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Abstract: This study evaluates three advanced segmentation models of vanilla Segment Anything Model (SAM), Fast-
SAM, and Semantic-SAM for segmentation of underwater images obtained using a remotely operated vehicle (ROV) to
provide detailed and intuitive representations of the fuel debris and surrounding structures. Experimental results demon-
strate that FastSAM achieves approximately 50 times faster performance compared to vanilla SAM while maintaining
comparable accuracy and exceptional speed. It effectively segments diverse objects, including rectangular boxes and long
bars, in images with gradually decreasing water transparency, showcasing its robust segmentation capabilities. However,
the lack of an attention framework limits FastSAM’s ability to distinguish between remaining regions, resulting in seg-
mentation outputs primarily useful for predefined ranges. These limitations highlight opportunities to refine models like
Semantic-SAM, enhancing their adaptability and versatility across diverse applications, including complex underwater
environments.
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into the Fukushima Daiichi Nuclear Power Plant (here- RS L I

inafter referred to as 1F) on March 11, 2011. This dev- ("convNets | [Transformer | (P | [Hybria || [ UE ]
astating wall of water led to a complete loss of alternat-

ing current power at the Tokyo Electric Power Company Fig. 1 Overall architecture of our system prototype.
(TEPCO)-operated facility and triggering what would

soon become one of the world’s most serious nuclear ac-

cidents. The first, second, and third reactors at 1F ex- ever, due to the unique challenges of operations in high-
perienced meltdowns, which led to a substantial quantity radiation environments, it is crucial to meticulously plan
of debris from the nuclear fuel and reactor components, the work schedule and ensure operators have a thorough
both inside and outside the containment vessel [1]. An es- understanding of the working space. Careful planning
timated 880 tons of debris remain within the containment and situational awareness are indispensable for safely ex-
vessel (PCV) [2]. The radiological levels inside are ex- ecuting these operations. To respond to these require-
tremely high, while the physical and chemical properties ments, the development of technology that can compre-
of the debris display significant heterogeneity and com- hensively visualize the work environment in three di-
plexity. Over the course of more than 40 years of long- mensions, based on investigative data, is desirable. Due
term decommissioning, the retrieval of fuel debris is con- to the limitations in two-dimensional (2D) data process-
sidered one of the most technically demanding tasks [3]. ing and visualization, there is often insufficient spa-
From a safety standpoint, it plays a crucial role in main- tial understanding derived from conventional 2D images,
taining the integrity of the containment structure to pre- which can lead to inadequate decision-making processes
vent the release of radioactive materials. The retrieval of in complex work environments. To significantly enhance
fuel debris is an unprecedented task requiring remote op- work planning quality and reduce operational risks, the
erations in high-radiation environments. Consequently, development of three-dimensional (3D) models is ex-
advanced technology and meticulous planning are essen- pected to offer a more intuitive understanding of the lo-
tial for ensuring the safe execution of this operation. cations, conditions, and spatial relationships between fuel
In developing a strategy for fuel debris retrieval, it debris and surrounding structures.

is essential to thoroughly understand the internal envi- In our research project, as reported in [4, 5], we are de-
ronment of the 1F containment vessel (PCV). Specifi- veloping a novel approach to generate a 3D model of the
cally, information obtained through direct visual inspec- work environment based on video data derived from in-
tions plays a crucial role in the detailed examination and ternal inspection processes of the 1F PCV. Our method
precise planning required for retrieval methods. How- aims to provide detailed and intuitive visualizations of

fuel debris and surrounding structures, enabling more ac-
1 Hirokazu Madokoro is the presenter of this paper. curate spatial understanding in complex operational sce-
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Table 1 Comparison of SAM frameworks

