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Abstract: Recent breakthroughs in the computer vision community have led to the emergence of 

efficient deep learning techniques for end‐to‐end segmentation of natural scenes. Underwater 

imaging stands to gain from these advances, however, deep learning methods require large 

annotated datasets for model training and these are typically unavailable for underwater imaging 

applications. This paper proposes the use of photorealistic synthetic imagery for training deep 

models that can be applied to interpret real‐world underwater imagery. To demonstrate this 

concept, we look at the specific problem of biofouling detection on marine structures. A 

contemporary deep encoder–decoder network, termed SegNet, is trained using 2500 annotated 

synthetic images of size 960 × 540 pixels. The images were rendered in a virtual underwater 

environment under a wide variety of conditions and feature biofouling of various size, shape, and 

colour. Each rendered image has a corresponding ground truth per‐pixel label map. Once trained 

on the synthetic imagery, SegNet is applied to segment new real‐world images. The initial 

segmentation is refined using an iterative support vector machine (SVM) based post‐processing 

algorithm. The proposed approach achieves a mean Intersection over Union (IoU) of 87% and a 

mean accuracy of 94% when tested on 32 frames extracted from two distinct real‐world subsea 

inspection videos. Inference takes several seconds for a typical image. 

Keywords: semantic segmentation; biofouling; image processing; underwater imaging 

 

1. Introduction 

Deep learning techniques have attracted significant interest in recent times as they have 

produced impressive results on benchmark and real‐world datasets across a wide range of computer 

vision tasks. While deep learning methods are gaining popularity, a number of key obstacles still 

persist. Most notably, deep learning methods typically require very large training datasets to achieve 

good results and significant amounts of computational memory are necessary during inference and 

training stages. While computational power is continually improving and is becoming less of a 

barrier, there is still a scarcity of high‐quality labelled training datasets for many applications, and 

this is especially true for underwater imaging applications. Curating a dataset takes time and 

domain‐specific knowledge of where and how to gather the relevant information, and it often 

involves a human operator having to manually identify and delineate objects of interest from real‐

world images. This is a tedious and time‐consuming task considering that datasets of up to 
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thousands—or even tens of thousands—of training images are required to build a robust and 

effective deep network. 

Having good quality training data is arguably one of the most important elements of any 

machine learning system and this is particularly the case for deep learning methods. A number of 

large‐scale datasets have been created to provide dependable training data and to assist algorithm 

designers when devising new deep learning techniques for classification, detection, and 

segmentation tasks. This paper is concerned with semantic segmentation, which is the task of 

assigning each pixel in the input image a class in order to get a pixel‐wise dense classification. 

Common datasets that can be used for training deep networks for semantic segmentation include: 

 Pascal Visual Object Classes (VOC) [1] is a ground‐truth annotated dataset of images. The 

dataset is partitioned into 21 classes which cover objects such as vehicles, household objects, 

animals, and people. There have been several extensions to this dataset [2,3]. 

 Microsoft Common Object in Context (COCO) [4] is a large‐scale object detection, segmentation, 

and captioning dataset. The COCO train, validation, and test sets, contain more than 200,000 

images and 80 classes, which include various vehicles, animals, food items, and household 

objects. 

 SYNTHetic collection of Imagery and Annotations (SYNTHIA) [5] is a collection of imagery and 

annotations which has been generated with the purpose of aiding semantic segmentation and 

related scene understanding problems in the context of driving scenarios. SYNTHIA consists of 

a collection of frames rendered from a virtual city under a wide range of lighting and 

environmental conditions. It includes classes for buildings, roads, cyclists, and cars amongst 

others. Since the imagery is synthetic in nature, the pixel‐level semantic annotations are precisely 

known. 

