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This paper presents a general framework that integrates visual and acoustic sensor data to enhance localization and mapping in complex, highly dynamic underwater environments, with a particular focus on fish farming. The pipeline enables net-relative pose estimation for Unmanned Underwater Vehicles (UUVs) and depth prediction within net pens solely from visual data by combining deep learning-based monocular depth prediction with sparse depth priors derived from a classical Fast Fourier Transform (FFT)-based method. We further introduce a method to estimate a UUV’s global pose by fusing these net-relative estimates with acoustic measurements, and demonstrate how the predicted depth images can be integrated into the wavemap mapping framework to generate detailed 3D maps in real-time. Extensive evaluations on datasets collected in industrial-scale fish farms confirm that the presented framework can be used to accurately estimate a UUV’s net-relative and global position in real-time, and provide 3D maps suitable for autonomous navigation and inspection.
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1 INTRODUCTION
The aquaculture industry has seen rapid growth over the last decades. Fish farming, in particular, has emerged as a vital source of the global seafood supply (FAO, 2018). This growth, however, presents new challenges in terms of ensuring efficient, safe, and sustainable operations (Føre et al., 2018). Fish farming often involves a significant amount of manual labor, which can be physically demanding and dangerous. Tasks such as net inspection, maintenance, and repairs expose workers to hazardous underwater conditions, including rough seas, low visibility, and the presence of potentially harmful marine life. Addressing some of these problems, the interest in robotic systems for aquaculture has also grown significantly in recent years (Kelasidi and Svendsen, 2023).
Current robotic solutions often involve the use of manually operated UUVs, such as Remotely Operated Vehicles (ROVs) for inspection and intervention activities in fish farms, which are expensive to deploy as they can only be operated by highly trained ROV pilots (Føre et al., 2018; Kelasidi and Svendsen, 2023). As the number of fish farms increases, and with the trend toward deploying these farms in increasingly remote locations (Bjelland et al., 2015), the automation of such tasks becomes crucial for enhancing operational efficiency (Schellewald et al., 2021). Autonomous UUVs offer a promising solution to these challenges, reducing weather and manual labor-dependent risks and allowing for more efficient and sustainable procedures (Kelasidi and Svendsen, 2023). However, deploying autonomous UUVs in fish farms requires robust methods for localization and mapping in net pens, which remains an open research problem.
Traditional UUV navigation systems rely heavily on acoustic sensors, such as echo-sounders, Ultra-short baseline (USBL) acoustic positioning systems, and Doppler Velocity Loggers (DVLs) (Fossen, 2011; Kelasidi and Svendsen, 2023). While effective in many underwater scenarios, these sensors face significant limitations in fish farms. The permeable nature of fish nets can lead to weak or distorted acoustic reflections, resulting in poor target signal strengths (Amundsen et al., 2022). The high density of fish within these environments further disturbs acoustic measurements (Rundtop and Frank, 2016). Recent research has explored the use of stereo vision systems and image processing techniques to enhance UUV localization (Skaldebø et al., 2023). Stereo cameras, for example, have been employed to achieve 3D spatial awareness, which is crucial in environments where precise positioning relative to net structures is required. Techniques such as the FFT-based method for relative pose estimation in net pens (Schellewald et al., 2021) and the TRU-depth network for depth estimation (Ebner et al., 2024) have shown promising results in underwater applications. Additionally, methods for pose estimation using laser triangulation have demonstrated accuracy comparable to DVL systems at a fraction of the cost, making them a viable option for short-distance ranging in fish farming environments. However, these methods also encounter similar issues with interference from fish and are additionally sensitive to light changes (Bjerkeng et al., 2023).
Simultaneous Localization and Mapping (SLAM) is widely used for mobile and aerial robotics applications (Ebadi et al., 2024). Map representations generally fall into two categories: sparse feature-based methods and dense methods. Sparse representations, which rely on a small set of distinctive features, are well-suited for odometry and localization tasks and efficiently scale to large environments (Abaspur Kazerouni et al., 2022). In contrast, dense methods–including point clouds, surfels, meshes, and volumetric maps–provide rich representations of the environment’s geometry, making them ideal for navigation and inspection tasks (Mascaro and Chli, 2024). Volumetric maps (Izadi et al., 2011; Oleynikova et al., 2017; Vespa et al., 2018; Duberg and Jensfelt, 2020; Reijgwart et al., 2023) facilitate safe navigation in unknown environments, as they can represent objects of arbitrary shape and explicitly differentiate observed free space from unobserved space. In this work, we adopt wavemap (Reijgwart et al., 2023) due to its hierarchical structure and advantageous mathematical properties, enabling state of the art accuracy and efficiency in mapping and downstream applications, such as reactive collision avoidance (Reijgwart et al., 2024).
Compared to land and flying robots, the majority of mapping approaches in the underwater domain rely on acoustic sensors (e.g., imaging sonars) to generate the map of the inspected areas (Xu et al., 2022; Jiang et al., 2019; Arnesen et al., 2018). Lately, interest has increased in integrating visual, inertial, and acoustic sensors for underwater SLAM (Kelasidi and Svendsen, 2022). SVin2 is a state-of-the-art underwater SLAM method fusing camera, sonar, IMU and a barometer (Wang et al., 2023). However, it struggles to provide accurate results in low-texture environments. Joshi and Rekleitis (2024) proposed a visual-inertial odometry method fusing measurements from the magnetometer. Song et al. (2024) proposed TURTLMap, and investigated a real-time localization and dense mapping for UUVs for low texture applications by also integrating DVL measurements, yet it was only tested in a controlled lab environment. Cardaillac et al. (2024) presented an offline approach utilizing multi-beam sonar data for mapping of net pens. However, very limited research exists on SLAM for autonomous operations in dynamic underwater environments such as fish farms, which remains an open research challenge.
To address these challenges, this paper investigates monocular vision-based methods to: 1) obtain point-wise distance and orientation estimates with respect to a flexible, deformable net structure, 2) predict dense depth images from monocular visual data for subsequent use in pose estimation, UUV navigation, and 3D mapping in dynamic environments, 3) estimate the global pose of an UUV within the net pen by fusing the relative pose observations with the robot’s additional onboard sensors, and 4) create detailed 3D maps of the net-pen environments for navigation and to identify irregularities such as holes, or biofouling in industrial-scale fish farms. Evaluations on large datasets recorded in industrial scale fish farms showcase the potential of combining learning-based depth prediction methods (Ebner et al., 2024; Job et al., 2024), FFT based net-relative pose estimation method (Schellewald et al., 2021), and wavemap (Reijgwart et al., 2023) to estimate both net-relative and global position of the UUV, and produce accurate maps, even in such dynamic environments.
2 METHODS AND THEORETICAL BACKGROUND
This section provides a brief overview of the proposed underwater localization and mapping framework, which allows UUVs to operate in dynamic underwater environments.
2.1 Fast Fourier Transform (FFT)-based method
Schellewald et al. (2021) proposed an FFT-based method to estimate the pose of a net structure relative to the camera attached on an UUV, utilizing only monocular visual information. In particular, this method analyzes the frequency spectrum of captured images to determine the distance and orientation of the camera based on characteristic regular patterns within the image, as well as the knowledge of the actual dimensions of the net squares. In order to analyze the image [image: image] in the frequency domain, [image: image] is converted using the Fourier Transform (FT), denoted as [image: image]. To efficiently compute [image: image], the FFT-based method utilizes the FFT algorithm, developed by Cooley and Tukey (1965), which computes the Discrete Fourier Transform (DFT) of an [image: image] image [image: image] using the following expression:
[image: image]
where [image: image] and [image: image] being an integer.
As proven by Schellewald et al. (2021), repeated textures, such as a net’s squares, lead to peaks within the FT’s magnitude image [image: image] (see Figure 1a). This method therefore splits the image into Regions of Interest (ROIs), computes each region’s FFT, and counts how many of its local maxima lie on a regular grid. If a certain threshold is exceeded, the ROI is assumed to contain a subsection of the net. The grid of local maxima can then be used to reconstruct the base vectors of a single parallelogram that approximates the mesh squares. In combination with knowledge of the net’s grid size and the camera’s intrinsics, this parallelogram can, in turn, be used to estimate the camera’s net-relative translation and orientation. Note that the original paper (Schellewald et al., 2021) concludes that we do not need to define the threshold for each region since the FFT-based method does not depend on a fixed threshold value, as it detects regular grid patterns based on local maxima in the frequency domain. Therefore, the method performs well as long as the regular structure is (partly) visible in the region, even if the contrast in the areas is low. In addition, we need to emphasize that while generic nets are flexible in principle, commercial salmon pens are typically more rigid and tend to maintain (local) regularity, especially over small ROIs used by the suggested method. For further details, see Schellewald et al. (2021).
[image: Figure 1]FIGURE 1 | Overview of the Dense Image Prediction Methods. The TRU-depth method (Ebner et al., 2024) uses the available depth priors and converts them to two dense network inputs. The output is a dense metric depth map. The Radar Meets Vision method (Job et al., 2024) limits the number of input depth prior points to five. Using a dense representation of the sparse depth priors and the monocular image, the network predicts dense metric depth as well. (a) Overview of the FFT-based method for net-relative pose estimation. (b) Overview of the TRU-depth method. (c) Overview of the Radar Meets Vision method.