Feature Vanilla SAM  FastSAM  Semantic-SAM
Architecture  ViT CNN ViT

Speed Slow Fast Slow

Accuracy Highest Moderate  High

Semantic No No Yes

Resource High Low High
Zero-shot High Normal High

narios. Fig. 1 illustrates the overall architecture of our
system prototype. Our goal is to achieve precise 3D mod-
eling of the work environment by selectively employing
stereo reconstruction techniques that leverage extracted
features from static or video images captured at desig-
nated time slots. Our approach aims to provide detailed
and accurate visualizations of fuel debris and surround-
ing structures. Our approach focuses on constructing a
precise 3D model of the work environment by leverag-
ing detailed information about the positions and shapes
of critical structures and obstacles extracted from video
data obtained during inspections. This enables a more
accurate understanding of the workspace, enhancing the
quality of operation planning and reducing risks during
tasks against operations. Our ultimate objective in this
approach is to effectively extract spatial information from
limited observational data, thereby enhancing the safety
and efficiency of fuel debris retrieval operations. More-
over, we anticipate that advancements in decommission-
ing will be achieved by combining enhanced safety mea-
sures for workers with remote operation technologies,
which enable operations in environments with severe ra-
diation levels. In this paper, we demonstrate the poten-
tial of using semantic segmentation and instance segmen-
tation by applying deep learning frameworks to various
objects extracted from static images derived from video
footage. This serves as a preliminary step toward gener-
ating 3D models for future operations aimed at enhancing
safety and efficiency during fuel debris retrieval.

2. SEGMENTATION WITH THREE SAM
FRAMEWORKS

The Segment Anything Model (SAM) [6] is a founda-
tional framework for image segmentation [7]. While the
vanilla SAM has been widely adopted, its variants have
further expanded its applicability. These models are in-
creasingly used in diverse tasks such as object detection,
scene understanding, and 3D reconstruction, demonstrat-
ing their versatility across computer vision domains [8].
The vanilla SAM [6] utilizes a Vision Transformer (ViT)
[9] backbone to encode images and employs prompt en-
coders to handle diverse input types, such as points,
bounding boxes, and masks. While highly accurate and
versatile, the vanilla SAM is computationally intensive,
requiring substantial graphical processing unit (GPU) re-
sources and processing time that limits its suitability for
real-time applications. Its primary strength lies in zero-
shot generalization across a wide range of visual domains
[10], making it adaptable to novel tasks without retrain-
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ing. However, the model performs instance segmentation
only, lacking explicit semantic understanding [11].

SAM is a framework capable of segmenting any ob-
ject, offering broad versatility in image analysis. Its
key properties and performance characteristics have es-
tablished a transformative approach in diverse applica-
tions across image recognition and segmentation. The
advent of SAM has enabled detailed understanding of the
shapes and positions of objects in images, facilitating pre-
cise segmentation tasks that discriminate object labels in
every pixel. Although conventional segmentation mod-
els were limited to specific classes in object and stuff
segmentation [12], SAM addressed this limitation by en-
abling fine-tuning for any objects. This enhancement sig-
nificantly broadened the application range of segmenta-
tion.

One of the key properties of SAM [13] is its ability
to effectively use limited labeled data, reducing reliance
on extensive labeled datasets for unsupervised learning.
This unsupervised training mechanism substantially low-
ers the cost of gathering labeled datasets. Moreover, con-
text learning and analogical reasoning enabled SAM to
rapidly adapt to novel classes without prior learning, as
well as to enhance its generalization capability. Simul-
taneously, a novel benchmark dataset named SA-1B [13]
was proposed for performance evaluation. The thorough
and balanced performance evaluation provided by the
SA-1B dataset establishes SAM as a foundational model.
This benchmark includes a diverse range of objects and
scenes not typically found in conventional segmentation
benchmarks, thereby enabling more robust and represen-
tative performance assessment.