Road scene understanding/autonomous driving is a popular application area and there are 

several other datasets relating specifically to this topic, such as KITTI [6], Cityscapes [7], and CamVid 

[8]. While these datasets are incredibly valuable for developing methods capable of interpreting road 

scenes/detecting common everyday objects, they are not particularly useful when it comes to 

developing custom underwater imaging techniques for applications such as damage detection, 

biofouling assessments, fish detection, etc. There is an underwater dataset, known as the Underwater 

Lighting and Turbidity Image Repository (ULTIR) [9], which contains annotated images of various 

types of damage, such as cracks and corrosion, captured under a host of underwater visibility 

conditions, however, there is less than 100 images per damage class and this is not sufficient to train 

deep models. To help bridge this gap, this paper proposes the use of synthetic imagery to train custom 

deep networks that can then be applied to interpret real‐world underwater imagery. The focus of this 

paper is on interpreting underwater imagery for two main reasons. Firstly, underwater imaging is 

often severely hampered by factors—such as poor visibility, challenging underwater light‐field, 

floating particle matter, air bubbles, colour attenuation, poor image acquisition practices, etc.—which 

limit the ability of cameras to observe and record details in the scene, and consequently, the 

effectiveness of image analysis algorithms is impaired. With this in mind, methods that perform with 

credibility when applied to underwater images are particularly valued. Secondly, there is an acute 

lack of labelled datasets containing underwater imagery which makes it harder for researches to 

develop deep learning methods for underwater applications. In order to harness the power of deep 

learning methods for underwater applications, researchers must look at new sources of training data. 

This study demonstrates that photorealistic synthetic data can help in this regard. Synthetic image 

datasets have been developed and used to the train deep learning algorithms for detection and 

classification of underwater mines [10]. 

A virtual scene of an underwater inspection site is created, and from this, a large dataset of 

synthetic imagery is generated with accurate ground‐truth information that reveals the exact 

composition of the scene. This large dataset is then used to train a deep fully convolutional neural 

network architecture for semantic pixel‐wise segmentation. While semantic segmentation/scene 

parsing has long been a part of the computer vision community, a major breakthrough came in 2014 

when fully convolutional neural networks (CNNs) were first used by Long et. al. [11] to perform end‐
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to‐end segmentation of natural images. Their approach took advantage of existing CNNs which are 

designed for classification problems, such as AlexNet [12], VGG (16‐layer net) [13], GoogLeNet [14], 

and ResNet [15]. These classification models learn high‐level feature representations, however, 

instead of classifying based on these extracted features, the compact feature representations are 

upsampled using fractionally strided convolutions to produce dense per‐pixel labelled outputs. Fully 

convolutional neural networks allow segmentation maps to be generated for input images of any size 

and are faster than previous patch‐based deep learning approaches. They also achieved a significant 

improvement in segmentation accuracy over traditional methods on standard datasets like Pascal 

VOC while preserving efficiency at inference. Many of the leading techniques that have emerged 

since Long et al.’s breakthrough work are also based on fully convolutional neural networks. A 

comprehensive review of deep learning techniques for semantic segmentation is provided by [16].  

The performance of deep learning methods depends on the architecture of the deep network. 

Using an existing network/architecture, which is known to work well, as the basis for training new 

deep networks is usually a good strategy. In this paper, we adopt an existing architecture known as 

SegNet [17]. SegNet, which was originally developed for road scene understanding applications 

where it is important to obtain smooth segmentations between different classes such as roads and 

cars. As such, the network must have the ability to delineate objects and retain boundary information. 

In this study, the SegNet architecture is adapted to detect biofouling on marine structures. 

Biofouling, which is sometimes referred to as marine growth colonisation, introduces several 

problems including increased hydrodynamic forces acting on structures, masking of structural 

components (thereby impeding the detection of defects such as cracks and corrosion), and the 

creation favourable conditions for biocorrosion [18]. Owners and operators of marine structures, 

therefore, need to track the progression of biofouling so that expensive cleaning regimes can be 

optimised and so that engineers and designers have more accurate estimates of the forces imparted 

by waves and currents. Ideally, a complete inspection of biofouling on a structure should be designed 

to periodically collect the following information: (i) identification of marine growth species (ii) 

percentage of surface covered by the main species, (iii) thickness of superimposed layers and their 

weight, and (iv) the average size of each species present on the structures. Identification of marine 

