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Abstract. Coral reefs are essential marine ecosystems that face significant threats due to climate
change, pollution, and overfishing. Effective monitoring is crucial for conservation efforts, but
traditional methods are labor-intensive and inefficient. This study proposes a deep learning-based
coral detection model built based on the YOLOVS architecture, specifically for nano and small. In
addition, the Ghost modules and Ghost bottlenecks were utilized to modify the original YOLOVS
small. The proposed model was trained on an underwater coral dataset and evaluated in terms of
precision, recall, and mean Average Precision (mAP) metrics. Experimental results demonstrate
that the YOLOv8 small model and YOLOv8 small model with Ghost modules achieved a mAP of
53.675% and 55.88%, respectively, while maintaining a compact model size. This work
contributes to developing efficient and lightweight coral detection systems to support conservation
efforts.

Keywords: Coral detection; Deep learning; YOLOv8; Ghost module.

1. Introduction

Climate change, overfishing, and pollution threaten the coral reefs and are the causes of the decline of
coral reefs worldwide [1], [2], [3], [4]. The importance of coral reefs varies, such as protecting the coastal
communities from hydrodynamic activities, supporting the continuity of recreational activities and
biodiversity, and enhancing fisheries productivity [S]. Saving the coral reefs is one of the actions towards
preserving the ecosystem under the sea [1] and maintaining the sustainable coastal development of people
who depend on the coral reef ecosystem [3].

Several actions have been taken to mitigate coral reef decline, including monitoring. Coral reef
monitoring is crucial for detecting the ecological changes affecting coral reefs, quantifying and
documenting the coral losses that have already occurred, and collecting data that serves as a foundation
for research and reef restoration initiatives [6]. Monitoring the health of coral reefs can help researchers
understand their current health and the causes of damage to them [7]. Monitoring coral reefs can be done
through several approaches, such as photographic and satellite-based data [8]. Such data can be used for
further analysis regarding protecting and restoring coral reefs.
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Aside from aiding humans in this era of technology, we can utilize technology to tackle environmental
threats. Artificial intelligence has emerged to help us with daily tasks for various purposes, such as in
industry [9], education [10], agriculture [11], and the monitoring of marine life [12]. Image data analysis
offers a valuable tool for monitoring coral reef health. However, while such monitoring is essential,
current methods face significant challenges. These include the labor-intensive nature of manually
analyzing images and the time-consuming process of evaluating large or expansive reef areas [13], [14].
Therefore, a solution that utilizes artificial intelligence can be proposed to tackle these challenges.

Deep learning is among the most influential technological advancements, particularly in applications
like computer vision [13]. Computer vision can speed up the detection of coral reefs and reduce the need
for human labor [13], [15] and act as a non-invasive approach for coral monitoring [16]. In recent years,
CNN-based object detection algorithms have emerged as powerful tools, renowned for their performance
and adaptability across diverse applications. Researchers can leverage this advancement to develop a
robust and automated coral detection system [14], [15], paving the way for future integration into
autonomous underwater vehicles (AUVs) [17].

Inspired by the possibility of utilising a deep learning-based object detection model to detect corals,
this work proposes a model to detect corals within underwater imagery. The proposed model is based on
the renowned YOLOVS architecture [18]. However, we propose utilising the Ghost module and the Ghost
bottleneck proposed by [19] and making changes to the original YOLOVS architecture. The Ghost module
reduces the computational cost by adopting cheap linear operations, which hopefully will reduce the size
of the trained model. This paper also aims to contribute to conserving and monitoring coral reefs by
developing an efficient yet well-performed coral detection model.

2. Related Works

Several works have proposed monitoring and protecting marine ecosystems, specifically coral reefs. Lu et
al.’s work proposed a coral detection model based on the YOLO architecture, specifically the YOLOv10
[15]. The work made several changes to the original YOLOv10 architecture, such as modifying the C2f
module and proposing the Multi-Path Fusion Block (MPFB) to optimise feature extraction. Another key
change to the architecture is integrating GSConv and VoV-GSCSP modules into the neck, thus improving
feature fusion and multi-scale detection. The proposed architecture was trained and tested using a custom
coral detection dataset and achieved an mAP50 of 81.9. This result outperforms YOLO architectures,
such as YOLOvS, YOLOv6, YOLOvS, YOLOV9, and the original YOLOv10.

