. Alfareza and T. Erlina, "Sistem Pemberian Air Dan Pupuk Pada
Tanaman Melon Menggunakan Irigasi Tetes," Chipset, vol. 4, no. 02, pp.

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

107-118,
118.2023.

L. Narayanan et al., "Nutritional and Therapeutic Potential of Bioactive
Compounds from Melons: A Mini Review," Journal of microbiology,
biotechnology and food sciences, vol. 14, no. 3, pp. el1877-e11877,
Oct. 2024, https://doi.org/10.55251/jmbfs.11877.

G. Zhang, Z. Li, L. Liu, and Q. Xiang, "Road to valorisation of melon
seeds (Cucumis melo L.): a comprehensive review of nutritional
profiles, biological activities, and food applications," Sustainable Food

Oct. 2023,  https://doi.org/10.25077/chipset.4.02.107-

Technology, vol. 2, mno. 5, pp. 1166-1182, Sept. 2024,
https://doi.org/10.1039/D4FB00119B.
"Produksi Tanaman Buah-buahan - Tabel Statistik." Badan Pusat

Statistik. https:/www.bps.go.id/id/statistics-table/2/NjIjMg==/produksi-
tanaman-buah-buahan.html.

E. Irawan, A. Agustono, and I. S. Andriani, "Pola Alokasi Buruh Tani
dan Pengaruhnya Terhadap Produktivitas Usahatani Melon: Pendekatan
Generalized Additive Model," Journal of Social and Agricultural
Economics, vol. 16, no. 2, pp. 159-172, Aug. 2023,
https://doi.org/10.19184/jsep.v16i2.39405.

S. Laudji, N. Musa, and M. Lihawa, "Peningkatan Produksi Melon
(Cucumis melo L.) Melalui Pemangkasan Pucuk dan Pemanfaatan
Ekstrak Selasih Ungu Sebagai Atraktan Terhadap Lalat Buah
(Bactrocera cucurbitae Coquilett)," Jurnal Agroteknotropika, vol. 10, no.
2, pp. 1-10, Dec. 2021.

H. Yaro, D. I. Adepke, A. Ahmed, and D. M. Katung, "Effect of Pruning
on the Growth and Yield of Indeterminate and Determinate Tomato
Variety in the Northern Guinea Savanna of Nigeria," International
Journal of Innovative Science and Research Technology, vol. 9, no. 8,
pp- 2756-2768, Aug. 2024,
https://doi.org/10.38124/ijisrt/INISRT24AUG1711.

D. N. Fitriani, N. Musa, and W. Pembengo, "Respon Pertumbuhan Dan
Produksi Tanaman Melon (Cucumismelol) Pada Pemupukan Npk Dan
Pemangkasan Cabang," Jurnal Lahan Pertanian Tropis, vol. 1, no. 2, pp.
5-9, Dec. 2022, https://doi.org/10.56722/jlpt.v1i2.17649.

G. L. da Silva et al., "Effects of Fruit Thinning and Main Stem Pruning
in Melon Crops," Journal of Experimental Agriculture International,
vol. 39, no. 3, 1-10, July 2019,
https://doi.org/10.9734/jeai/2019/v39i330333.

N. A. E. Budiarti, S. Wahjuni, W. B. Suwarno, and Wulandari,
"Research on Melon Fruit Selection Based on Rank with YOLOv4
Algorithm," Journal of Physics: Conference Series, vol. 2123, no. 1,
Nov. 2021, Art. no. 012036, https://doi.org/10.1088/1742-
6596/2123/1/012036.

A. Kirillov et al, "Segment Anything." arXiv, Apr. 05, 2023,
https://doi.org/10.48550/arXiv.2304.02643.

Y. Zhang and R. Jiao, "How Segment Anything Model (Sam) Boost
Medical Image Segmentation: A Survey." Social Science Research
Network, June 29, 2023, https://doi.org/10.2139/ssrn.4495221.

A. S. Geetha and M. Hussain, "From SAM to SAM 2: Exploring
Improvements in Meta's Segment Anything Model." arXiv, Aug. 12,
2024, https://doi.org/10.48550/arXiv.2408.06305.

B. Varadarajan et al., "SqueezeSAM: User friendly mobile interactive
segmentation.” arXiv, May 20, 2024,
https://doi.org/10.48550/arXiv.2312.06736.