growth species is important as different species have different roughness characteristics and this 

affects how much energy is absorbed from passing waves and currents. Engineers must also know 

about the distribution of marine growth species on a colonised structure as this is a first step in 

computing more accurate loading estimates. Image‐based semantic segmentation techniques can be 

especially helpful in providing information on both species identification and distribution. Moreover, 

underwater three‐dimensional (3D) imaging techniques, such as [19], are well‐suited for collecting 

in‐situ measurements of the thickness and size properties of biofouling instances. With this in mind, 

imaging systems may be regarded as a convenient and standalone tool capable of collecting all of the 

necessary data for biofouling assessments [20]. 

Performing semantic segmentation on images of biofouling scenes is a challenge as, like many 

natural objects, marine growth species do not have consistent and well‐defined shapes, and have 

non‐uniform colour and textural properties. The reduced underwater visibility conditions add an 

additional layer of complexity to the detection problem [21]. To tackle this problem, this study creates 

a virtual scene of an underwater inspection site, and from this, a large dataset of synthetic imagery is 

generated with accurate ground‐truth information that reveals the exact composition of the scene. 

This large dataset is then used to train a deep encoder–decoder network, which is applied to interpret 

real‐world inspection imagery. This typically results in a good, albeit crude, segmentation. As an 

additional step to improve the quality of the segmentation, support vector machines are trained based 

on the initial segmentation map and boundaries of the detected biofouling regions are then iteratively 

refined using SVM classification so that the final segmentation map more closely aligns with the 

outline of objects in the scene. 

This paper is structured as follows. Section 2 presents the sample virtual scene employed in this 

study and describes the deep network and the training process in more detail. Section 3 presents the 

results, while Section 4 concludes the paper. 
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2. Materials and Methods  

The main steps involved in devising and evaluating the deep network for semantic segmentation 

is illustrated in Figure 1. 

 

Figure 1. Methodology of the proposed approach. 

2.1. Create 3D Models of Marine Plants 

The first step towards building a deep network capable of identifying biofouling in images is to 

create virtual 3D models of the marine growth species that we wish to identify. These 3D models 

should approximate the shape, colour, and texture of the real‐world marine growth species that we 

are interested in. While it would be possible to have several different classes for various kinds of 

marine growth species, such as some of those shown in Figure 2, for the ease of demonstration, this 

case study will only focus on segmenting soft‐fouling algae species from the background. 

It is important to note that the 3D models are not directly used as input when training the deep 

learning algorithm. Instead, the 3D models are scattered around a virtual underwater environment 

and thousands of synthetic images featuring the 3D models are rendered. It is these rendered images 

(along with the corresponding ground‐truth per‐pixel labels) that are used for training the deep 

learning algorithm. 

Creating 3D models of marine growth species can be difficult in some cases, especially for 

complex marine species which have highly irregular and varied shapes. One way to combat this issue 

is to make use of the many 3D models that are available online—many of which are freely 

downloadable. It is often easier to download and customise these existing 3D models and incorporate 

them into the project rather than creating 3D models from scratch.  
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Figure 2. Examples of other virtual marine species. The geometry and material properties can be easily 

adjusted. 

2.2. Set-Up Virtual Scene 

Setting up the virtual scene involves simulating the underwater environment as realistically as 

possible. This mostly entails configuring the lighting and the optical properties of the water. This is 

carried out in VUE® which is a computer graphics software for creating, animating and rendering 3D 

environments. A view of the virtual scene is shown in Figure 3a. A real‐world underwater scene is 

shown in Figure 3b for reference. 

There is growing interest in creating underwater scenes for virtual reality (VR) applications, such 

as [22]. This is a burgeoning field and there can be strong crossover between developing underwater 

scenes for VR applications and for training deep models. 

 

Figure 3. View of a (a) virtual scene, and (b) real‐world scene. 