2.2 Depth image prediction methods
Several depth image prediction methods have been proposed in the scientific community suited for applications in the underwater domain, such as DepthAnything (Yang et al., 2024a), RAFT-Stereo (Lipson et al., 2021), UDepth (Yu et al., 2023), TRU-depth (Ebner et al., 2024) and Radar Meets Vision (RMV) (Job et al., 2024). This paper adapts the TRU-depth and RMV methods to obtain depth image predictions of the inspected net pen, as both methods enable metrically scaled real-time depth estimation and thus surpass the inherent problem related to scale ambiguity of monocular camera systems, while also addressing the issue of generalizability of supervised deep learning models to predict metric depth from monocular RGB images.
2.2.1 TRU-depth method
TRU-depth is a deep learning-based approach that generates dense depth images from monocular RGB images by fusing additional sparse depth information, such as depth priors from external measurements. The network utilizes these sparse depth priors to mitigate scale ambiguity, producing metrically scaled depth images. Figure 1b illustrates the steps of the TRU-depth method. In the first step, the sparse depth measurements are converted into a dense format that can be used as a network input. To achieve this, the method uses two types of dense prior maps. The first map, denoted as [image: image], is created through nearest-neighbor interpolation, where each pixel in the map is assigned the depth of its closest key point. The second map, [image: image], represents the probability distribution of distances from each pixel to the nearest key point, modeled as a normal distribution (see Figure 1b). These maps are concatenated into a dual-channel image and fed into the depth prediction network together with the monocular image.
The network architecture combines a lightweight encoder-decoder backbone with a vision transformer. The encoder-decoder, based on MobileNetV2, processes the input image and the dense prior maps, extracting features at various resolutions. The vision transformer then refines these features by dividing the depth range into adaptive bins and predicting the depth values based on the bin probabilities. This approach allows for efficient and accurate depth estimation.
The training of the network involves several loss functions to ensure robust performance: a) A Root Mean Squared Error loss function to guide the model in learning accurate metric scale predictions, b) A Scale Invariant Logarithmic Loss to balance the focus between close-range and distant depth accuracy, and c) A Chamfer Distance Loss to regularize the bin sizes, ensuring that they align with the actual depth distribution in the images. In summary, the TRU-depth method significantly improves depth prediction accuracy by effectively integrating sparse depth priors into a lightweight real-time deep learning framework, making it suitable for deployment on mobile and embedded systems, and therefore highly relevant in context of the investigated scenario. For more detailed information, we refer to the original paper (Ebner et al., 2024).
2.2.2 Radar meets vision method
Job et al. (2024) recently proposed a method for learning-based depth image prediction using sparse priors. The method is designed for millimeter-wave radar sensors, which have become increasingly used in ground and aerial robotics applications. Since the point clouds produced by such low-cost radar sensors are relatively sparse, the method is designed to operate with a low number of point priors: five or fewer points are supplied during training. Radar sensors are generally not designed for underwater usage, given the conductivity of water. However, the method described by Job et al. (2024) does not make strict assumptions specific to the radar modality and generalizes well to depth priors from other sources.
Figure 1c provides a high-level overview of this method. The input data for this method are comparable to the TRU-depth method (Ebner et al., 2024) and consist of a single, [image: image] pixel RGB image concatenated along the channel axis with the single-channel sparse depth image. As the network is tailored to a few priors; it is sufficient to sample up to five points from the available depth prior points. If there are less than or equal to five points available, all points can be used directly. If there are more than five depth prior points, a greedy furthest-point sampling algorithm is applied to maximize the distance between the priors in the image plane. The intuition behind this selection method is to maximize the depth prior coverage across the scene.
In a second stage, the selected points are projected into the image plane using the camera’s calibration and converted into a densified depth image, following the process described by Job et al. (2024). The prior points are expanded to a circular shape in the image plane. This expansion accounts for the inherent uncertainty of the actual location for the prior points. This four-channel image is input into the network, split into [image: image] pixel patches, following the architecture of Yang et al. (2024b). Multiple patches can use the scale information by extending the prior points to a 5-pixel radius circular shape. The patches are fed into an image encoder, and the encoder’s embeddings are used in a transformer-style network. The decoder produces metric depth image out of a two channel output image. We refer to the original study for more details on the implementation and considerations (Job et al., 2024).
2.3 Wavemap method
Mapping is crucial for UUVs operating in underwater environments, ensuring safe navigation and facilitating inspection tasks. Real-time mapping enables the robot to localize, autonomously explore the environment or plan paths to specific points of interest, and avoid collisions along the way. Additionally, detailed maps created by UUVs are valuable for inspection purposes, as they accurately document spatial relationships among underwater structures, including the net and its supporting elements. Beyond single inspections, maps can be compared across multiple missions to monitor environmental changes and assess structural conditions over time.
Volumetric maps are particularly well-suited to fish-farm operations. Unlike maps based on sparse features or geometric primitives, volumetric representations accurately capture the environment’s geometry and can model obstacles of arbitrary shape. Compared to dense point-cloud, surfel, or mesh-based maps, volumetric maps explicitly distinguish observed free space from unobserved regions. This distinction is crucial in practice, as the robot’s limited sensor field of view and occlusions caused by fish and infrastructure often render large sections of its immediate surroundings unobservable. Explicit modeling of unobserved regions allows human operators or autonomous algorithms to reason about their potential traversability or exploration value, while also accounting for possibly hidden obstacles. Thus, volumetric maps enable safe UUV deployments in fish farms without relying on accurate prior maps.
This paper uses wavemap (Reijgwart et al., 2023), a volumetric mapping framework that simultaneously achieves state-of-the-art accuracy, memory efficiency, and computational efficiency. It can fuse depth images, point clouds, and additional sparse depth measurements to generate a 3D occupancy map in real time. The method is specifically designed to handle the large amounts of data generated by modern robotic sensors, addressing this challenge by leveraging multi-resolution analysis using wavelets.
The core idea behind wavemap is to represent and update the occupancy grid in a compressed wavelet space. The coefficients obtained from Haar-wavelet decomposition align naturally with an octree structure, enabling efficient hierarchical storage. As new sensor data is received, the map’s occupancy probabilities are updated using a linear log-odds formulation. Because the wavelet transform itself is linear, updates can be performed directly in the compressed domain, avoiding costly decompression and recompression steps. Additionally, wavelet-based encoding implicitly keeps all resolution levels synchronized. This significantly improves upon prior multi-resolution frameworks, such as Octomap (Arnesen et al., 2018) or Supereight (Vespa et al., 2018), which update the occupancy at one resolution per point in space and require all remaining resolution levels to be synchronized explicitly.
Wavemap leverages its implicitly synchronized, hierarchical structure to perform measurement updates in a coarse-to-fine manner. By deriving error bounds through multi-resolution analysis, wavemap dynamically determines the necessary resolution at each point, focusing computational resources only where additional detail is required. This ensures particularly high recall of thin structures, such as rods and wires, which represent critical obstacles in underwater environments. Additionally, wavemap employs a “saturated region skipping” mechanism, efficiently skipping updates in areas where occupancy probabilities have already converged to the same value as the measurement update. This significantly reduces computational load in regions with partial or infrequent changes.
Wavemap’s hierarchical and always synchronized multi-resolution representation also provides significant performance benefits in downstream applications. In navigation tasks, it enables multi-resolution search-based planning, hierarchical traversability checking in sampling-based planners, hierarchical frontier extraction for exploration, and low-latency reactive collision avoidance. For inspection, wavemap’s wavelet-compressed maps can be efficiently transmitted over bandwidth-constrained and unreliable communication channels and naturally support progressive loading and interactive refinement over ROIs.
3 PROPOSED FRAMEWORK
This section presents the full framework and discusses each of the pipeline’s components in detail. In particular, it covers how the robot’s net-relative pose, depth images, and global pose are estimated and how they are combined to create a 3D map of the net pen’s inspected area (Figure 2).
[image: Figure 2]FIGURE 2 | Overview of the proposed general framework for localization and mapping for UUVs operating in dynamically changing environments.
3.1 Field trials and datasets
Field trials have been performed in two different locations, namely Rataren (October 2023, Cage 2) and Singsholmen (August 2024, Cage 15), at SINTEF’s ACE facilities SINTEF (2023). The vehicle in Configuration 1 has been deployed during trials in 2023, while the system in Configuration 2 has been deployed for field trials in 2024 as shown in Figure 3 and described in Ohrem et al. (2025). The BlueROV2 with integrated sensors (Ping Echosounder, Ping360, Waterlinked DVL, Nortek DVL, Stereo Camera, Mono Camera, Multi-beam sonar), has been deployed and commanded to execute both manually controlled motions and net-relative autonomous navigation using Waterlinked DVL measurements (Haugaløkken et al., 2024). The specifications of the camera systems of the robotic systems are discussed in detail in (Ohrem et al., 2025), while four Lumen Subsea Lights were set on during the data acquisition (see Figure 3). As shown in Figure 3, Configuration 2 does not integrate the 360 Ping sonar while additional sensors such as Nortek DVL and Multi-beam sonar are integrated compared to Configuration 1. Note that in this study while we have considered datasets from both configurations of the system, we did not utilize DVL measurements from Nortek and the Multi-beam sonar.