B.-U. Shin, "Development of YOLOVS and Segment Anything Model
Algorithm-Based Hanok Object Detection Model for Sustainable
Maintenance of Hanok Architecture," Sustainability, vol. 16, no. 9, May
2024, Art. no. 3775, https://doi.org/10.3390/su16093775.

C. Zhang et al., "A Survey on Segment Anything Model (SAM): Vision
Foundation Model Meets Prompt Engineering." arXiv, Oct. 19, 2024,
https://doi.org/10.48550/arXiv.2306.06211.

R. Zhang et al., "Personalize Segment Anything Model with One Shot."
arXiv, Oct. 04, 2023, https://doi.org/10.48550/arXiv.2305.03048.

L. Nanni, D. Fusaro, C. Fantozzi, and A. Pretto, "Improving Existing
Segmentators Performance with Zero-Shot Segmentators," Entropy, vol.
25, no. 11, Nov. 2023, Art. no. 1502, https://doi.org/10.3390/e25111502.
L. P. Osco et al,, "The Segment Anything Model (SAM) for remote
sensing applications: From zero to one shot," International Journal of

www.etasr.com

Alfiaturrohmah & Sudianto: A Segment Anything Model for Melon Pruning Based on Diameter



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26632-26639 26639

[22]

[23]

[24]

[25]
[26]

[27]

(28]

[29]

[30]

[31]

[34]

(401

Applied Earth Observation and Geoinformation, vol. 124, Nov. 2023,
Art. no. 103540, https://doi.org/10.1016/j.jag.2023.103540.

L. Zhang et al., "Segment Anything Model (SAM) for Radiation
Oncology." arXiv, July 04, 2023,
https://doi.org/10.48550/arXiv.2306.11730.

Y. Zhang, T. Zhou, S. Wang, P. Liang, and D. Z. Chen, "Input
Augmentation with SAM: Boosting Medical Image Segmentation with
Segmentation  Foundation Model." arXiv, June 21, 2023,
https://doi.org/10.48550/arXiv.2304.11332.

M. A. Mazurowski, H. Dong, H. Gu, J. Yang, N. Konz, and Y. Zhang,
"Segment anything model for medical image analysis: An experimental
study," Medical Image Analysis, vol. 89, Oct. 2023, Art. no. 102918,
https://doi.org/10.1016/j.media.2023.102918.

A. Vaswani et al., "Attention Is All You Need." arXiv, Aug. 02, 2023,
https://doi.org/10.48550/arXiv.1706.03762.

T. B. Brown et al., "Language Models are Few-Shot Learners." arXiv,
July 22, 2020, https://doi.org/10.48550/arXiv.2005.14165.

A. Dosovitskiy et al., "An Image is Worth 16x16 Words: Transformers
for Image Recognition at Scale." arXiv, June 03, 2021,
https://doi.org/10.48550/arXiv.2010.11929.

J.Ma, Y. He, F. Lij, L. Han, C. You, and B. Wang, "Segment anything in
medical images," Nature Communications, vol. 15, no. 1, Jan. 2024, Art.
no. 654, https://doi.org/10.1038/s41467-024-44824-7.

Y. Li, D. Wang, C. Yuan, H. Li, and J. Hu, "Enhancing Agricultural
Image Segmentation with an Agricultural Segment Anything Model
Adapter," Sensors, vol. 23, no. 18, Sept. 2023, Art. no. 7884,
https://doi.org/10.3390/s23187884.

R. V. V. Krishna and S. S. Kumar, "Hybridizing Differential Evolution
with a Genetic Algorithm for Color Image Segmentation," Engineering,
Technology & Applied Science Research, vol. 6, no. 5, pp. 1182-1186,
Oct. 2016, https://doi.org/10.48084/etasr.799.

J. Kang et al., "A Point Cloud Segmentation Method for Dim and
Cluttered Underground Tunnel Scenes Based on the Segment Anything
Model," Remote Sensing, vol. 16, no. 1, Jan. 2024, Art. no. 97,
https://doi.org/10.3390/rs16010097.

R. A. Zakiah, S. Wahjuni, and W. B. Suwarno, "Pemilihan Algoritma
Machine Learning untuk Perangkat dengan Komputasi Terbatas pada
Deteksi Kematangan Buah Melon Berjala," Jurnal llmu Komputer dan
Agri-Informatika, vol. 10, no. 2, pp. 189-199, Nov. 2023,
https://doi.org/10.29244/jika.10.2.189-199.

