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Abstract— Coral aquaculture for reef restoration requires
accurate and continuous spawn counting for resource distri-
bution and larval health monitoring, but current methods are
labor-intensive and represent a critical bottleneck in the coral
production pipeline. We propose the Coral Spawn and Larvae
Imaging Camera System (CSLICS), which uses low cost modular
cameras and object detectors trained using human-in-the-loop
labeling approaches for automated spawn counting in larval
rearing tanks. This paper details the system engineering, dataset
collection, and computer vision techniques to detect, classify and
count coral spawn. Experimental results from mass spawning
events demonstrate an F1 score of 82.4% for surface spawn
detection at different embryogenesis stages, 83% F1 score for
sub-surface spawn detection, and a saving of 5,720 hours of labor
per spawning event compared to manual sampling methods at
the same frequency. Comparison of manual counts with CSLICS
monitoring during a mass coral spawning event on the Great
Barrier Reef demonstrates CSLICS’ accurate measurement
of fertilization success and sub-surface spawn counts. These
findings enhance the coral aquaculture process and enable
upscaling of reef restoration efforts to address climate change
threats facing ecosystems like the Great Barrier Reef.

I. INTRODUCTION

The Great Barrier Reef (GBR) is one of the world’s most
important and diverse ecosystems, serving as a habitat for
over 25% of all marine species and as a nursery for over
75% [1]. Coral reefs also provide social, economic, and
cultural services with an estimated value of over 1 trillion
USD globally [1], [2]. However, coral reefs around the world
are severely threatened by climate change [3]. Prolonged
exposure to abnormally high ocean temperatures causes mass
coral bleaching and death, resulting in a projected 70-90%
decrease in live coral on reefs by 2050 if no action is taken [4],
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Fig. 1. The Coral Spawn and Larval Imaging Camera System (CSLICS)
mounted above the larval rearing tank during surface monitoring with the
coral spawn floating inside (left). Sample CSLICS detections highlight the
developmental progression of coral embryogenesis, from unfertilized eggs,
followed by first cleavage (the first confirmation of fertilization), then two-
cell, four-to-eight and advanced cell stages (right).

[5]. If coral reefs are to survive these accelerating pressures,
scalable and effective restoration approaches are urgently
required.

Coral aquaculture has emerged as one such approach, en-
abling large-scale sexual reproduction of corals in controlled
facilities [6]. Unlike asexual fragmentation-based methods,
sexual reproduction can produce orders of magnitude more
corals while promoting genetic diversity and adaptive capacity
to environmental change [6]–[8]. The long-term success of
coral aquaculture, however, depends critically on monitoring
and managing the millions of early-stage coral spawn and
larvae in culture tanks. Automated and continuous monitoring
is therefore essential to ensure that this otherwise scalable
method delivers viable recruits at the scale required for
meaningful reef restoration.

The coral aquaculture process involves broodstock se-
lection, spawn collection, fertilization and larval rearing,
settlement, and reseeding to reefs [9], [10]. A critical
bottleneck lies in larval rearing, where millions of fragile
eggs and embryos must be monitored during their early
life stages [7]. Quantitative measures, such as fertilization
success, are vital for predicting culture viability, yet current
monitoring relies on manual sampling and visual counts
under a microscope—a process which takes up to 20 minutes
per sample. With large facilities projected to operate over
60 rearing tanks by 2030, manual monitoring is infeasible:
operators are often limited to sampling only a subset of tanks
once per day. This data sparsity, combined with the fact that
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cultures can deteriorate within hours without intervention,
makes manual monitoring both labor-intensive and inadequate
for large-scale restoration.

