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Progress in scientific research is highly dependent on the instrumentation and equipment available to the

scientists doing the research.

— David Packard (1989, Welcoming remarks to The Oceanography Society at its inaugural meeting)

We propose GULP3R, a pipeline to create labeled 3D models from underwater images.
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Abstract

Efforts to map the seafloor date back to the nineteenth century, when depth was sampled at kilometer-scale

resolution usingmanual ”lead and line”methods. Today, novel technologies allow us to collect camera images

near the seafloor and digitalize them as centimeter-scale 3D models. This work addresses the reconstruction

of semantic maps, which are 3Dmodels enhanced with labeled contextual information. Labeled digital recon-

structions allow scientists to study geology and ecology of benthic environments more efÏciently, as well as

support unmanned underwater vehicles’ contextual-aware navigation. To achieve our objective, we propose

and evaluate a custom pipeline, built with open source algorithms for image enhancement, 3D reconstruction,

segmentation, and semantic Gaussian Splatting. We name our framework GULP3R: Gaussian Underwater

spLatting with semantic Perception for 3D Reconstruction. GULP3R was evaluated on field datasets acquired

in Monterey Bay and the Arctic Ocean using Remotely Operated Vehicles (ROVs) from the Monterey Bay

Aquarium Research Institute (MBARI) fleet. Validation on our datasets shows quantitatively promising re-

sults on 2D novel-view synthesis, and qualitatively cleaner 3D geometric and semantic reconstruction, as well

as rendered 2D semantic masks. Quantitative evaluation of 3D metrics and semantics remains future work,

due to the lack of ground truth.

The video recording of the symposium presentation is available here:

https://www.youtube.com/watch?v=PzVEjmM61SA

1 Introduction

The use of unmanned underwater robots has made observing and studying the world deep beneath the waves

easier. These systems integrate multiple sensors to perceive their surrounding environment, and cameras

are ubiquitous due to their affordability, high spatial resolution, and rich visual information compared with

many other sensing modalities, such as sonars or LiDARs. Collecting a sequence of images enables the

creation of high-resolution three-dimensional reconstructions of the environment, similarly to how humans

use multiple views of a scene to build a mental map of the surrounding space to move and interact with it.

While ship-mounted acoustic sensors enable kilometer to meter scale reconstruction of the seabed, close-

range colored optical images make centimeter-scale reconstructions with appearance information possible.

Accurate 3D models are valuable in many scientific applications, from supporting real-time navigation of

underwater vehicles to characterizing geological formations, benthic community ecology, ecosystem health,

and analyzing them on shore after a scientific expedition. They can also be used for education purposes and to

engage with the public (try not to be amazed by some of the models published by theMonterey Bay Aquarium

Research Institute, MBARI, on Sketchfab [1]). Classical reconstruction techniques generate geometricmodels

from a sequence of images, without any high-level contextual understanding of the scene [2]. However,

full awareness requires knowing what the structures in the map actually are: is it a coral or a rock? What

species of coral is it? Is it healthy? Moreover, integrating this information into the reconstruction process can

improve the accuracy of the resultingmodel and support autonomous robotics navigation and exploration with

context. The improved accuracy could be obtained by additional reconstruction constraints related to semantic
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boundaries. The contextual-aware navigation could be feasible by using the final labeled map, which allow

high-level mission planning: ”explore and update the map covering all known bubblegum corals” rather than

geometric specifications: ”cover the seafloor with a lawn mower trajectory”. This high-level understanding

is known as semantic awareness.

For the rest of the paper the terms semantic/labeled/contextual-aware maps and 3D models are used inter-

changeable to indicate the output of our framework, while semantic/labeled/contextual-aware reconstruction

interchangeably indicate the process itself.

This project addresses the problem of semantic three-dimensional reconstruction of benthic environments

from camera images. The scientific relevance and objectives of this research are the following:

• Semantic maps can assist scientists in the study of benthic environments onshore.

• Labeled maps enable the development of algorithms for automatic ecological analysis.

• Contextual-aware benthic maps can be used for smarter robot mission planning, scaling different do-

mains of oceanographic research with new technologies.

• Contextual-aware reconstruction can improve the geometric accuracy of the 3D model.

We investigate semantic mapping by extending the Gaussian Splatting framework, an emerging paradigm

in 3D reconstruction and novel view synthesis [3][4]. In this context, novel view synthesis refers to the

generation of images from viewpoints that were not captured during dataset acquisition. While foundational

algorithms for 3D reconstruction output the structure of the scene as a cloud of 3D points (sparse point cloud),

new neural rendering approaches use the sparse point-based map and the captured images to densify the space

representation, capturing both 3D geometry and photorealistic appearance. For this reason, we decide to use

Gaussian Splatting [3] and one of its semantic extensions [5] to investigate methods to create labeled 3Dmaps

from camera images.

Unlike other works in semantic reconstruction with Gaussian splatting, we focus on the underwater domain,

a medium that introduces many unique challenges. With our work, we address two relevant problems of

working with underwater images: medium degradation and the scarcity of labeled datasets. The former is

related to how the water medium interferes with the light captured by imaging systems, degrading the quality

of the data [6][7]. For this reason, we explore and compare different ways of color enhancing underwater

images, looking for improvements in the final results of our methodology. The latter depends on the fact that

most of the research on semantic understanding is targeted to airborne applications[8][9], where collecting

a large amount of data is easier, and labeling doesn’t require expertise. Underwater environments instead

are less accessible, less studied, highly variable, and require expertise to be annotated. Here, we explore

the usage of ready to use foundation models [10], therefore including multi-view inconsistent annotations

by pseudo-labeling reference semantics. Multi-view inconsistency is a problem present in any dataset, but

it becomes harder when the segmentation model is not fine-tuned for the specific application. Moreover, to

the best of our knowledge, there is no prior work focusing on the explicit and queryable semantic labeling

3



of underwater 3DGS reconstructions, with most existing studies exploiting semantic information only as an

additional source of guidance during scene learning [11][12].

Based on the objectives of our research and its challenges, our main technical investigation questions are the

following:

• To what extent does underwater imaging degradation affect the final output?

• Is it possible to learn the semantics of the underwater scene using pre-trained deep learning models?

• Can 2D semantic information (labeled images) be projected into 3D sparse models?

• How can semantics be integrated into Gaussian Splatting as a densification strategy for sparse models?

• Can the use of Semantic Gaussian Splatting improve the quality of the labeled 3D map?

To address the points above, we develop and test the GULP3R pipeline, Gaussian Underwater spLatting with

semantic Perception for 3D Reconstruction. By extensively testing our pipeline on field datasets, the main

contributions of our research are:

• Demonstrate the feasibility of using pre-trained foundation models to derive 2D semantic masks on

underwater images, used to project semantics onto 3D sparse models.

• Show the results of Semantic Gaussian Splatting in qualitatively improving the semantic reconstruction

with respect to a first estimate semantic 3D model. The used Gaussian Splatting algorithm suggests a

context-aware removal and redistribution of reconstruction artifacts by learning from input 2D images

and semantic masks.

• Introduce new research questions about how underwater image enhancement can improve semantic

reconstruction quality with Gaussian Splatting. Our qualitative results with color corrected images

don’t suggest any improvement in the quality of 3D geometric and semantic reconstruction. However,

quantitative evaluation and further model tuning is necessary to derive conclusions.

Extensive research and development of tools like GULP3R will support the scientific understanding of our

under-explored and rapidly evolving ocean, as well as other ecosystems. Using these frameworks, a scientist

can measure the extent of bubblegum coral, distinguish coral from seafloor, and revisit mapped colonies

over time, tracking their growth and health. Additionally, similar pipelines can be extended for scientific

applications where scene coverage with an imaging system is possible, such as intertidal surveys, shallow

coral reef monitoring, and other habitat studies.

Before introducing the proposed methodology in Section 3, the backbone of our research will be explained in

Section 2, introducing the algorithms with a logical order linked to our technical questions and to the working

principle of GULP3R. The main algorithms are extensively explained in order to guarantee the understanding

of this work for researchers with different backgrounds. The field datasets used for testing our method, the

metrics, and the results of GULP3R are presented in Section 4. Additionally, qualitative discussion of the
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results is given in Section 5, highlighting the limitations of our pipeline and of the evaluation process, leading

to possible future work. Finally, Section 6 concludes this paper with a summary of the research outcome.

2 Background and Related Work

Creating underwater maps with semantics involve different domain of research in the fields of computer

vision, computer graphics, and deep learning, and this section will explain the relevant algorithms and the

backbone of the proposed pipeline. GULP3R relies on foundational and novel 3D reconstruction techniques,

underwater color correction, semantic segmentation, and recent semantic splatting works.

First, the process of making 3D models from 2D images is described in Section 2.1, and the novel paradigms

based on Gaussian Splatting (3DGS) are introduced in Section 2.2. The additional complexity of imaging

underwater and restoring colors is described in Section 2.3. Finally, the semantic integration process is cov-

ered, from the 2D semantic mask estimation in Section 2.4, to the projection of semantics in 3D points and

splatting algorithms in Section 2.5.

