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ABSTRACT 
 

Coral reefs play a vital role in maintaining the balance of marine life. However, coral reefs 
are facing threats due to human activities and environmental issues. Coral reefs’ population 
is slowly decreasing day by day. It is crucial to monitor the health of coral reefs. 
Traditionally, researchers use manual monitoring to assess the health of coral reefs. This 
way is too time-consuming and not accurate. Therefore, an automatic coral reef monitoring 
model is proposed by using image classification and deep learning. Underwater images of 
coral reefs are collected from various locations. The datasets consist of 20830 images from 
seven different locations. The images are classified by using a deep learning method called 
YOLOv11. YOLOv11 consists of three main components, backbone, neck and head. Backbone 
extracts the features from the image using the C3k2 block. Neck combines all the extracted 
features. The head provides the final coral classification output and the model or class scores. 
Using YOLOv11, coral reef classification achieves an F1-score of up to 70%. YOLOv11 helps 
to detect and classify the coral reef automatically and faster compared to the manual 
method. 
 
Keywords: Classification of coral reef, YOLOv11, Deep learning. 
 
 

1.  INTRODUCTION  
 
Coral reef ecosystems are distributed across Peninsular Malaysia, Sabah and Sarawak. Coral reefs 
are among the most important underwater ecosystems because of their importance to tourists 
and the marine ecosystem. Despite their importance, coral reefs are threatened by climate 
change, coral bleaching, development, human activities, and pollution. Therefore, regular check-
ups to maintain coral reef health are crucial. Coral reef classification is traditionally done 
manually. The researchers record videos underwater at the beach in Terengganu. The experts 
examine each image in the videos and manually identify the coral reef based on the structure, 
shape and texture [1]. Repeated observations of the images are needed to verify the presence of 
a coral reef. However, the time consumed by this manual method is very high. The possibility of 
experts identifying wrongly is very high. The coral reef may be underestimated or misinterpreted. 
This leads to inaccurate data, and the protection plan is targeted to the wrong coral species. 
Therefore, the automatic classification of coral reefs is crucial for more accurate detection in less 
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time. Recent advances show that machine learning and deep learning methods are promising 
tools for the automatic classification of coral reefs. 
 
Multiple researchers have researched the automatic classification of coral reefs. Machine learning 
methods such as Random Forest (RF), Support Vector Machine (SVM), and Classification and 
Regression Tree (CART) have been used for coral reef image classification [2-4]. RF is used for 
image classification for bleach detection and achieves up to 97% accuracy [2]. Similarly, RF 
outperforms SVM and CART to examine spatial and temporal changes in coral reefs [3]. On the 
other hand, a multilayer perceptron is used for coral reef image classification, achieving 73% 
accuracy [4]. Besides machine learning, deep learning is widely used for characterizing coral 
reefs. MobileNetV2, VGG16, and Residual Neural Network (ResNet) are used to identify healthy 
coral reefs. Here, ResNet obtains the highest accuracy [5]. Likewise, ResNet50 achieves high 
accuracy up to 90% [6]. However, CNN achieves the highest accuracy of 89% among other deep 
learning methods, ResNet, and Vision Transformer (ViT) in [7]. Similarly, a Convolutional Neural 
Network (CNN) was used to classify healthy and bleached coral, achieving an accuracy of 87.6% 
[8]. ResNet-152, EfficientNet-B0, and DenseNet-121 are used for image classification to classify 
healthy and bleached coral reefs. Here, EfficientNet achieves the highest accuracy of more than 
80% [9]. Again, DenseNet-169 and VGG19 are used for coral reef classification, and both achieve 
approximately 80% accuracy [10]. The YOLO-based approach is one of the deep learning methods 
widely used for coral reef classification. YOLOv5, YOLOv8, YOLOv9, YOLOv10, and YOLOv11 have 
achieved high accuracy and a high mean average precision (mAP) for coral reef classification 
compared to other deep learning models. Most models achieve an accuracy of more than 80% 
[11-17]. These models are very effective to accurately detecting underwater images.  
 
