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Automatic plant phenotyping analysis 2
of Melon (Cucumis melo L.) germplasm

resources using deep learning methods

and computer vision
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Abstract

Cucumis melo L, commonly known as melon, is a crucial horticultural crop. The selection and breeding of superior
melon germplasm resources play a pivotal role in enhancing its marketability. However, current methods for melon
appearance phenotypic analysis rely primarily on expert judgment and intricate manual measurements, which are
not only inefficient but also costly. Therefore, to expedite the breeding process of melon, we analyzed the images
of 117 melon varieties from two annual years utilizing artificial intelligence (Al) technology. By integrating the
semantic segmentation model Dual Attention Network (DANet), the object detection model RTMDet, the keypoint
detection model RTMPose, and the Mobile-Friendly Segment Anything Model (MobileSAM), a deep learning
algorithm framework was constructed, capable of efficiently and accurately segmenting melon fruit and pedicel.
On this basis, a series of feature extraction algorithms were designed, successfully obtaining 11 phenotypic traits of
melon. Linear fitting verification results of selected traits demonstrated a high correlation between the algorithm-
predicted values and manually measured true values, thereby validating the feasibility and accuracy of the
algorithm. Moreover, cluster analysis using all traits revealed a high consistency between the classification results
and genotypes. Finally, a user-friendly software was developed to achieve rapid and automatic acquisition of melon
phenotypes, providing an efficient and robust tool for melon breeding, as well as facilitating in-depth research into
the correlation between melon genotypes and phenotypes.
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Introduction

Melon, an important crop of the Cucurbitaceae fam-
ily, is highly favored by consumers due to its sweet taste
and nutritional value [1]. There exists a wide variety of
melon types, among which Cucumis melo L., renowned
for its superior quality and attractive appearance, holds
strong competitiveness in the consumer market. With
the rapid development of modern economic society, the
demand for fruit quality continues to escalate. The exter-
nal appearance of melons directly influences consumer
choices, determining their commercial value. Therefore,
in the breeding process of melons, breeders focus on
phenotypic traits such as fruit length, width, shape index,
and color, which reflect melons’ appearance. Addition-
ally, the length and width of melons’ pedicel determine
whether the fruit is prone to dropping and the ease of
fruit picking post-maturation, underscoring the signifi-
cance of obtaining corresponding phenotypic traits.

Crop breeding is the primary approach to improving
crop quality [2]. Breeders select superior varieties and
preserve their germplasm resources by evaluating the
phenotypic traits of fruits as representations of corre-
sponding genotypes [3—-5]. Therefore, phenotypic detec-
tion is a crucial step in melon breeding [6]. However,
currently the acquisition of phenotypic data relies pre-
dominantly on expert judgment and complex manual
measurements. This high-cost, low-efficiency mode of
work severely limits the quantity and quality of pheno-
typic data, and it is difficult to quantify traits due to indi-
vidual differences [7, 8]. Therefore, finding a rapid and
accurate automated method for plant phenotypic extrac-
tion is of great practical significance.

In recent years, the field of Al has continuously
achieved crucial technological breakthroughs, and auto-
mated phenotypic analysis methods based on computer
vision and deep learning have demonstrated powerful
application potential [9], providing strong support for
crop breeding. Currently, RGB images are the most com-
mon data source, which is easy to obtain, cost-effective,
and applicable to multiple models [10, 11]. Tu et al. [12]
utilized the Fast Region-based Convolutional Neu-
ral Network (Faster R-CNN) algorithm to detect pas-
sion fruits in natural environments and extract relevant
phenotypic information, achieving classification of five
different levels of ripeness by inputting it into a classi-
fier. Wu et al. [13] proposed two models, linear regres-
sion and deep learning, to calculate the grain number
per panicle in rice, assisting in rice variety selection. Ni
et al. [14] implemented the segmentation of individual
blueberries based on Mask Region-based Convolutional
Neural Network (Mask R-CNN), obtaining the cluster
compactness and fruit maturity, and estimating berry
number per clusters, which are of great significance for
blueberry breeding. Li et al. [15] proposed the SPM-IS
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algorithm, which can obtain phenotypic traits of mature
soybean stems, pods, and seeds. The results showed a
high correlation coefficient between predicted and true
values, making it a powerful tool for accelerating soybean
breeding processes.