2.1 Photogrammetry and Structure from Motion

The science of photogrammetry studies how to extract reliable 3Dworldmeasurements from 2D photographic

images, and Structure fromMotion (SfM) is a specific photogrammetric algorithm [13][14][15]. As the name

suggests, SfM reconstructs the structure of the scene from the estimation of the imaging camera motion. In the

most general case, the SfM algorithm takes as input a sequence of overlapping images {�8}8=1,...,#�
, meaning

that for each image there is at least another one capturing common features, and estimates:

• The cameras’ extrinsics {)8}8=1,...,#�
: Position and orientation (pose) in which each image has been

captured, with respect to an arbitrarily chosen world frame.

• The cameras’ intrinsics { 8}8=1,...,#�
: A projection matrix for every different camera configuration,

describing how 3D points are mapped into 2D image pixels, based on a chosen camera model [13].

This process is known as intrinsic calibration.

• The structure of the imaged scene {% 9 } 9=1,...,#%
: A set of #% points that form what is called the sparse

point cloud reconstruction.

See Figure 1b and Figure 1a for a graphical representation of the estimated quantities and the projection

process described above.
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(a) 3D-to-2D perspective projection [14]. (b) Highlighted camera poses and points [2].

Figure 1: Graphical representation of SfM.

There are different ways in which the SfM problem can be solved, and a broadly used approach is incremental

SfM, with an open-source solution proposed in [2]. This incremental pipeline is schematized in Figure 2a

with a high level description. The steps are the following:

1. Feature Extraction: identify recognizable points in images’ pixels (e.g. clear object edges), stored in

explicit descriptors [16][17].

2. FeatureMatching: use the descriptors to search for the same features in every couple of images, creating

a matching dictionary [18].

3. Initialization: initialize the SfM solution from a first couple of images [13].

4. Incremental Optimization with Filtering: include new images in the solution by minimizing a 3D-to-

2D re-projection error, based on the current estimated solution. Outliers rejection strategies are used

to avoid completely erroneous solutions.

5. Bundle Adjustment [19]: a computationally intensive process that runs regularly to improve and verify

the current solution.

(a) COLMAP’s incremental SfM pipeline (adapted from[2]). (b) Example SIFT[16] matching.

Figure 2: Overview of Incremental-SfM with COLMAP[2].

It is relevant to note how SfM has already been extensively used by scientists to scale the study of geomor-

phology [20] and coral ecology [21][22] through digital models.

The incremental SfM pipeline emulates how humans mentally reconstruct a surrounding 3D scene by observ-

ing it from multiple views and correlating the same features seen in different moments. However, a complete

understanding of the sense of the scene goes beyond the geometrical process of SfM, integrating high level
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concepts and scene awareness, such as object types and instances. This is why semantic reconstruction is an

interesting domain of research.

To conclude, the SfM process described is widely used in many applications, but the sparse reconstruction

obtained is not always descriptive enough for scientific research. The next step can be a dense reconstruction

of scene surfaces [2][23][24][25]; however, these dense models takes hours to days to be computed and

occupy large amounts of disk space (GBs)[2]. Furthermore, this surface reconstruction process usually creates

inaccurate 3D models full of noises and artifacts, visible only after the time and computationally intensive

process. For these reasons, a paradigm shift is necessary to reconstruct geometrically accurate and denser

models in an efÏcient way. Solving different research questions, recent learning-based rendering methods

such as NeRF[26] and 3DGS[3] propose alternative strategies to reconstruct and represent scene appearance

from an initial sparse reconstruction. It turns out that these frameworks optimize and densify 3D geometry

of the scenes, providing novel state-of-the-art tools for 3D reconstruction.

2.2 Neural Rendering and 3D Gaussian Splatting

An understanding of the concepts of rendering, volumetric rendering, neural rendering, and novel view syn-

thesis is required in order to fully understand 3D Gaussian Splatting (3DGS) and its semantic extension.

Rendering refers to the generation of virtual images from a digital representation of the world, which is what

happens in visual effects (VFX) and 3D animated movies. Given a digital description of your scene/world

and a pose of a virtual camera, a rendering algorithm produces the corresponding image as it would appear

from that viewpoint. Volume rendering is a specific algorithm that uses a volumetric representation of the

scene to generate images. It emulate how real imaging works by shooting virtual rays from the digital camera

center and considering characteristics like opacity and color of ”floating particles”, encoded in the scene

representation. Neural rendering refers to rendering approaches in which the scene representation is learned

from data through an optimization process, often involving neural networks or other learnable parametric

models. Images are then generated by rendering this learned scene representation. In this context, the goal

of novel view synthesis is to generate (synthesize) photorealistic images of a real scene from viewpoints that

were not observed during data acquisition. Given a set of photographs captured from multiple viewpoints,

a novel view synthesis method predicts how the scene would appear from previously unseen camera poses

[27][26].

Neural Radiance Field (NeRF)[26] has been a foundational work on novel view synthesis, relying on a neural

network to encode the volumetric information of the scene and render new images. To learn this neural

representation from a training set of captured images, a volumetric rendering equation is used to estimate

the color �̂ (A) of each pixel, by querying the neural network in all the rays A ∈ R that influence the virtual

camera. The estimated color �̂ (A) can then be compared with the real color � (A), as a measure of how close

the current model is to the optimal one. Neglecting some of the implementation details, the overall learning
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loss L used to train the network is the following:

L =

∑

A∈R





�̂ (A) − � (A)






2

2
(1)

The learning process focuses on estimating the view-dependency of the scene, for photorealistic view syn-

thesis close to the real scene, intrinsically learning the geometric structure. While classical reconstruction

technique optimize only geometry and lose any material properties and view-dependency, neural rendering

captures both. An overview of the NeRF learning and rendering process is represented in Figure 3. However,
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Figure 3: Overview of NeRF pipeline [26].

NeRF comes with multiple problems, such as rendering speed and computational requirements (high GPU

memory usage), addressed later by many researchers [28][29][27]. Even after improvements to the baseline

method, these neural radiance approaches rely on scene representations often hard to interpret and to edit.

3D Gaussian Splatting (3DGS) [3] has been a paradigm shift in novel view synthesis, introducing an explicit

and editable representation of the scene, and a rendering process that exploit a previously proposed volumet-

ric splatting approach[30]. While NeRF used the camera poses as initialization (discarding the SfM sparse

model), 3DGS additionally exploits the sparse point cloud in the initialization process, employing a new way

of describing the volumetric space: a Gaussian cloud. Gaussian functions are widely used by scientists and

engineers to represent the probability distribution of a random variable G, the well-known bell curve, which

can be written in normalized form as:

�13 (G) =
1

f
√

2c
4
− (G−`)2

2f2

Where ` represents the mean andf the standard deviation of the random variable, as represented in Figure 4a.

The splatting framework extends this distribution to 3D space, definingGaussianswith a 3D covariancematrix

Σ centered at point (mean) `:

� (G) = 4−
1
2
(G))Σ−1 (G) (2)

This primitive takes the shape of an ellipsoid (see Figure 4b).

With this volumetric representation of the scene, it is possible to render virtual cameras by projecting (splat-

ting) the 3D ellipsoid in the 2D camera plane [30]. The splatting process guarantees a quick rendering ap-

proach, in which an explicit representation is directly projected from the scene to the image plane. This is
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very different from the expensive NeRF volume rendering [26], based on discrete neural querying over the

ray. However, the volumetric rendering equation follows the same process, here referred to as U-blending.

The view dependency and blending during splatting are made possible by additional embedded parameters.

Overall, each Gaussian �8 (G) is represented by:

• mean `8: position of the ellipsoid center.

• covariance Σ8: Combination of scale ((8) and rotation ('8) as Σ8 = '8(8(8
)'8

) .

• opacity U8: transparency factor, related to the material properties .

• spherical harmonic (SH) coefÏcients 28 (A): high-dimensional coefÏcients as functions of the camera

view direction (ray A), encoding color view-dependency.

With the quantities described above, the U-blending (splatting) process renders each pixel color �, corre-

sponding to camera ray A as:

� (A) =
#
∑

8=1

U828 (A))8, where )8 =

8−1
∏

9=1

(1 − U 9 ). (3)

)8 is defined as transmittance, depending on the Gaussians’ opacity and order. The ordering effect is evident

from the index 9 domain, which considers the Gaussians encountered before index 8 along the ray. See

Figure 4c for a graphical representation of a Gaussian cloud splatting, or Figure 20 for a visualization of

a Gaussian cloud reconstructed from real data. 3DGS takes as training input a set of images, the camera

(a) One-dimensional Gaussian. (b) Three-dimensional Gaussian. (c) Gaussian Cloud Splatting [31].

Figure 4: Graphical overview of Gaussian representation and rasterization.

poses, and a sparse point cloud estimation of the scene (computed with an SfM algorithm), and optimizes the

Gaussian parameters, number of Gaussians, and distribution in the 3D space. As for NeRF [26], the goal of

3DGS is to obtain a scene representation that renders images as close as possible to the training ones. Again,

this process intrinsically optimizes the geometry of the Gaussian cloud, in this case even more evidently due

to the explicit geometrical representation of the scene.