Based on the previous researcher, YOLO is a promising candidate for better accuracy and speed. 
Therefore, the YOLOv11 model will be used for automatic coral reef classification. In this 
research, underwater videos were obtained from the Institute of Oceanography and Environment 
(INOS) at Universiti Malaysia Terengganu (UMT). These images are used to train the YOLOv11 for 
detection. Roboflow is a platform used for data preprocessing and model training.     
 
 
2. MATERIAL AND METHODS  
 
In this section, the classification of coral reefs using a deep learning method by using the obtained 
coral images is explained. Figure 1 shows the flowchart of the overall experimental process for 
this research. The process starts with the data collection of coral reef videos from the beach. Coral 
reef images are extracted from videos, and a data preprocessing method is used to clean the 
images prior to image processing. The images are fed into a deep learning model for classifying 
coral reefs based on the percentages of coral reef presence and absence in the images.  
 
2.1 Data Collection 

 
The coral reef videos were recorded around Terengganu, covering seven different locations. The 
videos are provided by INOS and UMT. 20830 images are extracted from the recorded videos. 
Based on the images, the experts manually identify their content in eight categories: coral, algae, 
other invests, dead coral, water, sand, salt and rock, unknown, and tape, wand shadow. There are 
19 types of coral. These different types of coral images are fed into the model for detection. Table 
1 shows the details of the images collected from the recorded videos.  
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Figure 1: The overall work process. 
 
 

Table 1: Data sample. 
 

Covered Areas in 
Terengganu 

Depth of Sea Number of 
Extracted 

Images 

Categories Coral Types 

Christmas Garden Deep 
Shallow 

20830 
 

Coral 
Algae 

Other invests 
Dead coral 

Water 
Sand, salt and 

rock 
 Unknown  

Tape, wand 
shadow 

 

Acropora 
Astrea 

Astreopora 
Disploastrea 
Echinapora 

Favia 
Favites 
Fungia 
Galaxea 

Goniastrea 
Isopora 

Lobophyilia 
Montipora 

Pavona 
Platygyra 

Poclilopora 
Porites 

Stylophora 
Turbinaria 

Dinding Laut,  Deep 
Mid 

Batu Menangis 
Deep 
Mid 

Shallow 

Pantai Pasir Cina Mid 
Shallow 

Pantai Pasir Tenggara  Shallow 
Pantai Vietnam Shallow 

Teluk Air 
Deep 
Mid 

Shallow 

 
 
 
 

Start 

Data Collection 

Data Preprocesing 

Model Selection & Training 

Model Evaluation 

Claasification of Coral Reef 

Presence of Coral Reef Absence of Coral Reef 

End 
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2.2 Data Preprocessing 
 

Before the images are classified, preprocessing methods are applied to the images to clean and 
display them correctly. In this research. Roboflow is used to prepare the data. The images are 
uploaded, and Roboflow labels the data using the bounding boxes. Roboflow cleans images by 
resizing, auto-orienting, adjusting brightness and contrast, cropping or tiling, and removing all 
empty and blurred images. The following shows the steps taken for data preprocessing. 
 

1. Upload the images inside the RoboFlow. 
2. Label the images and fix the bounding box. 
3. Data Cleaning – All empty or blurred images are removed from the training set. 
4. Resizing the Image - To standardize image size. The size is the default YOLO size, 640 x 

640. 
5. Auto-Orient Images - Rotate or flip the images to appear in an upright orientation. 
6. Adjust brightness - Increase or decrease the light to make the picture clearer. 
7. Contrast of Images - Adjust the images to the object appears clearer than the background. 
8. Crop or Tile Images - Cropping the large or crowded picture to remove the irrelevant 

background. Split the large images into smaller tiles to detect the small objects. 
9. The dataset is prepared for the model training. 

 
2.3 Model Selection & Training 

 
You Only Look Once (YOLO) is a deep learning algorithm commonly used for classification and 
detection across various applications. YOLO is better compared to CNN. YOLO predicts the class 
in a single pass, whereas CNNs usually look at the image multiple times to predict the class. The 
evolution of YOLO, as shown in Figure 2, from YOLOv1 to YOLOv11.   
 

