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Abstract: Despite high market demand, accurately determining the sweetness and ripeness
of watermelons remains a challenge. Traditionally, these qualities are identified through
manual inspection of weight, acoustic tapping, or visual characteristics such as rind color
and field spots. The field spot is the area where the fruit rests on the ground during growth;
its transition from white to yellow serves as a key indicator of the natural ripening pro-
cess and the accumulation of internal sugars. However, these methods are subjective,
time-consuming, and prone to human error. This research utilizes object detection algo-
rithms to classify watermelon sweetness levels based on field spot characteristics, with
the aim of a more objective and consistent evaluation. The study evaluates the YOLOv5
and YOLOVS architectures using a dataset of 333 images categorized into sweet and non-
sweet classes. Model performance was assessed using precision, recall, and mean Av-
erage Precision (mAP@50 and mAP @ 50-90). The findings indicate that YOLOv5 out-
performed YOLOVS, achieving mAP@50 values of 85.3% and 81.9%, respectively. Fur-
thermore, YOLOvV5 demonstrated higher training efficiency. These results suggest that
YOLOV5 offers a more robust and deployable solution for non-destructive agricultural
quality assessment.

Keywords: Fruit Quality Classification, Non-destructive Testing, Image Classification,
Watermelon Sweetness Classification, Field Spot Characteristics, YOLOv5, YOLOvVS.
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1 Introduction

According to the United Nations” Food and Agriculture Organization (FAO), in 2018, wa-
termelons were grown on 3.2 million acres worldwide, producing more than 100 million
tons [1,2]. Asia represented more than 80% of this production [3,4]. The fruit is a source of
essential nutrients, such as vitamins B, C, and E, along with minerals such as calcium, iron,
and zinc [5]. These health benefits, coupled with its taste profile and visual attributes—with
flesh colors ranging from red to pink and yellow—contribute to its widespread consump-
tion. In Indonesia, watermelon consumption increased by 6.14% between 2014 and 2018 [6],
reflecting the continued demand of consumers. To remain competitive, watermelon qual-
ity must consistently meet national and international standards, with sweetness being a
critical factor for consumer acceptance.

To assess current practices for evaluating watermelon quality, interviews were con-
ducted in several fruit markets in Banda Aceh, agrotourism areas in Aceh Besar, and the
UPTD Balai Benih Hortikultura Tanaman Pangan dan Tanaman Perkebunan. These inter-
views indicated that ripeness and sweetness are typically judged through visual cues, such
as the color of the rind and the appearance of the field spot, as well as physical attributes,
including weight and the sound produced by tapping. Because these traditional methods
are based on individual perception, they are highly subjective and lack standardized cat-
egorization. In contrast, the Indonesian National Standard (SNI) quantifies the sweetness
using Total Soluble Solids (TSS), requiring a minimum of 8% Brix [7]. However, determin-
ing Brix values requires cutting the fruit to extract juice samples, which is a destructive
process. Consequently, a more objective and non-destructive approach is required to eval-
uate watermelon quality.

Various non-destructive approaches have been explored to assess fruit sweetness, rang-
ing from spectral and acoustic analysis to advanced machine learning. For watermelon
ripeness detection, Jie et al. utilized VIS/NIR spectral imaging to achieve 88.1% accu-
racy [8], while Albert-Weifs combined acoustic resonance with deep learning to classify
ripeness with 96% accuracy [9]. Traditional machine learning has also been applied; for
instance, Nazulan et al. used K-Means clustering on external visual features—specifically
color, shape, and field spot—to detect sweetness, although their reported 84.62% accuracy
was constrained by a small dataset of 15 images [10]. More recently, deep Convolutional
Neural Networks (CNNs) have shown significant promise in this domain. Muchallil et al.
demonstrated the efficacy of EfficientNet-B4 and ResNet-50 for pineapple sweetness classi-
fication, achieving 84.09% accuracy [11]. Building on these architectures for watermelons,
Fitria et al. compared EfficientNet-B4, ResNet-50, and ShuffleNet-V2, with ShuffleNet-V2
achieving 88.06% accuracy [12]. A subsequent study by the same authors introduced the
EfficientNet-B7 architecture, which substantially improved the classification accuracy of
watermelon sweetness to 98.88% [13].