The reconstruction process begins by initializing a set of Gaussians whose means are centered at the points

of an input point cloud, while their covariance matrices, opacities, and spherical harmonics (SH) color coef-

ficients are randomly initialized. The learning process can then begin without relying on any neural network

architecture. Instead, 3DGS employs a non-linear optimization procedure that iteratively adjusts the param-

eters of each Gaussian to better reproduce the appearance of the training scene. This learning is guided by
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minimizing the following loss function L:

L = (1 − _)L1 + _LD-SSIM (4)

Where L1 corresponds to the photometric difference used in NeRF (see Equation (1)) and LD-SSIM is an

image similarity index, capturing also the structure of the rendered image with respect to the ground truth

training image. The Structural Similarity Index Measure (((�") will be further described when defining

the evaluation metrics (Section 4.2). The scene learning is possible due to the differentiability of Gaussian

functions, which makes the overall loss becomes differentiable. Differentiability, in fact, makes it possible to

use any gradient descent algorithm to learn the optimal variables of the Gaussian cloud.

However, the initial number of points in the point cloud and the distribution of those points is a sparse volume

representation, and it may not be the optimal one, which is why 3DGS integrates additional densification and

pruning strategies over its primitive during training. These strategies remove Gaussians where they are not

needed (over-reconstructed scene) and move them where the scene is under-reconstructed, using gradient and

opacity information as guidance.

The final 3DGS model allows real-time rendering ( 120 fps), fast training, and interpretability of the results,

which attracts many researchers in improving and adapting the baseline for a plethora of application[4].

Examples such as Scaffold-GS [32] integrate new scene representation and loss regularization strategies to

improve convergence speed and photometric performances. Extensions such as SeaSplat [7] include under-

water degradation to address the creation of water Gaussian floaters, a limitation of the baseline methodology

of 3DGS, which compromise its usage in hazing mediums (such as fog or fluids). To better understand how

to work with underwater images, it is necessary to describe the challenges of imaging beneath the waves.

2.3 Underwater Image Enhancement

From the images below (Figure 5), many different forms of degradation and artifacts are visible. The degraded

color and hazing effects are created by the water medium, causing multiple forms of disturbances to the

imaging system. Additionally, degradations such as blurring of fine details are related to dynamic entities

such as sinking particles and fish. Images in Figure 5 are selected to highlight some of the main issues of

underwater imaging: selective light absorption (Figure 5a, Figure 5b), backscatter(Figure 5a, Figure 5c),

and often unstructured scene full of unexpected dynamic entities(Figure 5c). To better understand these

challenges, the main underwater image degradation phenomena are described below, along with their causes

and two approaches for their correction.
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(a) Color Absorption. (b) Darkness and Hazing. (c) Backscatter and Dynamic distractors.

Figure 5: Images captured underwater with minimal or no post-processing.

Light is an electromagnetic wave that is selectively absorbed by the water due to chemical and physical prop-

erties of the medium, where selectivity depends on the wavelength. This wavelength-dependent absorption

defines the limits of the euphotic (sunlight) zone and necessitates the use of artificial illumination systems for

deep-sea imaging. Moreover, the strong attenuation of electromagnetic waves in water renders technologies

such as GPS and radio communication ineffective underwater. From the plot in Figure 6a[33] it can be in-

ferred that visible light rays with longer wavelengths are absorbed more, meaning that they travel less distance

in the water column before disappearing. Therefore, if an imaging system sinks towards the ocean depth, col-

ors like red (3-5m) and yellow (5-15m) disappear first, then green (80m) and blue (100m) (see Figure 6b).

This is evident in Figure 5a, where a normally vibrant red bubblegum coral appears more greenish, and the

overall scene seems imaged with some blue-green filter.

When illuminating the darkness, every source of light interact with free floating particles [34] (see Figure 6b),

creating a hazy, low-contrast appearance named backscatter (see Figure 5c).

Phenomena like caustics (shadows from sea surface motion) and other shallow water degradation are not

considered here.

(a) Absorption coefÏcient over wavelength[33]. (b) Causes of underwater degradation.

Figure 6: Underwater image degradation.

These degradations can compromise algorithms applied to images, either to extract 2D (semantic, photome-

try) or 3D (geometric) information. For these reasons, researchers come up with different ideas to model/learn

the underwater imaging process and correct it [6][35]. The most successful techniques rely either on classi-

cal operations applied to image pixels or deep learning architectures trained to estimate the degradation and
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correct for it. An example of a classical approach is the Contrast-Limited Adaptive Histogram Equalization

(CLAHE) [36], which can be paired with additional digital image processing [37] based on scene assump-

tions and parameters tuning. CLAHE was proposed for medical imaging, and it properly equalizes the image

appearance without amplifying noise. In the learning domain, transformers architectures like Single-Step La-

tent Diffusion for Underwater Image Restoration (SLURPP) [38] show state-of-the-art performance, without

requiring the time consuming fine tuning of classical approaches. An example result of Figure 5a corrected

with a custom CLAHE pipeline [37] and SLURPP [38] is reported below (Figure 7)

(a) Underwater Image. (b) CLAHE enhanced. (c) SLURPP enhanced.

Figure 7: Underwater Image (a) enhanced with CLAHE pipeline (b) and SLURPP (c).

SLURPP [38] is an example of how deep learning models are trained on big datasets to perform operations

on two-dimensional data, such as images. The application of learning approaches is fundamental when high

level information (semantics) has to be extracted from images. Semantic segmentation and the techniques to

extract semantic masks of 2D images are fundamental concepts to embed labels in 3Dmaps, making semantic

reconstruction possible.

2.4 2D Semantic Segmentation

While color enhancement post-processes 2D images to restore real appearance and improve image quality,

understanding the content of an image require very different solutions, enablingmultiple level of image aware-

ness. In the research domain of high level image analysis, the term ”object” is used for both living beings

and non-living objects, while the term ”label” is the text/digit identifier associated. The main techniques to

extract different levels of information from 2D images (see Figure 8) are:

• Image Classification: Produce a single label to classify what is present in the image.

• Object Detection: Detect the position of the objects in the scene and associate a class label. A bounding

box is centered on the position of each object detected, with a dimension related to the occupied pixels.

• Semantic Segmentation: Label each pixel in the image, achieving a semantic understanding of the

scene. In case of multiple instances of the same type (e.g. two corals), they are classified with the same

label.

• Instance Segmentation: Label each pixel in the image. Unlike semantic segmentation, here one label

for each separate entity is used, even if they are the same type of object.
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(a) Image Classification. (b) Object Detection. (c) Semantic Segmentation.

Figure 8: Different levels of image understanding (class labels are indicated by colors).

The techniques described above give a different level of semantic resolution, and image classification algo-

rithms are the lowest level. The single output label from image classification is informative for simple images

with a single entity or to get a general idea of the scene, but not to have 3D awareness in a complex scenario

like the one in Figure 8a. Object detection, on the other hand, gives a more informative data output, but still

doesn’t provide high resolution details on object contours and clear boundaries between instances. Semantic

and instance segmentation techniques provide a semantic mask of the scene (as in Figure 8c), which is a

full classification in the pixel space. Each 2D pixel in the mask has a label corresponding to the object in

the original colored image pixel, achieving a higher level of understanding with respect to object detection

algorithms.

Researchers have been investigating how to make these levels of understanding possible, first with classical

approaches based on image features [16], explicit modeling, and processing steps. The advent of deep learning

architectures and Convolutional Neural Networks (CNNs) has completely transformed image understanding

research. Semantic understanding is continuously improving due to competitions like ImageNet [8] and ar-

chitectures like Residual Network (ResNet)[39], You Only Look Once (YOLO)[40], and transformer-based

architectures [41][42].

Recently, new powerful models emerged in the domains of semantic segmentation, and deep learning re-

search, referred to as foundation models. Foundation models are large-scale architectures trained on vast and

diverse datasets with the goal of generalizing across a wide range of tasks and application domains, in contrast

to traditional models designed or fine-tuned for a specific task. Segment AnythingModel 3 (SAM3) [10] is an

example of this emerging class of models. Trained on massive datasets, including FathomNet [43], SAM3 is

capable of producing high-quality segmentations across a variety of environments. FathomNet is a large-scale

ocean imagery database, and its inclusion in the training data enables SAM3 to better understand and segment

underwater scenes. In particular, SAM3 [10] has a Vision Transformers (ViT) based architecture, merging the

visual and textual domain, enabling segmentation from text input. As a state-of-the-art model for semantic

segmentation, SAM3 can be used to generate pseudo-labels to train models in domains where labeled data

are scarce [44]. The process of pseudo-labeling consists of using data labeled by a high-performance deep

learning model to train another model, bypassing the time-consuming hand-labeling step. Pseudo labels can
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then be used iteratively to improve the performance of the model. In the process of underwater semantic

3D reconstruction, ground-truth segmented masks would avoid problems such as view-dependent seman-

tic inconsistency, but pseudo-labeled masks are used in practical application to integrate semantics in 3D.

Therefore, all the training semantic masks reported in this report are labeled with SAM3 and are not to be

considered as ground truths but as pseudo-labels. This concept will be discussed again in Section 3.3.

To conclude, novel technologies allow us to create semantic masks without intensive dataset collection and

labeling effort. This opens the possibility of contextually understanding 3D scene and integrating labels in

the 3D reconstruction process.

2.5 Semantic 3D Reconstruction

Embedding semantic information in 3D algorithms is an active area of research, with the main approaches

relying either on a direct segmentation in 3D space or on projecting 2Dmasks on the 3Dmodel. Additionally,

semantics can be used as guidance to improve the final quality of the reconstruction, or as added value to the

model, integrating semantic information and enabling more applications.

