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Accurate monitoring of polyp attachment density is critical for the efficient

culture of the edible jellyfish Rhopilema esculentum, yet quantitative density–

growth guidelines remain limited. This study coupled image-based deep learning

with conventional morphometry to characterise density-dependent growth of

polyps. Polyp calyx diameter was measured manually to establish a density–size

relationship. In parallel, standardised photography combined with a U-Net

segmentation model was used to obtain individual polyp counts and projected

areas. Regression analyses were conducted to derive functional relationships

between attachment density and polyp size metrics, and processing times were

compared between manual and automated approaches. Manual measurements

showed that calyx diameter followed a power-law decay with density (Calyx

diameter = 1.5752Density-0.281, R2 = 0.9614). Automated image analysis yielded

an exponential density–polyp area model (Polyp area = 4.3888e-0.202Density, R2

= 0.9909). Both models revealed a strong inverse relationship: as attachment

density increased, average polyp size and relative growth efficiency declined,

whereas size variability increased. The U-Net-based segmentation approach

achieved processing times of under one second per image, dramatically faster

than manual measurements. These results demonstrate that AI-driven image

segmentation provides accurate, high-throughput estimation of polyp size and

robust quantitative density–growth relationships. The approach offers a practical

and efficient tool for precision monitoring and optimisation of nursery conditions

in R. esculentum aquaculture.
KEYWORDS

Rhopilema esculentum , polyp density , image analysis, deep learning,
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1 Introduction

The edible jellyfish (Rhopilema esculentum) is one of a

traditional marine fishery resource and a key economic

aquaculture species in China (You et al., 2007; Dong et al., 2013).

Rising demand coupled with declines in wild stocks has prompted

R. esculentum aquaculture and stock enhancement, yielding over

CNY 10 billion per year (Dong et al., 2009; Jiao et al., 2021; Li et al.,

2020; You et al., 2012). R. esculentum has been an indispensable

component of Chinese cuisine due to its high nutritional value,

characterized by rich protein content and low fat accumulation

(You et al., 2007; Khong et al., 2016). Recent advances in

biotechnology have facilitated the application of R. esculentum

deep-processing technologies in beauty, healthcare, and

pharmaceutical industries, highlighting its vast potential for high-

value utilization (Cheng et al., 2017; Serebrennikova et al., 2024;

Zhang et al., 2025; Wang et al., 2024). In summary, the R.

esculentum industry provides notable social, economic, and

ecological benefits. As the foundation of the supply chain, high-

quality seed breeding plays a pivotal role in ensuring consistent

production and long-term sustainability (Sun et al., 2022; Duan

et al., 2023).

The life cycle of R. esculentum is complex, consisting of

alternating generations with distinct ontogenetically stages,

transitioning between sexual reproductive medusae and asexually

reproductive polyps (Ding and Chen, 1981). The polyp stage plays a

pivotal role in the life cycle of R. esculentum, acting as a critical

determinant for subsequent stages, including strobilation and

ephyra production. During this stage, the polyp size and health

can significantly influence its ability to undergo strobilation, which

is essential for medusa yield. Optimizing polyp growth through

appropriate attachment densities not only ensures healthier polyps

but also maximizes ephyra production, directly impacting nursery

efficiency. In years of breeding and production practice, we have

observed that excessive polyp density leads to growth inhibition,

morbidity, and even mortality, whereas insufficient attachment

density limits productivity. Although the approximate range of

polyp density has been empirically estimated through microscopic

observation, this traditional approach is time-consuming and prone

to substantial errors. Moreover, no quantitative studies have yet

clarified the the relationship between attachment density and

individual growth. Therefore, scientifically defining the

relationship is essential for advancing the sustainable

development of the R. esculentum seedling industry and

promoting high-quality aquaculture.

To efficiently explore the relationship between density and

growth, intelligent technologies are increasingly being introduced.