[image: Figure 3]FIGURE 3 | A multi-modal sensor platform for data collection and autonomous operations: BlueROV2 with integrated sensors used in the field trials.
During the trials, the net pen contained approximately 190,000 Atlantic salmon. Several datasets have been recorded in different locations inside the net pens. All datasets are logged with time-synchronization using ROS (Robot Operating System). The two field trials show contrasting biofouling levels, with the 2023 net pen being nearly biofouling-free and the 2024 net pen exhibiting moderate levels of biofouling. More information about the experimental setup and access to the datasets can be found in (Ohrem et al., 2025). The net’s grid cells during the trials were 20 mm [image: image] 20 mm and 27.5 mm [image: image] 27.5 mm in 2023 and 2024, respectively. In this paper, results are presented for several cases in which the vehicle was commanded to perform net-relative navigation at different depths and distances from the net. The following case studies are investigated; note that in this paper results are presented for Case 1 - Case 8, while cases from additional datasets have been presented in the Supplementary Appendix:
Case 1: Net-relative autonomous navigation at 3 m depth, with varying speed and reference distances set to 1 m, 2.1 m and 1.4 m (data from field trials in 2023),
Case 2: Net-relative autonomous navigation at 1.8 m depth, with varying speed and at a constant reference distance of 2 m (data from field trials in 2023),
Case 3: Net-relative autonomous navigation at 2.5 m depth with UUV speed of 0.1 m s−1, with reference distances set to 1 m and 1.5 m (data from field trials in 2024),
Case 4: Net-relative autonomous navigation at 4.8 m depth with UUV speed of 0.1 m s−1, with reference distances set to 1.5 m and 1 m (data from field trials in 2024),
Case 5: Net-relative autonomous navigation at 2.2 m depth with UUV speed of 0.2 m s−1, with reference distances set to 1 m and 1.5 m (data from field trials in 2024),
Case 6: Net-relative autonomous navigation at 2.4 m depth with UUV speed of 0.1 m s−1 with reference distances set to 1 m and 1.5 m (data from field trials in 2024),
Case 7: Manual navigation by an experienced operator at changing distances ranging from 0.5 m to 5 m (data from field trials in 2023), and
Case 8: Net-relative autonomous navigation at 5.2 m depth with a UUV speed of 0.2 m s−1, with reference distances set to 1 m and 1.4 m (data from field trials in 2024).
3.2 Net-relative pose estimation
The first component of the proposed framework aims to estimate the net-relative position of the UUVs inside the net pen. Note that (visual) SLAM methods require that unique features can reliably be matched across subsequent frames (odometry) and when revisiting the same place (loop closure). Fish nets and their support structures generate a very large number of features that correspond to different 3D points but have identical descriptors (environmental aliasing). Fish farms generally contain very few or no non-repetitive visual landmarks (Kelasidi and Svendsen, 2022). Furthermore, the fish themselves are visually striking but moving. This makes it very challenging to achieve sufficiently high recall and low false-positive rates to accurately estimate an ROV’s pose while robustly rejecting the dynamic features corresponding to fish–especially under real-time constraints. Furthermore as mentioned earlier, DVL sensors are sensitive to occlusions and erroneous measurements caused by moving fish (Amundsen et al., 2022). The accumulation of drift can be slowed down by relying on a high-end IMU, but this solution is very expensive and only extends the time frame within which the drift remains acceptable. This motivated our work to obtain relative pose estimates from camera images, to remove the dependency on DVL and accurate IMU measurements.
As shown in Figure 4, the relative pose can be obtained either from acoustic sensors (e.g., DVL (Haugaløkken et al., 2024)) or by utilizing vision-based methods such as the FFT (i.e., FFT points), TRU-depth, and RMV (i.e., depth images). Besides using the estimated net-relative distances from the modified FFT-based method as priors for the depth estimation methods, as described in the following section, the obtained 3D points have also been used to estimate the robot’s relative pose. As shown in Figure 5, the FFT-based method proposed by Schellewald et al. (2021) has been modified in this paper to obtain multiple distance estimates to nets with a known net grid size. In particular, instead of outputting a single pose estimate, the modified version outputs multiple distance estimates, at known pixel locations (e.g., center of the ROIs spanning in the area of the image after disregarding 50 pixel around the image, as shown in Figure 5). Given the camera calibration, these can also be transferred to 3D point estimates. This is achieved by not only computing the FFT of a single ROI but also [image: image] ROIs, thus recreating multiple net squares and estimating the distance to each of them (see Figure 5). By fitting a plane to the 3D points, utilizing the least-squares method, one can compute the net-relative heading and pitch. The outcome of the modified FFT-based method provided the priors (distances) and then by applying plane and parabolic fitting and using the camera calibration parameters, it is possible to estimate the relative pose of the UUV (see Figure 4).
[image: Figure 4]FIGURE 4 | Relative pose estimation from either FFT generated points or from depth images.
[image: Figure 5]FIGURE 5 | Modifications on the FFT-Method, resulting in depth priors and 3D point estimates.
As it can be seen in Figure 6, the resulting relative estimates are less noisy, and more precise than the results of the original method, therefore, in this paper, we will only compare the results from the modified version with the results from the other methods. From the comparison results shown in Figure 6c, it is obvious that both the original and the modified FFT-based methods underestimated the distances (especially when the robot keeps further distance from the net pen) compared to the results from 2023 (Figure 6a). The biofouling growth presence during the trials in 2024 could explain such observed errors since this will directly result to errors on the measured actual net grid size required from the FFT-based method. Other source of observed errors could be related to precise camera calibration, which can be investigated extensively in future studies.
[image: Figure 6]FIGURE 6 | Comparison between the original and the modified FFT-based method for net-relative pose estimation in Case 1, Case 7 and Case 8. (a) Case 1. (b) Case 7. (c) Case 8.
To reduce runtime, the re-scaling of the ROI, as implemented in the original method (Schellewald et al., 2021), was omitted. This omission becomes evident when estimating distances close to the net ([image: image] cm), as the ROI becomes too small, resulting in the modified method failing to provide estimates (see Figure 6b). Note that as mentioned earlier the FFT-based method for pose estimation requires knowledge of the net grid size and this consequently affects the choice of ROI. Therefore, for the results obtained in this paper, ROI of [image: image] pixels and [image: image] pixels has been adapted for the data with net grid size of 20 mm [image: image] 20 mm (data from 2023) and 27.5 mm [image: image] 27.5 mm (data from 2024), respectively. The ROI size could be further optimized to maximize the detectable range or dynamically adjusted using DVL or Ping measurements, thereby eliminating the need for manual or iterative ROI size optimization. Interestingly, despite the lack of ROI resizing, the modified method performs better at the range limit of the original method, as shown in Figure 6.
3.3 Depth image prediction
In fish farming environments, estimating the net location is essential for understanding the surrounding environment for both self-localization and inspection purposes, meaning that, in addition to focusing on net-relative poses, there is also interest in obtaining dense depth information, particularly for scene reconstruction and mapping purposes. Several methods have been demonstrated to be effective in other underwater environments (Ebner et al., 2024; Skaldebø et al., 2024). This paper will discuss in detail the integration of two methods, TRU-depth (Ebner et al., 2024) and RMV (Job et al., 2024) respectively, into the underwater localization and mapping framework. The TRU-depth method trains on real data from the underwater domain, while the RMV method fine-tunes on synthetic data from aerial photogrammetry. We compare and adapt the two methods due to the challenging nature of the underwater domain in combination with semi-transparent net pens. On a high-level, both methods employ an encoder-decoder architecture, and the embeddings of the encoder are fed into a vision transformer to then produce metric depth predictions in the decoder.
Since the TRU-depth method is tailored to the underwater domain, it presents a natural choice for our problem as well. However, applying the method to images that primarily contain a net is challenging. As mentioned earlier, the method requires RGB images and additional point priors as inputs, necessitating a robust approach for generating these sparse depth estimates. Meaning that the TRU-depth network, not trained for such particular applications where we have structures with repeated textures requires a relatively large and consistent number of depth priors (the minimum number of required priors are set to 10). Classic feature-matching methods often fail when applied to repetitive, regular structures such as net grids (see Botta (2024) where both classical feature-matching and dense-matching approaches have been adapted and tested on the datasets obtained from industrial scale fish farms). The modified FFT-based method has therefore been used instead. This method provides reliable, uniformly distributed, and accurate net-relative distance estimates, which are then used as priors for the TRU-depth network (see Figure 2). Note that the TRU-depth method rescales the images to [image: image] pixels; therefore, the FFT-based priors were scaled accordingly to match the expected pixel locations for the priors. With these priors, the TRU-depth method was able to generate the dense depth images that accurately represent the 3D shape of the net pen. In an attempt to further enhance the results, the network was re-trained on images from the newly obtained dataset. Note that due to the lack of an absolute ground truth, DVL net-relative distance measurements were used to create uni-colored depth maps as ground truth for the re-training.