Zhang et al. propose a CNet, a coral segmentation model. The architecture comprises two symmetric
input branches and a fused input branch based on ACNet [20]. A pre-trained ResNet encoder was
employed as the RGB branch, and a VGG encoder was employed as the depth branch. Another distinction
made within the architecture is the use of ShapeConv, which facilitates the integration of shape features
from the RGB and depth images. The proposed architecture achieved a mloU of 81.33 on the custom
coral dataset.

Rajan and Damodaran proposed an MAFFN_YOLOVS to detect coral health conditions [13]. As the
name implies, the proposed architecture was based on the YOLOvVS architecture. The key change is to
modify the neck section of the architecture by utilizing a multi-scale feature fusion attention network. The
model achieved a mAP of 90.72% on the collected dataset, outperforming YOLOX, YOLOR, and the
original YOLOVS.

Lastly, Ouassine et al. propose a model based on YOLOVS to detect coral within underwater images
[14]. The work compares the performance of four variants of YOLOv5: YOLOvVS nano, small, medium,
and large. The four variants of YOLOvS were trained using a custom underwater image dataset of coral.
The highest performance in terms of mAP was achieved by the YOLOv5-large (YOLOvSI), which was
47.4. However, the model that achieved the highest mAP is relatively large (92.8 MB).

This work was inspired by Ouassine et al. [14]. Previous work has not explored using other YOLO
architectures, such as YOLOvV6 [21], YOLOvV7 [22], YOLOv8 [18], YOLOV9 [23], and YOLOvV10 [24];
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therefore, this work aims to continue experimenting with utilising these architectures. We also propose
the YOLOv8 with Ghost modules and bottleneck, and compare it with the other architectures.

3. Materials and Methods

This work utilises the coral dataset proposed by Ouassine et. al [14]. The original dataset consists of 575
underwater coral images. The coral species in the image are in the Reunion and Scattered Islands, and the
photos were taken under different lighting conditions and depths. The dataset consists of only one label,
coral, without further distinguishing different species of coral in the provided labels. The dataset consists
of train (478 images), validation (64 images), and test split (33 images). We employ several
augmentations to train our model: rotation, flipping, increasing or decreasing brightness, and blurring.
The rotation was performed clockwise or counterclockwise with a degree of 15° The flipping was
performed horizontally or vertically, each with a probability of 50%. The brightness was increased or
decreased by 15%, and the blurring was performed up to 1.5 pixels. Each of the augmentations was done
randomly by utilizing the tools in the Roboflow platform. The resulting train images were expanded into a
total of 1230 images.

The leading architecture we use in this work is the YOLOvS [18]. YOLOvVS is a renowned object
detection architecture that has achieved state-of-the-art performance with real-time detection capability
and presents promising applications [25]. YOLOv8 proposed a new C2f module to enhance the
performance of the previous YOLO versions and offer efficient architecture [25], [26]. Figure 1 shows the
YOLOVS architecture. The CBS module refers to a group of Convolutional Layers, Batch Normalization
(BN), and Sigmoid Linear Unit (SiLU) activation. The proposed C2f module denotes a cross-stage partial
bottleneck with two convolutional layers [27].
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Figure 1. The architecture of YOLOv8 [18]
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The YOLO architecture, as illustrated in Figure 1, has three sections: backbone, neck, and head. Each
section is intended for a specific reason. The backbone is designed for feature extraction, the neck section
for feature fusion, and the head section for outputting the prediction. The feature extraction section
extracts scaled features from an image, utilizing the C2f and SPPF (Spatial Pyramid Pooling Fast)
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modules. The extracted features are then fused to combine high-level and low-level features, thus
enhancing the capability to detect objects at different scales. Lastly, the head section, which consists of
three parts, is intended for multi-scale prediction to achieve accurate predictions for small, medium, and
large target objects. The output of the YOLOvVS architecture is the position of the objects (labelled by a
bounding box), the corresponding classes, and confidence scores. The YOLOvVS architecture comes in
four different varieties based on their parameters: nano, small, medium, large, and extra-large. This work
focuses on utilizing the nano and small models. The YOLOv8 nano (3.156 million parameters) and small
(11.167 million parameters) architectures offer ease of deployment on mobile or CPU-only devices,
which have limited computational resources, such as a GPU [28].

