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Abstract

Semantic 3D indoor mapping often depends on supervised learning and large annotated datasets, limiting scalability across diverse
environments. This work introduces a category-specific prompt strategy for semantic 3D mapping using RGB-D cameras, integ-
rating RGB-D SLAM with the Segment Anything Model 2 (SAM2) to enable annotation-efficient reconstruction. Keyframes and
trajectories extracted from SLAM provide spatial references, while SAM2 performs zero-shot segmentation guided by a Category-
Wise Prompt Segmentation Strategy (CPSS), which segments structural and functional elements (e.g., floors, doors, staircases) by
category to reduce prompt interference and manual effort. The segmented keyframes are then fused with depth and pose data to
produce instance-level semantic point clouds. Experiments on custom RGB-D sequences and selected ScanNet scenes demonstrate
centimeter-scale geometric consistency and strong semantic consistency, with mloU values up to 0.89 on the custom dataset and
0.98 on ScanNet. The resulting semantic point clouds are clean, structured, and require minimal post-processing, showing that the
proposed strategy provides an efficient and scalable solution for semantic 3D indoor mapping without retraining or environment-

specific supervision.

1. Introduction

Constructing accurate and semantically rich 3D maps is es-
sential for many indoor applications, including digital twins,
building modeling, and facility management. Such maps integ-
rate geometric structure with semantic labels, enabling down-
stream tasks such as building information modeling (BIM), spa-
tial analysis, and robotic operation in general. With the wide-
spread use of low-cost RGB-D sensors and recent advances in
prompt-based segmentation, it is now feasible to explore scal-
able strategies for producing semantic maps without large an-
notated datasets.

However, generating such maps in a scalable and robust man-
ner remains challenging. Existing 3D semantic mapping meth-
ods primarily rely on supervised deep learning models that
require large annotated datasets (Qi et al., 2017a, Qi et al.,
2017b), which are costly to produce, especially in large or dy-
namic indoor environments. Although unsupervised (Landrieu
and Simonovsky, 2018), self-supervised (Xie et al., 2020), and
semi-supervised methods (Xu and Lee, 2020) reduce annota-
tion needs, they often struggle to achieve fine-grained accuracy
or maintain robust generalization across diverse scenes.

Prompt engineering has recently emerged as a promising way
to guide large-scale models toward specific tasks without re-
training. In computer vision, the Segment Anything Model
(SAM) (Kirillov et al., 2023, He et al., 2025) and its improved
version SAM2 (Ravi et al., 2024) enable zero-shot segmenta-
tion based on simple prompts (e.g., points, boxes, or text) and
achieve strong generalization even in unseen scenes. This opens
new possibilities for low-cost segmentation of indoor elements.
Early attempts to extend the original SAM to 3D scenes include
SAM3D (Yang et al., 2023), which aggregates SAM-based 2D
masks across multiple views. However, current prompt-based
segmentation operates mainly on 2D images. Projecting 2D

results into 3D requires accurate depth alignment across frames,
which introduces high computational overhead and error accu-
mulation when processing all RGB-D frames.

Therefore, selecting keyframes with reliable camera poses is
crucial to reduce computation while maintaining accuracy in
continuous RGB-D sequences (Yarovoi and Cho, 2024). In
this work, we leverage RGB-D SLAM frameworks to ob-
tain accurate camera trajectories and keyframes for efficient
3D semantic mapping. Specifically, ORB-SLAM3 (Campos
et al., 2021) is used for our custom dataset, while the Scan-
Net benchmark provides precomputed poses from BundleFu-
sion (Dai et al., 2017b). While semantic maps can support many
tasks—including navigation, BIM conversion, and digital twin
construction—in this work we focus on the core methodolo-
gical problem: how to efficiently construct instance-level 3D
semantic maps from RGB-D video with minimal annotation
and no retraining.

