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Abstract

The growing dependence on deep-sea marine cables for telecommunications, power transmission, and scientific research has highlighted the importance of efficient inspection and maintenance strategies. Conventional techniques, including human divers, Remotely Operated Vehicles (ROVs), and Autonomous Underwater Vehicles (AUVs), have been used as main instruments for cable inspection. They are, however, plagued by several challenges, including high cost of operation, depth limitations, interference from the environment, and the danger to human life. This article discusses how underwater robots can transform the inspection and repair of deep-sea cables. In particular, the research focuses on the multiple underwater robotic platforms, i.e., ROVs, AUVs, and hybrid platforms such as Underwater Vehicle-Manipulator Systems (UVMS), with a focus on inspection, navigation, and repair. It explores the integration of advanced inspection technologies, including vision-based systems, sonar-based navigation, acoustic positioning, and multisensory fusion, to enhance navigation accuracy and damage detection in harsh underwater environments. The paper uses a number of case studies proving the effective utilization of robotic platforms in actual cable inspection and maintenance applications, displaying their capacity for damage detection, cable condition monitoring, and even autonomous repair operations.
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1 Introduction
1.1 Background
Deep ocean seafloor cables are a critical part of global infrastructure, supporting telecommunications, data transfer, and long-distance electricity transmission [1]. They are the pillars of communication in the world as they connect continents using undersea fibre-optic networks [2]. They are also useful in transmitting power to offshore wind farms and deep-sea mining projects [3]. As the world data demand is increasing rapidly and cleaner energy systems are being adopted, submarine cables are gaining relevance on a regular basis [4].
Cable installation and maintenance are not easy in the seafloor since it is hostile and complex environment [5]. Seabed cables are generally buried or lying across the seabed [6–8]. With time, they are subjected to various risks including ocean currents, human encroachment, corrosion, and physical damages through fishing and natural calamities [9,10]. Therefore, regular inspection and maintenance are essential to ensure reliability and long service life.
Traditional inspection methods rely on Remotely Operated Vehicles (ROVs) [11], and Autonomous Underwater Vehicles (AUVs) equipped with sensors [12,13]. However, their performance is limited by harsh environmental conditions, operational constraints, and high costs [14,15]. These limitations indicate the need for more efficient, accurate, and cost-effective inspection approaches for deep-sea cable systems. This work aligns with the Special Issue on Measurement and Instrumentation for Coastal and Marine Geology by emphasizing advanced sensing, data acquisition, and monitoring techniques for marine environments. The study highlights the role of precise instrumentation in improving the accuracy and reliability of coastal geological analysis.
1.2 Problem statement
Marine cables extend over thousands of kilometres and are often located at depths exceeding 1,000 meters, making physical access difficult. Extreme conditions such as high pressure, low temperature, and poor visibility further complicate inspection processes [16–18]. Traditional techniques use remotely operated ROVs or autonomous AUVs, but these techniques have a number of restrictions:
Depth and accessibility: Numerous cables lie at depths out of reach of the safe operating range of conventional underwater vehicles, and are hard to monitor.
Environmental interference: powerful currents, low visibility, and unstable water conditions may influence navigation and decrease the accuracy of data, hence incomplete inspections.
Cost and efficiency: Deep-sea inspections are costly and time-consuming and entail the use of skilled personnel and specialized equipment. Costs are also escalated by repair operations.
Real-time data processing: Underwater communication limits the transmission of data in real-time, hindering real-time analysis and decision-making.
Equipment and human risk: Despite the minimization of human risk, failure of equipment and the lack of specialization in performing tasks is still a major problem.
These constraints make the conventional methods of inspection inadequate. It is evident that there is a necessity of new technologies, which can enhance the accuracy of inspections, lower the costs, and work in the severe conditions of underwater working.
A clear research gap exists in the lack of an integrated evaluation framework for comparing inspection technologies across underwater robotic platforms. The study provides a focused comparative analysis of inspection technologies implemented in ROVs, AUVs, and UVMS, highlighting their distinct operational roles in deep-sea cable inspection. It systematically identifies the limitations, performance capabilities, and environment-specific suitability of each platform. This contribution improves clarity by linking inspection technologies with appropriate robotic systems for efficient and reliable marine cable maintenance.
1.3 Research aim
The focus of this research is to explore and analyze the use of underwater robots for inspecting and maintaining deep-sea marine cables. The research hopes to determine how these robots with embedded advanced technologies like artificial intelligence (AI), autonomous navigation, and enhanced sensor systems can provide effective, accurate, and cost-saving options for subsea infrastructure inspection and maintenance. The ultimate goal is to improve operating performance, reduce the risk to human operators, and enhance decision-making for cable maintenance and repair.
1.4 Research objectives

	To evaluate the capabilities of different classes of underwater robots (ROVs, AUVs, UVMS) for deep-sea marine cable inspection and maintenance.


	To examine the role of cutting-edge inspection technologies, such as high-definition cameras, sonar technology, and multisensory fusion, in increasing the precision and effectiveness of underwater robots.


	To examine the application of AI and machine learning for autonomous navigation, data analysis, and decision-making during deep-sea cable inspections.


	To determine the difficulties involved in underwater cable inspections such as positioning precision, environmental noise, and communication limitations.


	To scrutinize real-case studies and determine the efficacy of underwater robots for cable inspection, repair, and maintenance in varying oceanic environments.



1.5 Research questions

	What are the main benefits of employing underwater robots compared to conventional approaches in investigating deep-sea marine cables?


	How do modern inspection technologies, including vision-based and sonar systems, enhance the efficiency and reliability of underwater robots in cable inspection?


	How can AI and autonomous navigation systems increase the efficiency and safety of underwater robots in cable inspection?


	What are the most significant challenges encountered by underwater robots during deep-sea cable inspection, and how can such challenges be addressed?


	How efficient are underwater robots in conducting real-time damage detection, maintenance, and repair as opposed to human-initiated processes?



1.6 Research organization
The research paper is structured under different main sections. Section 1: Introduction introduces the background as to why deep-sea marine cables are relevant and outlines the research problem, summarizing the purposes of the study. Section 2: Challenges in Deep-Sea Marine Cable Inspection describes the primary challenges, including environmental conditions, accessibility limitation, and operational challenges. Section 3: Advanced-Sea Marine Cable Inspection Technology reviews various inspection technologies used to inspect cables such as vision-based systems, sonar, and multisensory fusion. Section 4: Underwater Robots for Marine Cable Inspection discusses the various types of underwater robots—ROVs, AUVs, and UVMS—and their potential in inspecting and maintaining subsea cables. Section 5: Practical Applications of Underwater Marine Cable Inspection using Underwater Robots emphasizes practical applications of such robots in areas such as telecommunication, electricity transmission, and the oil and gas industry. Section 6: Real-World Implementations and Case Studies depicts real-world applications in the form of case studies to demonstrate underwater robot effectiveness for cable inspection, repair, and maintenance. Section 7: Future Development Trends and Areas of Research lays out prospects of future research in underwater robots and inspection devices. Lastly, Section 8: Conclusion concludes the findings and offers suggestions for enhancing deep-sea cable inspections via underwater robots.
2 Literature review
2.1 Navigation technologies
Christensen et al. [19] explored AI-developments in underwater robots, citing advancements in learning, control, perception, navigation, and integrated autonomous functions. Hu et al. [20] suggested a semantic segmentation-based underwater distance measurement system that utilizes binocular vision and enhances speed without sacrificing the precision and even low error rates. Jakkala et al. [21] created a simplistic-sensing method of autonomous in-pipe underwater navigation with sonar localization and adaptive control to maintain stable traversal.
2.2 Sensing systems
Cong et al. [22] described the progress and issues in underwater sensing technologies, multisource fusion and bionic sensing technologies were discussed to enhance robotic autonomy. Aubard et al. [23] reviewed sonar-based deep learning to underwater perception, where issues of robustness are noted, and better datasets and simulation-reality transfer are required. Wang et al. [24] proposed a paired-sample-free RGB-FLS joint training method, which improved the robustness of underwater object detection without the need to add complexity to models. Ge et al. [25] created an optimized YOLOv7-based system that could be used to detect underwater objects by using sonar, enhancing the ability to detect objects in low-visibility settings and classify them more effectively.
2.3 Intervention mechanisms
Yang et al. [26] suggested a GAN-enhanced, lightweight M-YOLOv4 model, which was better at underwater target detection and real-time on embedded systems. Zhang et al. [27] created a stabilized underwater robot that was equipped with an optimized MobileNet-based detection model that improved the accuracy of defect detection and reliability of operations. Sameh et al. [28] designed a whale-like underwater robot that uses bio-inspiration and AI-based detection model that has high detection accuracy and better hydrodynamic efficiency. Existing studies in coastal and marine geology demonstrate the growing importance of modern measurement systems and sensor-based instrumentation for accurate environmental assessment. Recent advancements focus on integrating real-time data acquisition tools and intelligent monitoring frameworks to enhance geological interpretation.
3 Challenges in deep-sea marine cable inspection
3.1 Technological improvements in underwater robotics
Technological innovation in underwater robotics has made vast progress in recent decades because of the increased need for exploration of the deep sea, resource extraction, environmental monitoring, and inspection of infrastructure. Submarines underwater, e.g., ROVs and AUVs, in particular, have emerged as prime tools for inspection of maritime structures, i.e., deep-sea cables.
3.1.1 ROVs
ROVs are a part of underwater inspection systems. Robots such as these are typically attached to a surface vessel, which provides power and communication for operation [29]. ROVs can operate at various depths, so they are applicable for inspecting subsea cables, pipelines, and other offshore equipment [30–32]. They may be equipped with a range of tools, including high-definition cameras, sonar sensors, and manipulators to physically touch cables, i.e., cut, fix, or retrieve faulty sections. The drive systems of ROVs, autonomy, and number of sensors onboard have significantly increased over the years. Contemporary ROVs are also intended for both real-time human operation and semi-autonomous missions, so they can function in extreme conditions, like deep-sea trenches or close to active underwater volcanoes.
3.1.2 AUVs
AUVs differ from ROVs because they do not have a connection to the surface ship, so they can survey a greater area and operate independently for longer durations. AUVs have increased importance for subsea infrastructure inspection because they are cheaper and capable of conducting longer-duration missions in the absence of human presence [33]. They are used most often to perform tasks such as high-resolution mapping of subsea cables, detection of potential threats, and data collection over long distances. They are typically equipped with a combination of sonar sensors, cameras, and other environmental sensors that enable them to traverse the challenging underwater environment. Advanced AUVs today incorporate machine learning and AI algorithms that enable them to optimize their paths and adapt their behavior based on varying ocean conditions, thus making the inspections more efficient.
3.1.3 UVMS
UVMS combine the functionality of autonomous vehicles and manipulators. The hybrid system is specially designed for such sensitive and fragile work as the maintenance, installation, and direct handling of underwater infrastructure [34]. UVMS integrate the application of manipulators or robot arms with AUVs in a way to enable the system to survey as well as handle and service underwater cables and equipment [35]. New technologies of UVMS seek to enhance the dexterity of the vehicle, such as utilizing several manipulators or soft robots to allow flexibility in using very narrow areas. Precise work in deep-sea regions where no human contact can be done is a desirable advantage of UVMS for cable inspection in marine areas.
3.2 Inspection technologies
The success of underwater robots in cable inspection is largely dependent on the integration of advanced inspection technologies that allow them to operate in the extreme underwater environment. These technologies enhance the ability of the robots to collect accurate data and provide valuable information regarding the condition of the cables.
3.2.1 Vision-based systems
Vision-based systems are the most commonly used inspection technology for underwater vehicles. High-definition cameras, both standard and 3D, are mounted on ROVs and AUVs to capture high-resolution pictures and videos of the underwater landscape and the subsea cables [36]. The vision systems play a significant role in identifying surface damage as abrasions, cuts, or corrosion. In recent years, the inclusion of advanced image processing algorithms enabled damage to be automatically detected without involving much human interpretation. Currently, these systems utilize machine learning algorithms to find out cable condition, detect abnormalities, and even predict future breakdowns. While efficient, vision-based systems can be limited when visibility is low, e.g., when water turbidity or illumination levels are too low for the capture of clear images. Figure 1 shows image processing workflow.
Underwater vision-based inspection involves a structured image processing pipeline where raw underwater images captured by high-definition cameras are first enhanced using preprocessing techniques such as de-noising, contrast adjustment, and dehazing to compensate for low visibility conditions. To detect the anomalies, including cable cracks, corrosion, abrasions and deformation, the improved images are sent through feature extraction techniques or deep learning-based models. In real-world inspection processes, the resulting processed outputs are combined with the navigation data to pinpoint areas of defect along the cable path, which can be used to determine the real-time conditions and make decisions regarding maintaining or repairing the problem.
	[image: Thumbnail: Fig. 1 Refer to the following caption and surrounding text.]	Fig. 1 Underwater vision-based cable inspection and image processing workflow.