To overcome this monitoring bottleneck, we propose the
Coral Spawn and Larvae Imaging Camera System (CSLICS),
shown in Fig. 1. CSLICS is a submersible, tank-mounted
microscopic camera system designed to automatically capture
and analyze images of developing coral during their early life
stages. By leveraging computer vision techniques for spawn
detection and counting, CSLICS reduces manual handling
risks while enabling continuous, non-invasive monitoring
at high temporal resolution. A human-in-the-loop, semi-
supervised annotation strategy further streamlines dataset
development across different embryogenesis1 stages, ensuring
robust detector performance with limited labeling effort.
CSLICS enables detailed and responsive monitoring, and can
provide per-image counts every 10 seconds. When deployed
during a mass coral spawning event on the GBR, CSLICS was
used to sample every five minutes during the surface phase
(fertilization), and every hour during the sub-surface phase
(late embryogenesis and larval stages). Continuous analysis
increases the temporal resolution of culture health data beyond
what is feasible with manual methods, and may also enable
identifying correlations between culture health/quality and
factors such as tank or environmental conditions, and manual
handling processes.

Our contributions are as follows:
1) For the first time, we propose the design of a tank-

mounted computer vision-based coral spawn monitoring
system for coral aquaculture (Fig. 1).

2) We develop and practically integrate a coral spawn
detector and counting algorithm for two commonly
occurring, reef-building coral species in the Indo-Pacific,
Acropora kenti and Acropora loripes, which enables
automatically measuring and assessing coral fertilization
success.

3) We demonstrate the viability of automated, low-cost coral
monitoring technologies, by reporting results during
their deployment in a state-of-the-art, large-scale coral
aquaculture research facility, where CSLICS provides
scientists with real-time monitoring data to support mass
coral production during annual spawning events.

We will make our trained models and code publicly available
upon acceptance to foster future research.

II. RELATED WORK

Monitoring coral spawn traditionally relies on manual
observation and counting, a process that is time-consuming,
vulnerable to human error and disruptive to the delicate coral
spawn. There have been some recent works exploring the
use of technology at different stages of the coral production
process [10], [11], and recent advances in deep learning have
further expanded the potential for automated monitoring,
however existing approaches are not designed specifically

1The process by which a fertilized egg develops into an embryo, which
is the first stage of development for a multicellular organism.

Fig. 2. Current methods of counting coral spawn are intensely time-
consuming and manual, involving stirring the larval culture to homogenize
the larvae and sampling from the tanks multiple times (left), and then
counting individual corals with a stereo microscope (right).

for coral spawn monitoring at the early, free-swimming
stage – a key bottleneck in coral production. This section
first describes the process of manual coral spawn monitoring,
reviews advances in automated coral spawn monitoring, and
outlines the application of deep learning for counting tasks
and annotating imagery.

A. Manual Coral Spawn Monitoring

In marine science, coral spawn counting is predominantly
performed manually due to the complexity of the task, the
delicate nature of the developing coral larvae, and the typically
small scale of operations [12]. During the critical annual
mass-spawning events, consistency in counting is essential,
yet manual methods can vary based on the sampling process
and the individual performing the counts.

Manual spawn counting in coral aquaculture involves
sampling from the tank and then counting from the samples,
as illustrated in Fig. 2. Therefore, traditional sampling requires
stirring the tank to ensure larvae are uniformly distributed,
followed by extraction of six 5 mL samples. Each sample is
then manually counted under a stereo microscope, which takes
on average 20 minutes per tank sampled. Ideally, sampling
would be performed hourly over the seven day larval rearing
period, to enable implementation of mitigating strategies
during rapid culture declines. However, the manual effort
required typically limits this to once daily per tank. The
repeated tank stirring can also have a negative impact on the
coral spawn, and therefore culture health [12].