Since the FFT-based method can only detect the net, the TRU-depth network solely focused on the net as well, which disregards fish or other objects that might partially occlude the view. This demands research to explore how alternative methods would respond when a larger structure occludes a significant portion of the net, preventing the FFT-based method from detecting it in those areas. In particular, in cases where the net is not in the field of view (i.e. when approaching or leaving the net), fish pass the field of view, or biofouling occludes the net-grid structure, an alternative solution is required.
To address such situations, the RMV method is adapted (Job et al., 2024). As described previously, the method is designed to operate with few depth priors and can therefore provide dense depth predictions in situations where the FFT-based method fails completely or partly to provide sufficient number of priors required from TRU-depth method. In case that the FFT-based method fails completely, very sparse depth sources such as DVLs can be used as a replacement.
3.4 Global pose estimation
For the case studies for which the modified FFT-based method provided robust relative pose estimates (e.g., no occlusions from fish), the data has also been utilized to estimate the global pose of the UUV. Note that direct measurements of the global pose of the UUV from relevant sensors can also be used, provided the measurements are precise and readily available during UUV operations.
The global pose is defined as the robot’s 3D position and orientation within a fixed reference system in the net pen. The chosen coordinate system is aligned with the centerline of the net pen and is positioned at the water level, with the [image: image]-axis oriented downward and the angular coordinate [image: image] of the global coordinate system is defined such that [image: image] corresponds to the robot’s starting location at time step [image: image]. The points obtained from the modified FFT-based method are fitted to a cylinder of known diameter (e.g., the cage diameter provided from the fish farm) of 50 m (Ohrem et al., 2025) under the assumption that the net pen exhibits no deformation. Note that this is a reasonable assumption, given that the deformation is generally small and the results demonstrate the efficacy of the simple method for global pose estimation proposed in this paper. In this work, at least 30 detection points are required. This threshold was found to yield reliable estimates. The radial coordinate [image: image] of the global coordinate system at time step [image: image] is estimated by fitting a circle to the obtained points projected onto the [image: image]-plane in body coordinates. This is visualized in Figure 7a. Subsequently, the global position vector in Cartesian and polar coordinate system is [image: image], where the superscript [image: image] denotes the time step and the subscript [image: image] the global frame. The relative heading [image: image] at the time step [image: image] is computed by transforming to the global frame. Since the robot’s roll and pitch were controlled to be zero during the trials, the problem reduces to 2D, simplifying the estimation. The global attitude then simplifies to [image: image]. Note that this is a common process for UUVs with integrated roll and pitch stabilization modes.
[image: Figure 7]FIGURE 7 | Estimation of the global radial coordinate. (a) The resulting net pen radial coordinate [image: image] using the known net pen radius [image: image] in [image: image]-body coordinates (coordinate frame unit vectors shown as [image: image]). (b) The resulting global radial coordinate [image: image] in the global coordinate frame shown with unit vectors [image: image], which is based on the radial estimates obtained in [image: image]. Note that [image: image] is set to zero here, as this coordinate is obtained from integration of DVL velocities.
The angular coordinate [image: image] cannot be obtained directly from the FFT output and is therefore initialized to [image: image] for the first computation step, as illustrated in Figure 7b. The angular coordinate of the UUV is obtained by utilizing the DVL velocities in body frame [image: image], since these measurements were much less noisy than the IMU sensor data of the BlueROV2. In particular, integrating the DVL velocities over one time step results in a new angular coordinate estimate [image: image]. The [image: image]-coordinate is obtained directly from the pressure sensor. The rotation matrix [image: image] rotates the horizontal DVL body velocity to the global frame, which is then used to obtain a new position estimate [image: image] through integration: 
[image: image]
[image: image]
[image: image]
The radial coordinate [image: image] is obtained with the computed [image: image] from FFT for the current time step [image: image], effectively rotating the situation from Figure 7b according to the velocity integration. The global heading angle is calculated as [image: image]. Combining these results yields the global position [image: image] and orientation [image: image] estimates for the current time step [image: image] (see Figure 8a).
[image: Figure 8]FIGURE 8 | Global pose and mapping pipeline visualisation. (a) Integration pipeline to obtain a global pose estimate of the UUV within the net pen. (b) Pipeline to obtain volumetric 3D maps utilizing the wavemap method.
3.5 3D map representation
In this paper, two mapping approaches were tested: first, stacking of RGB point clouds generated from global pose estimates and camera images, which allowed for visual inspection of stacking quality and, by extension, the precision of the pose estimates. Second, the wavemap method was applied (see Reijgwart et al., 2023) to evaluate whether this technique, in combination with the predicted depth images, can provide a valuable mapping solution for underwater applications. All methods have demonstrated real-time capability (Ebner et al., 2024; Reijgwart et al., 2023), suggesting they offer promising directions for future development.
Figure 8b presents the pipeline to obtain volumetric 3D maps utilizing the wavemap method. To integrate the 3D pose estimates, each estimate, initially represented as [image: image], was transformed into a [image: image] homogeneous transformation matrix [image: image]. Additionally, the timestamps of the different pose estimates were extracted from the dataset. Utilizing a ROS data player, the wavemap method was then executed using each [image: image] and its corresponding depth image, generated by dense depth map estimation methods using FFT priors, along with the associated timestamps (see Figure 8b). This resulted in an incrementally built 3D volumetric map.
4 RESULTS
This section presents evaluations across four key areas: relative poses, depth image predictions, global pose estimates, and mapping. To improve clarity and reduce noise, a sliding window smoothing filter has been applied to the plots of relative distance and orientation measurements. This technique enhances trend visibility and data variation by averaging points within a defined sliding window, offering a better representation of the methods’ performance. In contrast, the results for depth images, global pose estimates, and mapping are presented without smoothing to maintain the integrity of the raw data.
4.1 Net-relative pose estimation
The distance measurements from the DVL and the forward-facing ping echo sounder are compared with distance estimates obtained from the modified FFT-based method, the TRU-depth and the RMV. Note that to qualitatively compare the results from depth imaging methods, a method for extracting relative pose from depth images is proposed. In particular, the mean distance from the image center (choosing [image: image] pixels center region in Figure 4) is used as a distance estimate. For angular estimation, a least-squares planar fit is employed (this sub-pipeline is also illustrated in Figure 4). While this approximation is adequate for the data of the runs considered in this study and serves the purpose of comparing the obtained results, it is not a robust solution for determining net-relative pose of an UUV from depth images in general.
The results for the different case studies can be seen in Figure 9 and in the Supplementary Appendix. Since the DVL measurements are used as a reference signal by the UUV’s controller, the vision-based methods are compared to these values due to the lack of additional ground truth data. The results generally show a close alignment among the methods, with particularly strong agreement between the TRU-depth and FFT results for the majority of the investigated cases. It is quite evident that the TRU-depth method slightly underestimates the distance when compared to DVL measured signal, while RMV overestimates the obtained net-relative distance. The maximum error observed from results of RMV is of approximately 0.5 m which is in the range of most of the acoustic sensors utilized in underwater domain (Kelasidi and Svendsen, 2022). However, we can see that when the FFT method is not able to provide the required number of priors for the TRU-depth method (e.g., net occluded from obstacle in front of the camera), then this method is not able to estimate the net-relative distance, while RMV which required few priors provides smooth distance estimates (see Case 5 and Case 6 in Figure 9). As expected due to the presence of fish, it is notable that both acoustic sensors exhibit clear measurement outliers. This indicates the advantage of utilizing vision-based methods for robust localization in challenging underwater environments such the ones faced in fish farms.
[image: Figure 9]FIGURE 9 | Net-relative distance comparison results using the estimation from the DVL plane approximation, modified FFT, TRU-depth utilizing all the obtained FFT priors, RMV utilizing up to 5 FFT priors, distance from the ping sensor and the reference, which corresponds to the desired input to UUV to follow constant distance from the net pen. (a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4. (e) Case 5. (f) Case 6.
In Figure 10, the comparison between the measured relative orientation computed from the DVL beams (Amundsen et al., 2022) and the relative orientation estimates calculated from the FFT points, as well as the TRU-depth-generated depth images, is presented. As shown, the overall trends are consistent, although the differences in relative orientation are larger than those observed in the relative distance estimates discussed above. It is also evident that all methods for obtaining relative orientations exhibit a significant amount of noise, with the acoustic sensor showing the most. Note that due to the lack of accurate ground truth data, a definitive assessment of which method provides a more precise estimation of the net’s relative orientation is not possible. Generally, the increased noise or variability in the results could partially be attributed to limited tuning of the heading controller during the trials. Future improvements could include better tuning of the controller to enhance performance.