2.3. Animate Scene Properties 

In order for a deep neural network to generalise well and to be successful when presented with 

new scenes, the network should be trained on a large and diverse dataset (i.e., a dataset consisting of 

thousands of images featuring varying lighting and visibility conditions, viewing perspectives, 

different plants from the same marine species category, etc.). For this case study, the created dataset 

consists of 2500 rendered images. It exhibits a high degree of diversity as several parameters of the 
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virtual scene were animated (i.e., they evolved over time) to reflect many different conditions that 

may be encountered in a real‐world setting. These parameters include: 

 Properties of the underwater medium: transparency/visibility range and the colour of the water. 

 The shape, size, and colour of the marine species. 

 Species distribution on the structure’s surface. There were three scenarios here: sparsely 

populated, densely populated, and appearing in clusters. 

 The intensity and nature of the on‐site illumination (e.g., the position of the virtual sun was 

varied which gave rise to different lighting conditions). 

 The position and orientation of the virtual camera in the scene—this produces images of the 

biofouling from a wide variety of viewing angles and camera–subject distances. 

2.4. Render Images and Material Masks 

Since a virtual scene was the source of imagery in this study, the process of populating the 

dataset with new images could be easily automated and new images could be added on‐demand. 

The chief limiting factor on the number of images was the rendering time needed to produce each 

image. On average, it took approximately 50 s to render an image and the corresponding ground‐

truth class label image. The size of each image is 960 × 540 pixels. A sample of the rendered images 

and the ground‐truth class labels is shown in Figure 4. 

 

Figure 4. Some examples of training imagery. (a) Sample imagery of a virtual marine growth scene, 

and (b) shows the corresponding ground truth labels—green indicates the background, black 

indicates the clean underlying surface of the structure, and brown indicates marine growth. 
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For this case study, the ‘background’ and the ‘structure’ class (with reference to the class legend 

in Figure 4) were combined into one class. Every pixel which was not deemed to represent biofouling 

regions was considered to be a member of the background class. These synthetic images and ground 

truth labels are passed onto the next stage and used to train the SegNet deep model. 

2.5. Deep Model Set-Up 

The encoder–decoder network used in this study uses the SegNet architecture. It consists of two 

separate deep neural networks: an encoder network and a decoder network. The encoder accepts an 

RGB (red, green, blue) image of size 960 × 540 as input and generates a high‐dimensional feature 

vector. The decoder network then takes this high‐dimensional features vector and produces a 

semantic segmentation mask that is the same size as the input image (960 × 540). The architecture of 

an encoder–decoder network is shown in Figure 5. 

 

Figure 5. The input to the encoder–decoder network is a colour image and the output is a semantic 

segmentation mask. Adapted from [17]. 

The encoder part of the network gradually reduces the spatial dimension with pooling layers. 

While this serves to aggregate the contextual information (i.e., the key features which reveal the scene 

composition), the precise location information of objects in the scene is eroded with each spatial 

down‐sizing. However, semantic segmentation requires the exact alignment of class maps and thus, 

the location information needs to be preserved. The purpose of the decoder is to gradually recover 

the object details and spatial dimension. There are connections from corresponding pooling layers in 

the encoder to upsampling layers in the decoder which help the decoder to recover object details 

more effectively. 

For this simple example, the encoder–decoder network is trained to predict whether each pixel 

in the input image belongs to one of two classes: the background or algae/soft biofouling. For more 

complex examples, there can be several classes (e.g., there can be a separate class for each marine 

growth species and the ‘background’ class can be divided into two classes—one class for the clean 

uncolonised surface of the structure and another for the background). 

2.6. Deep Model Training 

An inherent drawback of encoder–decoder networks and deep learning, in general, is that 

parameters of the neural networks must be learnt, and this requires very large datasets on which to 

train. Furthermore, the training times can take many hours or even days. For the demonstrated 

example, the training time was under 6 h using an 11GB NVIDIA 1080Ti graphics card. 
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2.7. Application of the Trained Model to Real-World Data and SVM-Based Region Enhancement 

Once trained, the encoder–decoder network is presented with new real‐world images and 

tasked to perform semantic segmentation. The segmentation results for a sample image is shown in 

Figure 6. 