B. Automated Coral Spawn Monitoring

Previous works on automated spawn counting have been
limited by cost and functional usability. Randall et al. used
large particle flow cytometry2 to count coral spawn; however,
the required flow cytometer was prohibitively expensive (i.e.
≈500,000 USD) and the methods were not easily scalable
or integrated with aquaculture facility tanks [12]. Mullen et
al. developed an underwater microscope with a microscopic
objective in front of an electrically tunable lens for long-term
benthic ecosystem studies [13], which was later improved

2Cytometry is a laboratory technique that measures the number and
characteristics of cells.
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Fig. 3. CSLICS has two operational modes for different stages of spawn development: a) for the first 12-24 hours (t0–t1), CSLICS is in surface operation,
and after t1 it switches to b) sub-surface operation (t1–t2). The larval rearing process is described in red, with the parallel tank settings made by an operator
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in [14], with the incorporation of focal scans and estimates
of photosynthetic efficiency. Shahani et al. used a variable
objective lens in their underwater benthic microscope to
achieve a higher depth of field imagery via focus stacking [15].
While these solutions [13]–[15] demonstrate advances in
underwater microscopy, they are not suitable for automated
spawn monitoring or designed for integration in large-scale
aquaculture facilities.

Several commercially available scientific and industrial
imaging products exist for use in aquatic environments
(e.g. for monitoring plankton biodiversity) [16]–[18]. Recent
advances include compact integrated cameras with embedded
computer chips (e.g. Luxonis, Arducam, Point Grey). Some
of these commercial sensors have been used in the field at
macro scales for coral reef conservation projects, including
for mapping reefs [19] and distributing coral larvae across
reefs [20]. While potentially useful for field applications, the
optics used in these systems are unsuitable for coral conser-
vation aquaculture workflows, due to the microscopic scales
of coral spawn imaging. Additionally, most commercially-
available housings lack the robustness needed to operate in
saltwater environments.

C. Deep Learning for Scientific Counting Applications

Deep learning and computer vision has increased the
capabilities of counting-based applications in many scientific
monitoring applications, including for cell counting in health
applications [21]–[23]. Adoption of these technologies has
led to ten times faster operations and yields more reliable
and consistent results compared to manual counting [21].

In marine science and aquaculture, deep learning has been
successfully used for counting plankton eggs [24], shrimp
eggs [25], and fish [26], [27], however, it has not yet been
used for coral spawn counting.

Semi-automated human-in-the-loop annotation reduces the

burden of fully manual labeling by combining model predic-
tions with iterative human validation [28]–[30], which has
been applied in ecology, including labeling large camera trap
datasets and segmenting coral reef imagery [31]–[33]. Here,
we adopt human-in-the-loop active learning to efficiently
annotate coral spawn imagery collected by CSLICS.

III. METHOD

We propose the Coral Spawn and Larvae Imaging Camera
System (CSLICS), a submersible computerized camera to
streamline counting during the embryonic and larval rear-
ing phases of coral aquaculture workflows. We combine
commercially-available, low-cost and modular components
with state-of-the-art image processing techniques to automat-
ically monitor coral spawn. The following sections detail the
coral aquaculture process using CSLICS for automated spawn
monitoring (Section III-A); the hardware design (Section III-
B), including the system requirements (Section III-B.1); ar-
chitecture (Section III-B.2); and key components (Section III-
B.3). The software design is explained in Section III-C, and
includes a description of the coral detection and counting
models used.

A. Coral Aquaculture with CSLICS

To automate and increase the frequency of coral counting,
we propose the following CSLICS process and timings during
aquaculture monitoring of early coral life stages for species
belonging to the family Acroporidae (see Fig. 3). The process
is outlined in the context of using 500 L conical fiberglass
larval culture tanks supplied with flow-through (≈125 L/h)
filtered seawater (0.04 µm, typically 26-29°C) [9], [11].

• t0: The tanks are running at a known volume and are
being stocked at 1 cell/mL with coral spawn, consisting
of fertilized and unfertilized eggs from the preceding
aquaculture stages.
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• t0–t1: The coral spawn is undergoing embryogenesis,
leading to a cleavage of the cells through multiple cell
development stages until ciliated larvae3 are formed.
During the first ≈12 hours of development, the cells are
positively buoyant and extremely fragile. The aeration
of the tank is therefore kept at a minimum (≈10 L/h)
to minimize water surface disturbance, while water
inlets facilitate a gentle surface movement for optimized
CSLICS analysis without affecting the spawn. CSLICS
images the surface of the water (Fig. 3) and analyzes
the fertilization success.