[image: Figure 10]FIGURE 10 | Net-relative orientation results using the estimation from the DVL plane approximation, modified FFT and TRU-depth utilizing all the obtained FFT priors. (a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4.
Overall, the net-relative pose estimation results presented in this paper highlight the error-proneness of acoustic sensors in fish farming environments, as well as the capability of vision-based systems when operating close to or interacting with net structures. This underscores the importance of investigating vision-based methods for operations in fish farms, which often require net-relative control strategies.
4.2 Depth images
This section compares the depth imaging results of TRU-depth, the retrained TRU-depth and RMV models. From the resulting depth images in Figure 11, it is clear that the TRU-depth network does not detect fish in front of the net, which is to be expected since the network is only given net-based FFT priors (see Section 4.2). Note that the retrained TRU-depth network, trained using the flat DVL depth images as ground truth, shows a pronounced flattening effect after just one training epoch. This flattening is expected due to the use of single-value depth images as supervision signal. The retraining does not significantly affect the overall distance estimates to the net but essentially removes the capability to estimate the net’s relative orientation. Overall, the obtained results showcase the TRU-depth network’s effectiveness when provided with accurate priors, even in environments with few distinctive features and transparent structures not seen in its training data. This underscores the method’s significance for fish farming operations, highlighting its potential to perform reliably in such challenging conditions.
[image: Figure 11]FIGURE 11 | Comparison of depth images. Brighter colors correspond to smaller depth values, darker colors to larger values. The color range represents a depth range of 0 m–4 m for all depth predictions. 1st row: RGB image; 2nd row: TRU-depth; 3rd row: Retrained TRU-depth; 4th row: RMV method 5th row: DVL. (a) Case 1. (b) Case 3.
The RMV method shows qualitatively better performance in identifying the net, ropes, fish in front of the net and other objects attached to net (i.e., AprilTags). This is shown in Figures 11, 12, where fish and structures in front of the net are often visible. If close enough, even the grid structure of the net is visible, which is essential for inspection of the net integrity. Overall, the results highlight the capability of this method to generalize to the underwater domain. We attribute the strong relative scene depth generalization capabilities to the pre-trained DepthAnythingV2 (Yang et al., 2024b) weights in combination with the metric predictions from the FFT priors coming from the fine-tuning as described by Job et al. (2024).
[image: Figure 12]FIGURE 12 | Alternating RGB input images and metric depth prediction. The depth predictions are consistent: The ropes, fish, and AprilTags are clearly visible in front of the net grid pattern.
The main limitation of integrating FFT-based priors into the depth prediction methods is that it is only possible to obtain priors from the net pen. In the future, fusing in additional priors from classical stereo-matching or other methods to improve the detection of fish and other structures/objects could enable more comprehensive depth predictions. A proof of concept has been demonstrated for TRU-depth by manually creating priors for both fish and the net (see Section 4.2) and applying the TRU-depth network with these priors, as shown in Figure 13. Note that since the RMV method requires a small number of priors, we deem it also feasible to fuse very few priors from, e.g. DVL only and obtain metric depth predictions reliably.
[image: Figure 13]FIGURE 13 | The FFT method based priors under partially occluded conditions. The net-distances are labelled within the image in centimetres (top plot) and the TRU-depth depth images generated by utilizing manually generated FFT-based priors (bottom row).
4.3 Global pose estimation
Assuming no deformations in the net pen and no pitch and roll of the UUV, the global position of the vehicle has been reconstructed using the DVL velocity measurements. The resulting trajectories are displayed in Figure 14. The top plot shows the trajectory from a top-down view, while the second plot illustrates the third dimension, depth. The third plot displays the difference between the radial coordinate obtained from integration, and the one derived from circle fitting. It is evident that, aside from brief periods, the errors between the integration estimate and the actual optical distance estimate are small. The few peaks in the error correspond to instances where the ROV changes direction rapidly due to control input adjustments, resulting in imprecise DVL measurements and blurred images that lead to less accurate FFT-based estimates.
[image: Figure 14]FIGURE 14 | The trajectory estimation results for the UUV. (a) Case 1. (b) Case 3.
To further evaluate the estimation accuracy, the calculated global yaw estimates have been compared with the onboard IMU measurements, as illustrated in Figure 15. Since the robot’s initial heading was arbitrary, the yaw-estimate plots are all shifted to start at zero. The observed drift between the estimated and measured values over time could be attributed to several factors, including imprecise estimates, integration errors, or sensor drift in the DVL. Sensor drift in the IMU itself also contributes to the discrepancy. Overall, the vehicle’s trajectory has been estimated in a manner that appeared consistent with the video data. Further evaluation through point cloud stacking indicated that the estimates are relatively accurate.
[image: Figure 15]FIGURE 15 | Global Heading comparison of the IMU measurements and the cylinder pose estimations. (a) Case 1. (b) Case 3.
4.4 3D map representation
To further assess the precision of the global pose estimations, the RGB data was projected onto the estimated net cylinder, and the resulting RGB point clouds were stacked, as shown in Figure 16. By observing different lines visible across multiple images, one can gauge the accuracy of the position estimates. A clear example is the diagonal rope visible on the left side of the stacked point cloud, which runs through multiple images and connects smoothly, even though the images were taken from different distances and orientations.
[image: Figure 16]FIGURE 16 | Stacked point clouds from image projection onto cylinder fittings. The vertical and diagonal ropes in the image visibly coincide, which shows the accuracy of the pose estimation. (a) Case 1. (b) Case 2.
To assess the potential of using learning-based depth images for mapping and to evaluate the feasibility of applying the wavemap method (Reijgwart et al., 2023) in underwater environments, wavemap was used to fuse the depth images predicted by TRU-depth and RMV at their estimated 3D poses. We have adapted wavemap in this paper since (Reijgwart et al., 2023) presented an in-depth performance comparison between wavemap, octomap, voxblox and supereight2, where it is shown that wavemap achieves the highest recall and memory efficiency, while matching the state of the art in terms of overall accuracy and computational efficiency. The experiments in wavemap’s original paper include also comparisons integrating a depth image at various resolutions, which matches the technical setup in our current paper. The resulting 3D volumetric maps are shown in Figures 17, 18. Note that only the occupied voxels are shown, colored by their [image: image]-coordinate in the map’s coordinate frame. As can be seen, the reconstructed surfaces are smooth–indicating that wavemap effectively filters out the noise in the predicted depth images–and match the net’s expected curvature. When comparing Figures 17, 18, the TRU-depth- and RMV method -based 3D maps, respectively, we can observe few differences in the output representations. As previously mentioned, a distinct flattening effect is present in the depth predictions of the TRU-depth method, which would lead to expecting an increased consistency when constructing the 3D map of the net structure as the observations match more closely with the FFT prior points. However the resulting 3D maps using the depth predictions of the TRU-depth (see Figure 17) and the results using the RMV method (see Figure 18) are providing same level of information, making both methods very suited for 3D mapping of net-pens.
[image: Figure 17]FIGURE 17 | Volumetric maps generated by the wavemap method using the depth images generated by TRU-depth and the estimated 3D poses. Only the occupied voxels are shown, colored by their z-coordinate in the relative frame of the map. 
[image: Figure 18]FIGURE 18 | Volumetric maps generated by the wavemap method using the depth images generated by RMV and the estimated 3D poses. Only the occupied voxels are shown, colored by their z-coordinate in the relative frame of the map. (a) Case 1. (b) Case 2. (c) Case 3. (d) Case 4.
This paper shows that by fusing net-relative pose measurements with IMU and depth readings, our framework effectively eliminates most drift sources. However, the ROV’s absolute yaw angle remains unobservable and this error might therefore slowly grow over time. Previous work has shown that the accumulation of drift, and corresponding mapping errors, can effectively be avoided by performing pose graph optimization over a graph of volumetric submaps (Reijgwart et al., 2020). Extending our work to create and align a collection of wavemap submaps, in the same way voxgraph (Reijgwart et al., 2020) used a collection of voxblox submaps (Oleynikova et al., 2017), would allow drift along yaw to be eliminated as long as there is at least one irregularity or object that makes the map non-symmetric along the net pen’s cylindrical axis. This would be an interesting direction for future work.
In general, the results demonstrate the potential of using wavemap to fuse the predicted depth images into an accurate volumetric map. Since the depth prediction methods and wavemap both run in real-time (Ebner et al., 2024; Reijgwart et al., 2023), this map provides a live 3D reconstruction that can be used for increased situational awareness of an operator and facilitate autonomous navigation including global path planning (Reijgwart, 2024) and reactive collision avoidance Reijgwart et al. (2024). Note that wavemap was primarily designed for accurate, low-latency navigation, including reactive collision avoidance (Reijgwart et al., 2024). The reactive collision avoidance policy can also readily be used to enhance safety during manual piloting (Reijgwart et al., 2024). Given its geometric accuracy, wavemap maps are already well suited for structural analysis tasks. Extending the framework to include additional channels, such as reflectivity, color information or semantics is straightforward. This future work would allow it to be used to monitor non-geometric properties, including biofouling, as well.