The main contribution of this work is a prompt-based strategy
for 3D semantic mapping of indoor structural and functional
elements using RGB-D video data. The proposed framework
leverages zero-shot segmentation and RGB-D SLAM-derived
poses to generate accurate instance-level semantic point clouds
with minimal manual prompting and no task-specific retrain-
ing. To further improve segmentation consistency, we intro-
duce a Category-Wise Prompt Segmentation Strategy (CPSS),
which performs prompt-based segmentation separately for each
semantic category rather than jointly across all classes. Ex-
perimental results demonstrate that the proposed strategy ef-
fectively mitigates cross-category interference, reduces prompt
effort, and improves the overall reliability of 3D semantic la-
beling. Furthermore, CPSS offers a practical and scalable work-
flow for applying prompt-based segmentation to large-scale in-
door semantic mapping.
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(a) RGB-D SLAM Processing

(b) SAM2 Semantic Segmentation

(c) 2D-to-3D Fusion
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Figure 1. Overview of the proposed pipeline: (a) keyframe and trajectory extraction using RGB-D SLAM; (b) prompt-based semantic
segmentation of RGB keyframes with SAM2 using the CPSS strategy; (c) 2D-3D fusion to generate instance-labeled 3D point clouds.

2. Related Work

Semantic 3D indoor mapping has been approached by extend-
ing SLAM pipelines with semantic perception. In these meth-
ods, object detectors or segmentation networks are integrated
into RGB-D SLAM (Campos et al., 2021) to enrich geomet-
ric maps with semantic labels (Bescos et al., 2018, Chen et al.,
2023). While effective, such systems rely on supervised models
requiring large annotated datasets and often generalize poorly to
unseen indoor environments. Furthermore, coupling semantic
inference with tracking increases computational overhead and
limits scalability in dense or long-term mapping scenarios.

An alternative direction is to perform semantic segmentation
directly on 3D point clouds. Deep-learning-based approaches
such as PointNet++ learn hierarchical geometric features (Qi
et al., 2017b), while unsupervised and weakly supervised vari-
ants (Xie et al., 2020) aim to reduce annotation requirements.
However, dense 3D segmentation remains computationally de-
manding and difficult to scale to large indoor spaces. In addi-
tion, existing models often struggle with fine-grained instance
differentiation and semantic consistency, especially for indoor
structural and functional elements that exhibit similar geometry
or appear in close proximity.

In recent years, prompt engineering has emerged as a prom-
ising way to reduce annotation dependency by guiding large-
scale pre-trained models toward specific tasks without retrain-
ing (Wang et al., 2023, Brown et al., 2020). In computer vis-
ion, the Segment Anything Model (SAM) (Kirillov et al., 2023)
enables zero-shot segmentation from simple prompts such as
points, boxes, or text. Its successor SAM2 (Ravi et al., 2024)
extends this capability to video with improved temporal consist-
ency and segmentation quality, making it suitable for RGB-D
sequences in indoor environments.

Recent studies have explored integrating SAM-based 2D
segmentation with 3D scene reconstruction. For example,
SAI3D (Yin et al., 2024) combines SAM-generated masks with
geometric priors for zero-shot 3D segmentation, while other
works project 3D point clouds into 2D views to leverage the

strong generalization capability of SAM (Kang et al., 2024,
Wang et al., 2022). SAM2Point (Guo et al., 2024) further
converts point clouds into voxelized video representations for
SAM2-based segmentation. However, these approaches remain
constrained by view dependency, geometric detail loss during
projection, and high computational overhead, which limit their
scalability for complex indoor mapping tasks.

To address these limitations, we propose an offline approach
for indoor 3D semantic mapping that emphasizes scalability
and minimizes manual effort. By applying category-specific
prompts to structural and functional elements (e.g., doors,
walls, staircases), the method derives reliable instance-level
semantics from RGB video sequences without environment-
specific retraining.

3. Methodology

The workflow of the proposed method is illustrated in Figure 1,
with each step detailed in Sections 3.1-3.3.

3.1 RGB-D SLAM Processing

This stage uses an existing RGB-D SLAM module to obtain
camera trajectories and keyframes as spatial references for sub-
sequent semantic processing. For the custom RGB-D data-
set, ORB-SLAM3 (Campos et al., 2021) is adopted as the
localization and mapping backbone. An extended version of
ORB-SLAM3 (Hou et al., 2023), which supports dense point-
cloud reconstruction and is adapted to the Intel RealSense D455
sensor, is employed to process the RGB-D streams without
modifying the core algorithm. The resulting keyframes and
camera poses provide the spatial foundation for subsequent se-
mantic segmentation and 3D fusion.