• t1: ≈12-24 hours following fertilization, the embryo-
genesis has advanced enough to not be impacted by
excessive water movement, i.e., prawn-chip stage4,
allowing an increase in the aeration of the tank to
facilitate homogenization throughout the water column
(≈100 L/h). Consequently, the water surface becomes
disturbed from the air bubbles making continued surface
operation of CSLICS unsuitable. CSLICS is switched
to sub-surface mode (Fig. 3) to analyze the developing
larvae in the water column.

• t1–t2: The coral larvae continue to develop until they are
mature enough to successfully undergo metamorphosis
into a coral recruit.

• t2: After approximately six days, the coral larvae are
typically mature enough to undergo settlement and are
therefore ready for harvesting from the larval culture tank.
The final CSLICS density counts are used to calculate
the proportion of the culture tank to harvest, based on
the number of available settlement substrate units and
the target larval density required in each to achieve
the desired settlement numbers (e.g. 50 larvae/L of the
settlement tank).

B. Hardware Design

CSLICS is designed for use in coral aquaculture facilities,
typically in combination with larval culture tanks similar
to that described in Section III-A, which presents several
challenges in terms of operational environment, system
performance and design.

This section outlines the key system requirements which
informed our system architecture and hardware design.

1) System Requirements: The system requirements are
informed by coral production workflow objectives and
constraints imposed by coral biology and the operational
environment. The CSLICS system must:

a) measure the fertilization success ratio (defined in Sec-
tion IV-C, equation 1) for the first two hours following
tank stocking to provide critical data used to assess the
coral larval culture quality;

b) provide the total coral spawn counts of the tank at least
once per hour for the duration of the larval rearing period

3Larvae that have cilia, or tiny hair-like projections, that help them move.
They are found in many marine invertebrates.

4A stage in the development of embryos, when they assume a concave-
convex dish shape.
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Fig. 4. The CSLICS system boundary diagram, illustrating the major inputs
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(up to seven continuous days) to help operators observe
trends in the larval rearing process;

c) image early coral life stages ranging from 150-500 µm in
diameter in the relatively low-light operating conditions
of the aquaculture facility;

d) not contain any exposed metal alloys that are toxic to
the corals (e.g. copper);

e) be waterproof (e.g. at least IP68) to avoid water damage
from possible submersion, reduce electrical hazard, and
minimize corrosion from the saltwater environment of
the aquaculture facility;

f) not have 240 V components closer than 1 m from the
water (in accordance with safety regulations); and

g) minimize physical interaction with the coral spawn to
reduce interruption to the rearing tank’s water flow and
potential risks to the corals.

2) System Architecture: CSLICS is an image capture
and analysis system comprising of a camera and controller
mounted to the tank (Fig. 4). The system connects via Ethernet
to a monitoring computer that manages user commands,
telemetry from the image capture system, and handles the
captured data. Decentralized image processing (i.e. onboard
computation) was adopted to facilitate system scalability,
reduce bandwidth requirements, and minimize the computa-
tional load on the central user computer, particularly when
operating with 60 or more camera units.

3) Components: As shown in Fig. 1, the key components
are a Raspberry Pi High Quality Camera with a Sony
IMX477 sensor and a Pimoroni microscope lens at 0.12-1.8x
magnification, which provides sufficient spatial resolution of
coral spawn at typical working distances of 5 cm from the
water surface. A Raspberry Pi 4 Model B (8 GB) controls
the cameras, responds to the central computer commands
and saves the images during data collection. Watertight
enclosures from Blue Robotics are used to house the camera
and computer hardware. A Power-over-Ethernet (PoE) board
delivers power and communications to CSLICS. The network
is managed by an 8-port PoE switch, delivering both power
and communications via a single cable. The PoE connection
provides 15 W of power at 48 V, sufficient for running
the onboard computer, camera and storage device. The
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managed switch enables remote and scheduled power cycling
of the CSLICS without having to access the network switch
itself, and allows multiple CSLICS modules to be connected
together. CSLICS is mounted to the tank using modular
photography clamps. The cost of a single CSLICS camera
unit is ≈1,000 USD.