3.2.2 Acoustic-based systems
Acoustic inspection tools such as sonar and ultrasound play a vital role in marine cable inspection because they function well when visibility is poor. These systems emit sound waves that bounce off the cable and surrounding seafloor, providing valuable information about the cable's shape, location, and health [37]. Multi-beam sonar, for instance, can produce high-resolution 3D maps of the route of a cable, allowing robots to travel and find damage or potential obstructions along the route [38]. Acoustic sensors can also be used to identify internal cable faults, including corrosion or stress-induced degradations, that may not be visible using conventional imaging methods. Acoustic units are an important application in seabed cable location, particularly where cables are buried or covered with sediment.
3.2.3 Simultaneous localization and mapping (SLAM)
SLAM is an important technology for underwater robots, especially for those that conduct autonomous navigation and mapping. SLAM algorithms allow underwater robots to localize themselves in the environment and at the same time construct a map of the environment. It is useful in inspecting cables buried deep under the ocean surface, as precise navigation is required in order to trace the path of the cable and locate damage. SLAM uses a range of sensors, such as sonar, cameras, and inertial measurement units (IMUs), to create an accurate map of the surroundings [39]. By combining SLAM with sophisticated path-planning methods, underwater robots are able to move through complex underwater spaces while avoiding obstacles and improving their efficiency in inspections. SLAM has become a significant component of mapping large areas and maintaining robots autonomous without direct human intervention.
The system utilizes Graph-SLAM as the primary framework for subsea cable trajectory reconstruction, where loop closure and global optimization are performed using sonar-based feature alignment. EKF-SLAM is integrated at the local level for online pose refinement during navigation, ensuring stable tracking under dynamic underwater disturbances. Visual SLAM using features is selectively used in situations where optical visibility levels are adequate to increase fine grained cable boundary reconstruction. This hierarchical integration can result in strong localization in diverse turbidity and acoustic noise levels in the deep-sea environment.
3.2.4 Multisensory fusion
Multisensory fusion, or the combination of information from more than one sensor, is being used more and more to augment the inspection mission of underwater robots. By combining inputs from vision-based systems, sonar, temperature, pressure sensors, and other environmental monitoring instruments, robots have a better understanding of the underwater world [40]. Multisensory fusion enables detection of cable damages, environmental risks, and other infrastructure anomalies with greater precision. For example, data fusion of acoustics and vision enables verification of results and thus enhances damage detection precision [41]. Moreover, multisensory integration ensures better robot positioning and navigation, thus improving the autonomy and effectiveness of the vehicle in deep-sea environments.
Acoustic sensing using sonar emits sound pulses that propagate through water and return as echoes to estimate the distance, geometry, and position of subsea cables, making it highly effective in turbid, low-light, and visually degraded environments. When fused with optical sensors, sonar provides continuous spatial and obstacle information for navigation robustness, while cameras deliver high-resolution visual details when visibility permits; this complementary sensor fusion ensures reliable perception, improved localization accuracy, and stable inspection performance under dynamic subsea conditions such as currents, turbidity variations, and signal interference.
A Bayesian probabilistic sensor fusion framework is employed to integrate sonar, IMU, and optical sensing data for underwater cable inspection. A Particle Filtering-based estimator is used, where IMU data provides motion prediction, sonar measurements update range-based likelihoods, and optical inputs refine visual evidence of cable conditions. The Particle Filter enables nonlinear and non-Gaussian state estimation, while Bayesian inference updates posterior probabilities based on multi-sensor likelihood fusion. This integrated approach enhances robustness in uncertain underwater environments and significantly improves the accuracy of cable defect detection and localization.
3.3 Current challenges
Even with improvements in underwater robots and inspection tools, there are still some challenges for deep-sea marine cable inspection. These are because of the harsh environment of the underwater world, the complexity of the cable inspection tasks, and the limitations of the existing robotic systems.
3.3.1 Positioning accuracy
Accurate positioning and navigation are one of the greatest challenges of inspecting deep-sea cables. In contrast to GPS, which is widely used for surface navigation, underwater robots make use of acoustic positioning systems like Ultra-Short Base Line (USBL) or Long Base Line (LBL) systems. These tend to be prone to compromised accuracy at deeper depths or in complicated topographic regions. Without positioning, it is difficult for robots to monitor the cable path and accurately identify possible damages. Secondly, signal loss because of water conductivity and salinity can also influence the functionality of such systems.
3.3.2 Environmental factors
The underwater environment is characterized by various challenges such as high pressure, low temperature, high currents, and limited visibility. Such forces can influence the sensors of the robots, decrease their working efficiency, and even destroy the robotic systems. For instance, powerful underwater currents can destabilize robot navigation to an extent that it cannot maintain stable position or track the cable path properly. Low light levels and high turbidity also impair the performance of vision-based inspection systems, and therefore they must be reliant on other technologies such as sonar.
3.3.3 Communication constraints
Subsea communication is also a critical issue. Tethered communication used in ROVs restricts their mobility, and AUVs have to use acoustic signals for data communication. Acoustic communication is of low bandwidth, which leads to delays in data transfer and can affect real-time decision-making. Additionally, high communication latencies can discourage instant action against possible issues during inspection.
Environmental constraints in underwater environments directly determine robotic design requirements. High hydrostatic pressure at deep-sea levels necessitates robust, pressure-resistant housings and sealed electronic compartments to ensure structural integrity and operational reliability. Water turbidity causes a decrease in optical visibility, necessitating the incorporation of non-visual sensing modalities like sonar, acoustic imaging, and multisensor fusion to ensure that the accuracy of inspection. The limitations in communication, especially low-bandwidth and big-latency acoustic communications, necessitate onboard autonomous processing and real-time decision-making potentials in an effort to decrease reliance on surface control. All these limitations demand underwater robots to be reinforced mechanically, sensor-diverse, and autonomy-driven to achieve stable navigation and consistent and proper inspection operations in complex marine settings.
3.3.4 Maintenance and repair
Though inspection robots are suited for anomaly or damage detection on deep-sea cables, repair continues to be difficult. Repair of underwater cables demands dexterity and delicacy more than most robotic systems can provide today. Though UVMS systems integrate the inspection and manipulation capabilities, cable repair at great depths continues to be problematic due to the shortcomings of underwater manipulators.
4 Inspection technologies for deep-sea marine cables
Inspection of deep-sea marine cables is an arduous but required task. Underwater robots, such as (ROVs), (AUVs, and (UVMS) have transformed the job of inspecting, repairing, and maintaining subsea cables. Underwater robots are equipped with advanced technologies that enable their ability to operate autonomously in the dangerous environment underwater. Here, we will discuss the different underwater robots used in marine cable inspection and present the primary technologies that drive their operation, namely vision-based navigation, acoustic-based navigation, and motion control and coordination, as shown in Table 1.
This compares the capabilities of ROVs, AUVs, and UVMS in terms of control mode, depth range, inspection, and repair capabilities. It highlights the strengths and limitations of each robot type for deep-sea cable inspection and maintenance
Table 1 
Comparison of different underwater robots in terms of capabilities.