However, related research on melons remains notably
scarce. Ho et al. [16] utilized the UNet to segment melon
fruit peel images, obtaining masks for four parts and
extracting 12 phenotypic traits. These traits were then
input into a Deep Neural Network (DNN) to achieve
sweetness grading. Similarly, Qian et al. [17] used algo-
rithms to extract color and texture features of melon skin
to predict weight loss rates, enabling rapid assessment
of melon storage conditions. Cho et al. [18] developed
two machine learning algorithms based on hyperspec-
tral images to predict melon solids concentration and
moisture content as indicators of melon ripeness. Kalan-
tar et al. [19] used drone images to identify melons in
images using object detection algorithms and extracted
contours. By approximating the contours to standard
ellipses, the weight of melons was calculated based on
ellipse dimensions and density formulas, combined with
fruit quantity to achieve yield prediction. Although deep
learning algorithms perform well in phenotypic extrac-
tion of melons, its applications are mostly focused on
post-harvest grading, ripeness detection, yield predic-
tion, etc., with relatively limited applications in breeding.

Another salient point to note is that, although there has
been some progress in the recognition and segmenta-
tion of plant stems and fruit pedicels using deep learning
methods, there is almost no research on extracting their
phenotypes. In the related studies on melon phenotype
acquisition, there has been no focus on pedicel, despite
the importance of its phenotypic traits for melon breed-
ing. Meanwhile, we have noticed that in recent years,
keypoint detection algorithms have been widely applied
in fruit picking location research due to their unique
advantages in detecting stem-like target objects. And this
has important implications for our research [20-22].

Therefore, addressing the current lack of rapid and
automatic phenotypic acquisition methods in the field
of melon breeding, this study established a comprehen-
sive framework for automatic extraction of melon fruit
and pedicel phenotypes based on multiple deep learning
algorithms. It can efficiently and accurately obtain mul-
tiple important phenotypic traits of melon. The main
contributions of this study are as follows: [1] Analyzed
and compared the performance of six classical semantic
segmentation models for melon fruit. Achieved high-
precision segmentation of various image components,
including fruit and scale, on the optimal model DANet
[2]. Employed the object detection algorithm RTMDet
and keypoint detection algorithm RTMPose to achieve
pedicel localization. Utilized the predicted bounding box
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and keypoint coordinates as cues, inputting them into the
MobileSAM model to accomplish pedicel segmentation
[3]. Proposed a series of phenotype extraction algorithms
based on the obtained masks of segmented compo-
nents and the regression-derived keypoint coordinates.
Through comparison and conversion with the scale, the
genuine phenotypic traits of melon were obtained [4].
Integrated the algorithms into a comprehensive frame-
work and developed corresponding software. When fed
with specified format melon image, the software can
achieve rapid and automatic acquisition of its phenotype,
effectively applying our research outcomes to the breed-
ing process of melons.

Materials and methods

This study can be divided into four stages (Fig. 1): data
acquisition, model selection and algorithm framework
construction, proposal of phenotype extraction algo-
rithms, and software development.

Data
In two annual cycles, we cultivated 117 different varieties
of melon to construct our dataset, comprising 35 varieties
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cultivated in 2020 and 82 in 2022. Fruit morphological
appearances varied significantly among different variet-
ies. For each variety, 1-3 images were collected. During
image acquisition, all melon fruits were positioned within
a dark enclosure and illuminated from above. Positioned
directly in front of the melon was a 6 cm scale for refer-
ence. A handheld camera with a resolution of 5184 %3456
pixels was employed to capture the images. And care was
taken to ensure that the melon and scale did not over-
lap in the frame and were roughly centered. To facilitate
training and ensure uniformity in size measurement, all
images underwent preprocessing involving cropping
and resizing, ultimately resized to 600x400 pixels before
being input into the model.