C. Software Design

When powered on, a camera bring-up service starts the
CSLICS system, which configures and triggers the camera via
the Robot Operating System (ROS) [34]. Captured images are
saved with metadata and then processed by the appropriate
surface or sub-surface coral detection model.

We train two YOLOv8 object detectors [35], [36], which
were selected for their accessibility, ease-of-use, widely
supported framework, extensive documentation, and the
variety of model sizes available. The YOLOv8x 640p model
was chosen as a suitable balance between inference speed
and accuracy, enabling detection on the CSLICS hardware at
2 seconds per frame. We train one model for surface detection
of coral spawn, which is capable of detecting coral spawn
at different stages of embryogenesis (Fig. 5 and Section IV-
B). We also train a model for sub-surface detection of the
corals, where it is no longer necessary to differentiate between
developmental stages, so this is a single-class coral detector.

We leverage a semi-supervised, human-in-the-loop labeling
approach to reduce the annotation effort required and to
rapidly label a dataset for training the detection models [37].
We manually annotate a small number of images to train
a preliminary object detection model, which is iteratively
updated with additional samples obtained by reviewing
predictions from the model. Further details on the datasets
and labeling approaches are available in Section IV-B.

IV. EXPERIMENTAL SETUP

A. Data Collection

Data was collected at a coral aquaculture facility during
two mass spawning events in 2022 and 2023. The selection of
coral species was primarily determined by marine scientists
based on factors such as the availability of gravid corals5,
quality of coral spawn, number of parental colonies, and
potential for long-term deployment. The primary focus was on
commonly occurring and fast growing branching corals, with
two species from the family Acroporidae initially targeted
(Acropora kenti and Acropora loripes). Additionally, data
for species belonging to other coral families (e.g. Mycedium
elephantotus and Dipsastraea favus) were collected for future
research and expansion of the CSLICS detector models.

The larval culture tanks (Section III-A) were filled to the
appropriate water level approximately two hours prior to
the expected spawning time of the target species. At this
time, CSLICS units were mounted and focused at the water
level for surface-based imaging. CSLICS were mounted 5
cm above the water surface, depending on the lens position
within the housing. Three CSLICS units were mounted per
larval culture tank.

5Corals that are carrying eggs and are ready for spawning.

Fig. 5. Manual annotation of CSLICS images: surface (left) and sub-surface
(right), highlighting the challenging visual characteristics of the coral spawn.
The sub-surface detection task (right) is further complicated as we aim to
detect only corals that are in-focus.

Once the culture tank was stocked with coral spawn,
CSLICS were activated to capture images continuously
at a rate of one image every 10 seconds, to allow for
image capture and neural network processing time. This
resulted in approximately 360 images per hour, allowing
for comprehensive sampling of the corals over time. It was
important to collect image data over a sufficiently large period
of time in order to average inhomogeneity caused by coral
slicks. Manual counts were taken immediately after stocking
the culture tanks, and then once daily for comparison to the
CSLICS method, as detailed in Section III-A. The operators
occasionally adjusted CSLICS focus due to fluctuating water
levels resulting from flow rate or filtration adjustments.

Approximately 24 hours after tank stocking, the operators
increased the tank aeration to encourage homogeneity of coral
density throughout the tank (Fig. 3). At this point, CSLICS
were lowered to submerge the units’ front element no more
than 1 cm into the water, to minimize interaction with the coral
spawn, marking the beginning of the sub-surface operation.
The exact time was recorded by the operators, and CSLICS
were then left to continuously capture and process data until
the completion of the larval rearing process (6.5 days).