4.1 Types of robots used for marine cable inspection
4.1.1 ROVs
ROVs are surface-operated robots linked to the operators via a cable that provides power as well as communication. ROVs are primarily used in real-time control and intervention inspections. ROVs are fitted with tools such as cameras, sonar equipment, and robotic arms for the manipulation of subsea cables. Due to their tethered nature, ROVs are likely used in fairly shallow water depths where the range of the vehicle is sufficient enough to perform inspection work. They are particularly designed for areas where human intervention is not possible due to depth or security concerns, e.g., in extremely deep-sea operations or in high-pressure areas.
ROV configuration: ROVs are also equipped with high-definition cameras and, sometimes, stereo vision systems for obtaining clear photographs of subsea cables and detecting potential damage. ROVs can be equipped with multi-beam sonar, manipulator arms, and tool interfaces to facilitate hands-on repair and maintenance activities. Some ROVs are designed for both inspection and light repair tasks, thereby being appropriate for places where autonomous solutions are not yet sufficient for full intervention.
4.1.2 AUVs
AUVs are untethered robots that do not require a connection in order to operate. Powered by onboard batteries, AUVs are able to conduct inspections over hours and survey large parts of the seafloor. They are highly appropriate for surveying routes of subsea cables and monitoring the general integrity of cables over time. Unlike ROVs, AUVs are designed to be autonomous, following pre-planned routes or using onboard decision-making capabilities to react to varying conditions. AUVs are used primarily in large-scale inspection missions where autonomy and endurance are paramount.
AUV configuration: AUVs are supplemented with high-resolution sonar systems, cameras, and sometimes LIDAR to collect high-resolution mapping of the surroundings. AUVs are used primarily for initial surveys and general-area surveillance of deep-sea cables. AUVs are useful where rapid deployment is required and urgent human intervention in the inspection process is not necessary. Their most significant drawback is range since they typically operate within a radius determined by battery life and need to be periodically recharged.
4.1.3 UVMS
UVMS incorporate the attributes of ROVs and AUVs with onboard manipulator robots. They are suited to perform more advanced tasks, including manipulation of subsea hardware, e.g., cables. UVMS allow for autonomy, as well as the provision of human intervention as required. UVMS are employed for delicate tasks involving manipulation or physical contact with the seabed, such as cable repairs, repositioning, or the manipulation of sensitive tools.
Configuration of UVMS: UVMS are typically equipped with a set of tools including manipulators or robot arms, cameras, sonar, and other specialized equipment. The robots can perform high-precision tasks in environments that are too dangerous or inaccessible for manned operation. The integration of manipulators with autonomous navigation systems places UVMS ideally suited for cable maintenance, where autonomous inspection is integrated with repair tasks like cable burial or fault isolation.
4.2 Underwater robots for marine cable inspection
There are several technologies that work together to enable underwater robots to perform marine cable inspections effectively. They are vision-based navigation, acoustic-based navigation, and motion control systems, all of which are important in ensuring accurate, safe, and effective inspections, as shown in Figure 2. Provides an overview of the navigation process where onboard sensors (camera and sonar) collect environmental data, SLAM algorithms construct a map of the surroundings, and the robot localizes itself while tracking the cable path for anomaly detection.
	[image: Thumbnail: Fig. 2 Refer to the following caption and surrounding text.]	Fig. 2 Vision-based navigation in underwater robotics. https://www.semanticscholar.org/paper/SVIn2%3A-An-Underwater-SLAM-System-using-Sonar%2C-and-Rahman-Li/2c383c38aff004174e273d0324533ef1c394c44a.



4.2.1 Vision-based navigation and positioning
Vision-based navigation employs cameras and computer vision technology to guide robots through the underwater environment and inspect cables. Vision-based navigation relies on numerous forms of cameras and advanced algorithms to build visual maps of the environment, detect anomalies, and guide robots to locations. Vision-based navigation is at the core of high-resolution inspection and manipulation applications.
4.2.2 Monocular SLAM
Monocular SLAM uses one camera to construct a map of the environment around the robot and monitor its position in the environment. Monocular SLAM helps underwater robots maintain their position as they map the cables and the environment. While monocular SLAM is lighter and less expensive, it has low depth estimation accuracy and depends on sufficient light for optimal performance as shown in Figure 3.
	[image: Thumbnail: Fig. 3 Refer to the following caption and surrounding text.]	Fig. 3 Path-tracking and localization of an underwater robot. https://www.mdpi.com/1424-8220/22/13/4657.



4.2.3 Stereo SLAM
Stereo SLAM employs two cameras to enable depth perception, enabling the robot to accurately measure distance and map the environment in three dimensions. Stereo SLAM is particularly useful in underwater conditions with high topography, where there is a need to have accurate spatial awareness. It provides improved navigation and anomaly detection along the cable route using depth information from both the cameras.
4.2.4 Structure from motion (SfM)
Structure from Motion is a vision-based technique that constructs a 3D map by analysing a series of 2D images acquired during robot translation. It is usually integrated with SLAM for enhanced mapping quality and is effective in identifying minor features of subsea cables, including cracks and deformations, as shown in Figure 4.
This compares various vision-based technologies like Monocular SLAM, Stereo SLAM, Structure from Motion (SfM), and Deep Learning-Based Vision, focusing on their advantages for underwater navigation and the limitations related to accuracy, depth estimation, and computational requirements in Table 2.
The deep learning-based visual inspection pipeline for subsea cable monitoring typically begins with data acquisition from ROV/AUV-mounted cameras is followed by preprocessing steps including noise reduction, contrast enhancement, normalization, and data augmentation to improve image quality and robustness. This processed data is then trained on state-of-the-art deep learning models in which YOLO is used to detect objects in real-time to identify defects in cables like cuts, abrasions and external attachments, Faster R-CNN is used in high-accuracy region-based defect localization and semantic segmentation networks like U-Net or DeepLabV3+ are used to classify damaged and non-damaged cable, as shown in Figure 5.
	[image: Thumbnail: Fig. 4 Refer to the following caption and surrounding text.]	Fig. 4 3D mapping of subsea environment. https://www.mathworks.com/help/vision/ug/structure-from-motion-from-two-views.html.



Table 2 
Vision-based navigation and positioning.

	[image: Thumbnail: Fig. 5 Refer to the following caption and surrounding text.]	Fig. 5 Deep learning-based visual inspection pipeline.



4.2.5 Acoustic-based navigation
Acoustic-based navigation is a must-have for underwater robots, especially when operating in deep-sea conditions with limited or no visibility. Acoustic positioning in USBL and LBL systems is computed through a multi-stage process involving time-of-flight estimation, geometric localization, and optimization. Time-of-flight (ToF) is first determined by measuring the travel time of acoustic signals between the receiver and transmitter, and then transforming the distance by the speed of sound in water (which is known). The range and bearing of a target in a USBL system are calculated by the phase difference between array elements, whereas the distances in a LBL system are calculated as a result of multiple fixed seabed transponders. Trilateration uses these distance measurements to approximate the spatial position of the robot with respect to known reference points. Least-squares optimization is used to reduce the residual error between the measured and estimated distances to achieve accuracy with noise, multipath effects, and environmental disturbances, thus optimizing the final position estimate.
4.2.5.1 USBL (Ultra-Short Base Line)
USBL systems provide real-time underwater robot positioning using the emission of sound waves and the measurement of the time taken by the waves to reach a receiver onboard a robot or surface ship. USBL systems are normally utilized in shallow to mid-depth applications where accurate positioning is required as shown in Figure 6.
	[image: Thumbnail: Fig. 6 Refer to the following caption and surrounding text.]	Fig. 6 USBL-based navigation system. https://www.mdpi.com/2072-4292/16/14/2584.



4.2.5.2 LBL (Long Base Line)
LBL systems employ a network of seafloor-mounted fixed acoustic transducers. They are highly accurate and can be employed for deep-sea missions. They provide real-time underwater robot location, which is ideal for precise cable inspection when the environment lacks any visual landmarks, as shown in Figure 7.
	[image: Thumbnail: Fig. 7 Refer to the following caption and surrounding text.]	Fig. 7 AUVs with acoustic signal detection. https://www.teledynemarine.com/en-us/products/Pages/lbl-products.aspx.