FastSAM [14] reduces the computational cost of the
vanilla SAM [6] by replacing its complex ViT backbone
with a lighter Convolutional Neural Network (CNN) ar-
chitecture. This optimization significantly reduces infer-
ence time from seconds to milliseconds per image while
preserving high-quality segmentation results. Moreover,
FastSAM achieves its speed improvements through ar-
chitectural optimizations and techniques like knowledge
distillation, which transfer capabilities from the larger
teacher model. While this approach sacrifices some ac-
curacy compared to the vanilla SAM, it enables real-
time applications on edge devices and mobile platforms,
making segmentation technology accessible for time-
sensitive use cases in resource-constrained environments.

Semantic-SAM [15] extends the vanilla SAM frame-
work by incorporating semantic understanding capabili-
ties, thereby overcoming its primary limitation [6]. By in-
tegrating semantic feature extraction modules, Semantic-
SAM not only identifies object boundaries but also clas-
sifies them into semantically relevant categories. More-
over, Semantic-SAM [15] integrates zero-shot segmen-
tation capabilities with pre-trained semantic knowledge,
enabling applications that demand both precise object de-
lineation and classification. The semantic enhancement
typically incurs a modest increase in computational cost
compared to the vanilla SAM but delivers substantially



Fig. 2 Segmentation results with vanilla SAM. Upper
left: input image. Upper right: instance segmentation
result. Bottom left: semantic segmentation result in-
side BB. Bottom right: panoptic segmentation result.

improved performance for tasks requiring object recog-
nition.

As shown in Table 1, each SAM variant offers dis-
tinct tradeoffs: the vanilla SAM [6] provides exceptional
accuracy and generalization at high computational cost;
FastSAM [14] sacrifices some precision for dramati-
cally improved speed and efficiency; Semantic-SAM [15]
adds valuable semantic understanding while maintain-
ing advanced segmentation quality. The choice between
these models depends on specific application require-
ments—whether prioritizing accuracy with vanilla SAM,
speed and low memory usage with FastSAM, or semantic
understanding with Semantic-SAM. These models exem-
plify the rapid evolution of foundation models in com-
puter vision, showcasing how a single architectural ap-
proach can be adapted to address diverse practical con-
straints while expanding capabilities for real-world appli-
cations. In this study, we evaluate the basic performance
and functionality of the vanilla SAM, FastSAM, and
Semantic-SAM for underwater images captured by a re-
motely operated vehicle (ROV)-mounted camera. These
images are publicly available on the official TEPCO web-
site.

3. SEGMENTATION RESULTS

3.1. Segmentation results with Vanilla SAM

Figure 2 depicts the segmentation results using the
vanilla SAM. The right upper panel shows an instance
segmentation result for all pixels in the entire region of
the input image, as illustrated in the upper left panel. Ob-
jects at the image boundaries are excluded from the seg-
mentation target due to the underwater environment and
limitations in lighting caused by low transparency. This
leads to a concentrated distribution of object instances in
the upper central and left areas. We define a BB, which
can be designated as a rectangle. The bottom left panel
shows the result of the segmentation target within the BB.
The bottom right panel displays the panoptic segmenta-
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Fig. 3 Segmentation results using vanilla SAM with
point-based interactions. Upper left and right: seg-
mentation results of different masks generated from
multiple points in the same positive region. Bottom
left: segmentation result with both positive and nega-
tive points. Bottom right: segmentation result inside
of the BB with negative point.

tion result, where all pixels are labeled using the vanilla
SAM.

The vanilla SAM includes functions that allow users
to instruct their intentions through minimal interactions,
specifying positive and negative points using a mouse in-
terface. We validated the effectiveness of segmentation
using these pointing designations because it is not unre-
alistic to obtain ground truth (GT) annotations for each
pixel of objects in states like those found after the core
meltdown at the 1F. Fig. 3 depicts segmentation results
for three types: using only positive points, both positive
and negative points, and only negative points inside the
BB. The upper left and right panels depict segmentation
results obtained using the only positive point of different
mask with the multiple mask option. The green mark-
ers in the image indicate the positive points provided
through mouse clicks. In the left area of the image, re-
gions with similar properties are segmented as indepen-
dent instances.