B. Dataset Annotation and Format

We collected and labeled two datasets, one for surface
mode operation and one for sub-surface mode operation.

1) Surface Data: Over the 2022 and 2023 spawning events,
2000 images were annotated with bounding boxes using the
human-in-the-loop approach described in Section III-C. We
first annotated 100 images manually to train a preliminary
object detection model, which was used to pseudo-label
the next 200 images. These predictions were then manually
reviewed before re-training the model. This process was
repeated until all 2000 images were labeled. The labeled
images were randomly partitioned into 70%/20%/10% splits
for training, validation and testing subsets, respectively.

The target classes for surface-based imaging are shown
in Fig. 1: egg, first cleavage, two-cell stage, four-to-eight
cell stage, advanced and damaged. The egg class is typically
circular. It is visually challenging to determine if the egg is
fertilized; therefore, we wait for the cell to start cleaving to
indicate fertilization. First cleavage is when the egg starts to
cleave into two cells, forming a pinch on one side, similar
to a peach. The two-cell stage is when the coral is forming
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TABLE I
SURFACE CORAL DETECTION RESULTS, WHERE P IS PRECISION, R IS RECALL, F1 IS F1 SCORE, AP IS THE AVERAGE PRECISION @0.5 AND MAP IS

THE MEAN AVERAGE PRECISION @0.5 (REFER TO SECTION IV-C FOR METRIC DEFINITIONS)

Method
Egg First Cleavage Two-Cell Four-to-Eight Cell Advanced Damaged Overall

P / R / F1 / AP P / R / F1 / AP P / R / F1 / AP P / R / F1 / AP P / R / F1 / AP P / R / F1 / AP F1 / F1 ex. Dam. / mAP

YOLOv8 [36] 91.1 / 89.9 / 90.5 / 90.7 86.5 / 76.0 / 80.9 / 83.5 82.5 / 84.8 / 83.6 / 87.1 75.6 / 70.2 / 72.8 / 74.1 80.2 / 88.3 / 84.1 / 87.5 66.2 / 37.8 / 48.1 / 52.1 76.7 / 82.4 / 79.2

a pinch on two opposing sides clearly showing the definition
of two cells. The four-to-eight cell stage is when the coral is
composed of four to eight cells, denoted due to its potential
ambiguity of having four pairs of cells stacked (the eight-cell
stage can appear like a four-cell stage). The advanced stage
is a class that encompasses any further embryo development,
from 16-cells to prawn-chip and beyond. For the purposes of
CSLICS, further classification of embryo development is not
required. Finally, there are damaged cells, which appear as
elongated or misshapen eggs or embryos, and typically occur
due to inadequate fertilization or over-handling.

2) Sub-surface Data: When the corals are dispersed in
the water column, the limited depth of field of the optics
becomes strongly apparent (e.g. Fig. 5). Corals too close or
too far from the camera appear out-of-focus, while those
in-focus remain sharp and defined. This is why we perform
single-class coral detection for sub-surface imaging. The
exact embryogenesis stage is also less critical at this point
as the developing corals approach their final developmental
stage (planula larvae) with a smooth and oval appearance.
Importantly, the sub-surface detector only counts corals that
are in focus, and we therefore manually label this data using
CVAT (https://www.cvat.ai/), and ensure that only
in-focus corals are annotated.

C. Evaluation Metrics

We report the performance of CSLICS in terms of surface
detection, fertilization success, sub-surface detection, and
sub-surface tank counts.