4.2.5.3 Side-Scan Sonar
Side-scan sonar equipment utilizes sound waves to generate images of high definition of the ocean floor. It is ideally utilized in the surveying of expansive areas, in detecting obstructions, and the location of subsea cables. Side-scan sonar can typically be complemented with technologies like multi-beam sonar for intensive examinations as shown in Figure 8. Provides an overview of the inspection process where acoustic signals are emitted from the sonar system, reflected from the seabed and cable surface, and processed to generate detailed seabed images for identifying cable alignment, burial depth, and possible damage locations. Such systems utilize sound waves to detect objects, survey the seafloor, and locate the position of the robot as shown in Table 3.
This explores different acoustic-based technologies, such as USBL, LBL, and various sonar systems, highlighting their effectiveness in positioning and mapping underwater environments, along with limitations such as depth range, computational demands, and mobility.
Table 3 
Acoustic-based navigation.

	[image: Thumbnail: Fig. 8 Refer to the following caption and surrounding text.]	Fig. 8 Side-scan sonar mapping for subsea inspections. https://www.mdpi.com/2072-4292/13/10/1945.



4.2.6 Motion control and coordination
Motion control and coordination systems are necessary to enable underwater robots to navigate in complicated environments and perform delicate operations with high accuracy. Such systems involve intricate algorithms and sensor fusion to ensure accurate movements, particularly when dealing with subsea cables, as shown in Table 4.
Table 4 
Motion control and coordination.

4.2.7 Autonomous control systems
Autonomous control systems enable underwater robots to perform tasks with minimal human interference. The systems employ a sequence of sensors, including accelerometers, gyroscopes, and IMUs (Inertial Measurement Units), to provide real-time feedback on the movement of the robot. Sensor feedback enables the robot to alter its path, velocity, and depth, guaranteeing stability and precision while performing inspections, as shown in Figure 9.
	[image: Thumbnail: Fig. 9 Refer to the following caption and surrounding text.]	Fig. 9 Towfish-based sonar system. https://www.mdpi.com/2077-1312/8/3/181.



4.2.8 Vehicle-manipulator coordination
Underwater robots that are equipped with manipulator or robot arms require movement coordination with the vehicle's navigation and propulsion system. Coordination of task-specific movement enables the robot to touch the subsea cables efficiently and with accuracy. The process involves movement coordination to avoid collision and perform dexterous movements such as repositioning or stabilizing the cables as shown in Figure 11.
Vehicle–manipulator coordination is achieved through inverse kinematic resolution to ensure precise end-effector positioning during cable inspection tasks. Online control uses Jacobian transpose because it is computationally simple and converges to the correct solution. Minimum-norm joint solutions based on the pseudo-inverse Jacobian method are obtained, and can be applied to the reduction of redundant configurations to provide precise tracking of the end-effector. Also, optimization-based redundancy resolution is utilized to add additional goals like joint limit avoidance, obstacle clearance as well as energy minimization to enable the system operate the manipulators with high precision and safety in complex underwater conditions.
	[image: Thumbnail: Fig. 10 Refer to the following caption and surrounding text.]	Fig. 10 Path planning and trajectory visualization of underwater robot. https://peerj.com/articles/cs-612/.



	[image: Thumbnail: Fig. 11 Refer to the following caption and surrounding text.]	Fig. 11 Underwater robot with manipulator for cable inspection. https://www.mdpi.com/2077-1312/11/3/548.



4.2.9 Path-planning algorithms
Path-planning algorithms determine the optimal path the robot should follow during inspections. Path-planning algorithms factor in obstacles, terrain, and weather conditions to enable the robot to travel safely and efficiently along the cable route, as shows in Figure 10. A hybrid computational strategy incorporating Rapidly-Exploring Random Tree (RRT), Artificial Potential Field (APF), and A* optimization is considered. RRT is employed for global exploration of high-dimensional underwater environments by constructing a probabilistic tree that rapidly converges toward feasible cable-following trajectories. A* optimization is used at the global planning stage to determine an energy-efficient and shortest collision-free path based on cost functions incorporating distance, terrain variation, and operational constraints. To achieve local path refinement and on-the-fly obstacle avoidance, APF induces attractive forces along the cable path and repulsive forces on seabed obstacles, sediment changes, and marine debris. A combination of these techniques provides a hierarchical navigation structure, the absence of collisions, tracking cables continuously, and the ability to change the route based on the environment conditions in a highly complicated and uncertain underwater setting.
This table discusses various motion control technologies, including Autonomous Control Systems, Vehicle-Manipulator Coordination, Path-Planning Algorithms, and control systems like PID and MPC, focusing on their advantages in stability, task execution, and movement optimization, as well as the associated computational costs and complexities.
The proposed MPC architecture is formulated to ensure stable trajectory tracking of underwater robots operating under nonlinear hydrodynamic disturbances such as ocean currents, drag forces, and unmodeled environmental variations. The system dynamics are represented using a discrete-time nonlinear state-space model, this is represented in equation (1):
[image: Mathematical equation](1)
Where xk denotes the system state vector including position, velocity, and orientation, uk represents control inputs such as thrust, heading, and depth regulation, and dk represents external hydrodynamic disturbances. Bd is the disturbance distribution matrix capturing environmental interaction effects. The function f(⋅) defines the system state transition model, representing the nonlinear evolution of the underwater robot dynamics from time step k to k+1, incorporating hydrodynamic effects such as drag, buoyancy variation, and inertia coupling. To ensure predictive stability, the system is evaluated over a finite prediction horizon. The prediction horizon is represented in equation (2):
[image: Mathematical equation](2)
Where Hp is selected based on hydrodynamic variability and robot response time. A shorter control Nc is represented in equation (3):
[image: Mathematical equation](3)
Where control inputs are optimized only over Nc. The MPC optimization problem is represented in equation (4):
[image: Mathematical equation](4)
Where where Q and R are weighting matrices for state tracking and control effort minimization, respectively. ϵ represents slack variables introduced for soft constraint handling to ensure feasibility under extreme hydrodynamic disturbances, while ρ penalizes constraint violation.
Constraint handling is implemented using a hybrid hard–soft constraint framework:

	Hard constraints enforce actuator saturation limits (thrusters, heading, depth control)


	Soft constraints with penalty terms ensure bounded relaxation of state constraints under strong disturbances, improving robustness in dynamic underwater environments.



To enhance trajectory stability, the MPC incorporates a terminal cost function and implicit stability condition, ensuring bounded error convergence under recursive optimization. The stability is maintained through repeated receding horizon implementation, where only the first optimal control input is applied at each time step, and the optimization is re-solved using updated state feedback.
The development of underwater robots has greatly enhanced the ability to inspect and maintain deep-sea marine cables. With the integration of cutting-edge technologies such as vision-based navigation, acoustic-based systems, and sophisticated motion control, these robots are increasingly able to carry out effective and efficient inspections in severe underwater environments. While current technologies provide a great deal of advantage, additional developments in communications, control systems, and integration of sensors are required to increase performance and reduce operational limitations.
4.3 Dynamic modeling
Dynamic modeling is a critical aspect of underwater robot control systems, particularly in operations like the inspection of cables in the marine environment. Dynamic modeling refers to the activity of formulating mathematical models to simulate the physical interaction between the underwater robot and the world around it. The models are required to forecast how the robot will act and ensure that the system responds as expected under different operation conditions. Following is a discussion of several dynamic modeling methods and how they are applied to deep-sea cable inspection as indicated in Table 5.
This table presents various dynamic modeling methods used in underwater robotics, highlighting their advantages in terms of computational efficiency, adaptability, and limitations such as difficulty in handling complex constraints or external forces:

	NE (Newton-Euler): It is a much-recommended approach for its computational effectiveness, particularly when real-time force and torque information is crucial to the operation of an underwater robot. Yet, it performs poorly when dealing with complicated constraints, which may restrict its capability to describe certain dynamic situations in deep-sea environments.



The NE formulation is applied to model the coupled dynamics of the underwater vehicle–manipulator system by computing motion in a recursive manner from base (vehicle) to end-effector (manipulator). The method consists of forward and backward recursions to determine velocity, acceleration, force, and torque propagation. Forward Recursion is represented in equations (5)–(7):
[image: Mathematical equation](5)
[image: Mathematical equation](6)
[image: Mathematical equation](7)
Where ωi is angular velocity, ω̇i is the angular acceleration, ai is the linear acceleration, and [image: Mathematical equation] is the rotation matrix between links. Backward Recursion is represented in equations (8) and (9):
[image: Mathematical equation](8)
[image: Mathematical equation](9)
Joint torque is represented in equation (10):
[image: Mathematical equation](10)
The underwater vehicle dynamics are represented in equation (11):
[image: Mathematical equation](11)
where hydrodynamic drag Dv, Coriolis term Cv, and gravity/buoyancy Gv are included. Manipulator reaction forces Fman are mapped to vehicle motion through Jacobian transpose JT, enabling coupled force–motion interaction between vehicle and manipulator in underwater environments.

	QL (Quasi-Linearization): It is appropriate for applications where new subsystems must be added in a hurry. It also takes care of manipulator feedback efficiently, and so it is suitable for marine cable inspection. But the fact that it does not deal with algebraic and differential equations efficiently may limit its use in some complex operations that underwater robots might face.


	Kane's Method: This is defined by being highly efficient in modeling and having fewer differential equations, thus being computationally less intensive. It becomes challenging, however, when the external forces such as cable tension or water currents need to be calculated with accuracy, which is particularly critical in deep-sea cable inspection scenarios.