Despite the high classification accuracy reported in previous studies, many of these ap-
proaches rely on image-level classification models evaluated in controlled settings, limiting
their applicability in real-world environments. In practice, the automatic localization of
key visual indicators of ripeness—particularly the field spot—is essential to support real-
time, non-destructive quality assessment systems. To address this limitation, this study
proposes a watermelon sweetness classification model utilizing the You Only Look Once
(YOLO) object detection algorithm, using the proven efficacy of deep learning in complex
computer vision tasks [14]. YOLO is specifically suited for this application due to its ability
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to rapidly identify and delineate target objects using bounding boxes [15]. YOLOv5 and
YOLOVS were selected for this research, as both architectures have demonstrated superior
accuracy compared to previous iterations [16-18]. YOLOV5 provides an established bal-
ance of high detection accuracy and robust real-time processing speed [19]. Furthermore,
YOLOVS offers a significant architectural advancement with its anchor-free detection head,
which simplifies the detection pipeline and further enhances precision. The results of this
study are expected to serve as a basis for future research, contributing to the practical de-
velopment of automated agricultural quality-sorting machinery and applications.

2 Research Method

The research methodology consists of four primary stages: data collection, data prepro-
cessing, model development, and model verification (Figure 1).

2.1 Watermelon Characteristics and Data Collection Scenario

Based on interviews and field observations, two traditional methods are commonly used to
determine watermelon maturity and sweetness. The first involves evaluating the acoustic
response produced by tapping the lower section of the fruit; a mature watermelon typically
generates a deeper, more resonant sound. The second method relies on the visual inspec-
tion of the field spot. A large, yellowish field spot signifies full maturation on the vine,
whereas immature watermelons are characterized by smaller, white field spots. Figure 2
illustrates the visual comparison between high-sweetness and low-sweetness samples.
While these two traditional methods are widely used, the standard quantitative metric
for sweetness is the Brix value, measured using a refractometer. Consequently, Brix mea-
surements were utilized in this study to establish a ground truth for each sample. Immedi-
ately following image acquisition, a section of the watermelon was removed to extract juice
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Figure 2: Field spot characteristics: high-sweetness (left) and low-sweetness (right).

from the fruit flesh. This juice was then analyzed using a digital refractometer to obtain the
Brix value for each sample. This procedure is illustrated in Figure 3.

Template_Jurnal_Infotfehdatie Kolom/llfadfes Ay Sati1P¥elom/Images/Brix2.PNG

(a) (b)

Figure 3: Brix measurement procedure: (a) juice extraction and (b) refractometer reading.

This study classifies watermelon sweetness levels based on the visual characteristics
of the field spot, with samples divided into two distinct categories: high-sweetness and
low-sweetness. The Brix values obtained through the procedure described above provide
the objective basis for these categories. According to the criteria established by the In-
donesian National Standard (SNI 7420:2009), a Brix value exceeding 8% is categorized as
high-sweetness, while a value of 8% or lower is classified as low-sweetness [7].

The dataset utilized in this study is a primary collection consisting of watermelon speci-
mens photographed shortly after harvest. All image acquisition was conducted under nat-
ural light at a distance of 40 cm between the specimen and the camera. A Canon EOS M10
camera was employed, configured with an aperture of f/3.5 and a focal length of 16 mm.
Each specimen was photographed from six perspectives: front, back, left, right, top, and
bottom. The resulting images maintain a resolution of 5184 x 3456 pixels. This acquisition
setup is illustrated in Figure 4. Immediately following image acquisition, the Brix value
of each specimen was measured using a refractometer to establish ground-truth sweetness
levels. The final dataset comprises a total of 151 images, partitioned into 87 high-sweetness
samples (labeled as "sweet") and 64 low-sweetness samples (labeled as "not-sweet").
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Figure 4: Data acquisition setup for the watermelon dataset.

2.2 Data Preprocessing

A four-step preprocessing pipeline was applied to the collected raw images to generate
a clean dataset. First, background removal was performed using the Rembg Python li-
brary [20]. Subsequently, the Roboflow platform [21] was employed for image annota-
tion, resizing, and augmentation. Each image was labeled and assigned to either the high-
sweetness or low-sweetness class. All images were then resized to a resolution of 640 x 640
pixels using a center-crop fill method, ensuring the primary object of interest was retained
and centered.

To introduce data diversity and mitigate class imbalance, the standardized images were
augmented. This augmentation was performed randomly using the Roboflow platform,
employing several techniques as illustrated in Figure 5): (a) horizontal flipping, (b) vertical
flipping, (c) free rotation between -15°and 15°, (d) 90°rotations (clockwise and counter-
clockwise) alongside a 180°inversion, (e) a 1-pixel blur, (f) 0.5% noise addition, and (g)
shearing. The final size of the augmented dataset is detailed in Table 1. Finally, the dataset
was partitioned into training, validation, and testing subsets using a 64:18:18 split, as pre-
sented in Table 2.

Table 1: Total number of original and augmented images per class.