The ground truth used for training was manually
annotated using the data labeling tool LabelMe. For
the two distinct tasks of fruit segmentation and pedicel
segmentation, two different types of annotations were
conducted: [1] For semantic segmentation of melon
fruit, annotations were made along the contours of the
fruit, intact pedicel, and the scale; [2] For the detection
of melon pedicel, we first annotated the required por-
tion of the pedicel area using rectangular bounding
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Fig.1 Deep learning framework for melon phenotypic traits acquisition. Four stages of this study: data acquisition, model selection and algorithm frame-
work construction, proposal of phenotype extraction algorithms, and software development
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boxes. Additionally, upon comprehensive evaluation of
all images, we found that the bending situations of most
pedicels were not overly complex, with three key points
being sufficient to describe their shape. Therefore, in this
study, we annotated three key points for each pedicel:
the intersection point between the pedicel and fruit, the
bending point of the pedicel (or the midpoint if the pedi-
cel was not bent), and the intersection point between the
required pedicel portion and other parts of the pedicel.
These key points were named pl, p2, and p3 based on
their proximity to the melon fruit. Upon completion of
annotation, each image generated a corresponding JSON
file, which was subsequently converted into the required
dataset format according to the specific model require-
ments. Furthermore, for ease of subsequent model train-
ing and development, the dataset was randomly divided
into training set (137 images), validation set (35 images),
and test set (20 images) in a 7:2:1 ratio.

Model

Semantic segmentation

Segmentation of melon fruits is a task involving single-
object segmentation of multiple classes against a pure
black background. To meet the specific requirements of
this task, we selected a total of six classic semantic seg-
mentation models for comparison. These six models
are Asymmetric Non-local Neural Network (ANNNet)
[23], DANet [24], DeepLabV3 [25], DeepLabV3+ [26],
Fully Convolutional Network (FCN) [27], and Pyramid
Scene Parsing Network (PSPNet) [28]. Under identical
experimental conditions, all models were trained on our
constructed melon dataset, and their performance was
subsequently evaluated on the test set.

Compared to object detection and classification,
applying deep learning methods to semantic segmen-
tation faces two major challenges. One is resolution: in
the process of convolution and pooling, the feature map
size shrinks continuously in deep convolutional neu-
ral networks, leading to the loss of spatial information.
However, semantic segmentation, as a dense prediction
problem, requires not only deep semantic information
but also high spatial resolution. The other challenge is
the balance between receptive field size and computa-
tional complexity. Establishing long-range dependencies
for features at different scales can significantly improve
segmentation results, but this leads to increased com-
putational costs. The six semantic segmentation mod-
els selected in this study employ different strategies to
address these challenges from various perspectives. For
example, the Atrous Spatial Pyramid Pooling (ASPP)
module introduced in the DeepLab series and the Pyra-
mid Pooling Module (PPM) module introduced in
PSPNet adapt to the needs of different tasks. By compar-
ing the prediction results, we would select the model that
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best suits our study and better extract melon fruit pheno-
type features.

The backbone of all models is selected as ResNet50. All
deep learning code used in the study was executed in a
GPU environment on Google Colab, utilizing Tesla V4
GPU resources. The code framework was built using the
MMSegmentation and MMPose algorithm libraries.

In evaluation, to compare the performance of different
models, F-score is used as the primary evaluation metric.
While Precision measures the subjective accuracy of the
model and Recall gauges the objective accuracy, F-score
achieves a balance between the two, offering a more
holistic assessment of model performance.

TP
0 @ - - - 1
Precision TP FP (1)
TP
Recall = 7 p T FN @

2 X Precision x Recall
F — score = — (3)
Precision + Recall

Where TP (True Positive) refers to the pixels correctly
identified as part of the object class, meaning they are
labeled as belonging to the object both in the predicted
segmentation mask and the ground truth. FP (False Posi-
tive) occurs when background pixels are mistakenly clas-
sified as part of the object, meaning the prediction shows
them as object pixels, but the ground truth labels them
as background. FN (False Negative) refers to object pixels
that are incorrectly classified as background, meaning the
prediction misses them as part of the object, even though
they are labeled as such in the ground truth.

Furthermore, a series of metrics such as Accuracy and
Precision, among others not listed, were also used as ref-
erences in our study.

Three deep learning models used for pedicel segmentation

It is important to clarify that the “pedicel” described in
this study does not refer to the entire pedicel as depicted
in images, but only to a small segment that is connected
to the fruit and has not yet branched. To obtain corre-
sponding phenotypic information, we combined three
deep learning models to acquire keypoints and mask.