	FEA (Finite Element Analysis): FEA is very flexible in the sense that it is possible to model complicated systems having varied geometries and boundary conditions using it. However, its greatest limitation as far as underwater robotics is concerned is that it gets extremely difficult to prevent discretization errors, which would lead to an erroneous dynamic model.


	Data-Driven Models: These are highly versatile models and can exhibit strong resistance to changing environmental conditions. They are best applied in environments such as the deep ocean, where uncertainties such as currents, cable movement, and vehicle kinematics must be accounted for. The only drawback is their reliance on fine data, whose collection sometimes proves difficult, and lower generalization quality among various running conditions. Data-driven modeling methods enhance underwater inspection performance by improving vehicle stability and manipulator effectiveness under uncertain and dynamic marine conditions. These models use sensor-obtained data to adjust to environmental perturbations like ocean currents and cable movements, thus ensuring that ROVs/AUVs remain stable in terms of navigation when inspecting the environment. Also, they enhance the work of manipulators estimating the forces during the interaction of the robotic arm and cables in the sea, which allows them to handle the work accurately during inspection and repair work. This integration enhances the coordination between vehicle and manipulator control and augmented operational reliability in deep-sea conditions.


	Hybrid Models: Hybrid methods combine the best features of the theoretical and data-driven approaches, providing strong generalization and interpretability. However, their sensitivity to hybrid rules can result in poor scalability, especially in complex marine cable inspection tasks where environmental conditions can change rapidly.



Table 5 
Dynamic modelling.

4.4 Hydrodynamic modeling
Hydrodynamic modeling is central in capturing the relationship between underwater robots and the underwater environment, including how water currents, buoyancy, and friction impact the robot's motion. This is very relevant in marine cable inspection where robots have to follow cables, evaluate their status, and undertake maintenance activities while countering dynamic underwater forces. Hydrodynamic interaction is modeled using a Navier–Stokes-based Computational Fluid Dynamics (CFD) framework, where the incompressible flow equations are numerically solved under appropriate boundary conditions. A turbulence model (e.g., k–ε) is incorporated to capture flow disturbances, enabling precise estimation of drag, buoyancy, and turbulent forces acting on the underwater robot. These hydrodynamic forces are then incorporated into the dynamic model of the robot to be able to predict the behavior of the motion under different conditions of ocean currents. The following Table 6 illustrates different hydrodynamic modeling techniques and their relevance to underwater robotics.
The table reviews methods of hydrodynamic modeling that simulate the interaction between underwater robots and their environment, with a focus on their applicability to marine cable inspections and the challenges of data interpretation and computational expense.

	EF (Eulerian Finite Element): EF modeling is known to be quick and easy, especially where the robot moves over simple geometries, such as straight cables. It is quick enough for real-time computation, but its main drawback is that it cannot give accurate results for more complicated models with highly dynamic environments, such as irregular seabeds or when the cables are subjected to varying levels of tension due to environmental conditions.


	RT (Reynolds-Turbulence): This technique yields high-quality information about fluid dynamics, which is critical to simulating the robot's interaction with water accurately. The difficulty of interpreting the data and the high bar for its practical application, though, limit its availability for real-time use. It's commonly applied to detailed studies of fluid-robot interactions but might not be suitable for regular inspections.


	NSA (Navier-Stokes Approximation): NSA techniques provide great flexibility, which makes them appropriate for complicated environments where conventional models may not work. They are also economical in cases where precise fluid dynamics simulations are required. The primary disadvantage is the high computational expense and the requirement for sophisticated modeling tools, which can be problematic for on-the-fly applications in marine cable inspections.


	MPI (Machine Learning-Based Particle Interactions): This method is robust and can learn from experience, and this can prove useful for adaptive behavior in a dynamic underwater scenario. Yet, it is difficult to gather good data to train such models, and overfitting is possible when the training data does not reflect actual scenarios. In underwater cable inspections, MPI can assist robots in adjusting to changing environmental conditions, but data quality and quantity are essential for making correct predictions.



Table 6 
Hydrodynamic modelling.

4.5 Motion control systems
Motion control systems play a vital role in facilitating underwater robots to travel accurately, inspect, and interface with subsea cables. The control system helps the robot move independently, adapt to dynamic underwater conditions, and remain stable in harsh environments, as shown in Table 7.
This table compares different motion control techniques, including Sliding Mode Control, MPC, and Reinforcement Learning, for underwater robots, examining their strengths in robustness, optimization, and adaptability, along with limitations in computational demands and training times.

	SMC (Sliding Mode Control): SMC is robust to environments with uncertainties, such as when operating with dynamic water currents or sudden cable movement. It is easy to implement and does not need to be given accurate models of the environment, making it best suited for real-time marine cable inspection applications. But the system is prone to “chattering,” which causes oscillations in the control signal, and it does not perform well in more dynamic environments like those encountered at greater ocean depths.


	MPC: MPC is a sophisticated method utilized to optimize control and minimize energy consumption by predicting future states of the robot. It controls the robot's motion based on a dynamic model of the environment to operate efficiently. MPC is computationally demanding and requires precise models of the underwater environment, so it is challenging to apply to real-time inspection without considerable computing power. It suits better in operations with broader planning horizons and fewer instantaneous operational needs.


	RL (Reinforcement Learning): Reinforcement learning enables robots to learn how to adapt to unfamiliar environments by learning from environmental interactions. For marine cable inspection, RL enables robots to make autonomous adjustments for changes in conditions, e.g., currents or obstructions in the cable route. Although RL offers great benefits in terms of flexibility and responsiveness, it has the drawback of needing extensive training times and vast amounts of data for successful learning. Also, RL is computationally intensive, and this can curtail its realistic application in run-of-the-mill inspections except if it is combined with effective data collection mechanisms. The selection of RL is justified by formulating underwater cable inspection as a Markov Decision Process (MDP), where the agent (underwater robot) learns an optimal control policy through continuous interaction with the environment. Proximal Policy Optimization (PPO) is used to optimise the policy, which makes it possible to update the navigation and inspection strategy in the dynamic ocean conditions. Reward shaping is presented to promote cable-following accuracy, energy efficient movement and proper damage detection, where positive reward is used to keep cable close and detect anomalies and negative reward to keep cable off track or to collide with another cable or unnecessary energy use. The environment interaction model includes online sensory input of sonar, vision, and inertial sensors to mimic the natural underwater environment enabling the RL agent to adjust to changing currents, changes in visibility and seabed disturbances, thus supporting adaptive and robust underwater cable inspection tasks.



Table 7 
Motion control systems.

4.6 Vehicle-manipulator coordination
Vehicle-manipulator coordination is essential in underwater robots intended for marine cable inspection and maintenance operations. Coordination guarantees the synchrony of robot movement and manipulator operation to ensure proper handling and manipulation of cables. The following Table 8 describes methods applied for vehicle-manipulator coordination and their strengths and weaknesses:
This table outlines methods for coordinating vehicle and manipulator actions in underwater robots, essential for performing complex tasks like marine cable inspection and maintenance, while also considering their performance in multi-task environments and computational challenges.

	Weighted Minimum Norm: This strategy is effective when there is one task to accomplish and the motions of the robot manipulator are simple, such as inspecting or aligning a portion of subsea cable. It is easy to realize and can render high accuracy. The technique lacks effectiveness when two or more tasks must be undertaken at the same time since it cannot cope when performance is expected under the restrictive conditions of motion in joints between tasks.


	Gradient Projection: Gradient projection is an optimization method that is efficient in solving task conflicts by balancing the various priorities involved in cable inspection and maintenance. It is adaptable and can be adjusted to suit different task requirements. It is, however, computationally expensive and may face challenges when handling complicated inverse kinematics, such as when accurate positioning of the manipulator is needed in tight or cluttered underwater spaces.


	Task Priority: The task priority technique resolves conflicts occurring when more than one task has to be executed concurrently, e.g., steering the robot and handling the cable at the same time. The technique enhances the execution of tasks by giving different actions priorities. Nevertheless, the quality of the effectiveness depends largely on how precisely the tasks are prioritized, and the complexity of the system is greatly enhanced with multiple tasks and changing environments.



Table 8 
Vehicle-manipulator coordination.

5 Applications of underwater robots in marine cable inspection
Underwater robots have transformed inspection and maintenance of deep-sea marine cables, which are crucial for international telecommunications and energy supply. In telecommunication, robots inspect submarine fiber-optic cables to avoid signal loss by detecting and fixing cuts and abrasions. In power transmission, they inspect underwater power cables connecting offshore wind farms with the mainland in order to facilitate timely maintenance and avoid power outages. For the oil and gas sector, robots are used in detecting subsea pipeline leaks and corrosion, reducing the environmental damage of potential spills and lowering maintenance expenditure. In scientific and military uses, underwater robots assist in deep-sea exploration, assisting scientists in gathering information on marine ecosystems and seabed architecture, while assisting in defense by protecting communication lines and detecting underwater dangers. These advanced robots, which are fitted with sophisticated sensors and imaging technologies, play a critical role in traversing complex underwater environments, offering critical information for decision-making and operational effectiveness. With autonomous functions, these robots improve safety, as well as providing cost-efficient, real-time inspections and maintenance of strategic subsea infrastructure, as shown in Figure 12.

	Case Studies: Real-life examples and case studies of underwater robots and their applications in marine cable inspection, along with the problems faced and solutions adopted as shown in Table 9.


	Operational Tasks: Description of the kind of tasks that these robots are capable of undertaking, including cable mapping, damage identification, maintenance, and environmental monitoring.


	Automation and Remote Operation: Integration of semi-autonomous systems for effective inspection with minimal human interaction.