Using classical approaches, clustering based on point cloud patterns allows a first rough segmentation, but this

would never capture the semantic complexity of the unstructured scenes. Instead, deep-learning architectures

try to segment directly in 3D, either with supervised[45] or self-supervised[46] models. In deep learning,

supervised models require a labeled training dataset to learn the optimal parameters. Self-supervised models,

instead, do not rely on any explicit input-output information for training. Therefore, if segmentation models

fine-tuned for the application of interest are not available, and labeled data are scarce, self-supervised solutions

are preferred.

Semantic Lifting is the process of projecting semantics in 3D from segmented images. This process requires

both a 3D model and the semantic masks of the image dataset used for the reconstruction. As represented

in Figure 9, relying on the SfM outputs (see Section 2.1), each 3D point in the sparse point cloud can be re-

projected to the corresponding 2D pixel of every camera image where that point is visible. This re-projection

can be computed by using the cameras’ extrinsics (pose) and intrinsics (projection model). If, then, for each

image a semantic mask is available, the class of each pixel is known frommultiple views, and a voting strategy

can be used to chose the label of that 3D point. An example voting strategy is taking the most common class.

This simple lifting process generates a semantic point cloud, where each 3D point embeds an additional label

dimension (enhancing the points from 3D to 4D). Further details on voting strategies for labeling 3D points

from 2D masks are given in Appendix B.
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Figure 9: Semantic Lifting on point cloud. Each 3D point is re-projected to the corresponding 2D pixels

in the semantic masks where it is visible, then a voting strategy is used to assign a 3D semantic label from

multiple (inconsistent) 2D labels.

DeepReefMap[47] uses this lifting approach to generate semantic point clouds of coral reefs, using pre trained

semantic segmentation models and learning-based SfM approaches, enabling spatio-temporal monitoring of

reef ecosystems. However, it doesn’t perform any densification and optimization strategy on the initial sparse

point cloud, and the learning-based SfM is prone to reconstruction failures.

The initial effort on developing new solutions for semantic reconstruction relied on classical 3D representa-

tions such as point clouds or dense surface models (meshes), obtained from SfM or MVS approaches (see

Section 2.1). The advent of neural rendering approaches such as NeRF[26] and 3DGS[3] open new possibil-

ities and semantic representations [48][4].

In the research domain of explicitly labeled models, ObjectGS[5] extends a previous work on 3DGS [32],

integrating a semantic variable to the Gaussian parameters. The Gaussian map is initialized using a labeled

point cloud, where each Gaussian include an additional semantic class information. The semantic Gaussian

cloud can be then learned with a similar approach to 3DGS [3][32], here using an additional semantic loss

for a semantically-constrained guidance.
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Figure 10: Semantic Splatting for Mask Rendering. Following the process explained by Equations (5) and (6)

Gaussians Semantics are alpha blended along camera rays, and the most probable class is associated to each

ray (pixel).

This new loss is computed by comparing a predicted semantic mask, rendered from the labeled Gaussian

cloud, and the training mask (ground truth),which has been either labeled by hand or from a reliable segmen-

tation model. As illustrated in Figure 10, the semantic mask is rendered with a similar principle of 3DGS

U-blending, here projecting semantics instead of view dependent color. Each Gaussian is assigned a one-hot

encoded label vector !, whose dimension equals the number of semantic classes in the dataset. In this rep-

resentation, all elements of the vector are set to zero except for the one corresponding to the predicted class,

which is assigned a value of one. Consequently, a Gaussian associated with an object of class 8 is represented

by the label vector:

! = [0, 0, . . . , 1, . . . , 0] . (with 1 in the 8-th dim)

Then the semantic splatting renderer compute the probability distribution of each class on the corresponding

image pixel G, by U-blending over the Gaussians.

%(G) =
∑

:

U: · ): · !: , (5)

Labeling that pixel with the maximum probability class:

ID(G) = arg max
8

(%8 (G)), (6)

Finally, the semantic loss is computed similarly to how semantic segmentation models are trained:

Lsemantic = −
∑

G

=
∑

8=1

1 (ID′(G) = 8) · log (%8 (G)) , (7)

Where 1 is the indicator function (1 if the condition is true and 0 otherwise), and ID′(G) as the ground truth
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object ID for pixel G. Other losses are included in the overall training loss, not explained here for simplicity.

2.6 Background Summary

This section explained the algorithms necessary to create a labeled 3D model from an input set of underwater

images. SfM is used to initialize a point cloud from the input dataset, and color enhancement can be used

to improve the quality of the model and restore colors. 3DGS densifies the 3D reconstruction and improves

photorealism. Finally, Semantic Segmentation models extract contextual information from the input images

and can be integrated into reconstruction pipelines to embed labels on 3D maps.

Few works on Semantic 3DGS have been implemented or tested in the underwater domain. SWAGSplatting

[11] and WaterSplat SLAM[12] exploit semantic masks for reconstruction guidance, without integrating la-

bels on the 3D model. Our framework, GULP3R, is a custom ObjectGS[5] pipeline, chosen for its explicit

labeling of the reconstruction model. Since our baseline [5] has been developed for the airborne domain, it

is relevant to investigate its usage with underwater images, coupling custom processing and learning models.

3 Methodology

Figure 11: Overview of the GULP3R data flow and processing steps.

The previous chapter describes the processing pipeline we propose with GULP3R (represented in Figure 11).

Our method takes as input a collection of photos captured with any imaging system, and performs the follow-

ing steps:

• (3.1) SfM : Process input images to estimate the scene as point cloud and cameras.

• (3.2) Color Enhance : If necessary, enhance color and re-run SfM.

• (3.3) Semantic Segment: Extract segmentation masks.

• (3.4) Semantic Lift: Project semantics onto the sparse point cloud.
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• (3.5) Semantic Splat: Derive a semantic Gaussian cloud using the data computed before.

Next, additional details about each step are given.

3.1 Structure from Motion

Given a collection of #� photos capturedwith anymonocular (single camera) imaging system,I = {�8}8=1,...,#�
,

the first step of GULP3R is the processing of the captured images with any SfM software (e.g. COLMAP[2],

Agisoft Metashape[49]). Here we have used the open source SfM software COLMAP[2], configured with

SIFT [16] feature extractor and an exhaustive search for correspondences for feature matching, which searches

for corresponding descriptors across all pairs of images rather than between sequential frames. Finally, the

sparse reconstruction runs and computes the camera poses T = {)8}8=1,...,#�
, the camera matrices K =

{ 8}8=1,...,#�
, and the sparse point cloud P = {% 9 } 9=1,...,#%

. Note that, if the same camera configuration

is used for the whole dataset collection process (no zoom, image resize, or different cameras), a single cam-

era matrix  can be defined. See Section 2.1 and Figures 1 and 2 for a high level overview of the working

principle.

Each point in the point cloud % 9 ∈ R
3 is described by 3 coordinates G, H, I and additionally one color with

three parameters RGB encoding (A, 6, 1), representing overall the scene geometry and appearance sparsely,

with the colored point cloud P.

3.2 Enhance Underwater Images

The colors and image quality are affected by the underwater medium, and sometimes this degradation can

compromise the SfM optimization process or the semantic masks extraction. If the dataset is significantly

affected by the medium or the SfM output gets inconsistent results, it is good practice to correct the images

with color enhancement techniques and re-run COLMAP[2]. By using a color enhancement module, a dataset

of #� input imagesI degraded by the water medium are processed and color corrected as a new outout dataset

I∗
= {�∗8 }8=1,...,#�

.

With GULP3R, we tested both a classical CLAHE based approach[37][36] and the deep learning model

SLURPP[38]. While the CLAHE-pipeline applies explicit hand-tuned mathematical operations and image

processing techniques in pixel space, SLURPP processes the image through a neural network trained to infer

and correct the underwater image degradation.

Figure 7 represents the results of these two techniques applied to a deep-sea reef image.

SLURPP[38] is a ready-to-use transformers model, with network weights provided by the authors. Using

this deep learning technique requires some minor processing to rescale the images from the original 512x512

network output.

The CLAHE-based pipeline[36] used here is inspired by an OpenCV blog post on how to correct underwater

images[37]. The steps are based on assumptions and knowledge on how the water medium affects the imaging
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device:

1. White Balance Correction: Restore the gray-world assumption [50] (a natural image has neutral colors).

2. Red Channel Restoration: Redistribute the red channels’ dynamic (red is the most absorbed).

3. CLAHE: Apply local equalization of color with contrast clipping to avoid noise amplification.

4. Dehazing via Dark Channel Prior: Recover scene radiance from bright pixels.

5. Adaptive Unsharp Masking: Enhance edges by subtracting a blurred version of the image.

6. Gamma Correction: Brighten shadows and improve visibility.

The modularity of GULP3R allows to use either SLURPP or CLAHE-based enhancement, or any other tech-

nique that works accordingly to the desired performances on the processed dataset.

3.3 Create Semantic Masks

Given the original images I or the color-enhanced ones I∗, the semantic segmentation module outputs #�

segmented masks M = {"8}8=1,...,#�
. See Figure 8c for an example segmentation mask.

To retrieveM, we use a large-scale foundationmodel, the SegmentAnythingModel 3 (SAM3) fromMeta[10].