 

Figure 6. (a) Input image, and (b) initial segmentation following application of SegNet. 

It is evident from Figure 6b that while SegNet is effective at identifying the general location of 

biofouling regions in an image, it does not produce clean segmentations. A popular way to refine the 

segmentation is to apply a post‐processing stage using a conditional random field (CRF). CRFs 

incorporate low‐level pixel information with the output of segmentation methods to produce an 

improved segmentation which more closely coincides with edge boundaries of objects in the scene. 

For the proposed method, we adopt a support vector machine (SVM) based approach whereby SVMs 

are used to classify pixels at the boundary of biofouling regions in order to improve the size and 

shape characteristics of identified regions. Combining the deep encoder–decoder network and SVM 

enhancement in an effective manner creates a powerful yet expeditious segmentation method. The 

quick inference times of the SegNet technique (less than a second per image) is complemented by the 

strategic application of the higher complexity SVMs. 

SVM is a supervised learning classifier based on statistical learning theory. The linear SVM is 

used for linearly separable data using a (f‐1) dimensional hyperplane in f dimensional feature space 

[23–25]. This hyperplane is called a maximum‐margin hyperplane which ensures maximized distance 

from the hyperplane to the nearest data points on either side in a transformed space. The linear kernel 

function is the dot product between the data points and the normal vector to the hyper‐plane. The 

kernel function concept is used to simplify the identification of the hyperplane by transforming the 

feature space into a high dimensional space. The hyperplane found in the high dimensional feature 

space corresponds to a decision boundary in the input space. 

In SVM, the classifier hyperplane is generated based on training datasets. For the proposed 

approach, the training data is the pixel colour information within the background and biofouling 

regions, as detected by SegNet in the preceding phase. Although some of the training data is likely 

to be incorrect since SegNet will rarely achieve 100% accuracy, it is expected that the vast majority of 

the training data will be appropriately labelled, and this will outweigh the relatively small number 

of errant training instances. Given a training dataset of l points in the form   1
( , )

l
h h h
u v


 where h 

denotes the hth vector in the dataset, uh is a real f‐dimensional input vector containing the mean and 

kurtosis values associated with each region 
f

hu  , and vh is an instance label vector  ( 1, 1 )
l

hv   ; 

for this example, a value of +1 indicates biofouling and ‐1 indicates the background, although SVMs 

can readily be extended to classify multiple classes using multi‐class SVMs. To identify the 

maximum‐margin hyperplane in the feature space, the SVM requires the solution of the optimization 

problem: 
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The function φ maps the training vectors hu  into a higher dimensional space. The vector w is 

the weight vector which is normal to the hyperplane, e is the bias, ξ is the misclassification error and 

C is the cost or penalty parameter related to ξ. The solution to the problem is given by: 
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where K is the kernel function αh and αq are the Lagrange multipliers, vx,y is a label vector 

 ,( 1, 1 )x yv   for the input point ux,y,c. where x and y are the horizontal and vertical spatial indices of 

the input image and c is the colour channel index. The linear kernel has been used here, 

, , , ,( , ) T
h x y c h x y cK u u u u  (4) 

There is one preselected parameter value for the SVM, namely the cost parameter C, which may 

be optimised trial and error approach. A value of C = 1 was chosen and it was found the final results 

were not significantly affected by this parameter. 

The enhancement process firstly examines pixels that are immediately adjacent to each class 

within the initial segmentation produced by SegNet. A pixel is considered to be adjacent to a region 

if it shares an edge or corner with any pixel on the periphery of that region. SVM classification is 

applied to these adjacent pixels utilising their original intensity values to classify each of these pixels 

as representing biofouling or the background. Pixels which are classified using SVMs as representing 

biofouling become a member of the region. This process is repeated until there are no more pixels 

that can be added to or removed from a region. The results following region enhancement are shown 

in Figure 7. 

It may be observed from Figure 7 that, following region enhancement, the segmentation is 

‘cleaner’ and it coincides with the true outline of objects in the scene. 