However, this work explores the utilization of the ghost module [19] within the current architecture of
YOLOWVS, specifically the small variant. This choice was intended to reduce the model size of YOLOVS
small, which is relatively bigger than other modern architectures such as YOLOvV9 and YOLOv10 small.

The ghost module was proposed by [19], reducing the computational cost by adopting cheap linear
operations. Several ghost modules are then stacked to create a ghost bottleneck. A deep neural network
called GhostNet, which consists of ghost bottlenecks, achieved higher performance than MobileNetV3,
MobileNetV2, EfficientNet, and ShuffleNetV2, while maintaining efficiency and being lightweight [29].
The structure of the ghost module and ghost bottleneck are shown in Figures 2 and 3, respectively.
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Figure 2. The structure of the Ghost Module [19]. & denotes the cheap linear operation.
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Figure 3. The structure of the Ghost Bottleneck. (a) The Ghost bottleneck with stride = 1 and (b) the
Ghost Bottleneck with stride =2 [19].

The cheap linear operation (&) within the Ghost Module (see Figure 2), uses depth-wise convolution
with a fixed kernel size [19]. Thus, the proposed Ghost Module and Bottleneck (see Figure 3) reduce
computational costs for deep neural networks. Figure 4 depicts the integration of the Ghost Module and
Bottleneck within the YOLOvVS architecture. Within the YOLOvV8 architecture, the C2f module is
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exchanged with the C3Ghost module. The C3Ghost is a cross-stage partial module with a ghost
bottleneck [30]. Aside from using the ghost module and C3Ghost, the other configuration is similar to the
original YOLOVS architecture.

Each model was evaluated based on the test set regarding precision, recall, and mean Average
Precision (mAP). The precision, recall, and mAP were calculated using equations (1), (2), and (3),
respectively. T'P corresponds to the number of true positives, F'P corresponds to the number of false
positives, F N corresponds to the number of false negatives, and AF; corresponds to the average precision
for class i.

Precisi TP

recision = —————

SO = T T FP 1)
TP

ecall = ————
Reca TP+ FN @
1 <&

i=1 3)

YOLOv8 with GhostConv Architecture

Backbone Neck Head

GhostConv

C3Ghost

T

(3host R

Upsample
1

T

C3Ghost ——

Ll

-

C3Ghost Upsample
d

Figure 4. The architecture of YOLOVS with the ghost module [18], [19]
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4. Results and Discussion

This section discusses the training results and evaluates each model. Each model was trained for 300
epochs. The Stochastic Gradient Descent (SGD) was the optimizer, with a learning rate of le-2, weight
decay of 5e-4, and momentum of 0.937. The size of each image is set to 640 x 640 pixels, whether for the
training, validation, or test set. The training was done on the Kaggle platform utilizing the Tesla P100
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GPU with a memory capacity of 16 GB. A comparison was made between the YOLOVS nano and small, a
modified YOLOv8 small with the Ghost module and bottleneck, YOLOv6 small, YOLOv7, YOLOV9
small, and YOLOv10 small. Figure 5 shows each model’s training results in terms of the mAP50 using
the hyperparameters mentioned earlier.

Training Comparison of Coral Detection
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Figure 5. The results of training each model.

The results shown in Figure 5 indicate that each model generally improves its performance. It is
evident that at the first 50 epochs, each model, except YOLOvV7, experienced an increase from nearly 0 to
0.2. From there onwards, the mAP of each model increased and steadily stayed in the range of 0.3 to
slightly above 0.4. The YOLOv7 model exhibits significantly fluctuating training progress compared to
the other architectures. However, YOLOv8n can be seen as underperforming in this case, followed by
YOLOvV6 small. YOLOV9 achieved the highest result, followed by YOLOvVS8 small, YOLOv7, YOLOvVS
small with ghost module, and YOLOv10 small. In addition to the training results, each model is evaluated
using the validation and the test set. Table 1 shows these results and the size of each model.