The rapid development of computer vision and artificial intelligence

has revolutionized biomass and density monitoring in aquaculture

(Al-Abri et al., 2025). Deep-learning-based image recognition

enables non-invasive, high-throughput, and real-time estimation

of key biological parameters such as organism count, size, and

spatial distribution (Vijayalakshmi and Sasithradevi, 2025). These

techniques have been widely adopted in industrial aquaculture for

species like Atlantic salmon (Salmo salar), Nile tilapia (Oreochromis
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niloticus), and Pacific white shrimp (Litopenaeus vannamei),

supporting smart feeding, enhanced growth monitoring, and

optimized stocking management (Garcia-d’Urso et al., 2022;

Banno et al., 2024; Hossam et al., 2024; Ramıŕez-Coronel et al.,

2024; Correia et al., 2025). Compared with traditional manual

measurements, automated image analysis reduces labor demand,

improves consistency, and enables continuous monitoring, making

it particularly suited for large-scale precision aquaculture. However,

in jellyfish polyps, the millimeter-scale size, translucency, and

strong aggregattion behavior pose unique challenges for

conventional sampling and detection. Modern imaging systems

equipped with high-resolution cameras, advanced segmentation

algorithms, and object tracking capabilities offer promising

solutions (Li et al., 2024). For instance, Jaffe et al. (2022)

employed optical coherence tomography to reconstruct 3D

matrices capable of detecting individual coral polyps even in

highly congested environments. Such technological advances

provide valuable tools for overcoming the challenges of accurate

polyp density monitoring.

To address the challenge of quantifying growth variability

across different attachment density gradients, this study

integrated modern image recognition techniques with traditional

manual measurements as a control. Individual polyp growth data

were extracted under various attachment density conditions to

analyze the effects of density on polyp size, establish an image-

based monitoring method, and develop an automated density–

growth model. The models were compared to identify the optimal

one, evaluated its performance, and validate the predictive

capability. The main objective was to improve the accuracy of

polyp density and growth measurements while enhancing

monitoring efficiency. This integrated, data-driven workflow

provides a quantitative basis for managing attachment density in

jellyfish aquaculture, replacing empirical trial-and-error approaches

with predictive optimization of rearing efficiency and yield, and

offering a technological pathway toward intelligent, high-efficiency

industrial jellyfish farming.
2 Materials and methods

2.1 Polyp source

Rhopilema esculentum polyps were obtained from the Yingkou

jellyfish seedling farm. These polyps originated from sexual

reproduction by medusae collected from Yingkou Jellyfish

(R. esculentum) aquaculture ponds from 22 to 29 September

2024. Polyps were attached on the polyethylene (PE) corrugated

plate strings. Each string contained 25 PE corrugated plate sheets

spaced about 5 cm apart and suspended horizontally from a

bamboo support. Ten strings were attached to each bamboo, with

ten bamboos arranged in a 4 m × 6 m × 1.5 m tank filled with

filtered seawater. All polyp groups were fed daily with Brachionus

plicatilis (average body length ≈ 200 μm) and Artemia salina nauplii

(average body length ≈ 300 μm). Feeding was administered

manually three times per day (morning, midday, and evening),
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with aeration to ensure uniform distribution of feed throughout the

water column. Water was exchanged daily at 50% of the system

volume, and a complete (100%) water exchange was performed

once per week. All young polyp groups were reared under identical

environmental conditions, including temperature range (20-22°C),

salinity (20–24 ppt). No additional manipulation of environmental

conditions was applied across groups. Before podocyst

reproduction of most polyps, images of the polyps were acquired

and measurement of their morphological parameters began on 16

November 2024.
2.2 Image-based analysis approach

To quantify polyp density and morphology through image-

based analysis, high-resolution images of R. esculentum polyps were

collected between November 16 and December 16, 2024, at a

jellyfish aquaculture facility in Yingkou, Liaoning Province,

China. Figure 1 showed the schematic diagram of measuring

devices and methods. PE corrugated plates bearing attached

polyps were imaged using a high-definition camera system. Each

image captured a 1 × 1 cm² region of the plate, forming a dataset of

approximately 2,400 images across predefined attachment-density

treatments. Images without visible polyps were excluded. Heavy

biofouling and low contrast in the images may reduce segmentation

accuracy. To mitigate these issues, mild pre-cleaning and quality

checks were performed on the images before processing to ensure

optimal results. Thirteen attachment-density gradients (1–13 ind/

cm²) were selected to span the actual nursery production density

range, thereby capturing the full density-size response. The

resulting dataset enabled both manual annotation and automated

analysis of polyp count, size, and morphology using deep-learning

based image recognition techniques.