 

Figure 7. (a) Original input image, (b) initial segmentation results following application of SegNet, 

and (c) final segmentation following SVM‐based region enhancement. 

2.8. Performance Evaluation 

Many evaluation criteria have been proposed to assess the performance of semantic 

segmentation techniques. Amongst the most common metrics are pixel accuracy and the Intersection 
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over Union (IoU) scores. Pixel accuracy is simply the ratio between the amount of properly classified 

pixels and the total number of pixels in the image. 

It is defined as: 

1

1 1

k

ii
i
k k

ij
i j

p

Acc

p



 





 

 (5) 

where k is the number of classes, pij is the number of pixels of class i inferred to belong to class j, and 

pii represents the number of true positives, while pij and pji are usually interpreted as false positives 

and false negatives respectively (although either of them can be the sum of both false positives and 

false negatives). 

The intersection over union, also known as the Jaccard Index, is the standard metric for 

segmentation purposes. It computes a ratio between the intersection and the union of two sets, in our 

case the ground truth and our predicted segmentation. That ratio can be reformulated as the number 

of true positives (intersection) over the sum of true positives, false negatives, and false positives 

(union). That IoU is computed on a per‐class basis and then averaged. 

1

1 1

1 k
ii

k k
i

ij ji ii
j j
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MIoU

k
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(6) 

The next section presents all of the quantitative results for the proposed method when applied 

to 32 real‐world inspection images. 

The ground truth segmentation for these 32 images is created by a human operator who 

manually identified the biofouling regions in each image. The visually segmented images act as the 

control and are assumed to show the true composition of the scene. 

3. Results 

The proposed method was applied to 32 frames that were extracted from inspection videos 

obtained at two underwater sites. A representative sample of the segmentation results is shown in 

Figure 8. The accuracy and IoU scores for each of the illustrated images can be viewed in Figure 9 by 

using the reference numbers provided. 

The performance of the proposed method, expressed in terms of accuracy and IoU scores, is 

illustrated in Figure 9 and the mean values are summarised in Table 1. The performances of two other 

techniques, which have previously been proposed in the domain of underwater imaging, are also 

included in Table 1. These techniques are a hybrid method called regionally enhanced multi‐phase 

segmentation (REMPS) [26] and a texture analysis based segmentation technique [27]. Our approach 

achieves a mean Intersection over Union (IoU) of 87% and a mean accuracy of 94% when tested on 32. 

It may be noted from these results that the proposed method was quite successful overall, and 

it proved effective at locating the presence of soft biofouling as well as accurately delineating 

biofouling regions in most cases. The major exception to this was image 20 (with reference to Figure 

8 and Figure 9) where many background pixels were erroneously classified as representing 

biofouling. Closer inspection of this image reveals that there was a lot of small floating particles 

present in the water, especially in the lower half of the image where the rate of misclassification is 

most evident, and this may have contributed to the poor performance. These encouraging results 

support the idea that synthetic images can be a valuable source for training algorithms intended for 

real‐world application. Furthermore, there is scope to improve the performance and usefulness of the 

proposed technique in several ways, including: 

 Increasing the quantity and quality of the training data. 

 Increasing the size of the input imagery. In the above example, the network accepts images of 

size 960 × 540 and outputs a segmentation mask of the same size. Being able to process higher 
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resolution imagery (i.e., 1920 × 1080 pixels) would mean that the output segmentation masks 

could be more precise. Although the size of the input imagery is largely bounded by hardware 

constraints, in particular, the GPU. 

 Having multiple classes for different marine species. 

Table 1. Performance of the proposed approach along with other segmentation techniques previously 

proposed in the domain of underwater imaging 

Method Mean Accuracy Mean Intersection over Union (IoU) 

Proposed method 94% 87% 

REMPS [24] 88% 75% 

Texture analysis [25] 87% 72% 

 

Figure 8. (a) Input colour images extracted from underwater inspection videos, (b) detected 

biofouling regions, and (c) detected regions overlaid on the original input image. 
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Figure 9. Accuracy and Intersection over Union (IoU) scores for each of the 32 test images. 