4.5 Net-relative distance results
In general, obtaining absolute ground truth measurements in underwater environments is challenging. To address this challenge and obtain ground truth distances to the net, passive visual markers (i.e., AprilTags) have been placed directly on the net surface during the field trials in 2024. Note that since the visual markers are not visible in every frame thus continuous ground truth results are not feasible during the full autonomous net-relative navigation mission. In addition, occlusions from AprilTags will influence the results of all camera-based methods. However, having AprilTags attached on the net and using the camera intrinsic parameters, the physical size of the tags and the knowledge that the tag is printed on a rigid, flat plate, the relative pose of the camera to the tag can be estimated (Wang and Olson, 2016). In particular, adapting the methods proposed by Wang and Olson (2016), we identify the corners of the markers and extract the average depth values as ground truth in the rectangle described by the four points.
With the knowledge of the pose of visible AprilTags and extracting their depth values, it was possible to evaluate the depth prediction performance of all net-relative distance estimation methods investigated in this paper. The mean absolute error (MAE) metric is adapted for this comparison and it is given by
[image: image]
where [image: image] is depth of the AprilTag marker and [image: image] is the depth of either the TRU-depth, the RMV, the DVL, the modified-FFT method or sensor in the image location of the AprilTag. Meaning that if the respective net-relative distance method performs adequately, the depth of the AprilTag should correspond to the predicted depth in the location of the marker and result in a low absolute relative error.
Figure 19 and Table 1 show comparison results of the distances estimated and performance in terms of the average absolute error from the DVL sensor measurements, modified FFT-based, TRU-depth and RMV methods, respectively. The errors reported in Table 1 refer to the average depth values within the AprilTag evaluation rectangle, while the number of frames with observable markers is shown in the last column of Table 1. The estimated depth distances are plotted for the time duration in which the AprilTags were visible in the recordings for several cases (see Figure 19). As the DVL returns a single point depth, it is assumed to have the same depth in the center, as well as the tag location. It is important to mention that no FFT-based priors can be generated directly on the AprilTag. However, since the net can be represented as a plane in each frame the net distance error introduced with the approximation for the FFT-based depth on the AprilTag is expected to be generally low. Therefore, since the modified FFT method returns only points on the net, the tag depth is estimated by the average of all FFT points closer than one tag size away. This heuristic was found to yield satisfactory results with markers of the 36h11-family and a tag size of 15 cm (Wang and Olson, 2016).
[image: Figure 19]FIGURE 19 | Ground truth distance from AprilTags mounted directly in front of the net, compared to DVL, modified FFT, TRU-depth and RMV method. All methods besides DVL are only plotted when the AprilTag is in view and its pose can be computed. (a) Case 5: A single marker is visible between 54 s and 61 s. The FFT-priors get lost between 57.5 s and 58 s. (b) Case 6: A single marker is visible between 90 s and 104 s. At 97 s a fish passes the field of view of the camera. (c) Case 9: A marker is visible between 21 s and 25 s. (d) Case 10: A single marker is visible between 40 s and 45 s. The FFT-method fails to provide priors for a prolonged time from 41.5 s. (e) Case 11: A single marker is visible between 65 s and 72 s. The FFT-method fails after 71 s, due to the tag influencing the readings. (f) Case 12: A single marker is visible between 35 s and 42 s. Fish are passing the camera view, which explains large changes in the net-distance predictions.
TABLE 1 | MAE of the respective depth prediction method compared to the ground truth derived from the AprilTag marker.
[image: Table 1]In Figures 19a,d,e dropout in depth estimates from the FFT method can also be seen, which is due to the April tag blocking the net-grid structure. From Figures 19b,f, it is also clear that fish can significantly influence the depth prediction output, which needs to be taken into account for applications in environments such as fish farms. An additional observation is that both the DVL sensor measurements and the RMV method almost always overestimate the net ground-truth distance. The net structure is not very dense; therefore, a hypothesis is that the DVL sensor systematically overestimates the distance. A similar hypothesis might be true for the RMV method: The depth priors are provided as circular blobs, which do not always precisely match the grid-like net-structure. The semi-transparent nature of the net might then lead to this systematic error.
In Table 1, we show the MAE of all methods in estimating the depth to the April Tag mounted on the net. On a high-level, the results show that the modified FFT-based method outperforms all other methods. The second-best method is the TRU-depth method. As discussed previously, the TRU-depth method follows the FFT-method very closely and does not incorporate so many visual features. The DVL and RMV methods both perform worse, which can mostly be explained due to the systematic error introduced by over-estimating the net-relative distance. Overall, the results show that errors calculated for all the investigated methods are smaller than 0.5 m (i.e., precision of a common acoustic sensors in underwater domain) with the average of all the investigated cases being approximately 0.2 m. The FFT-method consistently outperforms the other methods. The FFT-method and TRU-depth method also rely heavily on the presence and prior knowledge of the grid-like net structure, whereas the RMV and DVL methods can be used outside the fish-net context, and are therefore viable solutions in failure and transition phases around net pens of fish farms. Overall, these results emphasize the importance of multi-modal sensor modalities, especially in remote and challenging underwater environments.
4.6 Runtime
All runtimes are evaluated on the same computer, featuring an Intel 13700KF CPU paired with 64GB of RAM and an NVIDIA 4070Ti GPU. The most time-intensive part of the pipeline is the computation of the depth priors using the FFT method (Section 2.1). Fortunately, each patch can be processed independently, allowing us to parallelize this operation using a CPU thread pool. The TRU-depth and RMV depth predictions are computed on the GPU, while wavemap runs on the CPU with multi-threading. The relative and cylinder poses are each computed using a single thread on the CPU.
The average runtimes of our proposed pipeline’s components are shown in Table 2. The most important observation is that all components can run at 5 Hz or more, thereby being suitable for real-time operation on a UUV. The biggest bottleneck remains the FFT depth prior computation. Aside from optimizing its implementation, it could be worth investigating how the pipeline’s other components perform when provided with a smaller number of priors, since the FFT method’s runtime directly scales with the number of patches it evaluates. TRU-depth, for example, is very efficient but required very dense depth priors for applications in fish farms. In contrast, the network of RMV is more expensive but generalizes better and requires fewer priors to achieve high accuracy. Combining it with FFT method’s [image: image]px configuration already results in a capable real-time depth prediction pipeline, and it might still perform well with an even lower number of priors. As expected, computing the relative and cylinder poses is very fast. Finally, we see that wavemap is both efficient and updates the map with very low latency, making it well-suited to run in the background while supporting navigation and collision avoidance tasks.
TABLE 2 | Comparison of method runtimes.
[image: Table 2]5 CONCLUSION
This paper proposed a general, vision-based framework for underwater localization and mapping, and utilized a large dataset recorded in industrial scale fish farms. The framework leverages the FFT-based method to generate priors for the TRU-depth and RMV methods, which in turn provide the depth image predictions required for 3D mapping. Additionally, methods for obtaining net-relative and global pose estimates of UUVs have been proposed. The results demonstrate the potential of the framework to integrate the FFT-based method, depth image predictions and wavemap methods for applications in fish farming environments. It specifically showed that TRU-Depth and RMV methods can generate depth images from monocular images within these environments. Coupling the depth prediction methods with the wavemap method and 3D pose estimates, the pipeline enables the creation of detailed volumetric maps. The completeness and accuracy of these 3D maps highlight their potential for real-world applications in the underwater domain. While it would be valuable to directly compare our global pose estimation approach with state-of-the-art SLAM methods, we note that standard SLAM methods are fundamentally challenged in the highly repetitive and dynamic environment of fish farms. The lack of distinct visual features, frequent occlusions by moving fish and the flexible nature of net structures typically lead to frequent tracking loss and high drift, as reported in recent literature on the challenges in the underwater domain (Wang et al., 2023; Song et al., 2024). As a result, conventional SLAM methods are unlikely to provide meaningful baselines. Nevertheless, we acknowledge that a systematic evaluation of such methods, even if they perform poorly, could further illustrate the advantages and robustness of our proposed framework, and we leave this as an important direction for future work. In general, incorporating active loop-closure, global SLAM, or additional sensing modalities such as sonar or stereo vision could further increase the robustness of the proposed pipeline, particularly in low-visibility conditions. Alternative methods to obtain depth priors on fish or other distinct structures could also be combined with the FFT-based priors to enable depth image prediction methods and wavemap to comprehensively reconstruct 3D underwater scenes from monocular images. In the future, it would also be relevant to evaluate the performance of the fully integrated framework in datasets obtained in a controlled environment.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. This data can be found here: https://arxiv.org/abs/2504.01790.
AUTHOR CONTRIBUTIONS