In general, for cases such as the one in our study where
there is only a single pedicel target in the image, top-
down keypoint detection algorithms are more commonly
employed.

We trained an RTMDet model on the constructed
melon dataset to serve as the target detector for keypoint
detection (Fig. 2a). RTMDet is a one-stage object detec-
tion model proposed only in 2022 [29], which shares
similarities in architecture with the traditional You Only
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Fig. 2 Deep learning model for melon pedicel segmentation. (a) Architecture of the RTMPose-tiny model employed for pedicel object detection. (b) De-
tailed structure of the RTMPose-s model used for melon pedicel keypoint detection, where the RTMDet model serves as its target detector. () Structure
of the zero-shot trained MobileSAM model, where the prediction results from RTMDet-tiny and RTMPose-s serve as prompt inputs

Look Once (YOLO) series, but has not been widely
explored in research [30-32]. Since the introduction of
the Cross Stage Partial (CSP) structure into DarkNet by
YOLOvV4, CSPDarkNet has been widely applied in vari-
ous versions of the YOLO series due to its simplicity and
efficiency. The backbone of RTMDet is also built upon
CSPDarkNet, with its improvement lying in the incorpo-
ration of 5x5 large convolutional kernels to increase the
effective receptive field, thereby enhancing the feature
extraction capability of the basic building blocks. Subse-
quently, it utilizes the same building blocks as the neck
part for multi-scale feature fusion. Finally, the features
are inputted into detection heads with shared convolu-
tion weights and separated batch normalization (BN) lay-
ers to predict the classification and regression results of
the bounding boxes. Considering the relatively small size
of the dataset, we opted for its tiny version.

Upon this foundation, RTMPose is employed as the
keypoint detection algorithm (Fig. 2b), which is a novel

model introduced by Jiang et al. [33] in March 2023.
RTMPose is a high-performance real-time multi-person
pose estimation framework based on MMPose follow-
ing a “top-down” approach. It utilizes the same building
blocks as RTMDet to construct the backbone of the main
network, achieving a fine balance between speed and
accuracy. Notably, in the keypoint prediction part, RTM-
Pose adopts an algorithm based on SimCC [34] to predict
keypoints, which treats keypoint localization as a classi-
fication task of two pixel points along the x and y coor-
dinate axes. Compared to heatmap-based algorithms, the
SimCC-based algorithm achieves competitive accuracy
with lower computational cost. Furthermore, SimCC
employs a very simple architecture of only two fully con-
nected layers for prediction, making it easy to deploy on
various backends. Currently, there is no research apply-
ing it in agriculture-related fields. Similarly, for consid-
erations of data volume, RTMPose-s is employed in our
study.
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Finally, to achieve accurate segmentation of the pedi-
cel, we adopted the latest lightweight SAM model based
on prompt-guided input, namely MobileSAM [35].
Compared to the original SAM model [36], it signifi-
cantly improves the inference speed without sacrificing
accuracy, and can be directly transferred for use with-
out training. It consists of an image encoder for extract-
ing image features and a prompt encoder for embedding
prompts (Fig. 2c). The coordinates of the bounding
boxes and keypoints predicted by the above algorithm
are embedded into the MobileSAM model as prompts
to reveal the specific locations of the target objects. The
keypoints, when used as prompts, can have two different
labels: background points or foreground points. In this
study, we tested four different prompt input methods,
and ultimately, a prompt input consisting of one target
box, two foreground points, and one background point
was proven to be the most effective (Fig. 3a).

Phenotypic traits extraction

The acquisition of phenotypic traits for melon is based on
the results of all the aforementioned models. The specific
calculation methods for phenotypic parameters are as
follows:
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First, obtain the horizontal and vertical diameters
of the melon fruit. Utilizing the masks obtained from
semantic segmentation on the image, extract the maxi-
mum bounding rectangle of both the scale and the fruit
parts, and read the length and width dimensions of the
rectangle. Since the true length of the scale is known to
be 6 centimeters, the scaling factor o between the actual
size and the pixel values on the image can be computed
(Fig. 3b). Subsequently, through conversion, the actual
values of the horizontal and vertical diameters of the
melon fruit can be obtained (Fig. 3c).