This table presents real-world examples of underwater robotic systems deployed for deep-sea cable inspections. It highlights the inspection methods used in each case, the location, and the key findings, showcasing the effectiveness of robotic technologies in identifying damage and performing repairs.
	[image: Thumbnail: Fig. 12 Refer to the following caption and surrounding text.]	Fig. 12 Applications of underwater robots.



Table 9 
Example case studies comparing robotic inspections with traditional inspections.

6 Case studies and real-world implementations
Underwater robots such as ROVs and AUVs (Autonomous Undersea Vehicles) are now essential tools for inspection, maintenance, and repair of deep-sea subsea communication cables. They are equipped with an array of sensors and technology that can allow them to perform operations required to the continuation of subsea communications and power distribution networks. Here, we will give examples of case studies illustrating the use of underwater robots in real-life marine cable inspection applications, their working activities, and how remote control and automation systems revolutionized the process as shown in Figure 13. Provides an overview of the inspection workflow, illustrating the deployment of underwater robots from a surface vessel, navigation along the cable route, sensor-based data acquisition, and subsequent analysis for evaluating cable condition and identifying potential faults.
	[image: Thumbnail: Fig. 13 Refer to the following caption and surrounding text.]	Fig. 13 Deployment of underwater robots in marine cable inspection.



6.1 ROVs for subsea cable inspection and repair (North Sea)
One of the most significant uses of underwater robots in marine cable inspection is the deployment of ROVs for monitoring and repair of subsea cables in the North Sea. An ROV that was fitted with high-definition cameras, sonar, and robotic arms was deployed to monitor and repair cables between offshore wind farms and the onshore power grid. The challenge confronted was the cable's buried-in-the-seabed complexity as well as its possible damages incurred by fishing operation, environmental stressing, or corroding as shown in Figure 14.
To address these challenges, the ROV utilized sonar navigation and vision feedback to locate and inspect the cables. After damaged sections were located, the robotic manipulator arms were used to realign the cable or install protective covers. This is an example of how ROVs can be used to access hard-to-reach areas, perform accurate operations, and provide real-time data on cable condition without the dangers and cost of human divers.
	[image: Thumbnail: Fig. 14 Refer to the following caption and surrounding text.]	Fig. 14 Deployment of ROV for marine cable inspection in north sea. https://www.rovop.com/ocean-bottom-node-deployment-in-central-north-sea/.



6.2 AUVs for a survey of long-length cables (Pacific Ocean)
Another example from the real world is the application of AUVs for long-distance subsea cable inspection in the Pacific Ocean. The AUV was assigned to inspect more than 500 kilometres of deep-sea cable installed for underwater communication. The problem in this case was the enormous size of the inspection area and the deep ocean environment, where conventional methods such as surface ships and human involvement were not feasible as shown in Figure 15.
Equipped with advanced sonar and imaging instruments, the AUV worked on its own, marking the cable path and detecting any irregularity such as abrasions, cuts, or areas of excessive wear. The ability of the AUV to operate alone for hours meant that it could gather huge volumes of information without the need for human intervention, and the information was transmitted to surface stations where it would be processed. This example depicts the utilization of AUVs for mapping extensive underwater structures with low operating expenses and high effectiveness.
	[image: Thumbnail: Fig. 15 Refer to the following caption and surrounding text.]	Fig. 15 Cable laying ship deploying subsea cable in the pacific ocean. https://newatlas.com/one-big-question-faster-cable/45430/.



6.3 Hybrid vehicle-manipulator system for cable repair (Caribbean Sea)
In the Caribbean Sea, an unmanned hybrid Vehicle-Manipulator System (UVMS) was employed to repair a faulty subsea cable connecting two islands. The challenge in this case was not only to examine but to repair the cable at depths of over 2,000 meters where human presence is out of the question as shown in Figure 16.
The UVMS, in which independence from an AUV was combined with manipulability by a robot arm, was used to locate and recover the cable. Once damage had been identified, the robot's manipulator arm was used for cable splicing and joining, and then performing a series of electrical tests in an effort to confirm the integrity of the cable. This illustration demonstrates the capability of hybrid systems for autonomous repair and inspection missions, as well as multi-tasking use in underwater environments.
Table 10 presents key quantitative parameters of the selected case studies, including inspection depth, mission duration, and coverage length for different robotic systems. These metrics provide clearer empirical insight into the operational efficiency and performance of underwater robots in real-world cable inspection scenarios.
Case study evaluation is strengthened by incorporating quantitative performance metrics, where ROVs operate at depths of 2000–3000 m with 4K continuous imaging and an inspection coverage distance of 0.5–1.5 km per dive. AUVs achieve operating depths of 4000–6000 m with a mission range of 50–200 km and employ 100–500 kHz sonar systems providing spatial resolution of 0.1–0.3 m. UVMS platforms function at depths of 2000–3000 m, integrating multi-beam sonar and stereo vision systems to achieve positional accuracy within ±5–10 cm and enabling precise manipulation within a 2–5 m repair radius.
The table highlights the time taken, cost, and success rate of human divers, ROVs, and AI-driven AUVs in performing inspections.
Table 11 contrasts the efficiency of human-guided and robot-guided methods of subsea cable inspections. The table offers important metrics like time elapsed, cost, and success rate for three different inspection techniques: human divers, ROVs, and AI-powered AUVs. Human divers are the most time-consuming (3 days) and most expensive ($50,000 per km) with a moderate success rate of 70%. ROVs, being more efficient, take 12 h and charge $20,000 per km, with a success rate of 85%. AI-powered AUVs differ in that the inspection is done in 6 h, at $10,000 per km, with the highest success rate of 95%. The comparison evidently illustrates the advantages of robot-guided inspections in terms of performance, time, and cost.
	[image: Thumbnail: Fig. 16 Refer to the following caption and surrounding text.]	Fig. 16 Marine cable maintenance operation on ship in Caribbean Sea.



Table 10 
Quantitative case study metrics.

Table 11 
Comparison of human-led vs. robot-led cable inspection case studies.

6.4 Operational tasks
Underwater robots may perform a variety of operational activities required in the maintenance and safety of deep-sea cables such as:
6.4.1 Operational procedure
The operational procedure is structured as a sequential workflow comprising (i) cable localization using acoustic/vision-based navigation systems, (ii) inspection execution through ROV/AUV deployment with sonar and camera-based data acquisition, (iii) condition analysis via multisensor fusion and AI-driven defect detection, and (iv) repair actions performed using UVMS manipulators for cable realignment, splicing, and protective reinforcement, thereby representing a complete robotic mission cycle.
6.4.2 Cable mapping
Subsea cable path mapping is one of the primary applications of underwater robots. Using sonar systems such as multi-beam sonar or side-scan sonar, robots can generate high-resolution seabed maps and precisely locate the cables. This is particularly useful for cable position monitoring and cable laying in the correct locations, free from obstructions or high-risk areas such as fishing grounds or seismic activity as shown in Figure 17.
	[image: Thumbnail: Fig. 17 Refer to the following caption and surrounding text.]	Fig. 17 Underwater robots in subsea cable management.



6.4.3 Damage detection
High-definition cameras, sonar, and sensors on robots are employed to identify probable damage to subsea cables. For example, vision-based technology and sonar may identify cuts, abrasion, or wear on the cable potentially as a result of third-party incidents such as deep-sea currents, oceanic creatures, or offshore construction activities as shown in Figure 18.
	[image: Thumbnail: Fig. 18 Refer to the following caption and surrounding text.]	Fig. 18 Underwater robot with camera for cable inspection.



6.4.4 Cable maintenance
Repetitive maintenance tasks like cleaning, repositioning, and installing protective coverings on cables can be performed by underwater robots. The robots are outfitted with manipulators and grippers to reposition the cables, move them, or install protective layers to guard against future damage. Robots also scan for hazards surrounding the cable that can compromise the cable integrity, including displaced sediments or wrecked ships.
6.4.5 Environmental monitoring
Underwater robots also have a significant role to monitor the ambient environmental parameters around subsea cables. With sensors to measure water temperature, pressure, salinity, and current, underwater robots give useful data on the parameters that could impact the future of cables. For instance, robots can identify where corrosive sea life can be eating away at the cable or where there is high current that could lead to further wear. Environmental monitoring is required to guarantee the long-term viability of subsea cables.
6.5 Automation and remote operation
The use of semi-autonomous systems in underwater robots has significantly increased the effectiveness and efficiency of submarine cable inspection with reduced levels of human intervention and reduced man-hour costs. These machines are using semi-autonomous navigation technology fuelled by cutting-edge AI and machine learning programs that allow them to adjust to changing conditions and make split-second decisions regarding their movement, for example, when they encounter obstructions or cable deviations from the intended path. Although the robots are self-navigating, there is still remote control available for difficult terrain or unexpected events, with high-bandwidth acoustic communications providing operators remote control of the robot and the ability to receive real-time information, such as images and sonar maps. The robots are also capable of real-time decision-making, such as automatically tagging damage areas or entering repair modes upon discovering cable damage. In addition, the systems incorporate data analytics software to analyze sensor readings, sonar maps, and visual data through machine learning to identify wear or degradation patterns in the cables to forecast future performance and enable quicker maintenance decisions to ensure safety and reliability of subsea infrastructure.
7 Future trends and research directions
The field of underwater robotics is evolving at a rapid rate, with innovation constantly driving the next generation of technology in underwater cable inspections. The following technological developments are set to revolutionize underwater operations, such that robots will be able to perform tasks with greater precision, efficiency, and autonomy as it was represented in Table 12.
This table is emphasizing important technological developments, their advantages, and future effects for enhancing underwater robot performance during cable inspections.
Table 12 
Technological innovations and future trends in underwater robots for marine cable inspections.