MJ: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Software, Validation, Visualization, Writing – original draft, Writing – review and editing. DB: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Software, Validation, Visualization, Writing – original draft, Writing – review and editing. VR: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Validation, Visualization, Writing – original draft, Writing – review and editing, Software. LE: Supervision, Writing – review and editing, Methodology. AS: Supervision, Writing – review and editing. RS: Resources, Supervision, Writing – review and editing, Funding acquisition. EK: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Writing – original draft, Writing – review and editing, Visualization.
FUNDING
The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the Research Council of Norway (ResiFarm: NO-327292, CHANGE: N313737).
ACKNOWLEDGMENTS
The authors would like to thank Bent Haugaløkken, Sveinung J. Ohrem, Kay Arne Skarpnes, Terje Bremvåg and Linn Evjemo for developing the systems, executing the field trials and obtaining and publishing the dataset utilized in this paper. In addition, we want to thank Christian Schellewald for providing access to original FFT-based code for net-relative pose estimation.
GENERATIVE AI STATEMENT
The author(s) declare that Generative AI was used in the creation of this manuscript. Grammatical text correction.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/frobt.2025.1609765/full#supplementary-material
REFERENCES
 Abaspur Kazerouni, I., Fitzgerald, L., Dooly, G., and Toal, D. (2022). A survey of state-of-the-art on visual slam. Expert Syst. Appl. 205, 117734. doi:10.1016/j.eswa.2022.117734
 Amundsen, H. B., Caharija, W., and Pettersen, K. Y. (2022). Autonomous ROV inspections of aquaculture net pens using DVL. IEEE J. Ocean. Eng. 47, 1–19. doi:10.1109/JOE.2021.3105285
 Arnesen, B. O., Sandøy, S. S., Schjølberg, I., Alfredsen, J. A., and Utne, I. B. (2018). “Probabilistic localization and mapping of flexible underwater structures using octomap,” in 2018 European control conference (ECC) , 268–275. doi:10.23919/ECC.2018.8550498
 Bjelland, H. V., Føre, M., Lader, P., Kristiansen, D., Holmen, I. M., Fredheim, A., et al. (2015). “Exposed aquaculture in Norway,” in Oceans 2015 - MTS/IEEE Washington , 1–10. doi:10.23919/OCEANS.2015.7404486
 Bjerkeng, M., Grøtli, E. I., Kirkhus, T., Thielemann, J. T., Amundsen, H. B., Su, B., et al. (2023). “Absolute localization of an rov in a fish pen using laser triangulation,” in 2023 31st mediterranean conference on control and automation (MED) , 182–188. doi:10.1109/MED59994.2023.10185747
 Botta, D. (2024). Underwater localization and mapping for uuvs operating in fish farms. ETH Zurich: Semester Thesis. 
 Cardaillac, A., Skjetne, R., and Ludvigsen, M. (2024). Rov-based autonomous maneuvering for ship hull inspection with coverage monitoring. J. Intelligent and Robotic Syst. 110, 59. doi:10.1007/s10846-024-02095-2
 Cooley, J. W., and Tukey, J. W. (1965). An algorithm for the machine calculation of complex fourier series. Math. Comput. 19, 297–301. doi:10.1090/S0025-5718-1965-0178586-1
 Duberg, D., and Jensfelt, P. (2020). UFOMap: an efficient probabilistic 3D mapping framework that embraces the unknown. IEEE Robotics Automation Lett. 5, 6411–6418. doi:10.1109/LRA.2020.3013861
 Ebadi, K., Bernreiter, L., Biggie, H., Catt, G., Chang, Y., Chatterjee, A., et al. (2024). Present and future of slam in extreme environments: the darpa subt challenge. IEEE Trans. Robotics 40, 936–959. doi:10.1109/TRO.2023.3323938
 Ebner, L., Billings, G., and Williams, S. (2024). “Metrically scaled monocular depth estimation through sparse priors for underwater robots,” in 2024 IEEE international conference on robotics and automation (ICRA) , 3751–3757. doi:10.1109/ICRA57147.2024.10611007
 FAO (2018). The State of World Fisheries and Aquaculture 2018: meeting the sustainable development goals. No. 2018 in The State of World Fisheries and Aquaculture (SOFIA) . Rome, Italy: FAO. Accessed on 25 March 2020
 Føre, M., Frank, K., Norton, T., Svendsen, E., Alfredsen, J. A., Dempster, T., et al. (2018). Precision fish farming: a new framework to improve production in aquaculture. Biosyst. Eng. 173, 176–193. doi:10.1016/j.biosystemseng.2017.10.014
 Fossen, T. I. (2011). Handbook of marine craft hydrodynamics and motion control. ( John Wiley and Sons, Ltd.) 
 Haugaløkken, B., Nissen, O., Skaldebø, M., Ohrem, S. J., and Kelasidi, E. (2024). “Low-cost sensor technologies for underwater vehicle navigation in aquaculture net pens,” in Proceedings of the 15th IFAC Conference on control Applications in marine systems, robotics, and vehicles (CAMS 2024) (IFAC) . doi:10.1016/j.ifacol.2024.10.037
 Izadi, S., Kim, D., Hilliges, O., Molyneaux, D., Newcombe, R., Kohli, P., et al. (2011). “KinectFusion: real-time 3D reconstruction and interaction using a moving depth camera,” in ACM symposium on user interface software and technology . doi:10.1109/ISMAR.2011.6092378
 Jiang, M., Song, S., Li, Y., Jin, W., Liu, J., and Feng, X. (2019). “A survey of underwater acoustic slam system,” in Intelligent robotics and applications ed . Editors H. Yu, J. Liu, L. Liu, Z. Ju, Y. Liu, and D. Zhou (Cham: Springer International Publishing), 159–170. doi:10.1007/978-3-030-27532-7_14
 Job, M., Stastny, T., Kazik, T., Siegwart, R., and Pantic, M. (2024). Radar meets vision: robustifying monocular metric depth prediction for mobile robotics. doi:10.48550/arXiv.2410.00736
 Joshi, B., and Rekleitis, I. (2024). “Enhancing visual inertial slam with magnetic measurements,” in 2024 IEEE international conference on robotics and automation (ICRA) , 10012–10019. doi:10.1109/ICRA57147.2024.10611341
 Kelasidi, E., and Svendsen, E. (2022). “Robotics for sea-based fish farming,” in Encyclopedia of smart agriculture technologies ed . Editor Q. Zhang (Cham: Springer International Publishing), 1–20. doi:10.1007/978-3-030-89123-7_202-1
 Kelasidi, E., and Svendsen, E. (2023). “Robotics for sea-based fish farming,” in Encyclopedia of smart agriculture technologies ( Springer), 1–20. doi:10.1007/978-3-030-89123-7_202-1
 Lipson, L., Teed, Z., and Deng, J. (2021). “Raft-stereo: multilevel recurrent field transforms for stereo matching,” in 2021 international conference on 3D vision (3DV) ( IEEE), 218–227. doi:10.48550/arXiv.2109.07547
 Mascaro, R., and Chli, M. (2024). Scene representations for robotic spatial perception. Annu. Rev. Control, Robotics, Aut. Syst. 8, 351–377. doi:10.1146/annurev-control-040423-030709
 Ohrem, S. J., Haugaløkken, B., and Kelasidi, E. (2025). Solaqua: sintef ocean large aquaculture robotics dataset. arXiv . doi:10.48550/arXiv.2504.01790
 Oleynikova, H., Taylor, Z., Fehr, M., Siegwart, R., and Nieto, J. (2017). “Voxblox: incremental 3D euclidean signed distance fields for on-board MAV planning,” in IEEE/RSJ international conference on intelligent robots and systems . doi:10.1109/IROS.2017.8202315
 Reijgwart, V., Cadena, C., Siegwart, R., and Ott, L. (2023). “Efficient volumetric mapping of multi-scale environments using wavelet-based compression,” in Proceedings of robotics: science and systems . doi:10.15607/RSS.2023.XIX.065
 Reijgwart, V., Millane, A., Oleynikova, H., Siegwart, R., Cadena, C., and Nieto, J. (2020). Voxgraph: globally consistent, volumetric mapping using signed distance function submaps. IEEE Robotics Automation Lett. 5, 227–234. doi:10.1109/lra.2019.2953859
 Reijgwart, V., Pantic, M., Siegwart, R., and Ott, L. (2024). “Waverider: leveraging hierarchical, multi-resolution maps for efficient and reactive obstacle avoidance,” in 2024 IEEE international conference on robotics and automation (ICRA) , 13157–13163. doi:10.1109/ICRA57147.2024.10610580
 Reijgwart, V. J. F. (2024). Multi-resolution for efficient, scalable and accurate volumetric mapping and planning in robotics. Zurich: ETH Zurich. Doctoral thesis. doi:10.3929/ethz-b-000679133
 Rundtop, P., and Frank, K. (2016). Experimental evaluation of hydroacoustic instruments for rov navigation along aquaculture net pens. Aquac. Eng. 74, 143–156. doi:10.1016/j.aquaeng.2016.08.002
 Schellewald, C., Stahl, A., and Kelasidi, E. (2021). Vision-based pose estimation for autonomous operations in aquacultural fish farms. IFAC-PapersOnLine 54, 438–443. doi:10.1016/j.ifacol.2021.10.128
 SINTEF (2023). ACE - full-scale aquaculture laboratory. Accessed on 25 April 2023.
 Skaldebø, M., Amundsen, H. B., Su, B., and Kelasidi, E. (2023). “Modeling of remotely operated vehicle (ROV) operations for aquaculture,” in Proc. IEEE international conference on mechatronics and automation (ICMA) , 705–712. doi:10.1109/ICMA57826.2023.10215600
 Skaldebø, M., Schellewald, C., Evjemo, L. D., Amundsen, H. B., Xanthidis, M., and Kelasidi, E. (2024). “Approaches enabling underwater autonomy and sensing in sea-based aquaculture settings,” in 2024 32nd mediterranean conference on control and automation (MED) , 197–202. doi:10.1109/MED61351.2024.10566210
 Song, J., Bagoren, O., Andigani, R., Sethuraman, A. V., and Skinner, K. (2024). “Turtlmap: real-time localization and dense mapping of low-texture underwater environments with a low-cost unmanned underwater vehicle.” in 2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS) . 1191–1198. doi:10.1109/iros58592.2024.10801692
 Vespa, E., Nikolov, N., Grimm, M., Nardi, L., Kelly, P., and Leutenegger, S. (2018). Efficient octree-based volumetric SLAM supporting signed-distance and occupancy mapping. IEEE Robotics Automation Lett. 3, 1144–1151. doi:10.1109/LRA.2018.2792537
 Wang, J., and Olson, E. (2016). “Apriltag 2: efficient and robust fiducial detection,” in 2016 IEEE/RSJ international conference on intelligent robots and systems (IROS) , 4193–4198. doi:10.1109/IROS.2016.7759617
 Wang, W., Joshi, B., Burgdorfer, N., Batsosc, K., Lid, A. Q., Mordohaia, P., et al. (2023). “Real-time dense 3d mapping of underwater environments,” in 2023 IEEE international conference on robotics and automation (ICRA) , 5184–5191. doi:10.1109/ICRA48891.2023.10160266
 Xu, Z., Qiu, H., Dong, M., Wang, H., and Wang, C. (2022). “Underwater simultaneous localization and mapping based on 2d-slam framework,” in 2022 IEEE international conference on unmanned systems (ICUS) , 184–189. doi:10.1109/ICUS55513.2022.9986921
 Yang, L., Kang, B., Huang, Z., Xu, X., Feng, J., and Zhao, H. (2024a). “Depth anything: unleashing the power of large-scale unlabeled data,” in IEEE/CVF conference on computer vision and pattern recognition (CVPR) , 10371–10381. doi:10.1109/CVPR52733.2024.00987
 Yang, L., Kang, B., Huang, Z., Zhao, Z., Xu, X., Feng, J., et al. (2024b). Depth anything v2. Advances in Neural Information Processing Systems ed . Editor A. Globerson, L. Mackey, D. Belgrave, A. Fan, U. Paquet, and J. Tomczak (Curran Associates, Inc.), 37, 21875–21911. 
 Yu, B., Wu, J., and Islam, M. J. (2023). “Udepth: fast monocular depth estimation for visually-guided underwater robots,” in 2023 IEEE international conference on robotics and automation (ICRA) , 3116–3123. doi:10.1109/ICRA48891.2023.10161471
Conflict of interest: Authors LE and AS were employed by the company Tethys Robotics.
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2025 Job, Botta, Reijgwart, Ebner, Studer, Siegwart and Kelasidi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/inline_21.gif