2.2.1 Manual measurement of calyx diameter of
polyps

Manual measurements were performed on high-resolution

images obtained from the standardized imaging protocol. Each

image contained a metric ruler for scale calibration, and

measurements were conducted using Digimizer software

(MedCalc, Belgium). The ruler provided a reference for

converting pixel distance to actual length. The plate surface in

each image was divided into 1 × 1 cm grids using the software’s

measurement tools to standardize local analyses. Within each grid

cell, the calyx diameter of every clearly visible polyp, defined as the

maximum transverse width, was manually measured. The resulting

data were exported for subsequent statistical analysis of local polyp

density and average calyx diameter.

2.2.2 Automated measurement of polyp area
based on image segmentation

Images were preprocessed to enhance quality and ensure

uniformity. Preprocessing steps included denoising using a
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Gaussian filter, background illumination normalization, and

contrast enhancement to ensure clearer boundary detection.

These preprocessing steps were crucial for improving the

segmentation accuracy of the U-Net model. To improve

automation and processing efficiency, a deep learning model was

developed for automatic image-based segmentation and

morphometric analysis of R. esculentum polyps. Figure 2 showed

the process of automatic measuring method based on U-Net. The

model adopted the U-Net architecture, a convolutional neural

network widely used for biomedical image segmentation. Each PE

plate contained approximately 2,000–4,000 polyps. Given their

microscopic size and dense distribution, the U-Net model was

employed to segment individual polyps, extract object boundaries,

and calculate the pixel area of each polyp for quantitative analysis.

Original images were preprocessed to enhance contrast and

normalize background illumination. A U-Net convolutional neural

network was trained for semantic segmentation, enabling accurate

identification of individual polyps based on color and shape

features. The training dataset consisted of 1,600 manually

annotated images, with an additional 800 images reserved for

testing. Polyp regions were labeled as foreground (value = 255)

and background as zero. After segmentation, binary masks were

generated, and connected-component analysis was used to isolate

individual polyps and calculate their pixel-based areas.

Pixel counts were converted to real-world units (mm²) using a

scale factor derived from a ruler included in each image, allowing

quantitative comparison across samples. Input images were resized

to 512 × 512 pixels and augmented to improve model

generalization. Model performance was evaluated using pixel-level

accuracy, root mean square error (RMSE), and coefficient of

determination (R²) between predicted and manually measured

areas. Training and inference were conducted in PyTorch 2.5.1 on

a workstation equipped with an NVIDIA RTX 4080 GPU.

The extracted morphological parameters included individual

polyp area (mm²), surface coverage (%), and polyp count per 1 × 1

cm² region. Pixel-based area was defined as the total number of

pixels within each segmented region and served as a proxy for

individual size. By converting pixel areas into physical dimensions,

the relationship between attachment density, polyp area, and

relative growth efficiency was quantitatively established.
2.3 Bio-attachment density and growth
metrics

Polyp bio-attachment density (ind/cm²) was calculated as:

Q =
N
S

Where N is number of polyps within a defined sampling area, S

is surface area of the sampling region (cm²).