Dataset Sweet Class Not Sweet Class Total
Original 87 64 151
Augmented 167 166 333
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Figure 5: Sample images generated using the data augmentation techniques in this study.
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Table 2: Dataset distribution across training, validation, and testing subsets.
Dataset Sweet Class Not Sweet Class Total

Training 107 106 213
Validation 30 30 60
Testing 30 30 60
Total 167 166 333

2.3 Model Development

During the model development stage, 213 images were used for training and 60 images for
validation. Rather than training from scratch, a transfer learning approach was adopted us-
ing pre-trained YOLOv5 and YOLOvS8 models. Hyperparameter tuning was performed to
optimize the models, with the selected configurations detailed in Table 3. This tuning and
model development process was executed on a server with an NVIDIA RTX A6000 GPU;
the hardware and software specifications are detailed in Table 4. Throughout training, the
validation subset was used concurrently to monitor model performance and mitigate the
risk of overfitting [22].

Table 3: Hyperparameter configurations.

Parameter YOLOvV5 YOLOvVS
Optimizer AdamW AdamW
Image Size 416 416
Epoch 100 100

Batch Size 16 16
Learning Rate 102,107,100 10°%,10°°,10 °,
Momentum 0.937 0.937
Architecture Version YOLOv5 YOLOvVS

2.4 Model Verification

The objective of the model evaluation phase was to assess the performance of the devel-
oped models using a dedicated test dataset. This dataset comprised 60 watermelon images,
encompassing both the sweet and non-sweet classes. Performance was evaluated based on
precision, recall, Mean Average Precision (mAP@50 and mAP@50-95), and inference time.
The mAP@50 score was calculated at a fixed Intersection over Union (IoU) threshold
of 0.5, where a detection is considered a true positive if the overlap between the predicted
and ground-truth bounding boxes is at least 50%. Conversely, mAP@50-95 was calculated
by averaging the AP across a range of IoU thresholds from 0.5 to 0.95 in 0.05 increments,
providing a more robust measure of localization accuracy. Finally, confusion matrices were
generated to analyze the classification performance for the sweet and not-sweet categories,
illustrating the distribution of true positives, false positives, and false negatives.
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Table 4: Hardware and software specifications.
Hardware Specification
1 unit PC/Laptop equipped with AMD Ryzen 7 5800H
(8C / 16T,3.2 / 44GHz, 4MB L2 / 16MB L3), 16.00 GB RAM
Graphics NVIDIA GeForce RTX 3050 Ti 4GB GDDR6,
Boost Clock 1485 / 1695MHz, TGP 95W
Server SSH Keio University sfc-gpu.ai3.net GPU NVIDIA RTX A6000
Software Specifications
Windows 11 Home Single Language 64-bit Operating System
Python programming language (installable from python.org)
IDE Visual Studio Code
PyTorch Deep Learning Frameworks
CUDA GPU Acceleration Libraries
Additional Libraries and Tools:
scikit-learn, numpy, pandas, matplotlib, tqdm, etc.

3 Results

Table 5 presents the evaluation metrics from the model development, including precision,
recall, mAP@50, mAP@50-95, and inference time (speed) for each architecture. As estab-
lished in the object detection literature, higher mAP values indicate better model perfor-
mance [23]. The results demonstrate that YOLOV5 consistently outperformed YOLOVS in
mMAP@50 and mAP@50-95 across all tested learning rates. Notably, YOLOv5 achieved its
peak performance at a learning rate of 1072, with an mAP@50 of 0.890 and an mAP@50-
95 of 0.853. Additionally, the data reveals a direct relationship between the learning rate
and overall accuracy: reducing the learning rate resulted in a corresponding decrease in
mAP scores. While YOLOV5 exhibited higher precision across all learning rates, YOLOv8
demonstrated higher recall at learning rates of 1072 and 10~%.

Table 5: Performance of YOLOvV5 and YOLOVS at various learning rates.
Architecture Learning Rates Precision Recall mAP@50 mAP@50-95 Speed (s)

1072 0.868 0.833 0.890 0.853 944
YOLOv5 1077 0.869 0.789 0.871 0.836 1206
107° 0.717 0.847 0.857 0.812 1298
1072 0.702 0.917 0.856 0.819 1415
YOLOvS 1077 0.748 0.764 0.856 0.815 1341
10°° 0.616 0.913 0.832 0.803 1370

As shown in Table 5, the training time for YOLOv5 was consistently shorter than that of
YOLOVS across all learning rates. YOLOVb5 achieved its shortest training time at a learning
rate of 1072, completing the process in 944 seconds. In contrast, the longest training time
was recorded by YOLOVS at this same learning rate, requiring 1,415 seconds.