As anticipated in Section 2.4, we use SAM3 to generate pseudo-labeled masks, used both to project the se-

mantics in the sparse point cloud (Section 3.4) and to train the semantic splatting model (Section 3.5). This

model has been chosen for its open-source nature, its simple usage, and the lack of underwater segmented

labeled data for our context. Additionally, SAM3 has been trained using contents from the FathomNet [43]

marine database. An example labeled Semantic Mask created with SAM3 can be seen in Figure 12, while

additional segmentations are shown in Appendix A.1.

Figure 12: Example RGB image of a deep-sea reef (left) and corresponding semantic segmentation mask

estimated with SAM3 pseudo-labeling (right). The mask labels are color encoded following the legend on

the top right (blue=background, green=seafloor, purple=sea star, yellow=anemone, red=corals).

SAM3 enables open-vocabulary semantic segmentation[51], allowing objects to be identified from textual

descriptions rather than from a fixed set of predefined classes. Unlike closed-vocabulary models[40], whose

recognizable classes are determined during training, open-vocabulary models can generalize to previously
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unseen categories. In this setting, segmentation is guided by text prompts that specify the classes of interest.

These prompts may contain class names or textual descriptions, together with a confidence threshold used to

determine whether a prediction is considered a valid detection. Examples of class metadata are reported in

Appendix A.2. SAM3 by default works as an instance segmentation model, meaning that even each object of

the same class will be separated into a different label. However, the main objective of GULP3R is segmenting

by class type, which is why different instances of the same class are grouped with the same label.

GULP3R is modular, meaning that the semantic masks can be created with any model with the required

performances. The only requirement is having a labeled semantic mask for every image in the dataset. Addi-

tionally, color augmented images (Section 3.2) can be used to create the masks if improved performance can

be achieved. This depends on the generalizability of the segmentation model, which may fail when the color

balance or object contour adds artifacts to the objects, not learned during training.

3.4 Project Semantic in the Geometric Point Cloud

To initialize the 3D sparse model for an explicit segmentation splatting algorithm, a semantic point cloud is

required. The SfM output sparse reconstruction P should be enhanced to: P! = {%!, 9 } 9=1,...,#%
, with %!, 9 ∈

R
4 where each point includes both the G, H, I coordinates and the point label ;. The projecting strategies used

for our pipeline is the same proposed for ObejectGS[5] initialization, and have been described in Section 2.5.

Since the lifted masks are affected by the segmentation model, a strategy to handle multi-view inconsistency

(same 3D point labeled differently from different views) has to be defined. The same 3D point % 9 ∈ P can, in

fact, have inconsistent labels projected from different views. The first step is counting the labels’ occurrences

on the same point, collected in a voting report as a vector storing the number of points labeling occurring

for each class. For example, if there are 4 classes identified by numerical labels {0, 1, 2, 3}, and the same

3D point is seen 8 times from different 2D views and classified twice as 0, twice as 1 and four times as 2,

that point have a voting report L = {2, 2, 4, 0}. In this situation, the simpler approach is majority voting,

which takes the label with the most votes. Therefore, %!, 9 is extended with a label ; 9 = 3 or one-hot encoded

; 9 = [0, 0, 1, 0]. Other voting strategies such as probability-based and correspondence-based[5] are discussed

in Appendix B. In our pipeline, we mainly tested majority-based, because it is faster and satisfactory enough

for initializing the semantic sparse model, but correspondence-based often provides more accurate results at

the cost of higher computation time.

3.5 Semantic splatting

Given the set of imagesI (or the enhanced onesI∗ ), the semantic masksM, and the semantic point cloudP! ,
ObjectGS [5] is used to create a semantic Gaussian cloud. As described in 2.5, a custom semantic renderer

and a semantic loss are used to guide the learning process.

The final result of the GULP3R pipeline is a semantic Gaussian cloud GL = {�!, 9 } 9=1,...,#�
, used to synthe-

size 2D Semantic Masks as explained in Section 2.5. GL can be interpreted as a semantic point cloud PL of

20



#� points, each one %!, 9 with coordinates equal to the corresponding Gaussian �!, 9 3D mean `!, 9 . Unlike

the basic implementation of 3DGS[3], ObjectGS[5] encodes Gaussians’ color, opacity, and covariance in

neural networks, using a hybrid explicit-implicit representation. The information in the Gaussian cloud and

appearance networks allow to render colored and semantic views on the scene. Additionally, if the training is

successful, the sematic Gaussian cloud GL is a denser and more optimized semantic 3D model with respect

to P! .

4 Results

GULP3R has been evaluated on field data from different sites, collected with multiple robotics platforms and

imaging systems. In this section, the datasets will be described, then the evaluation metrics introduced, and

finally the results of our pipeline are presented and compared with other state of the art techniques.

4.1 Datasets

(a) MOLA AUV. (b) MiniROV. (c) ROV Ventana.

Figure 13: MBARI’s underwater robots used to collect the datasets.

For the evaluation of our pipeline, we have used three datasets collected by the CoMPAS Lab (MBARI),

with different levels of semantic and geometric complexity. The bone dataset includes a whale bone on the

seafloor, corals covers a coral-sponge community on a vertical rock, and anemone has images of some white

anemone standing on top of a rock. Further details are described below.

bone: Arctic Whale Bone - MOLA AUV

(a) Dataset frame. (b) Trajectory top view. (c) Trajectory side view.

Figure 14: Example RGB image (a) and trajectory (b,c) of the imaging system for the bone dataset. (b) and

(c) are two perspective views of COLMAP[2] output, the red shapes represent the estimated camera’s poses

(trajectory) and the points are the reconstructed 3D scene point cloud.
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This dataset was collected in the Arctic Ocean, using the portable MOLA AUV (see Figure 13a). A total of

505 images have been collected, with a resolution of 2258x1116 pixels. An image from the dataset and the

trajectory of the imaging system are represented in Figure 14. The 4K forward looking camera mounted on the

system has been used to collect the images, and proper lighting is guaranteed by MOLA’s strobes. The scene

includes a whale bone in an almost flat sandy seafloor, creating an evident contour of the object. Additionally,

some jelatinous animals act as dynamic distractors. Overall, this dataset allows testing of GULP3R on two

instances (seafloor, bone) with recognizable semantics and simple geometry.

corals: Sur Ridge Corals - MiniROV

(a) Dataset frame. (b) Trajectory front view. (c) Trajectory side view.

Figure 15: Example RGB image (a) and trajectory (b,c) of the imaging system for the corals dataset. (b) and

(c) are two perspective views of COLMAP[2] output, the red shapes represent the estimated camera’s poses

(trajectory) and the points are the reconstructed 3D scene point cloud.

This dataset was collected in Sur Ridge, in the Monterey Bay, using the MiniROV robotic system (see Fig-

ure 13b), during the Deep Sea 3D expedition. A total of 729 images have been collected, with a resolution

of 1946x1496 pixels. An image from the dataset and the trajectory of the imaging system are represented

in Figure 15. The scene include a colony of bubblegum corals and sponges, populated by different species

of sea stars in a vertical rock wall. Overall, this dataset allows testing of GULP3R on a complex semantic

scenario with structured geometry. The following semantic classes have been used: coral, anemone, sponge,

sea star, rock surface.

anemone: Portuguese Ledge Anemone - ROV Ventana

(a) Dataset frame. (b) Trajectory top view. (c) Trajectory side view.

Figure 16: Example RGB image (a) and trajectory (b,c) of the imaging system for the anemone dataset. (b)

and (c) are two perspective views of COLMAP[2] output, the red shapes represent the estimated camera’s

poses (trajectory) and the points are the reconstructed 3D scene point cloud.
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This dataset was collected off of Portuguese Ledge, a State Marine Conservation Area in the Monterey Bay,

using the ROV Ventana(see Figure 13c). A total of 750 images have been collected, with a resolution of

3840x2160 pixels. An image from the dataset and the trajectory of the imaging system are represented in

Figure 16. The images have been extracted from the forward-looking 4K MxD SeaCam. We collected those

images during the CoMPAS Lab expedition on the R/V Rachel Carson on the 08/05/2026. The vertical rock

with a group of white-plumed anemone (Metridium farcimen) was selected as a good case study for GULP3R,

containing multiple instances of the same class in a structured space. This scene is a valuable test for the

proposed pipeline, as being less challenging than the semantic complexity of Sur Ridge, but more insightful

than the single bone instance in the flat Arctic seafloor.

4.2 Metrics and Training

A complete evaluation of an algorithm for semantic 3D reconstruction through Gaussian splatting should

consider the following metrics:

• 3D Geometry: accuracy of the point cloud with respect to the real 3D structure.

• 3D Semantics: accuracy of the semantic cloud in labeling each point.

• 2D Synthesis: photometric performance of novel view synthesis via splatting.

• 2D Semantics: semantic segmentation performance via semantic splatting.

The lack of a ground truth (or a high-quality) 3D geometric and semantic model makes the evaluation of

the desired 3D metrics challenging. Moreover, as described in Section 3.3, the used 2D semantic masks are

prone to errors. Therefore, they cannot be used as a valid ground truth to evaluate the 2D semantic splatting

performance.