1) Surface Detection: We use precision (P) and recall (R)
to quantify the performance of the model’s surface detections.
Precision is the ratio of correctly predicted positive detections
to the total predicted positives, and recall is the ratio of
correctly predicted positive detections to all the observations
in the actual class. We balance these metrics by considering
the F1 score, which is the harmonic mean of precision
and recall. We also calculate the common object detection
metric Average Precision (AP), which is the area under the
precision-recall curve. When calculating these metrics, we
use a confidence threshold of 0.5, and an IoU threshold of 0.5.
We calculate the precision, recall, F1 score and AP@0.5 for
each class, as well as finding a macro F1 score and mAP@0.5
to indicate the overall detector performance.

2) Fertilization Success: Fertilization success is a ratio of
fertilized eggs to total viable eggs (fertilized and unfertilized).
It can be measured by comparing the ratio of classes from
the coral detector model. Let ne, nc, n2, n4, na represent
the number of eggs, first cleavage, two-cell, four-to-eight-cell,
and advanced spawn counts, respectively. Note, damaged

spawn counts are not included as they are considered to be
nonviable. Then the fertilization success ratio f is given as,

f =
nc + n2 + n4 + na

ne + nc + n2 + n4 + na
. (1)

This is a convenient metric because it is bounded from 0 to 1,
with 0 implying either a culture containing only eggs, and 1
being a completely fertilized culture. Thus, the fertilization
success can be calculated on a per-image basis.

3) Sub-surface Detection: As coral spawn mature, they
transition from the surface to water column, partially due
to developing cilia that help them swim, but largely due to
the tank’s hydrodynamics once the filtration rate is increased
(Fig. 3). To obtain detection counts when CSLICS is in sub-
surface operation, we used the sub-surface detection model
to produce per-image counts of the recruits that appear in
focus. This is a binary detection case, which we evaluate
using precision, recall, F1 score and the mAP@0.5.

4) Sub-surface Tank Counts: We convert the image-based
counts into tank counts using a scaling factor. As this scaling
factor is dependent on many variables, such as the initial
manual spawn input, the tank volume, the coral species and
the target density, we use the first instance of manual counts
at the start of the sub-surface segment to determine a scaling
factor to convert the image-based counts to tank counts.

V. RESULTS

We evaluate our CSLICS approach for monitoring coral
spawn in aquaculture for both the surface and sub-surface
operational modes. When in surface mode, we report the
surface detections and the fertilization success (Section V-A).
For sub-surface operation, we report the sub-surface detections
and the total tank counts (Section V-B). For both fertilization
success and total spawn counts, we compare against human-
derived estimates. Overall, we find that CSLICS effectively
monitors rates of fertilization and can clearly differentiate
between successful and unsuccessful larvae cultures.

Further, we find that CSLICS provides a time saving of
5,720 hours per spawning event. This value is derived by
calculating the effort required for equivalent manual sampling:
12 samples per hour for the surface operation (12 hours/144
samples), plus one sample per hour for sub-surface operation
(six days/144 samples), resulting in 288 samples per tank.
For 60 tanks and 20 minutes per sample, manual sampling
would require 5,760 hours of labor, minus 40 hours for one
person to operate the CSLICS system.

A. Surface Operation

1) Coral Development Stage Detection: We report the
performance of our multi-class coral detector in Table I.
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Fig. 6. Fertilization rate over time for two tanks. Left: a successful larval culture with a Root Mean Square Error (RMSE) of 0.101. Right: an unsuccessful
larval culture with RMSE 0.131. CSLICS is able to clearly identify fertilization success and provide early warning of deteriorating cultures.

TABLE II
SUB-SURFACE CORAL DETECTION RESULTS (REFER TO SECTION IV-C

FOR METRIC DEFINITIONS)

Method Precision Recall F1 Score mAP@0.5

YOLOv8 [36] 79.0 87.8 83.0 87.9

Our detector achieves greater than 72.8% F1 score for all
development classes, and 48.1% for the damaged class. This
class suffers in performance due to the relatively low number
of examples (839 instances, compared with 1,700-5,300
instances for the other classes) in the training set, as well
as the challenging and highly variable visual characteristics
of damaged corals. As the damaged class is not included in
the fertilization success ratio calculations, we also report the
overall F1 score excluding this class, which is 82.4%.