Coefficient of Variation (CV) is used to quantify intra-group

morphological variability.
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m = o
n
i=1xi
n

s =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sn
i=1 (xi − m)2

n

s

CV =
s
m

� �
� 100%

Where n is the sample size, m is the mean, s is the standard

deviation. CV represents the coefficient of variation, indicating the

degree of data dispersion.
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2.4 Data analysis

Statistical analyses were performed in Python using the SciPy

and StatsModels libraries. Three regression models, including linear

regression, power-law, and exponential models were fitted to the

data to examine the relationship between bio-attachment density

and morphological traits. Model performance was evaluated using

the coefficient of determination (R²), root mean square error

(RMSE), mean absolute error (MAE), and mean absolute

percentage error (MAPE). Differences among density groups were

assessed using one-way ANOVA, with statistical significance set at

p < 0.05.
FIGURE 1

Schematic diagram of measuring devices and methods.
FIGURE 2

The process of automatic measuring method based on U-Net.
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Response surface methodology (RSM) was then applied using

three key variables to compare the manual and automated

approaches. These metrics collectively reflect individual growth

performance and population-level uniformity. Experimental data

from multiple density groups were used to fit a second-order

polynomial regression model of the form:

Z = b0 + b1x + b2y + b11x
2 + b22y

2 + b12xy

where x denotes the bio-attachment density (ind/cm²), y

denotes the coefficient of variation (CV), and z denotes the

polyp size.
3 Results

3.1 Effects of polyp bio-attachment density
on growth

Polyp bio-attachment density exhibited a pronounced effect on

individual growth performance, as reflected in both calyx diameter

and polyp area (Figure 3). Across the tested density range (1–13

ind./cm²), a consistent declining trend in individual size was

observed with increasing density. This suggests a strong negative

density-dependent growth pattern.

Figure 3A showed that the calyx diameter of polyps decreased

significantly as density increased. At low densities (1–3 ind./cm²),

mean diameters were relatively large, with wider interquartile

ranges and lower variance. As density exceeded 4 ind./cm²,

median diameters declined sharply, and data dispersion increased,

indicating greater size heterogeneity among individuals. Notably,

beyond 6 ind./cm², most groups exhibited reduced growth with

higher variability.
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Similarly, Figure 3B demonstrated that polyp area decreased

markedly with increasing bio-attachment density. At densities of 1–2

ind./cm², polyps exhibited the largest mean areas (above 4.0 mm²).

However, a sharp decline in area was observed between densities 3 and

6 ind./cm². From 7 ind./cm² onwards, polyp area stabilized at low levels

(<1.0 mm²), with minimal variation between groups.

As shown in Figure 4, both manual (Figure 4A) and automated

(Figure 4B) measurements demonstrated a general trend of

decreasing polyp size with increasing bio-attachment density.

However, the Dunnett-T multiple comparison results revealed

notable differences in group-level significance patterns between

the two methods. In the manual measurements, polyps at lower

density levels exhibited significantly larger calyx diameters than

those at higher densities, with clear distinctions among the low-

density groups. For instance, density levels 1 to 5 ind./cm² were

labeled with different letters, indicating statistically significant

differences. However, from medium densities onward, the

differences in calyx diameter became less pronounced, as

evidenced by overlapping significance groups among density

levels 5 to 8 ind./cm². This suggests a plateauing effect, where size

reduction stabilizes despite increasing density. In the highest

density groups (≥9 ind./cm²), the measured diameters converged

to a minimal level, with all groups marked by the same letter “i,”

indicating no significant differences and further supporting a

saturation trend in size suppression under crowded conditions.

In contrast, automated measurements revealed a more

consistent and sensitive response to density variation. In

Figure 4B, all density levels from 1 to 13 ind./cm² were assigned

unique letters (a to m), implying that each incremental increase in

density yielded a statistically significant decrease in projected polyp

area. Notably, this monotonic differentiation persisted even at

higher density ranges, without overlapping significance groups.
FIGURE 3

Numerical distribution diagram of calyx diameter and area under different polyp density ranges; (A) calyx diameter of polyp measured by manual; (B)
area distribution measured by computer vision.
frontiersin.org

https://doi.org/10.3389/fmars.2025.1727109
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Chen et al. 10.3389/fmars.2025.1727109
3.2 Construction of a polyp density–size
relationship model

The effect of bio-attachment density on individual size was

quantified using two parallel density–size models: Figure 5A

showed the manual density–calyx diameter dataset and Figure 5B

showed the automated density–polyp area dataset.