Figures 6 and 7 compare the training processes of both YOLO architectures over 100
epochs at a learning rate of 1072. Given that the loss curves demonstrate clear conver-
gence and the mAP metrics reach a stable plateau during the final iterations, training
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Figure 6: YOLOVS5 training curves at a learning rate of 1072.
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was concluded to prevent potential overfitting and optimize computational efficiency. A
comparison of these figures demonstrates that YOLOV5 achieved better final metrics than
YOLOVS8. During YOLOVS5 training, the overall loss values decreased gradually, although
fluctuations were observed in the training class loss and Distribution Focal Loss (DFL). Fur-
thermore, the validation box, validation class, and validation DFL losses exhibited rapid
declines starting at epochs 20, 10, and 10, respectively. Despite the steady convergence
of the training and validation losses, YOLOV5 displayed fluctuating curves for precision,
recall, and mAP scores. These fluctuations typically indicate underlying factors such as
training instability, variations in data quality, hyperparameter sensitivity, or batch-to-batch
variability.
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4 Discussion

The primary objective of this study was to develop an automated, non-destructive method
for evaluating watermelon quality based on visual features, specifically the field spot. A
transfer learning approach was adopted, utilizing the YOLOv5 and YOLOVS architectures.
Training was performed on a primary dataset collected specifically for this research.

The study results indicate that YOLOvV5 consistently outperformed YOLOvVS in terms
of mAP@50, mAP@50-95, and overall training efficiency. While YOLOv8 demonstrated
higher recall at specific learning rates, YOLOv5 achieved an optimal balance between pre-
cision and recall, producing more stable and reliable performance. This distinct perfor-
mance trade-off, where YOLOVS5 prioritized precision and YOLOvVS preferred recall, can be
attributed to their respective architectural designs. YOLOVS5 utilizes a coupled head and
an anchor-based approach, which imposes stricter criteria for object matching and leads
to more reliable identifications. In contrast, YOLOv8 employs a decoupled head and an
anchor-free mechanism. This design enhances sensitivity to ambiguous visual features,
such as marginally visible field spots. Consequently, while YOLOVS is more effective in
ensuring that fewer potential field spots are missed, YOLOv5 maintains a more conserva-
tive confidence threshold better suited for high-precision quality grading.

The influence of the learning rate was also highly evident in the results. A learning rate
of 1072 yielded the best overall performance for both architectures, while smaller learning
rates resulted in reduced mAP values. This finding underscores the importance of hyper-
parameter selection in optimizing detection performance, particularly when using datasets
characterized by limited samples and natural variability in visual features.

In terms of training dynamics, the observed fluctuations in the evaluation metric curves
reflect a sensitivity to the inherent variability of the dataset, specifically field spot character-
istics such as differences in color intensity, shape, and illumination conditions. However,
the models reached asymptotic stability by epoch 100. The absence of significant diver-
gence between the training and validation loss curves indicates that there was no signif-
icant overfitting. Furthermore, the evaluation across various learning rates supports the
overall stability of the models.

The confusion matrix analysis (see Figure 8) indicates that YOLOV5 achieved high pre-
cision in the identification of sweet watermelons (94%), while misclassification occurred
more frequently within the category “ not-sweet (33%). This pattern is likely attributable to
subtle visual similarities between marginally sweet and non-sweet field spot appearances,
suggesting that certain cases present overlapping visual features. These findings under-
score both the practical capabilities and the current limitations of the model. Consequently,
future research could explore the incorporation of additional visual cues or multimodal fea-
tures to further enhance classification accuracy and ensure consistent performance across
both categories.

From a practical perspective, utilizing object detection to specifically target the water-
melon field spot, rather than relying on image-level classification, offers a significant ad-
vantage. This approach is in alignment with traditional agricultural practices, where field
spot observation is a standard indicator to estimate maturity. Furthermore, the lightweight
nature of the YOLO architectures utilized in this study enables potential integration into
real-time systems, such as mobile or API-based applications for automated quality assess-
ment. Consequently, beyond a comparative accuracy analysis, this study demonstrates the
feasibility of developing deployable, non-invasive agricultural Al systems.
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Figure 8: Confusion matrix for YOLOV5.

5 Conclusion

This study evaluated two YOLO architectures, specifically YOLOv5 and YOLOVS, to clas-
sify watermelon quality based on sweetness levels. The results demonstrate that YOLOv5
achieved the most effective balance in the precision, recall, mAP@50, and mAP@50:95 met-
rics, while maintaining a higher training efficiency, particularly at a learning rate of 1072
Although YOLOVS exhibited high recall, its overall performance did not exceed that of
YOLOVS. Analysis of the training curves revealed frequent fluctuations in the metrics of
both models.

These findings offer a framework for automated watermelon quality assessment. By
utilizing field spot localization for non-destructive sweetness prediction, the assessment
system can facilitate intelligent sorting and standardized grading. Given the lightweight
nature of the architectures employed in this study, they are highly suitable for integration
into edge-computing devices or mobile platforms, enabling real-time deployment through-
out the post-harvest supply chain. Future research should focus on further hyperparameter
optimization and the expansion of the dataset to include diverse watermelon varieties to
enhance model stability and generalization.
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