Second, obtain the color information of the melon fruit
skin. Due to the top-lighting conditions during imaging,
there is significant color inconsistency in the upper and
lower edge regions of the melon in the image, which is
unfavorable for acquiring accurate color information of
the fruit skin. In comparison, the color in the central part
of the fruit is more representative of the actual condition.
Therefore, we first defined the center of the maximum
inscribed circle of the segmented fruit mask region as the
center point of the fruit. Then, a square region of 20x20
pixels was drawn around this point, and the RGB values
of all 400 pixels within this region were extracted and

Segmentation Results

-

e Reference - ? ; average-R, G, B(H,S, V)
o > el dietd
L_scale i’
P2 (%, 7,) Length of pedicel
Length of fruit 2 2
= L_melon X a =L p] Gny) = [ (%1 — X2)2+(y1 — ¥2)2+
_ '/ p3(x3,53) \/(xz —x3)2+(y2 - y3)2] X «

Width of fruit
= W_melon X a

®

d = diameter of circle

Width o
=dX a

edicel
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of melon fruit and pedicel. (d) Method for acquiring color information of melon fruit peel
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averaged to represent the color features of the fruit skin
(Fig. 3d).

Third, obtain the length and width of the melon pedi-
cel. On one hand, by applying the Pythagorean theorem,
the lengths of the lines between p1 and p2, as well as p2
and p3, were calculated based on the coordinates of three
keypoints obtained through regression. The sum of these
two segments is taken as an approximation of the pedicel
length. On the other hand, based on the mask obtained
from MobileSAM segmentation, the maximum inscribed
circle is extracted. In this process, to avoid the influence
of small noise generated by segmentation on the results,
the same processing is applied to all independent mask
parts on the image, and only the maximum inscribed cir-
cle with the largest radius is selected. The diameter of this
circle is taken as an approximation of the pedicel width.
Finally, using the scaling factor obtained from the first
part, the actual values of the pedicel length and width are
obtained through conversion (Fig. 3c).

Results and discussion

Melon fruit segmentation

For all six semantic segmentation models, a batch size of
4 and a training epoch of 5000 were configured. The total
training time for each model was approximately 2 h, with
no significant speed differences observed.

After training, we evaluated the performance of the
aforementioned six semantic segmentation models on
our test dataset, contrasting the segmentation results of
various parts of the image (Fig. 4). Here, mFscore rep-
resents the average F-score of these parts. Firstly, it is
intuitive and clear that all models achieve satisfactory
segmentation results for the fruit, scale, and background,
with F-scores all above 90%. However, at the same time,
the segmentation of the pedicel by each model are less
than ideal, far from optimal compared to other parts.
We annotated the complete pedicel contour here, but the
final segmentation result is still not up to par. It is con-
ceivable that segmenting part of the pedicel we need is
undoubtedly challenging using semantic segmentation
models alone, especially when there is interference from
other parts of the pedicel nearby. Therefore, in the follow-
ing study, we employed more complex and novel meth-
ods to accomplish this task. Considering that the format
of the images to be processed in the actual application of
the model to the breeding program is essentially consis-
tent with that of the training data, we therefore do not
conduct tests on the model’s generalization or robustness
in complex scenarios.

Although the segmentation performance of each model
is relatively excellent, it can be observed that there are
still certain differences between the results of different
parts of the images. The melon fruit and the scale, which
will be used as reference in subsequent phenotypic traits
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extraction, are the two main parts of interest on the
image. Therefore, the relevant segmentation metrics of
these two parts became the focus of comparison.

After comprehensive consideration of various factors,
we selected DANet as the final model for melon fruit seg-
mentation, which has advantages in both accuracy and
time efficiency. Although the differences in performance
between different models are not significant in terms of
numerical indicators, DANet wins by a slight margin.
However, from the specific prediction results, DANet
demonstrates the best segmentation performance. It
achieves high-precision segmentation for melons of dif-
ferent varieties, colors, and placement positions. In
contrast, other models tend to exhibit incomplete seg-
mentation in some particularly unique or atypical melon
fruits (Fig. 4b).