2) Fertilization Success: CSLICS was effectively used
to image the surface of the larval rearing tanks and detect
corals of different embryonic development stages. From these
detections, Eq. 1 was used to determine the fertilization
success. Fig. 6 shows the fertilization rate over time for two
tanks, each equipped with CSLICS.

A rolling mean for the fertilization success rate is shown
in orange, where the mean is calculated with a window of
20 images (thus averaged over ≈3 minutes). This figure
demonstrates CSLICS capability to predict a successful
fertilization for a tank: the left plot shows the curve for
a successful fertilization, as the rate of fertilized to non-
fertilized eggs increases steadily over time. The right plot
instead shows an unsuccessful larval culture, as indicated by
a fertilization rate which remains significantly lower than the
successful culture for the duration (Fig. 6). This occurs as
unfertilized eggs begin to dissolve and cause a chain reaction
throughout the larval culture.

B. Sub-surface Operation

1) Coral Detection: We report the precision, recall, F1
score and mAP@0.5 of our coral sub-surface detector model
in Table II. These results demonstrate that we are able to
detect and count coral spawn in the sub-surface setting, with
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Fig. 7. CSLICS sub-surface tank counts, demonstrating close alignment
between CSLICS estimates and manual counts (RMSE = 45,670 corals),
sufficient for monitoring purposes.

an F1 score of 83.0% and 87.9% mAP@0.5. The sub-surface
setting is more challenging than the surface case (as seen
in Fig. 5). As the corals reach the settlement stage (Fig. 3),
they begin to descend in the tank, and therefore become
out-of-focus of the camera. Further, as the camera housing is
submerged, it can become coated with coral larvae residue.
This limitation will be addressed in the next iteration of the
system design, which will feature a camera imaging the tank
through a viewing window on the side of the tank.

2) Sub-surface Total Tank Counts: In sub-surface operation
we quantify the spawn counts for the entire tank. The process
for estimating total spawn count was described in Section IV-
C.4. Fig. 7 shows CSLICS sub-surface total tank counts for
a culture in December 2023. The rolling mean tank count
is shown with a centered window of 40 images, with one
standard deviation bounds shown in the lighter colors, and
the manual counts are shown as the square markers. To the
best of our knowledge, the manual counts were consistent
as they were sampled and counted by the same personnel
following the same protocol. This figure demonstrates the
accuracy of CSLICS tank count estimates.
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VI. CONCLUSION

In this work, we proposed an automated coral spawn and
larvae imaging camera system to enhance high-density larval
rearing in coral aquaculture. We presented the two operational
modes of the system (surface and sub-surface), including
the system architecture, hardware specifications, software
implementation, and the data collection and annotation
methods. We trained two models for counting corals of species
belonging to the family Acroporidae: one tailored to detecting
coral spawn on the surface across different developmental
stages, and the other designed for sub-surface spawn detection.
The data captured by CSLICS illustrated clear trends between
successful and unsuccessful fertilization success ratios to
assess the viability of the coral spawn cultures. Additionally,
CSLICS provided accurate tank counts for the sub-surface
operation, showing comparable trends with manual counts.

CSLICS’ automation and vision-based approach reduced
coral disturbance and enabled recording frequent observations
into a digital database. This data supports correlation analysis
of treatment strategies with larval rearing outcomes. CSLICS
enables robust and consistent tracking of coral spawn at
different stages of development. Further, CSLICS streamlines
coral rearing processes and avoids the 5,720 hours of labor per
spawning event that would be required for manual sampling
at the same frequency.

The next iteration of CSLICS is currently in development,
which will improve detection of damaged cells, and feature
side-mounted imaging to reduce the impacts of coral larvae
residue build-up on the housing during sub-surface operation.
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