For experiments on the ScanNet dataset (Dai et al., 2017a), we
do not re-run SLAM. Instead, we use the precomputed camera
poses provided by BundleFusion (Dai et al., 2017b). To reduce
redundancy in 3D reconstruction, keyframes are extracted from
ScanNet sequences by referencing the keyframe selection prin-
ciples of ORB-SLAM3. Specifically, a new keyframe is added
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when the camera translates more than 0.10 m, rotates over 10°,
or after 20 frames, while frames with a valid depth ratio below
0.3 within the 0.2-4.0 m range are discarded.

In summary, the SLAM module is an off-the-shelf compon-
ent that provides reliable spatial and temporal alignment, while
the subsequent stages—prompt-based segmentation and 2D-to-
3D fusion—constitute the main methodological contributions
of this work.

3.2 SAM2-based Semantic Segmentation

After obtaining RGB keyframes, depth keyframes, and cam-
era trajectories based on the method presented in Section 3.1,
the next stage leverages RGB keyframes as input to SAM?2 for
prompt-based interactive segmentation. In this work, SAM2
is used in its original form, and our contribution focuses on
the category-wise organization of prompts. Here, points are
used as prompts, as supported by SAM2 (Ravi et al., 2024),
which performs zero-shot segmentation from simple user in-
puts (e.g., points, boxes, or text) and generalizes well even in
unseen scenes.

However, prompting multiple heterogeneous categories within
the same frame increases prediction and tracking uncertainty,
which may cause ambiguous boundaries, segmentation drift, or
incorrect mask propagation.

To achieve more accurate instance-level segmentation of in-
door structural and functional elements, we propose a Category-
Wise Prompt Segmentation Strategy (CPSS), where different
element categories are segmented independently, for example,
only doors are segmented when extracting doors, and only walls
are considered when extracting walls. The hierarchical relation-
ships among these categories and their corresponding instances
are illustrated in Figure 2. Finally, temporally consistent in-
stance masks (masklets) from all categories are merged to pro-
duce a complete 2D instance-level semantic mask.

Taking doors in a corridor as an example, the segmentation pro-
cess consists of two key stages, as illustrated in Figure 3. First
is the initial selection. In the first keyframe, all visible doors
are individually prompted to ensure instance-level segmenta-
tion. As shown in Figure 3, green markers are used as positive
prompts to specify the target doors, while red markers serve as
optional negative prompts to refine the segmentation by exclud-
ing adjacent or overlapping structures when finer granularity
is required. Each successfully segmented door is assigned a
unique instance ID to distinguish it from other objects of the
same category. Once all visible doors are accurately identified
in the first frame, SAM2 propagates the segmentation results
across continuous frames (blue arrows), forming masklets that
maintain temporal consistency. However, when segmentation
quality degrades due to occlusions, illumination changes, or
complex scene geometry, SAM2 may lose track of the object
in subsequent frames. In such cases, additional prompts can be
manually provided in a later frame (red arrow) to restore accur-
acy and continue the propagation.

Then, during the refinement stage, if segmentation inconsisten-
cies arise, additional prompts in a later frame (e.g., Frame 3)
are added to recover the lost segmentation and resume propaga-
tion. When a previously unseen door appears in the scene, a
new prompt is added to initialize its segmentation, and a new
unique instance ID is assigned to ensure it is tracked as a dis-
tinct object. This correction and initialization mechanism sig-
nificantly reduces annotation effort compared to conventional

segmentation methods. By leveraging the memory of SAM2,
the proposed method enables efficient and robust instance-level
segmentation with minimal manual intervention, ensuring im-
proved accuracy and continuity in large-scale indoor environ-
ments.

Although CPSS segments categories sequentially, it reduces the
overall interaction effort by avoiding error propagation and re-
peated corrections that often occur when prompting multiple
heterogeneous objects simultaneously. Through this interactive
segmentation strategy, we obtain temporally consistent mask-
lets of large-scale structural elements in indoor environments.
These segmented keyframes provide clean, well-structured se-
mantic inputs, serving as a reliable foundation for subsequent
2D-to-3D fusion in the semantic indoor mapping process.

An ablation study is conducted to evaluate the contribution of
the proposed CPSS strategy. On the ScanNet dataset, we com-
pare multi-category and category-wise prompting in terms of
mean IoU, corrections, and prompt effort, aiming to demon-
strate the effectiveness of CPSS in improving segmentation
consistency and efficiency.