DANet, proposed by Fu et al. in 2019, is a dual-atten-
tion network designed to address the problem of intra-
class inconsistency caused by local receptive fields. It
is based on self-attention mechanisms to capture fea-
ture dependencies between different sizes and chan-
nels, thereby enhancing the model’s understanding and
representation capabilities of image content by estab-
lishing associations between features to explore global
context information. The Position Attention module and
the Channel Attention module are key components in
achieving high-precision segmentation.

For the sake of rigor, we conducted experiments to test
the effectiveness of semantic segmentation models in
segmenting part of the pedicel. We manually annotated
a new batch of data, delineating along the contours of
the melon fruit, the desired pedicel, and the scale, while
defining the remaining pedicel parts as background.
Using the same experimental parameters on this new
dataset, we trained DANet and observed the prediction
performance on the test dataset. Although the model can
roughly locate the position of the pedicel, the segmenta-
tion accuracy is low, with only a few melons having their
pedicels segmented relatively completely (Fig. 4c). There-
fore, this experiment also proves that obtaining the mask
of the pedicel solely through semantic segmentation is
impractical. Moreover, it is challenging to extract the
length phenotype of the pedicel based on obtaining the
mask only.

Melon pedicel segmentation

As mentioned earlier, for pedicel phenotypic traits
extraction, we innovatively combined the keypoint detec-
tion model primarily used in fields such as human pose
detection, face recognition, and action analysis with the
“zero-training” segmentation model MobileSAM. In our
study, both RTMDet-tiny and RTMPose-s were trained
for an adequate number of epochs on the melon dataset
constructed by us. After training, they were tested on
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Fig. 4 Semantic segmentation results of melon fruit. (@) Comparison of segmentation results among different models. (b) Visualization results of predict-
ing a certain variety of melon image using different segmentation models, with yellow arrows indicating areas of inaccurate segmentation. (c) Compari-
son between the segmentation results obtained using the DANet model and the ground truth for the desired pedicel part

the test dataset, and their prediction results were visual-
ized. It was found that both models achieved satisfactory
detection performance (Fig. 5). From the images, it can
be observed that the pedicels were accurately located in

the object detection task, and the detection accuracy of
different varieties of melons was ideal. Moreover, on this
basis, RTMPose could effectively identify the three key-
points on the pedicel. Especially for pedicels with bends,
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Fig. 5 Results of object detection, keypoint detection, and segmentation by MobileSAM for melon pedicel. From top to bottom: the original image, the
predicted results from object detection, the predicted results from keypoint detection, the heatmaps for both axis directions in keypoint detection, and

the results from SAM segmentation

it accurately located the bending points using keypoints,
which allowed the skeleton formed by connecting key-
points to better represent the length of the pedicel. The
high-precision detection results also provided strong
support for subsequent segmentation.

The MobileSAM model, which does not require addi-
tional training, can directly segment the pedicel based
on the coordinates of the aforementioned detection
boxes and keypoints, demonstrating high accuracy on
the melon dataset. Compared to directly using semantic
segmentation models for segmentation, this approach
clearly achieves higher precision, better meeting our task
requirements. Additionally, due to the lightweight pro-
cessing of MobileSAM compared to SAM, its inference
speed is entirely sufficient for real-time extraction of phe-
notypic traits.

Phenotypic traits extraction

After completing the construction of melon segmenta-
tion algorithm, we extracted 11 phenotype parameters
from all melon images, including the horizontal diameter,
vertical diameter, fruit shape index of melon fruit, length
and width of melon pedicel, as well as RGB and HSV val-
ues of fruit skin.