B. Gharnali and S. Alipour, "MRI Image Segmentation Using
Conditional Spatial FCM Based on Kernel-Induced Distance Measure,"
Engineering, Technology & Applied Science Research, vol. 8, no. 3, pp.
2985-2990, June 2018, https://doi.org/10.48084/etasr.1999.

A. N. Saeed, "A Machine Learning based Approach for Segmenting
Retinal Nerve Images using Artificial Neural Networks," Engineering,
Technology & Applied Science Research, vol. 10, no. 4, pp. 59865991,
Aug. 2020, https://doi.org/10.48084/etasr.3666.

"What is data annotation? Complete tool guide 2025." SuperAnnotate.
https://www.superannotate.com/blog/data-annotation-guide.

Y. Wang, U. Ahsan, H. Li, and M. Hagen, "A Comprehensive Review of
Modern Object Segmentation Approaches," Foundations and Trends®
in Computer Graphics and Vision, vol. 13, no. 2-3, pp. 111-283, 2022,
https://doi.org/10.1561/0600000097.

D. Cheng, Z. Qin, Z. Jiang, S. Zhang, Q. Lao, and K. Li, "SAM on
Medical Images: A Comprehensive Study on Three Prompt Modes."
arXiv, Apr. 28, 2023, https://doi.org/10.48550/arXiv.2305.00035.

G. Boesch, "Segment Anything Model (SAM) - The Complete Guide."
viso.ai. https://viso.ai/deep-learning/segment-anything-model-sam-
explained/.

L. Zhang, X. Deng, and Y. Lu, "Segment Anything Model (SAM) for
Medical Image Segmentation: A Preliminary Review," in 2023 IEEE
International Conference on Bioinformatics and Biomedicine, Istanbul,
Turkiye, 2023, pp- 4187-4194,
https://doi.org/10.1109/BIBM58861.2023.10386032.

S. Gon Park et al., "Deep Learning Model for Real-time Semantic
Segmentation During Intraoperative Robotic Prostatectomy,” European

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Urology Open  Science, vol. 62, 47-53, 2024,

https://doi.org/10.1016/j.euros.2024.02.005.

G. V. Vlasceanu, N. Tarba, M. L. Voncila, and C. A. Boiangiu,
"Selecting the Right Metric: A Detailed Study on Image Segmentation
Evaluation," BRAIN. Broad Research in Artificial Intelligence and
Neuroscience, vol. 15, no. 4, pp. 295-318, Dec. 2024,
https://doi.org/10.70594/brain/15.4/20.

D. Miiller, I. Soto-Rey, and F. Kramer, "Towards a guideline for
evaluation metrics in medical image segmentation," BMC Research
Notes,  vol. 15, no. 1, June 2022, Art. no. 210,
https://doi.org/10.1186/s13104-022-06096-y.

H. Rezatofighi, N. Tsoi, J. Gwak, A. Sadeghian, I. Reid, and S.
Savarese, "Generalized Intersection Over Union: A Metric and a Loss
for Bounding Box Regression," in 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Long Beach, CA, USA,
2019, pp. 658-666, https://doi.org/10.1109/CVPR.2019.00075.

G. Travieso, A. Benatti, and L. da F. Costa, "An Analytical Approach to
the Jaccard  Similarity Index." arXiv, Oct. 21, 2024,
https://doi.org/10.48550/arXiv.2410.16436.

L. da F. Costa, "Further Generalizations of the Jaccard Index." arXiv,
Nov. 18, 2021, https://doi.org/10.48550/arXiv.2110.09619.

L. Harisha, "Dice Coefficient! What is it?2."
https://lathashreeh.medium.com/dice-coefficient-what-is-it-
ff090ec97bda.

M. Yeung, L. Rundo, Y. Nan, E. Sala, C.-B. Schonlieb, and G. Yang,
"Calibrating the Dice Loss to Handle Neural Network Overconfidence
for Biomedical Image Segmentation," Journal of Digital Imaging, vol.
36, no. 2, pp. 739-752, Apr. 2023, https://doi.org/10.1007/s10278-022-
00735-3.

G. Podobnik and T. Vrtovec, "Metrics Revolutions: Groundbreaking
Insights into the Implementation of Metrics for Biomedical Image
Segmentation." arXiv, Oct. 03, 2024,
https://doi.org/10.48550/arXiv.2410.02630.

pp- Apr.

Medium.

www.etasr.com

Alfiaturrohmah & Sudianto: A Segment Anything Model for Melon Pruning Based on Diameter