Calyx diameter decreased as a negative power function of

density (Figure 5A). The best-fit model was.

y = 1:5752x−0:281   (R2 = 0:9614)

where y is calyx diameter (mm) and x is bio-attachment density

(ind/cm²). The high coefficient of determination indicates that

≈96% of the variance in diameter is explained by density alone.

The model predicts a rapid decline in diameter between 1 and 4 ind/

cm², followed by a more gradual taper beyond 6 ind/cm², consistent

with the threshold behaviour observed in Figure 5A.

Using U-Net segmentation, mean polyp area followed an

exponential decay with density (Figure 4B):
Frontiers in Marine Science 06
y = 4:3888e−0:202x   (R2 = 0:9909)

where y is polyp area (mm²). This model explains >98% of the

observed variance, underscoring the robustness of the automated

approach. Area declined sharply from ≈4 mm² at 1 ind/cm² to <1

mm² at densities ≥8 ind/cm², mirroring the suppression pattern

revealed by manual measurements.

Figure 6 illustrated three-dimensional response surfaces

describing the relationship between polyp size and bio-attachment

density, derived from manual and automated measurement. Both

models revealed a consistent negative correlation, indicating that

polyp size decreases with increasing attachment density. The

automated surface appeared smoother and more continuous,

whereas the manually derived surface displayed noticeable

fluctuations and irregularities across the density range. This suggests

that manual measurements are more susceptible to variability,

particularly at high densities where overlapping individuals and

orientation bias reduce the accuracy of diameter estimation. In

contrast, the automated approach maintained sufficient resolution to

detect subtle size differences among closely spaced density gradients.
FIGURE 5

Regression analysis of two measurement methods; (A) manual measurement; (B) automatic measurement.
FIGURE 4

Statistical significance determined by the Dunnett-T test: (A) polyp calyx diameter measured manually; (B) polyp area quantified by automated image
analysis.
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The two methods also differed markedly in measurement

variability. Manual measurements exhibited pronounced

fluctuations, especially at medium densities (6–11 ind./cm²),

leading to greater dispersion and non-significant differences

between adjacent groups. This instability likely contributed to the

merging of statistical groupings. Conversely, the automated method

produced lower and more consistent errors, with standard error

declining as density increased. At high densities, automated

estimates showed minimal variance and short error bars, yielding

clearer statistical separation between groups.

Overall, the automated model demonstrated superior

consistency and robustness, with data points aligning more

closely to the fitted surface. Its uniform measurement criteria and

use of projected area as a morphometric proxy reduced subjectivity

and noise, resulting in improved reproducibility.
3.3 Estimation of polyp density–size
models

Using the manual measurements, a power-law relationship

between polyp calyx diameter and local attachment density was

observed, yielding an R² of 0.9614. In comparison, the automated

analysis based on U-Net segmentation demonstrated an
Frontiers in Marine Science 07
exponential decay relationship between polyp area and density,

with a higher R² of 0.9909. The stronger fit of the automated model

indicates improved precision in quantifying the density–

size relationship.

Table 1 showed the evaluation indices for the manual and

automatic methods. Since the manually selected indicators had a

smaller order of magnitude, the RMSE, MAE, and MAPE were all

lower than those of the automated method. However, the

automated model exhibited higher regression coefficients, thus

achieving more accurate predictions for the indicators. These

results indicate that the automated model provided slightly higher

predictive accuracy, particularly in high-density zones where

manual counting and diameter measurement become increasingly

difficult due to overlapping individuals.

Although the manual method yielded lower absolute errors due

to the smaller measurement scale, the automated model achieved

superior goodness of fit and processed each image in under one

second. The automated approach was highly repeatable and readily

scalable for large datasets. Its main limitation lies in sensitivity to

imaging artifacts such as uneven illumination, reflections, and

substrate curvature, which can affect segmentation accuracy.