In order to validate the accuracy of the model, we man-
ually measured the fruit length and width of 35 varieties
of melons from the year 2020 and calculated their fruit
shape index. Subsequently, we extracted the predicted
values of three corresponding phenotypic traits obtained
by the model from the images of melons in the year 2020
and separately fitted them with the true values (Fig. 6a).
The data fitting and image plotting were performed in
Origin (Version 2021, OriginLab Corporation, USA),
using linear fitting, and a 95% confidence band was indi-
cated. As depicted in the figure, the Pearson correlation
coefficients between the true values and predicted values
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(d)Images of all melon varieties contained within the third cluster

for both length and fruit shape index parameters are
greater than 0.9. Compared to length, the width of mel-
ons is relatively similar among most varieties, with the
high concentration of data amplifying minor errors, thus
affecting the fitting performance to some extent. Never-
theless, the Pearson correlation coefficient remains above
0.8, indicating a good fit between the predicted and true
values, suggesting a high degree of correlation between
them. This further underscores the feasibility and accu-
racy of utilizing the algorithm proposed in our study for
automated melon phenotypic traits acquisition.
Meanwhile, we conducted cluster analysis on all vari-
eties of melons using the obtained 11 phenotypic traits
in Origin. Specifically, for each melon variety with mul-
tiple images captured, the average values among different
images were taken as representations of its phenotypic

traits. Eventually, all varieties were clustered into 8 clus-
ters (Fig. 6b), each with its representative melon (Fig. 6c).
It can be observed that melon varieties from different
clusters exhibit obvious visual differences in characteris-
tics such as fruit skin color, size, and shape, while those
within the same cluster demonstrate a high degree of
similarity. For instance, in the third cluster depicted in
the figure, it comprises 4 varieties of melons (Fig. 6d),
all displaying elongated melons with mottled dark green
skin, a feature not found in other clusters. Furthermore,
upon comparing the results of cluster analysis with those
of genetic sequencing, we found them to be largely con-
sistent. This suggests, on one hand, the existence of a
correspondence between melon phenotypic traits and
genotypes, indicating the feasibility of studying melon’s
genetic characteristics through phenotype analysis. On
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the other hand, it underscores that the selected pheno-
typic traits in this study adequately capture the differ-
ences among different melon varieties and reflect the
quality of melons, which is important for melon breeding.

Software development

To apply the findings of our study practically, we have
integrated all the deep learning models mentioned before
to develop a user-friendly phenotypic traits extraction
software. The software consists of two pages: a login page
and a phenotypic traits extraction page. Upon entering
user credentials on the login page, the software automati-
cally redirects to the phenotypic traits extraction page.
Here, users can import local images that meet the speci-
fied requirements. The software supports various image
formats for input. Once imported, the image is displayed
in the display box on the left side of the page. Users can
then perform various operations by clicking on the cor-
responding buttons, including fruit segmentation, pedi-
cel keypoint detection, and pedicel segmentation. The
segmented image results along with the values of corre-
sponding phenotypic traits will be displayed in real-time
below the page. Finally, all obtained phenotypic traits can
be exported to an Excel spreadsheet for further analysis.

Conclusion

This study presents a deep learning framework that effi-
ciently and accurately retrieves melon phenotypic traits
based on a dataset of 117 melon varieties’ images. On the
one hand, we comprehensively compared the segmenta-
tion performance of six classic semantic segmentation
models—ANNNet, DANet, FCN, DeepLabV3, Deep-
LabV3+, and PSPNet—on melon fruits. Results dem-
onstrate that DANet exhibits the best robustness and
accuracy, outperforming other models with an F-score
of 98.33% for fruit segmentation on the test set. On the
other hand, we achieved high-precision pedicel keypoint
localization and segmentation by integrating the object
detection algorithm RTMDet-tiny, keypoint detection
algorithm RTMPose-s, and MobileSAM model. Building
upon this, we designed a series of extraction algorithms
based on fruit and pedicel mask information, as well as
pedicel keypoint coordinates, to obtain 11 phenotypic
traits for melons. Linear fitting of model-predicted values
and manually measured true values for some parameters
revealed Pearson correlation coefficients greater than
0.8, confirming the feasibility and accuracy of the algo-
rithms. Additionally, clustering analysis was conducted
on all 117 varieties based on the obtained 11 phenotypic
traits, revealing a close relationship between the selected
phenotypic traits and melon genotypes, thus characteriz-
ing the genetic properties of different melon varieties and
aiding in the selection of high-quality resources. Finally,
we integrated various algorithms and developed a simple
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and user-friendly software. By applying the research find-
ings to the breeding process of melons, this software
contributes to deeper investigations into the relationship
between melon phenotypes and genotypes, benefiting
experts in related fields.
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