For the reasons above, we quantitative evaluate our method using the standard photometric indices (2D Syn-

thesis): PSNR, SSIM [52], and LPIPS [53]. Additionally, qualitative comparison of 3D Geometry, 3D Se-

mantics, and 2D semantics is also discussed. The 2D synthesis indices used describe the photometric distance

between the image rendered with the splatting process and the corresponding original image. To evaluate how

the model performs in generalizing novel-view synthesis, the original dataset is split in a 88/12 split train/test

dataset. The train dataset is used to learn the model, while the test one evaluates the generalizability in un-

seen scenarios. Therefore, the results reported in Table 2 are computed at the end of the training by using the

camera poses and corresponding images of the test dataset. Further details on the training configuration and

the train/test split is described below, a brief explanation of the qualitative and quantitative metrics.

Qualitative Evaluation: 3D Geometry and Semantics, 2D Semantics

In the absence of ground truth for the 3D geometric and semantic models, as well as the 2D semantic masks,

it is necessary to define clear non numeric strategies to evaluate the results. To evaluate 3D Geometric data

visually, we refer to ”artifacts” and ”floaters”, which are corrupted 3D points in the reconstructedmodel due to

erroneous estimation processes. The first refers to estimated 3D point far from the original 3D scene surfaces.
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The latter are 3D points with coordinates in empty space on the original scene. Both are created by errors

in the reconstruction process, introducing inexact geometric knowledge in the final 3D model. Additionally,

density of the point or Gaussian cloud is used as first approximation of the degree of details and resolution

that the reconstruction has captured about the original 3D scene. Similarly, to evaluate the 3D Semantics, we

refer again to ”(semantic) artifacts/floater”, corresponding to erroneous semantic labeling of the 3D points.

For example, A 3D point occupying the space of a coral is labeled as background. This is evaluated by

manual observation of the semantic point or Gaussian cloud, exploiting human understanding of the semantic

structure of the scene. For example, a 3D point occupying the space of a coral but classified as seafloor can

be qualitatively identified as a semantic artifact. To evaluate 2D semantics, GULP3R’s semantic rendering is

compared with respect to the pseudo-labeled masks of SAM3[10], using manual observations and contextual

understanding of the original image as ground truth.

Although these qualitative strategies to evaluate and compare the tested algorithms are not rigorous, they can

provide a first approximation of the quality of our results in the absence of ground truths.

Quantitative Evaluation: 2D Synthesis

PSNR↑: Peak Signal-to-Noise Ratio

The PSNR (in decibels, dB) metric captures the difference between two images’ pixel intensities, in terms of

reconstruction quality and noise level. Therefore, it is not representative of high-level visual perception or

structural coherence between the two images. This index is also used to compare image compression quality.

A higher PSNR means more accurate rendering quality with respect to the ground truth image. In general,

satisfactory values are between 25 and 35 dB [3][7], but it depends on the complexity of the dataset.

SSIM↑: Structural Similarity Index Measure

SSIM (adimensional) focuses on local image structure, characterizing differences in edges, texture, and struc-

tural integrity. This metric identifies three aspects of visual perception of structural information: luminance,

contrast, and structure. Higher SSIM indicates a higher level of similarity between the two images. SSIM is

bounded between 0 and 1 and in general, typical satisfactory values are higher than 0.8. However, as for the

PSNR, the high-level semantics and the visual realism between the two images is not captured by the SSIM.

Two images may have differences in the structure but appear very similar for the human eye.

LPIPS↓: Learned Perceptual Image Patch Similarity

To quantify the difference between two images as if a human eye is evaluating it, LPIPS (adimensional)

proposes a perceptual similarity metric[53]. This index measure images distance in VGGNet[54] feature

space, where VGGNet is a deep CNN able to extract high-level visual features. Lower LPIPS means a smaller

distance between the two images and higher perceptual similarity. In general, satisfactory values are between

0.3 and 0.1, but it depends on the complexity of the dataset.
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Training Details

As explained in Section 3, the last step of GULP3R consists of processing the (optionally enhanced) images,

the semantic masks, and the semantic point cloud with ObjectGS[5]. For our evaluation, we used the same

training configuration proposed by the authors in [5], training for 30k iterations with a train/test split of 88/12.

Table 1 summarizes the information about our datasets. Computation time reported includes only ObjectGS

training, as we did not keep track of the computation time of the preliminary steps (enhancement, SfM,

segmentation, and lifting).

Table 1: Summary of the MBARI field datasets and the corresponding Semantic Gaussian Splatting training

settings. For each dataset, the table reports the number of images, image resolution, training and test set sizes,

and the training time required by ObjectGS [5].

Dataset N. Images Resolution [pixels] N. Training Images N. Test Images Training time [minutes]

bone 505 2258x1116 441 64 48

corals 729 1946x1496 637 92 58

anemone 750 3840x2160 656 94 31

4.3 Comparison

GULP3R 2D Synthesis has been quantitatively compared to 3DGS [3] with the nerfstudio splatfacto imple-

mentation[55][56] and SeaSplat [7]. 3D Geometric qualitative results have also been compared with 3DGS

and SeaSplat, while 3D Semantic is compared to the initial sparse semantic point cloud derived with the

mask lifting approach from Section 2.5 and Section 3.4. Additionally, 2D Semantic is evaluated based on the

semantic masks generated by ObjectGS[5] by splatting the labeled Gaussians.

2D Synthesis Quantitative Comparison

Table 2: 2D Rendering comparison on MBARI’s Datasets. For each dataset, the 2D novel view synthesis

photometric results are reported with respect to the compared models: 3DGS, SeaSplat, GULP3R. Bolded

numbers highlight to the best results for each dataset with respect to each metric.

Dataset Model PSNR↑ SSIM↑ LPIPS↓

bone

3DGS 32.12 0.9241 0.1953

SeaSplat 31.69 0.9127 0.2744

GULP3R(ours) 20.85 0.8753 0.2994

corals

3DGS 27.55 0.8766 0.2483

SeaSplat 27.51 0.8751 0.3021

GULP3R(ours) 28.357 0.9098 0.2785

anemone

3DGS 35.60 0.9401 0.3306

SeaSplat 32.25 0.9315 0.3666

GULP3R(ours) 30.36 0.9431 0.3186
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Table 2 reports the photometric indices on our datasets, with best results bolded. Additionally, example

GULP3R and SeaSplat[7] renderings on the test images are reported in Figures 17 to 19. From our exper-

iments, color enhancing the datasets did not improve quantitatively the 3D performances; therefore, here

we discuss the results using the collected images, either raw or with minimal post-processing. GULP3R is

outperformed by 3DGS on the bone dataset, while it provides competitive results on corals and anemone.

SeaSplat instead outperforms our pipeline on the bone dataset, but it is overall less photometrically accurate

than GULP3R or 3DGS.

The photometrically more satisfactory performances of 3DGS on the bone dataset may be explained by the

presence of many images that are highly occupied by ocean background. In fact, GULP3R semantic guid-

ance ignore densification and learning on the background, creating significant artifacts affecting photometric

performance. Additionally, it is worth noting that the Gaussian splatting algorithm [5] used with our method

relies on semantic masks to guide the scene learning. This aspect is visible from the improved results on

corals, which is a more semantically rich dataset. Another relevant result is how semantic guidance improves

the removal of dynamic distractors like fishes and sinking particles from synthesized images.

The results of photometric performance don’t show advantages in using GULP3R; however, the main focus of

our work is the semantic reconstruction rather than the novel view synthesis. The next section will describe the

real potential of GULP3R in semantic reconstruction (Section 4.3). To anticipate the 3D geometric findings,

Figure 20 represents the Gaussians learned by 3DGS and SeaSplat. 3DGS does not implement any appropriate

regularization to limit densification, and the underwater medium create several artifacts that are visible from

the Gaussians’ distribution in space. SeaSplat integrates the medium modeling and additional regularization

terms in the loss, constraining the propagation of the Gaussians in empty space. GULP3R, on the other hand,

exploit semantics information to guide the Gaussians densification, adding an additional degree of constraint

which is fundamental in hazing mediums like water (this will be seen next in Figure 21).

Ground Truth C1. GULP3R(ours) C1. (a) SeaSplat C1.

Ground Truth C2. GULP3R(ours) C2. SeaSplat C2.

Figure 17: Comparison between Ground Truth, GULP3R(ours), and SeaSplat rendering on two cameras (C1,

C2) of the bone dataset.
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Ground Truth C1. GULP3R(ours) C1. SeaSplat C1.

Ground Truth C2. GULP3R(ours) C2. SeaSplat C2.

Figure 18: Comparison between Ground Truth, GULP3R(ours), and SeaSplat rendering on two cameras (C1,

C2) of the corals dataset.

Ground Truth C1. GULP3R(ours) C1. SeaSplat C1.

Ground Truth C2. GULP3R(ours) C2. SeaSplat C2.

Figure 19: Comparison between Ground Truth, GULP3R(ours) and SeaSplat rendering on two cameras (C1,

C2) of the anemone dataset.
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(a) 3DGS bone Gaussians. (b) 3DGS corals Gaussians. (c) 3DGS anemone Gaussians.

(d) Seasplat bone Gaussians. (e) Seasplat corals Gaussians. (f) Seasplat anemone Gaussians.

Figure 20: Comparison between 3DGS (first row: a,b,c) and SeaSplat (second row:d,e,f) Gaussian cloud for

the bone (a,d), corals (b,e) and anemone (c,f) datasets.