Overall, both methods captured a strong inverse relationship

between density and polyp size, but the automated pipeline

outperformed manual analysis in consistency, speed, and
FIGURE 6

Three-dimensional response surfaces of polyp size versus attachment density derived from manual and automated models.
TABLE 1 Evaluation for the measurement methods.

Methods R2 RMSE MAE MAPE Time (s/image) Repeativity Scalability

Manual 0.9614 0.0384 0.0257 2.63% >60 Low Experience based

Automatic 0.9909 0.2087 0.1462 9.77% <1 High Fully automated
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throughput, making it more suitable for large-scale polyp

monitoring and growth assessment in jellyfish aquaculture.
3.4 Model validation of automatic polyp
size estimation

A total of 3,083 polyps were measured via automated image

processing, and the average polyp area for each density group was

computed to construct a validation dataset. Figure 7A presents a

scatter plot comparing the calculated values against the actual

measured values, with the diagonal reference line indicating

perfect agreement. The data points closely align with this

reference line, highlighting the strong predictive accuracy of the

automated estimation model.

Additionally, residual analysis (Figure 7B) illustrated that

prediction errors consistently fluctuate within ±0.2 mm² across

the tested polyp density range, further demonstrating the precision

and stability of the automatic measurement method. Collectively,

these findings confirm the reliability and effectiveness of the

automated image-based approach, suggesting its suitability for

rapid, high-throughput, and non-invasive polyp size monitoring

in practical aquaculture settings.
4 Discussion

4.1 Effects of attachment density on polyp
growth

The polyp stage is foundational for subsequent strobilation and

ephyra production. In the manual workflow, morphologically

abnormal polyps were not measured, such cases were rare and

did not affect the overall trend. By contrast, the automated analysis

included all detected polyps on each plate using area-based

segmentation. Both manual and automated measurements
Frontiers in Marine Science 08
consistently revealed a negative correlation between attachment

density and individual polyp growth. In the manual measurements,

as attachment density increased from 1 to 5, the average

calyx diameter decreased markedly from 1.539 mm to 0.989 mm

(p < 0.05), with similar but less pronounced trends at intermediate

densities. In the automated segmentation analysis, density ranged

from 1 to 13, during which the mean projected area declined

significantly from 3.908 mm² to 0.319 mm². These results

confirm a density-dependent growth inhibition pattern across

datasets, indicating that polyp growth becomes progressively

limited as attachment density increases. The observed

convergence in size at higher densities suggests the presence of a

threshold beyond which further increases in density may no longer

result in proportional growth. The exact value of this threshold will

require further research to determine, but it highlights the

importance of optimizing density levels for efficient growth.

Polyps reared at low densities attained larger and more uniform

sizes, whereas those under crowded conditions were smaller and

more variable. This inverse relationship aligns with ecological

principles for sessile invertebrates, where overcrowding limits

access to food, light, and space, and promotes localized

accumulation of waste, all of which suppress growth and increase

disease susceptibility (Melica et al., 2014; Glass and Barott, 2025).

Previous studies have shown that environmental factors such as

food quality, temperature, and salinity strongly influence polyp

growth and reproduction in Aurelia species (Chi et al., 2019; Xing

et al., 2019). The biological consequences of reduced growth extend

to reproduction: successful strobilation requires polyps of sufficient

size, and density-induced size reduction can impair ephyra quality

(Ge et al., 2022; Schäfer et al., 2021). Thus, high attachment density

not only suppresses growth but also compromises reproductive

output and medusa quality (Liu et al., 2016). Therefore,

although the present models effectively captured density-driven

growth suppression, future predictive frameworks should

integrate both density and environmental variables to enhance

aquaculture applicability.
FIGURE 7

Validation analysis of automatic method. (A) scatter plot comparing the calculated values against the actual measured values; (B) residual scatter
analysis.
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Overall, these findings demonstrate that excessive attachment