The bottom-left panel shows the segmentation result
using the negative points designated in the central region
of the image. These points are marked by red star marks.
In regions without segmentation, no distinct features are
visible. As a result, the bounding box (BB) within the
green-colored rectangular frames shown in the experi-
mental results on the right panel is defined based on the
partial positive regions identified in the segmentation out-
put of the bottom-left panel. These regions are now des-
ignated as negative. The segmentation results for the left
and right sides of the pillar structure differed.

3.2. Segmentation results with FastSAM

One of the challenges associated with SAM is its high
computational demand. In environments where GPUs are
not readily available or when immediate response is re-
quired, this demand can become a limiting factor. This



Fig. 4 Instance segmentation result using FastSAM for
highly transparent images

experiment evaluates FastSAM for real-time processing
of large-scale ROV video data, addressing the need for
rapid analysis. FastSAM addresses the computational
burden of vanilla SAM by incorporating a Transformer
backbone architecture, which decomposes the segmen-
tation task into two steps. In the first step, it performs
full instance segmentation across all objects. In the
second step, it leverages prompts as instructions to re-
fine or guide the segmentation process. Recently, You
Only Look Once (YOLO) has become a well-known ob-
ject detection model based on CNN backbones. Using
YOLOV8-seg, a model from the YOLO family [16], Fast-
SAM performs instance segmentation across the entire
target image. Following this approach, point prompt-
ing, box prompting, and text prompting are used to se-
lect specific regions of interest. This method enables
precise identification of target objects. Compared to the
vanilla SAM, FastSAM demonstrates approximately 50
times faster inference speed while maintaining equiva-
lent accuracy. Comparison experiments across multiple
benchmark datasets revealed that FastSAM achieves out-
standing high-speed performance while preserving com-
parable accuracy and efficiency relative to vanilla SAM.
Furthermore, its enhanced usability makes it well-suited
for real-world applications such as anomaly detection,
small-object tracking, and salient object segmentation.

FastSAM performs BB extraction and instance seg-
mentation in parallel. Fig. 4 depicts the instance segmen-
tation results achieved using FastSAM. The upper-right
and bottom-left panels show the results obtained by ad-
justing meta-parameters to control the granularity of the
extracted instances. The bottom-right panel displays the
result obtained by applying a different scene image while
maintaining the same temperature settings as those in
the central panel. Although FastSAM can extract highly
salient regions, it is unable to partition the remaining ar-
eas into distinct instances. Consequently, the results are
limited to expressing feedback for fixed ranges because
FastSAM lacks an attention framework, which leads to
the use of CNN-based backbones prioritizing rapid pro-
cessing over precision.

We subsequently applied FastSAM to two images fea-
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Fig. 5 Segmentation results using FastSAM in low trans-
parency scenes. Left: segmentation for low trans-
parency images. Right: segmentation for very low
transparency images.

turing gradually decreasing transparency in water: one
with moderate transparency and the other with very low
transparency. The left panels in Fig. 5 depict seg-
mentation results for the moderately transparent image.
FastSAM effectively segmented parts of both rectangular
boxes and long bars, demonstrating its robust segmen-
tation capabilities. The right panels show segmentation
results for the very low transparency image, where the
bounding box (BB) encompasses the entire image. While
these results classify water regions as objects, it should
be noted that water is typically categorized as a ”stuff” or
“substance” class in many open benchmarks. As such,
FastSAM provides panoptic segmentation results [13],
combining instance and semantic segmentation. In con-
trast, instances are extracted based on the overlap be-
tween BBs and water regions. As the temperature param-
eter changes, the extracted targets vary; however, the nuts
located in the central and left regions remain consistently
identified. In this case, the results in the left panels show
that the nuts are divided into two independent regions.