3D Geometry and Semantics Qualitative Comparison

Table 3 reports the number of points in the initial sparse point cloud model (#%) obtained with COLMAP

SfM [2], and the number of Gaussians (#�) after running the related Gaussian splatting method. Additionally,

Figure 21 reports the sparse 3D map for the anemone dataset (in the case of Gaussian clouds, the Gaussians’

mean is used as the point cloud). The sparse point clouds for bone and corals are reported in the supplementary

Figures 32 and 33. Overall, from the results reported in Table 3 and Figures 21, 32 and 33 it can be seen how

3DGS and SeaSplat reconstructions are rich in artifacts and floaters, while GULP3R constrains the Gaussians

to be located in space truly occupied by objects’ surfaces and volume in the reconstructed physical 3D scene.

These more satisfactory results in densification may be related to the backbone of ObjectGS[5][32] or to the

semantic guidance that ignores pixels classified as background in the semantic masks.
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Table 3: Number of points in the 3D models. for each dataset it is reported the number of points #% in the

sparse point cloud (computed with COLMAP[2]), and the number of Gaussians #� in the Gaussian Clouds

(computed with the compared methods: 3DGS, SeaSplat, GULP3R.).

Dataset #% (SfM) Model #� (GS)

bone 317676

3DGS 179026

SeaSplat 332862

GULP3R(ours) 302608

corals 366166

3DGS 704549

SeaSplat 2164557

GULP3R(ours) 407841

anemone 180676

3DGS 100586

SeaSplat 165150

GULP3R(ours) 164368

(a) COLMAP. (b) 3DGS.

(c) SeaSplat. (d) GULP3R(ours).

Figure 21: Comparison between COLMAP, 3DGS, SeaSplat, GULP3R point clouds on the anemone dataset.

Here the RGB points of the reconstructed geometry are reported as red, in order to highlight the spatial

coverage and geometric distribution of the compared reconstruction techniques. The red points are either the

coordinates % 9 of the SfM point cloud output P (a) or the centers (mean ` 9 ) of a gaussian � 9 in the gaussian

cloud G (b,c,d).

The semantic reconstruction in the anemone dataset is reported in Figure 22, comparing mask lifting (in-

termediate step of GULP3R Section 3.4) and semantic splatting (GULP3R outputSection 3.5). Semantic

reconstruction results for bone and corals are reported in the supplementary Figures 34 and 35. Optimizing

the lifted semantic cloud with GULP3R redistributes the semantic labels, removing most of the point cloud

and densifying the model in the region of interest. Therefore, it can be assumed that the semantic guidance
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implicitly addresses the multi-view inconsistency problem to some extent. However, some additional floaters

are created, which can compromise the rendered semantic mask, as will be discussed next.

(a) Colored point cloud V1. Colored point cloud V2.

(b) Lifted point cloud

(majority voting, Algorithm 1) V1.

(c) Lifted point cloud

(majority voting, Algorithm 1) V2.

(d) GULP3R semantic Gaussian cloud V1. (e) GULP3R semantic Gaussian cloud V2.

Figure 22: Two perspective views (V1, V2) on the SfM RGB point cloud (a,b), lifted semantic(c,d),

and GULP3R semantic Gaussian cloud (e,f) for the anemone dataset. Point labels are color encoded as:

blue=background, green=seafloor, red=anemone.

2D Semantic Synthesis Qualitative Comparison

Semantic Splatting from a labeled Gaussian cloud has been explained in Section 2.5 with Equations (5)

and (6). In simple terms, instead of colors, semantics are splatted, and the pixel label is chosen based on the

maximum U-blending based class probability.

Figures 23 to 25 report some example evaluation semantic rendering with respect to the training mask (notice
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that the training masks are generated with SAM3, so these are not the ground truths but pseudo-labeled

masks[44]. In case of successful semantic reconstruction, we expect that it is feasible to improve the training

semantic masks with the synthesized masks). However, the results are not always consistent; in some cases

some pixels labeled wrongly by SAM3 are improved with GULP3R, while in other cases the synthesized

masks are far from the expected results. We hypothesize that this behavior is related to the floater semantic

artifacts that get projected and assume a higher weight on the pixel label. In fact, rendered masks closer to the

objects are more accurate, corresponding to situations in which less Gaussians in empty space are encountered

by the rendering rays. Additionally, GULP3R learns the scene without background labels, this is why no pixel

appears blue in the rendered masks.

(a) RGB Image C1. (b) SAM3 Pseudo-Mask C1. (c) GULP3R Mask C1.

(d) RGB Image C2. (e) SAM3 Pseudo-Mask C2. (f) GULP3R Mask C2.

Figure 23: Comparison between SAM3 (pseudo-labeled) (b,e) and GULP3R (c,f) semantic mask on two

cameras C1,C2 of the bone dataset. Mask pixels are color encoded as: blue=background, green=seafloor,

red=bone.
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(a) RGB Image C1. (b) SAM3 Pseudo-Mas C1. (c) GULP3R Mask C1.

(d) RGB Image C2. (e) SAM3 Pseudo-Mask C2. (f) GULP3R Mask C2.

Figure 24: Comparison between SAM3 (pseudo-labeled) (b,e) and GULP3R (c,f) semantic mask on two

cameras C1,C2 of the corals dataset. Mask pixels are color encoded as: blue=background, green=seafloor,

yellow=anemone, purple=sea star, red=coral.

(a) RGB Image C1. (b) SAM3 Pseudo-Mask C1. (c) GULP3R Mask C1.

(d) RGB Image C2. (e) SAM3 Pseudo-Mask C2. (f) GULP3R Mask C2.

Figure 25: Comparison between SAM3 (pseudo-labeled) (b,e) and GULP3R (c,f) semantic mask on two

cameras C1,C2 of the anemone dataset. Mask pixels are color encoded as: blue=background, green=seafloor,

red=anemone.

5 Discussion

This section provides some additional comments on the results, implementation details, and research findings

of our work.
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5.1 Implementation

The GULP3R processing pipeline has been implemented using open-source projects, with the objective of

being reproducible by any researcher working on similar problems.

In our current pipeline evaluation, the algorithms used are executed sequentially and manually, step by step,

but an automatic computational flow with intermediate verifications and parallelization can be implemented

with some software effort. For the reason above, GULP3R is not yet open sourced. Additionally, we are

considering possible additional improvements and research before public release. The objective is to realize

a modular system, ready to use by anyone without any specific background knowledge, but also easy to modify

and improve for the community.

The results have been computed on a machine with 32 GB of RAM and an NVIDIA L40S-48C graphic card

(48GB of VRAM). However, analysis of the memory consumption to run the pipeline has not been performed

yet, therefore, the system used doesn’t reflect the possibly less constraining requirements.

5.2 Future Directions

The findings from this research highlight the limitations of GULP3R and openmany possible future directions

to develop smarter mapping systems for scientists. Both ideas at the engineering and theoretical levels are

discussed next. The main directions of research involve: implementing an automatic pipeline, investigating

online extensions, performing more extensive quantitative evaluation, fine-tuning the modules, exploring

underwater medium integration, considering instance segmentation, and further investigate semantic splatting

methods. These aspects are discussed below.

Automatic Pipeline

As introduced before (Section 5.1), a first necessary requirement is the development of an usable pipeline that

doesn’t involve manual execution of each step. This will help scientists to use this tool on their own data, and

researchers in robotic perception to reproduce the results and propose improvements.

Online Extensions

Another direction involving both engineering and theoretical effort is the investigation on an online technique

to generate/update semanticmaps. GULP3R, in fact, relies on algorithms that run ofÒine on collected datasets,

and can take a few hours to create a semantic map. From novel findings on 3DGS-SLAM [12] and explicit

semantic embeddings in 3DGS[3][4], there are many alternative directions to propose and implement novel

Semantic-3DGS-SLAM algorithms. Underwater systems can rely on these data processing techniques during

deployment, updating a pre-existing semantic map or creating a rough labeled map, which can help to better

explore the site. This online map can be less accurate at first, then optimized with more computationally

demanding reconstruction techniques after deployment.
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Quantitative Evaluation

As reported in Section 4.2, only novel view synthesis’ photometric quality has been quantitatively evaluated,

even if the main objective of GULP3R is the semantic map reconstruction of a benthic environment. In order

to further evaluate GULP3R and improve its semantic mapping, it is necessary to collect a synthetic dataset

(on simulations) or in a controlled environment. With a ground truth semantic 3Dmodel and semantic masks,

also 3D geometry and 3D/2D semantics will be quantitatively evaluable.

Fine-Tune the Modules

It is evident from Section 2 that many module combinations and tuning are possible on the proposed modular

pipeline. In fact, the SfM, color enhancement, semantic segmentation, and semantic splatting depends on

the selected model and the hyperparameter tuning (values pre defined before training/optimization). During

the testing of GULP3R, few combinations and quantitative evaluations on different color enhancements or

semantic segmentation models were done. Therefore, the performance can be improved with finer pipeline

design choices. In particular, the effect of color enhancement on the rendering and geometry has not been

investigated. If a synthetic/controlled dataset is available (known ground truth), geometric performances and

semantic reconstruction can highlight new limitations and research direction.

Underwater Medium Model

In the GULP3R pipeline, to consider the underwater image degradation, the dataset can be pre-processed

with color enhancement algorithms. However, an alternative approach could be inherited from SeaSplat[7].

Instead of pre processing the data, the underwater imaging modeling can be integrated in the model itself and

learned with the scene semantics, structure, and appearance. Investigating how this differs from our proposed

approach can provide novel research findings.