Table 1. The results from the validation and test sets, along with the size of each model.

Model Validation Set Test Set Model Size (MB)
Precision  Recall mAPS50 Precision Recall mAP50

YOLOv6small 46.841 41.65 38.153  52.612 53.11 51.387 32.9
YOLOvV7 45.881 45.972 40.464 69.5 42.1 45.6 74.8
YOLOv8nano 47.001 41.454 36.701  53.892 45.933 44919 6.3
YOLOv8small 55.742  39.293 41.057 59.815 54.067 53.675 22.6
YOLOvS8small 52.08 39.927 39.85  65.238 50.284 55.88 12.2
Ghost

YOLOV9small 57.021  40.668 41.829 55.927 45.933 48.366 15.3
YOLOv10small 45412  44.782 38.328  58.127 38.525 42.511 16.6

Starting with the YOLOv6 small model, it achieved a precision of 46.841% on the validation set, a
recall of 41.65%, and an mAP50 of 38.153%. On the test set, it achieved performances with a precision of
52.612%, a recall of 53.11%, and an mAP50 of 51.387%. YOLOv6 small has a size of 32.9 MB, making
it relatively lightweight. The YOLOV7 achieved a precision of 45.881%, a recall of 45.972%, and an
mAPS50 of 40.464%. Test set performance of the YOLOV7 is significantly higher in precision (69.5%),
but it has lower recall (42.1%) and mAP50 (45.9%). YOLOv7 (74.8 MB) is the largest among other
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models. With such a size, deploying a relatively large model such as YOLOv7 may impact deployment
efficiency.

The YOLOVS nano, with a size of only 6.3 MB, is the smallest model among others. It has relatively
good performance and can compete with other larger models. YOLOVS nano achieved precision, recall,
and mAP of 47.001%, 41.454%, and 36.701% on the validation set. The test set results achieved by the
YOLOVS nano are good as well, with a precision of 53.892%, a recall of 45.933%, and an mAP50 of
44.919%. Having such a miniature size, YOLOv8 nano might be ideal for resource-constrained
environments.

The YOLOvVS8 small shows strong performance compared to others. On the validation set, it achieved
the highest precision (55.742%) and mAP50 (41.057%) among all models, with a recall of 39.293%. On
the test set, the performance of the YOLOvV8 small remained strong, with a precision of 59.815%, a recall
of 54.067%, and a mAP50 of 53.675%. The size of the YOLOVS small (22.6 MB) is significantly higher
than that of the YOLOvVS8 nano. However, with such performance, YOLOv8 small shows a balance
between performance and efficiency.

The YOLOvVS small with Ghost modules achieved a precision of 52.08%, a recall of 39.927%, and a
mAPS50 of 39.85% on the validation set. On the test set, it achieved the highest mAP50 (55.88%) among
all models, with precision at 65.238% and recall at 50.284%. The YOLOVS small with Ghost module is
12.2 MB, which is significantly smaller (10.4 MB smaller) than the original YOLOvVS small. Therefore, it
offers a compact yet high-performing alternative.

Compared to other models, YOLOV9 small achieves the highest mAP50 (41.829%) and precision
(57.021%) on the validation set. However, on the test set, it achieves a mAP50 of 48.366%, significantly
lower than both YOLOvVS small with the Ghost module. Lastly, YOLOv10 small achieves a mAP50 of
38.328% on the validation set, which is lower than most of the models except YOLOv6 and
YOLOv8nano.

Overall, the trained models performed well. However, YOLOv8small achieves a good balance
between precision and recall on both validation and test sets. YOLOv8small Ghost stands out with the
highest mAP50 on the test set (55.88%) and a relatively small size (12.2 MB). However, on the test set,
YOLOvVI10 small achieve a relatively good mAP50 of 42.511%. In terms of model size, YOLOV9 small
(15.3 MB) and YOLOvV10 small (16.6 MB) are significantly smaller than YOLOv8 small. However, after
modification, YOLOvS small with the Ghost module was reduced in size.