density exerts negative impacts on polyp growth. Maintaining

attachment density within an appropriate range is therefore

essential for ensuring healthy and stable seedling performance in

jellyfish aquaculture.
4.2 Model performance and applicability

The discrepancy between the power-law fitting of manual

measurements and the exponential decay fitting of automatic

measurements is likely due to differences in measurement

approach and data range. In the manual measurements, due to

the morphological variability of polyps on the undulating

attachment plates, the stem diameter needed to be manually

selected at specific points based on the experimenter’s judgment,

resulting in a smaller data range. In contrast, the automatic

segmentation method estimated the polyp size using pixel area,

which is less dependent on polyp posture and requires fewer

subjective decisions, resulting in a larger data range. Manual

measurement of calyx diameter followed a negative power-law

model (Diameter=1.5752·Density^–0.281, R²=0.9614), whereas

automated image segmentation of polyp area produced an

exponential decay function (Area=4.3888·e^–0.202·Density,

R²=0.9909). The automated model achieved a higher goodness-of-

fit, reflecting its greater sensitivity to subtle morphological

variations across density gradients. Quantitative comparisons

between the two approaches were summarized in Table 1.

Although manual measurements showed slightly lower numerical

errors (RMSE = 0.0384, MAE = 0.0257, MAPE = 2.63%) than

automated segmentation (RMSE = 0.2087, MAE = 0.1462, MAPE =

9.77%), the automated approach offered far superior efficiency,

consistency, and objectivity. In the Dunnett multiple-comparison

analysis, the automated system successfully distinguished all 13

density levels with minimal variance, whereas manual

measurements plateaued beyond ~5–6 ind./cm² due to

overlapping individuals and orientation bias. Figure 6 further

illustrated this contrast: the automated response surface appears

smooth and continuous, while the manual surface displayed

irregular fluctuations caused by subjective error.

Despite differences in functional form (power-law versus

exponential), both models captured a pronounced negative

relationship between attachment density and polyp size,

confirming the robustness of the density effect. The automated

model achieved a slightly higher R² and finer resolution for small

size differences, particularly at high densities where manual

readings became less reliable. Processing efficiency also differed

substantially. The automated pipeline analyzed each 1 cm² image

block in less than one second, compared with more than 60 seconds

for manual measurement (Table 1). This improvement allowed

rapid quantification of thousands of polyps within minutes, which

is essential for large-scale aquaculture monitoring. Manual

measurement, although straightforward, is labor-intensive and

restricts both sample size and measurement frequency. Once
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trained with consistent imaging conditions and annotated data,

the automated method operates autonomously with minimal

human input.

The two methods also differ in their morphometric proxies.

Manual analysis relies on calyx diameter, a one-dimensional metric

that is sensitive to orientation and shape irregularities, whereas

automated segmentation quantifies projected area, which

incorporates two-dimensional variation and better approximates

volumetric growth. Both indices declined consistently with

increasing density, but area-based estimation captured

deformation and overlapping effects more effectively, contributing

to higher precision. Overall, the manual power-law approach

remains robust and historically standard but is constrained by

limited throughput and reduced accuracy at high densities. In

contrast, the automated exponential model demonstrated superior

fit (R² = 0.9909), consistency, and processing speed. The model was

constructed using monitoring data collected from September to

November 2024, which corresponded to the rapid growth phase

during which polyps developed from four to sixteen tentacles. For

research applications, its finer resolution enables detection of subtle

effects. For aquaculture operations, its high processing efficiency

supports real-time, data-driven management. Although automation

depends on image quality, particularly lighting and focus, the results

confirm that AI-based segmentation provides a precise, repeatable,

and scalable alternative to manual morphometric assessment. It is

important to note that the current model was specifically trained on

R. esculentum polyps under the described imaging conditions. To

apply this model to other species or different substrates, re-imaging

or fine-tuning of the model would be necessary to adapt it to

new conditions.
4.3 Application prospects

The polyp stage is a critical phase in the life cycle of R.

esculentum and is considered a limiting factor for subsequent

ephyra and medusa production. This stage determines not only

the health and size of the individual polyp but also its strobilation

potential. Larger, more robust polyps tend to produce more

synchronized and abundant ephyra, which are vital for the

success of the next stages of the life cycle. As a result, managing

attachment density during the polyp stage is key to optimizing

nursery production outcomes.