Instance Segmentation

While the baseline ObjectGS[5] method relies on instance segmentation masks, with GULP3Rwe use seman-

tically segmented masks, grouping different object instances with the same label. However, differentiating

each object boundary and area in the images can improve the reconstruction quality by better guiding the

Gaussian redistribution for each object rather then for a whole object type class. Additionally, an instance

segmented map can be more useful than a semantic one for scientists, by isolating each organism of a colony.

Semantic Gaussian Splatting

Finally, the semantic Gaussian cloud is reconstructed and splatted with the method proposed in ObjectGS[5];

however, the domain of semantic splatting is an active area of research in continuous evolution. Further

investigation on alternative semantic splatting algorithms and improving the current state-of-the-art could

improve GULP3R. For example, our qualitative evaluation of 2D semantic synthesis highlighted howwrongly

labeled and positioned Gaussian floaters compromise the synthesized masks, labeled as uniquely seafloor, as

visible in Figures 23f and 25f. Therefore, alternative splatting approaches, semantic embedding, or loss
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regularization should be considered next for better guiding the geometric and semantic learning of the 3D

scene.

6 Conclusion

In this study, we proposed and tested a pipeline for creating semantic maps of underwater scenes from camera

images. GULP3R optionally enhances the underwater images affected by the medium, and then processes

the data to obtain semantic masks and a sparse 3D reconstruction. Finally, the semantic information is em-

bedded on the initial sparse model, and a Gaussian splatting based approach is used to densify and improve

the semantic reconstruction. We quantitatively and qualitatively evaluated our method on underwater datasets

collected during field experiments, highlighting the positive and negative results, as well as future research

directions. Our pipeline shows preliminary results about how an estimated labeled 3D model can be im-

proved with semantic Gaussian splatting. Additionally, we demonstrate the feasibility of using foundation

models to create semantic masks of marine images, although with limited performance in complex scenes.

Our investigations into color enhanced images did not suggest qualitative improvement in the 3D geomet-

ric reconstruction. However, conclusions about possible advantages of pre-processing the dataset with color

enhancement techniques cannot be derived, since extensive tests and quantitative evaluation have not been

performed. Future work should include supplementary investigation on the usage of fine-tuned semantic and

reconstruction models, the effect of color enhancement on semantic reconstruction, and the ways to fully

integrate semantics in the reconstruction process. Finally, continuous exchange of ideas and feedback from

scientists is critical to develop useful tools to solve real-world problems.
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A Using SAM3 to create Semantic Masks

Notice that all theMasks referred as SAM3Masks are pseudo-labeled semantic segmentation and not ground-

truth labels, as extensively discussed in Section 3.3 and Section 4.3.

A.1 SAM3 Mask Examples

Figure 26: Example SAM3 masks on bone dataset (blue=background, green=seafloor, red=bone).

Figure 27: Example SAM3 masks on anemone dataset(blue=background, green=seafloor, red=anemone).
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Figure 28: Example SAM3 masks on corals dataset

(blue=background, green=seafloor, red=coral, yellow=anemone, purple=starfish).
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A.2 SAM3 Configuration

As explained in Section 3.3 text prompts are used to configure SAM3 instance segmentation model, here the

configuration files for the three datasets discussed in Section 4.1 are reported.

Figure 29: SAM3 configuration of anemone.

Figure 30: SAM3 configuration of bone.
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Figure 31: SAM3 configuration of corals.
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B Semantic Lifting Algorithms

As anticipated in Section 2.5 a simple semantic lifting approach can be used to project semantic masks to

a sparse 3D point cloud. A clear problem is the multi-view inconsistency that can be handled via different

voting strategies. The algorithms below are taken from ObjectGS[5] paper and adapted to the notation used

here. The main differences rely on how the label is selected (voting strategy) and how the 3D-to-2D cor-

respondence is solved. Regarding the labeling, majority (Algorithm 1) and correspondence (Algorithm 3)

select the most common label associated with the projected 3D point on the semantic mask, while probabil-

ity (Algorithm 2) defines a probability distribution based on class frequency and samples from it. In terms

of projection, majority and probability use the intrinsic camera matrix estimated by the SfM process, while

correspondence relies on the feature matching dictionary that software like COLMAP automatically saves in

the output data. The list of correspondences appends to each 3D point the corresponding image in which it is

seen and the 2d location.

Algorithm 1 Object ID Majority Voting

1: Input:

2: Point cloud: P = {%1, %2, . . . , %#%
}

3: Semantic masks: M = {!1, !2, . . . , !#�
}

4: Camera poses: T = {)1, )2, . . . , )#�
}

5: Projection function: G8 = Project(%8, )9 ) based on Intrinsics K
6: Initialization:

7: labels = ∅
8: P! = ∅
9: for each point %8 ∈ P do

10: for each camera pose )9 ∈ T do

11: G8 = Project(%8, )9 )
12: Append " 9 (G8) to labels[%8]
13: end for

14: end for

15: for each point %8 ∈ P do

16: if labels[%8] ≠ ∅ then

17: frequency(ID) = Counter(labels[%8])
18: ID = arg max frequency(ID)

19: end if

20: %8,! = (%8, object ID)
21: Append %8,! to P!
22: end for

23: Output: Semantic point cloud P! with object IDs.
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Algorithm 2 Object ID Probability-based Voting

1: Input:

2: Point cloud: P = {%1, %2, . . . , %#%
}

3: Semantic masks: M = {!1, !2, . . . , !#�
}

4: Camera poses: T = {)1, )2, . . . , )#�
}

5: Projection function: G8 = Project(%8, )9 ) based on Intrinsics K
6: Initialization:

7: labels = ∅
8: P! = ∅
9: for each point %8 ∈ P do

10: for each camera pose )9 ∈ T do

11: G8 = Project(%8, )9 )
12: Append ! 9 (G8) to labels[%8]
13: end for

14: end for

15: for each point %8 ∈ P do

16: if labels[%8] ≠ ∅ then

17: frequency(ID) = Counter(labels[%8])
18: ID = Random(Prob = frequency(ID))
19: end if

20: %8,! = (%8, object ID)
21: Append %8,! to P!
22: end for

23: Output: Semantic point cloud P! with object IDs.

Algorithm 3 Object ID Correspondence-based Voting

1: Input:

2: Point cloud: P = {%1, %2, . . . , %#%
}

3: Semantic masks: M = {!1, !2, . . . , !#�
}

4: Correspondences: C = {�1, �2, . . . , �# }
5: Projection function: G8 = Project(%8, � 9 ) based on Correspondences C
6: Initialization:

7: labels = ∅
8: for each point %8 ∈ P do

9: for each correspondence � 9 ∈ � do

10: G8 = Project(%8, � 9 )
11: Append " 9 (G8) to labels[%8]
12: end for

13: end for

14: for each point %8 ∈ P do

15: if labels[%8] ≠ ∅ then

16: frequency(ID) = Counter(labels[%8])
17: ID = arg max frequency(ID)

18: end if

19: %8,! = (%8, object ID)
20: Append %8,! to P!
21: end for

22: Output: Semantic point cloud P! with object IDs.
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C Supplementary Results Figures

(a) COLMAP. (b) 3DGS.

(c) SeaSplat. (d) GULP3R(ours).

Figure 32: Comparison between COLMAP, 3DGS, SeaSplat, GULP3R point clouds on the bone dataset.

Here the RGB points of the reconstructed geometry are reported as red, in order to highlight the spatial

coverage and geometric distribution of the compared reconstruction techniques. The red points are either the

coordinates % 9 of the SfM point cloud output P (a) or the centers (mean ` 9 ) of a gaussian � 9 in the gaussian

cloud G (b,c,d).
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(a) COLMAP. (b) 3DGS.

(c) SeaSplat. (d) GULP3R(ours).

Figure 33: Comparison between COLMAP, 3DGS, SeaSplat, GULP3R point clouds on the corals dataset.

Here the RGB points of the reconstructed geometry are reported as red, in order to highlight the spatial

coverage and geometric distribution of the compared reconstruction techniques. The red points are either the

coordinates % 9 of the SfM point cloud output P (a) or the centers (mean ` 9 ) of a gaussian � 9 in the gaussian

cloud G (b,c,d).
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(a) Colored point cloud V1. (b) Colored point cloud V2.

(c) Lifted point cloud

(majority voting, Algorithm 1) V1.

(d) Lifted point cloud

(majority voting, Algorithm 1) V2.

(e) GULP3R semantic Gaussian cloud V1. (f) GULP3R semantic Gaussian cloud V2.

Figure 34: Two perspective views (V1, V2) on the SfM RGB point cloud (a,b), lifted semantic(c,d),

and GULP3R semantic Gaussian cloud (e,f) for the bone dataset. Point labels are color encoded as:

blue=background, green=seafloor, red=bone.
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(a) Colored point cloud V1. (b) Colored point cloud V2.

(c) Lifted point cloud

(majority voting, Algorithm 1) V1.

(d) Lifted point cloud

(majority voting, Algorithm 1) V2.

(e) GULP3R semantic Gaussian cloud V1. (f) GULP3R semantic Gaussian cloud V2.

Figure 35: Two perspective views (V1, V2) on the SfM RGB point cloud (a,b), lifted semantic(c,d),

and GULP3R semantic Gaussian cloud (e,f) for the corals dataset. Point labels are color encoded as:

blue=background, green=seafloor, red=corals.
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