7.1 Bionic propulsion and advanced robotics
The destiny of underwater robots is more and more driven by the innovation of bionic drive systems. Inspired by nature, these drive systems replicate the ways sea animals like fish and jellyfish move so that they will be able to move more effectively and efficiently within intricate underwater circumstances. Bionic propulsion has some key benefits compared to conventional propulsion systems, including less noise, improved maneuverability, and improved energy efficiency, and is particularly well-suited to sensitive tasks like underwater cable inspection. This type of advancement in robot design might also facilitate more flexible operation in confined or crowded underwater environments, allowing robots to move through messy cable bundles, narrow underwater crevices, and adverse environments. Such integration should result in quieter, more efficient subsea robots that will be able to sustain operation at substantial depths, and that will be a key component of the subsea infrastructure maintenance future.
7.2 Integration of AI and deep learning
Artificial Intelligence (AI) and deep learning are being increasingly incorporated into underwater robots to make them more independent in decision-making. With the help of AI algorithms, these robots can process amounts of sensor data, visual data, and sonar scans in real-time to identify patterns and anomalies, like signs of wear, damage, or shifting environmental conditions surrounding the subsea cables. Deep learning models can also be used to constantly enhance the performance of the robot by learning from previous inspections, such that the system can make better predictions on possible cable failure or maintenance requirements. This integration of AI can result in autonomous robots that can make smart decisions during inspection with minimal or no human intervention, thereby resulting in more efficient and timely repairs. In addition, AI-powered robots would help improve routing to deliver efficiency, identify high-priority inspection spots, and compensate for hidden environmental obstacles to further overall marine cable inspection reliability.
Figure 19 represents the percentage of efficiency score, cost-effectiveness, and safety ratings over various inspection approaches: Traditional Divers, ROV-based, AUV-based, and AI-driven. On the Efficiency Score Distribution, AI-driven is on top at 30.6%, then AUV-based at 29%, and ROV-based at 24.2%. The least among these is the traditional divers with 16.1%. For Cost-effectiveness Distribution, AI-driven techniques excel again with 40%, followed by 30% for AUV-based and 20% for ROV-based, and Traditional Divers are least cost-effective at 10%. The Safety Rating Distribution reflects that AI-driven techniques are safest with 38.5%, followed by 30.8% for AUV-based, 23.1% for ROV-based, and Traditional Divers are lowest at 7.7%. These graphs show that AI-based approaches are best in all three aspects—efficiency, cost, and safety—and the conventional diving approaches are worst in all three parameters.
The graphical evaluation results are obtained through a normalized multi-metric performance index to ensure fair comparison across all inspection methods. The measure of efficiency is calculated based on the mission completion time, the rate of area covered, and the success rate of defect detection, all normalized by a min–max scaling methodology. Safety is assessed in terms of human exposure risk, level of operational hazards and probability of failure of the system during deployment which is translated into a standardized risk index. Cost indicators are calculated based on the total operational expenditure per kilometer, equipment utilization, number of people involved, and maintenance costs, and adjusted to a standard scale. These normalized parameters are then combined through an equal-weighted composite scoring system to produce comparative performance metrics of ROV-based, AUV-based, UVMS, and AI-based inspection systems, allowing consistent plots and cross-method comparisons.
	[image: Thumbnail: Fig. 19 Refer to the following caption and surrounding text.]	Fig. 19 A chart comparing efficiency, cost, and safety across different inspection methods.



7.3 Navigation and positioning improvements
Reliability and precision in underwater navigation equipment are crucial to ensure successful cable inspection where water conditions reduce visibility and water currents make mobility problematic. Future underwater navigation will most likely include advances in sonar technology, like enhanced multi-beam sonar systems with high-resolution imaging of cable and the seafloor. These will allow robots to possess higher resolution and depth perception, making cable tracking and fault detection more precise. Furthermore, multisensory fusion techniques, in which data from various sensors (e.g., sonar, cameras, and accelerometers) are combined, will play a key role in improving the robot's navigation in hostile underwater environments.
7.4 Discussion
The use of underwater robots to inspect marine cables has been extremely successful, with significant improvements in cost, efficiency, and safety. By removing the necessity for divers and surface ships, the robots reduce operating expenses and enhance safety by performing operations in hostile environments. The robots can operate autonomously, scanning larger areas with more efficiency and accuracy. However, there are challenges that still need to be addressed, such as the need for real-time processing of data, adapting to environmental disturbances like strong currents and murky water, and high-accuracy positioning in deep-sea environments. These are evidence of the need for continuous advancement in sensor technology, data-processing algorithms, and navigation systems to further develop the reliability and performance of underwater robots in marine cable inspections. Objective 1 is addressed through comparative analysis of ROV, AUV, and UVMS platforms in subsea inspection tasks; Objective 2 is supported by SLAM-based navigation, vision and sonar systems, and multisensor fusion techniques; Objective 3 is associated with AI and machine learning-based autonomous navigation and decision-making frameworks; Objective 4 is linked to positioning limitations, environmental disturbances, and communication constraints discussed under navigation and control systems; and Objective 5 is validated through real-world case studies demonstrating robotic deployment in deep-sea inspection, repair, and maintenance operations.
Operational Efficiency Comparison Graph illustrates how various underwater inspection methods, such as ROVs, AUVs, UVMS, AI & Deep Learning, Bionic Propulsion, Sonar Technology, and Multisensory Fusion rank with respect to performance over time, the Y-axis measuring performance or "reward" and the X-axis tracking time or generations. AI & Deep Learning and Bionic Propulsion become more advanced with faster development as they possess independent nature and maneuverability, while ROVs remain less efficient through human dependency. The Cost-Effectiveness Comparison Graph illustrates every method's cost-effectiveness versus time, reflecting that AUVs and AI & Deep Learning are more cost-effective since they are independent, whereas ROVs have greater expenses of operation through humans. Finally, the Safety Comparison Graph also highlights the safety of each technique, with AUVs and AI & Deep Learning safest due to less human involvement, and ROVs and UVMS riskier due to the need for human operators in hostile environments. The graphs collectively advocate autonomous, AI-driven systems in making efficiency enhance, cost reduce, and safety enhance underwater cable inspection as shown in Figures 20 and 21. The findings reinforce the significance of robust measurement and instrumentation systems in capturing dynamic coastal and marine processes with improved precision. The integration of advanced sensing technologies contributes to better data reliability and supports informed geological decision-making.
	[image: Thumbnail: Fig. 20 Refer to the following caption and surrounding text.]	Fig. 20 Operational efficiency comparison across different inspection methods.



	[image: Thumbnail: Fig. 21 Refer to the following caption and surrounding text.]	Fig. 21 Comparison of cost-effectiveness and safety for different inspection methods.



8 Conclusion
The research emphasizes the revolutionary contribution of underwater robots in deep-sea marine cable inspection and maintenance. Through the convergence of advanced robotics with innovative technologies such as AI-based navigation, vision systems, and multisensory integration, the robots provide a more efficient, cost-saving, and safer solution compared to conventional practices such as human divers and surface vessels. Subsea robots like ROVs, AUVs, and UVMS can perform highly accurate inspections, detect cable damage, and in certain instances, even carry out repairs, minimizing the risks and operational expenses of human intervention in dangerous deep-sea conditions.
Notwithstanding all the progress, there are still some challenges, such as processing data in real time, enhancing the accuracy of positioning, and compensating for environmental interference like powerful currents and low visibility. Solving these challenges with ongoing technological advancement and research in machine learning, propulsion technology, and hybrid navigation will be vital to further develop the capabilities of underwater robots. The future of deep-sea cable inspection will be fully autonomous, AI-based systems capable of conducting sophisticated inspections and maintenance tasks with minimal human interaction to ensure the long-term sustainability and reliability of important underwater infrastructure. The study underscores the critical role of measurement and instrumentation in advancing coastal and marine geology research. Future developments in sensor technologies and data-driven frameworks will further enhance monitoring accuracy and environmental sustainability.
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        Underwater vision-based cable inspection and image processing workflow.

      

    

  
    
      Table 1 

      Comparison of different underwater robots in terms of capabilities.

      
        


	Robot type
	Control mode
	Depth range
	Inspection capabilities
	Repair capabilities





	ROV [42]
	Human-controlled
	2000m+
	High-resolution imaging
	Equipped with robotic arms



	AUV [43]
	Autonomous
	4000m+
	Large-area scanning
	No direct repair capabilities



	UVMS [44]
	Hybrid
	3000m+
	Inspection & repair
	High dexterity with manipulators
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        Vision-based navigation in underwater robotics. https://www.semanticscholar.org/paper/SVIn2%3A-An-Underwater-SLAM-System-using-Sonar%2C-and-Rahman-Li/2c383c38aff004174e273d0324533ef1c394c44a.
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        Path-tracking and localization of an underwater robot. https://www.mdpi.com/1424-8220/22/13/4657.
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        3D mapping of subsea environment. https://www.mathworks.com/help/vision/ug/structure-from-motion-from-two-views.html.

      

    

  
    
      Table 2 

      Vision-based navigation and positioning.