The integration of automated image-based monitoring with

density–growth modeling offers both methodological innovation

and practical value for jellyfish aquaculture. Regulating polyp

attachment density is essential for achieving stable yields and

high-quality medusae. The 13 attachment-density gradients used

in this study were intentionally chosen to span a wide range,

including densities beyond typical nursery practice. This wider

range was selected to fully capture the attachment-density

response curve. In routine nursery operations, densities typically

fall within the lower to middle range of those tested, ensuring

optimal growth without reaching the plateau region. As jellyfish
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aquaculture expands toward industrial scales, density management

will become increasingly critical for ensuring sustainability,

biosecurity, and economic efficiency. Beyond nursery operations,

density regulation has broader ecological implications. Jellyfish

interactions with aquaculture and fisheries can generate far-

reaching ecological and economic effects, underscoring the need

for predictive tools to support cultivation and management (Bosch-

Belmar et al., 2020). Refining density–growth models may optimize

rearing performance. For example, if a nursery manager is aiming

for a specific polyp size, the response surface model can be used to

identify the attachment density range that will support this target

size. Alternatively, if the manager is aiming for a specific coefficient

of variation in polyp size, the model can guide the selection of the

density that minimizes the CV, ensuring more uniform growth.

This approach allows for a more data-driven, optimized

management of attachment density, leading to better control over

polyp growth and overall nursery efficiency. Advances in computer

vision and artificial intelligence will further accelerate this process,

providing robust and scalable monitoring solutions for modern

aquaculture (Al-Abri et al., 2025; Garcia-d’Urso et al., 2022).

The significance of the polyp stage extends beyond aquaculture,

as polyps form the ecological foundation sustaining scyphozoan

populations and act as the benthic reservoir from which medusae

are recruited under favorable conditions (Lucas et al., 2012). At high

attachment densities, smaller polyp sizes likely arise from a complex

interaction between space limitation and reduced food resource.

The relative contributions of these mechanisms require further

study. Modeling density-dependent polyp dynamics therefore

provides insights into both artificial cultivation and natural

population ecology. Environmental factors such as salinity,

temperature, and food availability are known to influence polyp

performance and life-cycle transitions (Dong et al., 2015),

emphasizing the need for integrative models. Future research

should advance toward multifactorial frameworks that couple

density effects with key environmental drivers—temperature,

salinity, food quality, and availability. Previous studies indicate

that these factors profoundly shape polyp growth and

reproductive strategies, suggesting that density alone cannot fully

explain developmental variation (Chi et al., 2019; Xing et al., 2019).

Incorporating ecological, environmental, and genetic variability will

enhance the predictive capacity of these models and provide

practical decision-support tools adaptable to dynamic culture

conditions (Baltazar-Soares et al., 2023). Ultimately, embedding

density–growth modeling within intelligent aquaculture systems

represents a promising pathway toward sustainable, efficient, and

ecologically aligned jellyfish farming.
5 Conclusion

In the present study, R. esculentum polyps were used to explore

the relationship between bio-attachment density and growth
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performance under industrial aquaculture conditions. By applying

digital image analysis techniques, polyp morphology indicators

were assessed quantitatively and data distribution, achieving close

agreement between manual and automated measurements (manual

method R² = 0.9614; automated method R² = 0.9909). The

experimental results clearly demonstrate that attachment density

is a critical factor influencing the growth of jellyfish polyps. As

attachment density increased, average polyp area decreased, relative

growth efficiency declined, and intraspecific size variation

intensified, indicating inhibited development and uneven growth

under crowded conditions. These findings highlight the automated

image-based quantification enables accurate assessment of polyp

size across density gradients, supporting improved management in

jellyfish aquaculture.
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