 
Figure 2: YOLO model evolution [18]. 

 
YOLOv11 is the enhanced version of YOLOv8 for better speed and accuracy. YOLOv11 has three 
main components: backbone, neck, and head, as shown in Figure 3.  
 

 
Figure 3: YOLOv11 Model Architecture [19]. 
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Figure 4 shows how the YOLOv11 detection model is used in this research. Backbone is a primary 
feature extractor that transforms raw data samples into multi-scale feature maps. Neck is a 
feature fusion module. The neck has specialized layers to improve the feature representations. 
Head is a prediction mechanism to generate the output from the given data [19-20].  
 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: YOLOv11 Detection Model. 
 
2.4 Model Evaluation 
 
The performance of YOLOv11 for coral reef classification is evaluated. The dataset is equally 
divided using Roboflow into three sets for training, validation and testing of the model. The 
evaluation of the model is measured by using validation/testing sets. The evaluation metrics 
considered are recall, F1-score, and mean average precision (mAP). The model’s output is a 
detection of the average of different coral types, indicating whether coral is present or absent in 
the image.   

 
 
3. RESULTS AND DISCUSSION  
 
In this section, the results that are obtained are discussed. Figure 5 shows the performance of the 
model to classify the coral reef. This result is the average classification across all coral types, as 
shown in Table 1. For the YOLOv11 model, the mean average precision (mAP) achieves 
approximately 0.60 at mAP@0.5. F1 scores up to 0.70 for this model, whereas recall scores up to 
0.70. Based on these results, the overall detection performance is moderate. Almost 30% of 
objects are misclassified. The F1 score shows the model is precise but not sensitive enough to 
images.  
 
Based on the output images, the precision of the detection of each coral is indicated in the image. 
Figure 6 (a) shows examples of correctly detected coral in the YOLOv11 model. Here, Galaxea is 
detected with an accuracy of up to 85%, and Astrepora is detected with 89% accuracy. Figure 
6(b) shows that the model detects Acropora at 59% (moderate detection). Figure 6(c) shows the 
low detection rate for this model, Isopora, at only 29%. Low detection is due to confusion with 
other coral reef species ot misclassified as background. 
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(a) Precision-Recall Curve (b) Recall-Confidence Curve 

 

 
(c): F1 Confidence Curve 

 
Figure 5: YOLOv11 Model Performance. 

 
 
The performance obtained is moderate recall and mAP values. This suggests some coral reefs are 
misidentified. This result is due to an imbalanced dataset or a low number of data points for a 
certain coral category. Some coral reef datasets are small, and the model does not have enough 
training data for that particular coral reef category. Therefore, this led to low recall and MAP 
values. At the same time, there is some confusion about whether the coral reefs look similar. 
Despite this result, Fi reflects that the model detection is good and reasonable. Therefore, this 
model maintains a strong ability to detect coral reefs. As mentioned in [1], coral reef detection 
has previously been done manually. An expert will examine and observe the structure, texture 
and shape to identify the coral reef type. This is time-consuming and requires an expert to 
observe manually. YOLOv11 can classify the coral reefs automatically faster compared to the 
traditional way. The results indicate reliable prediction, but still need some improvement to 
improve recall and mAP. 
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(a) Excellent Model Prediction. 

 

 
(b) Moderate Model Prediction. 

 

 
(c) Low Model Prediction. 

 
Figure 6: Detection of Coral by YOLOv11. 

 
   
4. CONCLUSION  
 
This research proposes an automatic coral reef classification based on a deep learning method. 
The YOLOv11 model is used to classify the coral reefs. The performance of this model is moderate, 
and it is a balanced detection model, with F1 scores up to 70%. The result indicates this model is 
capable of detecting the coral reefs in real time faster compared to the manual way. The mAP and 
recall achieve moderate values, indicating that some coral reefs are misinterpreted, particularly 
in low-quality images. Therefore, in the future, some image enhancements should be applied 
before feeding the images into YOLOv11 for better detection. Overall, the model’s performance is 
suitable for automatic coral reef classification.  
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