      
        


	Technology
	Type
	Advantages
	Limitations





	Monocular SLAM [45]
	Visual-based
	Lightweight, lower cost, works in shallow depths
	Less accurate depth estimation, struggles in low light



	Stereo SLAM [46]
	Visual-based
	Provides depth perception, more accurate mapping
	Requires more computational power, sensitive to lighting conditions



	Structure from Motion (SfM) [47]
	Visual-based
	Generates 3D maps from 2D images, useful for complex environments
	Requires good quality visual data, computationally intensive



	Deep Learning-Based Vision[48]
	Visual-based
	Automates damage detection, high accuracy
	Requires large datasets, high computational cost
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        Deep learning-based visual inspection pipeline.
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        USBL-based navigation system. https://www.mdpi.com/2072-4292/16/14/2584.
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        AUVs with acoustic signal detection. https://www.teledynemarine.com/en-us/products/Pages/lbl-products.aspx.

      

    

  
    
      Table 3 

      Acoustic-based navigation.

      
        


	Technology
	Type
	Advantages
	Limitations





	USBL [49]
	Acoustic-based
	Real-time positioning, relatively low-cost
	Limited depth range, affected by noise interference



	LBL (Long Base Line) [50]
	Acoustic-based
	High accuracy, ideal for deep-sea operations
	Requires fixed transducers, limited mobility



	Side-Scan Sonar [51]
	Acoustic-based
	High resolution for detecting cables, efficient large-area mapping
	Limited range, high computational demand



	Multi-Beam Sonar [52]
	Acoustic-based
	Captures 3D data, high resolution, detects hidden objects
	High power consumption, requires specialized equipment



	Synthetic Aperture Sonar [53]
	Acoustic-based
	Higher resolution, ideal for identifying specific objects like cables
	Computationally expensive, complex data processing
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        Side-scan sonar mapping for subsea inspections. https://www.mdpi.com/2072-4292/13/10/1945.

      

    

  
    
      Table 4 

      Motion control and coordination.

      
        


	Technology
	Type
	Advantages
	Limitations





	Autonomous Control Systems [54]
	Navigation-based
	Enhances robot stability, reduces need for operator intervention
	High computational requirements, sensitive to environmental disturbances



	Vehicle-Manipulator Coordination [55]
	Interaction-based
	Enables precise and delicate cable manipulation tasks
	Requires sophisticated algorithms, potential delays in task execution



	Path-Planning Algorithms [56]
	Motion-based
	Optimizes robot movement, ensures complete coverage of the cable route
	Dependent on accurate sensor data, can struggle in featureless environments



	PID (Proportional-Integral-Derivative) Control [57]
	Motion-based
	Simple and effective for maintaining stability in dynamic environments
	May struggle with highly dynamic conditions



	Model Predictive Control (MPC) [58]
	Motion-based
	Predicts robot movement, adjusts dynamically for optimal performance
	High computational cost, complex model requirements
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        Towfish-based sonar system. https://www.mdpi.com/2077-1312/8/3/181.
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        Path planning and trajectory visualization of underwater robot. https://peerj.com/articles/cs-612/.
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        Underwater robot with manipulator for cable inspection. https://www.mdpi.com/2077-1312/11/3/548.

      

    

  
    
      Table 5 

      Dynamic modelling.

      
        


	Method
	Advantage
	Limitation





	NE [59]
	High computational efficiency, real-time force and torque data
	Difficult to handle some complex constraints



	QL [60]
	Easy to incorporate new subsystems, easy manipulator feedback handling
	Difficult to handle algebraic and differential equations



	Kane [61]
	High modeling efficiency, few differential equations
	Difficulty with external force calculations



	FEA [62]
	Wide applicability, flexible modeling
	Difficult to remove discretization errors



	Data-Driven [63]
	Strong adaptability and robustness
	Requires high-quality data, limited generalization ability



	Hybrid [64]
	Theoretical interpretability and strong generalization
	Sensitive to hybrid rules, poor scalability





      

    

  
    
      Table 6 

      Hydrodynamic modelling.

      
        


	Method
	Advantage
	Limitation





	EF [65]
	Simple and fast, efficient for simple shapes
	Inaccurate for complex models



	RT [66]
	High-quality data available
	Complex data interpretation, high threshold for use



	NSA [67]
	High flexibility, cost-effective
	Computationally expensive, requires advanced modeling tools



	MPI [68]
	High reliability, learning ability
	Difficult to collect valid data, risk of overfitting





      

    

  
    
      Table 7 

      Motion control systems.

      
        


	Method
	Advantage
	Limitation





	SMC [69]
	Robust performance under uncertainty, simple to implement
	Chattering, difficulty handling complex environments



	MPC [70]
	Optimizes control, minimizes energy usage
	Computationally intensive, requires accurate models



	RL [71]
	Strong adaptability to unknown environments, no need for complex modeling
	Long training times, requires large datasets, computationally expensive





      

    

  
    
      Table 8 

      Vehicle-manipulator coordination.

      
        


	Method
	Advantage
	Limitation





	Weighted Minimum Norm [72]
	Effective for single-task operations, simple to implement
	Limited by joint motion constraints, performance degradation in multi-task operations



	Gradient Projection [73]
	Resolves task conflicts, flexible optimization
	Computationally intensive, may struggle with complex inverse kinematics



	Task Priority [74]
	Can resolve multi-task conflicts, improves task execution order
	Performance depends on accurate task prioritization and complex implementation





      

    

  
    
      Fig. 12 
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        Applications of underwater robots.

      

    

  
    
      Table 9 

      Example case studies comparing robotic inspections with traditional inspections.

      
        


	Case study
	Location
	Inspection method
	Findings





	ROV deployment in North Sea [75]
	Offshore Wind Farms
	High-definition camera & robotic arm
	Detected corrosion & minor fractures



	AUV scanning in Pacific Ocean [76]
	Deep-sea telecom cables
	Side-scan sonar
	Identified cable displacement due to seabed movement



	Hybrid UVMS operation in Caribbean [77]
	Power Transmission Cables
	AI-driven navigation & manipulator system
	Conducted real-time repair





      

    

  
    
      Fig. 13 
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        Deployment of underwater robots in marine cable inspection.

      

    

  
    
      Fig. 14 
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        Deployment of ROV for marine cable inspection in north sea. https://www.rovop.com/ocean-bottom-node-deployment-in-central-north-sea/.

      

    

  
    
      Fig. 15 
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        Cable laying ship deploying subsea cable in the pacific ocean. https://newatlas.com/one-big-question-faster-cable/45430/.

      

    

  
    
      Fig. 16 
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        Marine cable maintenance operation on ship in Caribbean Sea.

      

    

  
    
      Table 10 

      Quantitative case study metrics.

      
        


	Case study
	Location
	Robot type
	Inspection depth (m)
	Mission duration
	Coverage length (km)





	North Sea Deployment
	North Sea
	ROV
	1500–2000
	10–12 hours
	20–30 km



	Pacific Ocean Survey
	Pacific Ocean
	AUV
	3000–4000
	24–48 hours
	500+ km



	Caribbean Repair 
	Caribbean Sea
	UVMS
	∼2000
	15–20 hours
	10–15 km





      

    

  
    
      Table 11 

      Comparison of human-led vs. robot-led cable inspection case studies.

      
        


	Inspection approach
	Time taken
	Cost (USD/km)
	Success rate (%)





	Human Divers [78]
	3 days
	$50,000
	70%



	ROVs [79]
	12 hours
	$20,000
	85%



	AI-driven AUVs [80]
	6 hours
	$10,000
	95%





      

    

  
    
      Fig. 17 
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        Underwater robots in subsea cable management.

      

    

  
    
      Fig. 18 
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        Underwater robot with camera for cable inspection.

      

    

  
    
      Table 12 

      Technological innovations and future trends in underwater robots for marine cable inspections.

      
        


	Technology
	Description
	Benefits
	Future implications





	Bionic Propulsion [81]
	Nature-inspired propulsion systems replicating the movement of marine animals like fish and jellyfish.
	Lower noise, increased maneuverability, higher energy efficiency, better agility in confined spaces.
	Facilitates quiet, effective, and versatile mobility in intricate underwater environments.



	AI and Deep Learning [82]
	Integration of AI algorithms to process large amounts of data and make autonomous decisions during inspections.
	Autonomous decision-making, improved prediction of cable failures, more efficient routing.
	AI-driven robots for real-time decision-making, reducing human involvement, and streamlining inspection operations.



	Sonar Technology (Multi-Beam Sonar) [83]
	Enhanced sonar systems that provide high-resolution imaging of cables and seafloor for accurate mapping.
	More resolution, greater depth perception, greater cable tracking, and fault detection.
	Improved accuracy in deep-sea inspection to facilitate real-time accurate mapping and maintenance.



	Multisensory Fusion [84,85]
	Combining data from different sensors (sonar, cameras, accelerometers) to improve robot navigation.
	Improved navigation in poor underwater conditions, higher positioning accuracy.
	Hybrid navigation systems which enhance the reliability of the robot, particularly in challenging environments.



	Hybrid Navigation Systems [86]
	Integration of acoustic, visual, and inertial navigation data for precise positioning.
	More accurate navigation, dependable operation in the face of environmental noise.
	Facilitates effective navigation with fewer inspection errors, increasing the precision of cable monitoring.





      

    

  
    
      Fig. 19 
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        A chart comparing efficiency, cost, and safety across different inspection methods.

      

    

  
    
      Fig. 20 
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        Operational efficiency comparison across different inspection methods.

      

    

  
    
      Fig. 21 
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        Comparison of cost-effectiveness and safety for different inspection methods.
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