With regards to the last point, while it would be possible to have many different classes for 

several marine growth species (such as some of those shown in Figure 1), it may be better to group 

similar classes together. In practice, having many distinct classes is often more desirable and 

produces a segmentation technique of potentially greater utility than a segmentation technique that 

can only segment into two broader classes. However, having more classes can be problematic if there 

is high inter‐class similarity within the training dataset. As an example, having separate classes for 

various types of marine growth species will be challenging in cases where there is a high degree of 

visual similarity between different marine species. In such cases, a better strategy may be to group 

similar classes together, i.e. have a ‘soft‐fouling’ class that includes non‐calcareous fouling organisms 

such as seaweeds, hydroids, and algae, and have another ‘hard‐fouling’ class that includes calcareous 

fouling organisms such as barnacles, coral, and mussels. This will have the added practical advantage 

of reducing model training time. Moreover, having more classes also increases the likelihood of 

having unbalanced classes whereby the amount of training data in one category is less than other 

categories and this can impair the performance of the segmentation technique. 

Finally, the model can be trained to suit the needs of the inspection since the virtual images can 

be generated on‐demand (i.e., if the biofouling at an inspection site only consists of barnacles and 

seaweed then the encoder–decoder network need only include these classes). 

3.1. Extension to Other Applications 

The same concept of using virtual images to train an encoder–decoder for real‐world application 

can be extended to other tasks, some of which are depicted in Figure 10. This is facilitated by the fact 

that deep learning models are highly repurposable. For instance, a model that is trained on a large 

dataset of marine growth images can be reused as a crack detection model by simply training the 

model on crack images instead, such as the study by Maeda et al. 2018 [28]. Very minor changes to 

the architecture of the model, if any, are necessary. 
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Figure 10. Such data may be used to train an encoder–decoder crack detection model. 

Additionally, marine biologists are often interested in detecting fish and estimating their size 

using camera systems. Being able to accurately detect fish, even in the presence of challenges such as 

overlapping fish and poor visibility, is of high value. Moreover, synthetic imagery is not only of value 

for semantic segmentation applications, it can also be used to train deep learning based stereo 

matching techniques for estimating 3D shape as accurate ground truth depth information can be 

outputted alongside rendered images. 

4. Conclusion 

Underwater imaging has developed considerably over the past few years. It owes its rising 

popularity to several factors; data collection via optical sensing is an inherently quick, clean, 

inexpensive, and versatile non‐contacting process, and unlike other sensing methods, cameras 

require minimal training in their operation, can be easily adapted for underwater application, and 

the acquired data is easy to visualise and interpret. Moreover, for underwater inspection purposes, 

vision (both human and machine) is often the only way to sense anomalies such as cracks or surface 

corrosion. While imaging systems undoubtedly have the potential to be a convenient underwater 

data collection tool, the challenging underwater visibility conditions diminish the ability of cameras, 

and subsequent image‐processing techniques, to effectively interpret the scene. This puts an 

emphasis on devising robust and effective techniques that can interpret scenes with credibility. 

Deep learning algorithms have already attracted significant interest in other fields owing to the 

high performances that they can achieve; however, they have not had a significant impact in the 

domain of underwater imaging as of yet, largely due to the lack of available training data. This study 

presents a framework for generating large datasets of synthetic images, from which deep neural 

networks can be trained and applied to tackle real‐world problems. To demonstrate this concept, this 

paper looks at the specific problem of biofouling detection on marine structures. A contemporary 

deep encoder–decoder network, termed SegNet, is trained using 2500 annotated synthetic images of 

size 960 × 540 pixels. Once trained, SegNet is applied to new images and tasked with segmenting the 

images into one of two classes: soft fouling marine growth and the uncolonized background. The 

initial segmentation is then refined using an iterative support vector machine (SVM) based algorithm. 

The proposed technique is validated on a host of real‐world underwater inspection images. The 

results demonstrate that using annotated synthetic images is an effective way to train deep learning 

based techniques and have particular value for applications where large annotated datasets do not 

exist. 
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