@ @ . -

Figure 2. Category-wise organization of indoor elements in a

dynamic corridor scene, with categories in the inner layer and
instances in the outer layer.

Figure 3. Prompt-based instance-level segmentation with
SAM2: a case study on corridor doors.

3.3 2D-to-3D Fusion

The 2D-to-3D fusion module integrates outputs from the pre-
vious stages—semantic keyframes, depth keyframes, and key-
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frame trajectories—to generate instance-level 3D semantic
point clouds of indoor environments.

Each depth keyframe is reprojected into the global coordinate
frame using the corresponding camera pose and intrinsic para-
meters. Invalid depth values are filtered by constraining the
valid range between 0.1 m and 5 m to remove out-of-range
measurements. For each valid pixel coordinate (u,v) in the
RGB keyframe with depth D (u, v), the corresponding 3D point
(X,Y, Z) in the camera coordinate system is computed as:

where (uo, vo) are the principal point coordinates and ( fz, fy)
are the focal lengths.

The local point clouds reconstructed from individual keyframes
are then aligned into a global coordinate system using their as-
sociated keyframe poses. During this process, the semantic
masks generated by CPSS (e.g., doors, walls, staircases) are
projected into 3D space, assigning both semantic category la-
bels and unique instance IDs to the corresponding 3D points.

Ambiguous or overlapping 2D mask regions are filtered prior to
2D-to-3D projection to avoid label conflicts. After mask mer-
ging and filtering, 2D masks are projected into 3D space sep-
arately for each semantic category. Voxel grid downsampling
with a voxel size of 2 cm is then applied independently to each
category-specific point cloud to balance point density and struc-
tural detail.

A subsequent lightweight post-processing step removes outliers
and residual noise introduced by sensor depth errors. The res-
ulting clean, instance-level semantic point cloud serves as the
final output of the mapping framework, enabling downstream
tasks such as geometry modeling, structural analysis, and in-
door spatial reasoning.

4. Experiments and Results

The experiments were conducted primarily in a Google Colab
environment equipped with an NVIDIA A100 GPU (40 GB
VRAM) and approximately 90 GB of system RAM. Point cloud
post-processing was performed in a standard Ubuntu environ-
ment. All ablation experiments were conducted by the same
operator to ensure consistent interaction conditions.

4.1 Experimental Dataset

ScanNet (Dai et al., 2017a) is a widely used RGB-D bench-
mark for evaluating semantic mapping methods, but it focuses
mainly on object-level understanding and offers limited cover-
age of large structural elements such as corridors and staircases.
To better target these components, we constructed a custom in-
door dataset tailored for structural semantic mapping. For gen-
eralizability in public benchmarks, we evaluated our method on
selected ScanNet scenes.

For the custom dataset, three representative indoor scenes were
recorded: a corridor, a transition space containing staircases and
elevator areas, and an office, as illustrated in Figure 4. In addi-
tion, a dynamic corridor sequence with moving pedestrians was

Office

Staircase area Entrance area Elevator arear
Figure 4. Illustration of the customized indoor environments
used in our experiments. All scenes were recorded using an Intel

RealSense D455 RGB-D camera (Hiibner et al., 2023).

scene0052_00

scene0035_00 scene0087_00

Figure 5. Representative indoor scenes from the ScanNet dataset
used for ablation experiments.

captured to simulate real-world occlusions and dynamic inter-
ference. Table 1 summarizes the RGB-D recordings used in the
experiments.

To complement the custom dataset and assess the generaliza-
tion capability of the proposed framework, we further evalu-
ated our method on three representative indoor scenes from the
ScanNet dataset (Dai et al., 2017a). The dataset provides RGB-
D image sequences and globally optimized camera trajector-
ies computed by BundleFusion (Dai et al., 2017b). The selec-
ted scenes include a bedroom (scene0035_00), an unfurnished
room (scene0052_00), and a living room (scene0087_00), rep-
resenting diverse spatial layouts and object densities. Figure 5
illustrates the reconstructed meshes of these scenes used for the
ablation study between multi-category prompting and the pro-
posed CPSS strategy.