OPS/images/inline_20.gif





OPS/images/inline_23.gif





OPS/images/inline_22.gif





OPS/images/inline_18.gif





OPS/images/inline_17.gif





OPS/images/inline_2.gif





OPS/images/inline_19.gif







OPS/images/inline_15.gif






OPS/images/inline_14.gif






OPS/images/inline_16.gif





OPS/images/inline_11.gif





OPS/images/inline_10.gif





OPS/images/inline_13.gif





OPS/images/inline_12.gif





OPS/images/frobt-12-1609765-t001.jpg
Modified FFT RMV N. AprilTag frames
Case’5 0.095 0132 0173 0.269 158
Case 6 0.089 0159 0235 0312 420
Case9 0135 0207 0281 0205 127
Case 10 0.074 0135 0318 0231 73
Case 11 0.098 0147 0.187 0320 157
Case 12 0.189 0194 0.389 0.265 136
Avg.all cases 0113 0264 0267 179

The results are averages over all frames, where the marker can be detected and each measurement method is available at the same timestamp. The best values are in bold, and the second-best

Ty W (0 0 S

b ittt o b il ana f ok oy





OPS/images/inline_1.gif





OPS/images/frobt-12-1609765-t002.jpg
Avg. Runtime Number of ran

(ms) frames
FFT (300x300px) 176.4 >800
FFT (512x512px) 403.5 >800
TRU-depth Network 113 >3500
RMV Network “ 2371 >500
Relative Pose 0.083 >10000
Cylinder Pose 1.251 >10000
wavemap ' 318 50






OPS/images/frobt-12-1609765-g017.gif





OPS/images/frobt-12-1609765-g016.gif





OPS/images/frobt-12-1609765-g019.gif





OPS/images/frobt-12-1609765-g018.gif





OPS/images/inline_9.gif





OPS/images/inline_8.gif





OPS/images/math_2.gif
cospt  —sing® 0
R, = sinp* cospt 0 @
0 o o





OPS/images/math_1.gif
Fun) =& 3 3 T 2(53),

[0





OPS/images/inline_72.gif





OPS/images/inline_71.gif





OPS/images/frobt-12-1609765-g013.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Leveraging learned monocular depth prediction for pose estimation and mapping on unmanned underwater vehicles		1 Introduction

		2 Methods and theoretical background		2.1 Fast Fourier Transform (FFT)-based method

		2.2 Depth image prediction methods

		2.3 Wavemap method





		3 Proposed framework		3.1 Field trials and datasets

		3.2 Net-relative pose estimation

		3.3 Depth image prediction

		3.4 Global pose estimation

		3.5 3D map representation





		4 Results		4.1 Net-relative pose estimation

		4.2 Depth images

		4.3 Global pose estimation

		4.4 3D map representation

		4.5 Net-relative distance results

		4.6 Runtime





		5 Conclusion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Generative AI statement

		Publisher’s note

		Supplementary material

		References









OPS/images/frobt-12-1609765-g012.gif





OPS/images/frobt-12-1609765-g015.gif





OPS/images/frobt-12-1609765-g014.gif





OPS/images/math_4.gif





OPS/images/math_3.gif
 +ALRL Y 3)






OPS/images/frobt-12-1609765-g011.gif
ke . SRe =l 2 B






OPS/images/frobt-12-1609765-g010.gif





OPS/images/math_5.gif
eyar = mean ([d~d o imel ). (5)





OPS/images/crossmark.jpg
©

|





OPS/images/frobt-12-1609765-g005.gif
o s






OPS/images/inline_64.gif
g prilTag





OPS/images/frobt-12-1609765-g006.gif
. = o —
i
e
)
. {
p;
.
.
"
i
s B o - 00
e





OPS/images/inline_63.gif





OPS/images/frobt-12-1609765-g003.gif





OPS/images/inline_66.gif





OPS/images/frobt-12-1609765-g004.gif





OPS/images/inline_65.gif





OPS/images/frobt-12-1609765-g009.gif





OPS/images/frobt-12-1609765-g007.gif





OPS/images/inline_62.gif





OPS/images/frobt-12-1609765-g008.gif





OPS/images/inline_70.gif





OPS/images/frobt-12-1609765-g001.gif





OPS/images/inline_68.gif





OPS/images/frobt-12-1609765-g002.gif





OPS/images/inline_67.gif





OPS/images/inline_7.gif





OPS/images/inline_69.gif





OPS/images/inline_54.gif





OPS/images/inline_53.gif





OPS/images/inline_56.gif





OPS/images/inline_55.gif





OPS/images/inline_61.gif





OPS/images/inline_60.gif





OPS/images/inline_58.gif





OPS/images/inline_57.gif





OPS/images/inline_6.gif





OPS/images/inline_59.gif





OPS/images/logo.jpg
& frontiers | Frontiers in Robotics and Al





OPS/images/inline_44.gif





OPS/images/inline_46.gif
Wi





OPS/images/inline_45.gif





OPS/images/inline_51.gif





OPS/images/inline_50.gif
yrtl





OPS/images/inline_52.gif





OPS/images/inline_48.gif





OPS/images/inline_47.gif





OPS/images/inline_5.gif





OPS/images/inline_49.gif





OPS/images/inline_36.gif





OPS/images/inline_35.gif





OPS/images/inline_41.gif





OPS/images/inline_40.gif





OPS/images/inline_43.gif





OPS/images/inline_42.gif





OPS/images/inline_38.gif
AY





OPS/images/inline_37.gif
K,

Cnet





OPS/images/inline_4.gif





OPS/images/inline_39.gif





OPS/images/inline_34.gif





OPS/images/inline_26.gif





OPS/images/inline_31.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Robotics and Al






OPS/images/inline_30.gif





OPS/images/inline_33.gif





OPS/images/inline_32.gif





OPS/images/inline_28.gif





OPS/images/inline_27.gif





OPS/images/inline_3.gif





OPS/images/inline_29.gif
AY





OPS/images/inline_25.gif





OPS/images/inline_24.gif