This work surpasses the original study [14], which utilized the YOLOVS large architecture to achieve a
mAP of 47.4%. By contrast, our implementation of the YOLOvS small model with a Ghost module
attains a significantly higher mAP of 55.88%, marking an improvement of 8.48 percentage points over
prior results.

We compare the performance results of our work and model size with those of previous research and
the original work. Table 2 shows this comparison in terms of mAP, model size (in MB), and parameters
(in millions).

Table 2. Performance comparison on coral detection

Results Model Size (MB) /

Authors Methods (%) Params (Millions)
Luetal. [15] YOLOvV10 with Multi-Path Fusion Block 81.9 -/2.4
(MPFB) GSConv, and VoV-GSCSP
modules
Rajan and Damodaran [13] MAFFN_YOLOVS5 90.72 89/83
Ouassine et al. [14] YOLOvV5 47.4 92.8/-
Ours YOLOV8 small 53.675 22.6/11.1
YOLOVS is small with the Ghost modules 55.88 12.2/5.9
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Compared with previous works, our work exceeds the original work of Ouassine et al. [14] in terms of
mAP, with a difference of 8.48%. Our model is significantly smaller, with only 12.2 MB for YOLOv8
small with the Ghost modules and 22.6MB for the original YOLOvVS small, compared to 92.8 MB of
YOLOVS. However, compared to the work of Lu et al. [15] and Rajan and Damodaran [13], the mAP of
this work differs greatly since the dataset used within this work differs from that of the other work.
Regarding model size and parameters, the YOLOv8 small with Ghost modules is significantly smaller
than the MAFFN_YOLOVS. However, compared to the model proposed by Lu et al. [15], our model still
has significantly more parameters. Figure 6 visualizes detection results from each model on a
representative test set, paired with their ground truth annotations.

Test Labels Detections Test Labels Detections

YOLOv8 small
Ghost

YOLOv9 small . B 0I.0v:|.all l
Figure 6. Detection results from each model on a representative test image with the corresponding ground
truth annotations.

The label 0 indicates coral class. Each model can detect most of the coral within the representative test
image with a relatively acceptable degree of confidence, ranging from 30% to 90%. There are cases
where coral is challenging to detect. These challenges arise from the small size of the corals or their
considerable distance from the camera, both of which reduce their visibility in the image. Although the
models could detect several small-sized corals, not every small coral can be detected. Another challenge
is regarding the corals that are mainly covered by shadow. This condition tends to make the model unable
to detect those corals properly. Aside from these conditions, the models made several missed detections
(false negatives) and false positive detections, thus affecting the performance evaluation.

5. Conclusion
This study explores the development of a deep learning-based coral detection for underwater imagery.
The proposed model is based on the renowned YOLOVS architecture for object detection. Aside from
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utilising the original YOLOVS8 architecture, we proposed incorporating the Ghost modules and Ghost
bottlenecks to replace the original modules within the YOLOVS architecture, specifically the YOLOvS
small. The results of the training and evaluation of each model were satisfactory for the dataset used in
this work. The highest mAP on the test set was achieved by the YOLOvS8 small with ghost modules,
which is 55.88%, although the original YOLOv8 small model offers a relatively balanced performance in
precision, recall, and mAP. However, the modified YOLOvS8 small with ghost modules is significantly
smaller in model size and parameters than the original YOLOv8 small model, thus offering a compact yet
high-performing model. Significant challenges were found in detecting corals within underwater imagery.
The first is the size of the coral, which can be small due to the characteristics of the coral or being far
from the underwater camera. The second challenge is regarding the coral being covered by shadows,
which causes the model to miss detecting it. These problems were found and hopefully can be addressed
in future works. A large dataset of coral detection may also be proposed to create a robust and well-
performed model to be deployed within autonomous underwater vehicles (AUVs). Lastly, modifying
other object detection architectures may be one of the drivers for future work.
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