3.3. Segmentation results with Semantic-SAM

Semantic-SAM [15] is a groundbreaking image seg-
mentation model that recognizes objects and their seg-
mented parts with high granularity. Semantic-SAM com-
prises two core features. The first enables the extrac-
tion of detailed semantic information, allowing it to dis-
tinguish objects and their partial classes by integrating
datasets at varying levels of granularity. The second
feature supports multi-granularity correspondence, which
can be achieved through the combination of multiple GT
masks with single-instance mask generation via interac-
tions such as mouse clicking. This capability arises from
the introduction of multi-granularity training during the
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pre-training phase.

Semantic-SAM was trained not only during its pre-
training phase using the SA-1B datasets proposed and
curated in the original SAM study but also through
continual pre-training with supplementary datasets, in-
cluding generic segmentation datasets and partial ob-
ject segmentation datasets. This multi-step training
enables Semantic-SAM to perform semantic recogni-
tion and multi-granularity classification. Furthermore,
Semantic-SAM demonstrates enhanced accuracy and ef-
ficiency compared to vanilla SAM by leveraging the SA-
1B dataset in conjunction with additional datasets across
multiple segmentation tasks, including panoptic segmen-
tation [13] and part segmentation [17]. Semantic-SAM
addresses the limitation of fixed granularity in conven-
tional segmentation models by offering multi-granularity
segmentation capabilities. This flexibility enhances ob-
ject recognition and contextual understanding across a
wide range of applications.

Figure 6 displays segmentation results with object
and stuff automatically assigned labels achieved using
Semantic-SAM. For each image, the upper panels show
the input images, the middle panels depict the segmenta-
tion outputs, and the bottom panels highlight the labeled
segmentation results. The difference in instance granu-
larity between the central and right panels arises from the
omission of certain results in the right panel, particularly
for tiny instances that lack distinct regions for labeling.

The limitation stems from the labeling strategy during
SAM pre-training, particularly within the spatial range of
the input images. We propose that this challenge can be
mitigated through supervised fine-tuning (SFT) using our
original image datasets collected under the 1F environ-
ment. This approach enables dynamic label reallocation
and enhanced contextual learning. However, the effort
required for annotation-based label adjustments, along
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with the computational cost of training, introduces ad-
ditional challenges. As a post-processing step following
SFT, the integration of the Retrieval Augmented Genera-
tion (RAG) framework may facilitate automatic label re-
allocation without modifying weight parameters. This
is achieved through continual pre-training, which pre-
serves model efficiency while improving adaptability to
new tasks.

4. CONCLUSION

This study evaluated three advanced segmentation
models of the vanilla SAM, FastSAM, and Semantic-
SAM for ROV underwater images to provide detailed and
intuitive representations of fuel debris and surrounding
structures at 1F PCV. The experimental results demon-
strated that FastSAM achieved approximately 50 times
faster inference speed compared to vanilla SAM while
preserving comparable accuracy and strong real-time ca-
pabilities. It effectively segments various objects, includ-
ing rectangular boxes and long bars, in images with pro-
gressively reduced water opacity, showcasing its robust
segmentation capabilities. However, FastSAM lacks an
attention framework, which limits its capacity to accu-
rately segment remaining areas as separate instances. Al-
though the results were primarily focused on fixed-range
scenarios, Semantic-SAM addresses the inherent limita-
tion of fixed granularity in traditional models by enabling
flexible segmentation across different granularities.

Future tasks include addressing identified limitations,
such as label assignment during SAM pre-training, which
can be alleviated through SFT using original image
datasets. Future research should aim to optimize the
trade-offs among processing speed, accuracy, and seman-
tic understanding in image segmentation models, partic-
ularly in the context of complex and dynamic real-world



environments. This includes underwater images obtained
from ROVs at 1F, which are critical for subsequent op-
erations aimed at enhancing safety and efficiency in fuel
debris retrieval, which remain a central objective in the
long-term decommissioning strategy of the facility.
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