4.2 Evaluation Metrics

We evaluate the reconstructed semantic point clouds from two
perspectives. First, relative geometric alignment is assessed by
computing the cloud-to-cloud distance between the reconstruc-
ted point clouds and reference point clouds acquired with an
industrial-grade laser scanning system. The mean distance and
standard deviation are reported as alignment metrics.

Second, segmentation quality is evaluated using the Intersection
over Union (IoU), computed per semantic class between the re-
constructed and manually annotated ground truth point clouds:

|P NG|

ToU =
oU |[PUG|’

(@)

where P and G denote the reconstructed and ground truth point
sets, respectively. A reconstructed point p; € P is considered
overlapping with a ground truth point g; € G if their Euclidean
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Scene Area (m?) | Duration (s) | Trajectory (m) | Keyframes | Avg. Prompt Frames / Instance | Avg. Points / Prompt Frame
Static Corridor 67 95 33.85 167 1.32

Transition Space 107 113 48.45 191 242 4.76

Office 58 63 20.44 92 1.00 3.25

Dynamic Corridor 67 94 34.23 168 1.19 4.06

Table 1. Summary of the custom RGB-D recordings used in the experiments.

distance satisfies:

Ipi = gill2 < 1o, (3)
where 77, is the overlap threshold.

To ensure consistency across all scenes, 77, was defined as
three times the average standard deviation of the cloud-to-cloud
distances computed between the reconstructed and ground-truth
point clouds across all scenes, resulting in a unified threshold of
TIoU = 0.141 m.

It should also be noted that the reconstructed scenes were eval-
uated only on elements consistently present in both the recon-
struction and the ground-truth data. For example, in the trans-
ition space, the doors had been modified during subsequent
renovations, and their states (e.g., open vs. closed) differed
from those in the ground-truth scan. To ensure fair evaluation,
door regions in this scene were excluded from the comparison.

For the ScanNet dataset, the same evaluation procedure was ap-
plied. Since the provided camera poses from BundleFusion en-
sure highly accurate spatial alignment, the focus was placed on
assessing semantic segmentation performance rather than geo-
metric reconstruction accuracy. The ground-truth annotations
provided by ScanNet were used for semantic evaluation, with
a unified overlap threshold of 77,y = 0.050 m applied to all
scenes.

4.3 Visualization of Results

Figure 6 shows representative SAM2-based 2D segmentation
results produced with the proposed CPSS strategy. Instance
masklets are overlaid on RGB frames, and sequential examples
are shown across different environments. The segmented key-
frames produced by CPSS yield clean and temporally consist-
ent semantic inputs for 3D fusion. Figure 7 illustrates examples
of the resulting 3D semantic maps and their comparison with
ground truth.

Figure 8 presents additional qualitative results on ScanNet,
complementing the quantitative analysis in Table 3. The
ablation results exhibit confusion between cabinet and table
classes in scene0035_00 and incomplete wall segments in
scene0052_00 and scene0087_00. In contrast, CPSS yields
cleaner and more coherent structures. Interestingly, in certain
regions such as walls, doors, and radiators, both methods even
exhibit sharper boundaries than the ScanNet ground-truth an-
notations.

4.4 Evaluation of the Results

Evaluation on the custom dataset. According to the met-
rics in Section 4.2, the mean cloud-to-cloud distances for the
static corridor, transition space, office, and dynamic corridor
are 0.036 m, 0.042 m, 0.104 m, and 0.045 m, with standard de-
viations of 0.031 m, 0.040 m, 0.081 m, and 0.036 m. These
values indicate centimeter-scale geometric consistency with the
ground truth across most scenes.

Figure 6. Representative 2D segmentation results using the
proposed CPSS strategy. Instance masklets are overlaid on RGB
frames, with two-row sequences shown for each scene.

Quantitative and qualitative segmentation results are summar-
ized in Table 2 and Figure 7. The static and dynamic corridors
both achieve 0.89 mloU, showing that dynamic elements have
limited impact on segmentation quality. The transition space
attains 0.87 mloU, while the office yields a lower 0.76 mloU,
mainly due to depth-sensing noise on glass surfaces and wall
gaps caused by door occlusions.

Figure 7 further illustrates the reconstructed semantic point
clouds compared with ground truth, showing high completeness
for major structural and functional elements, including floors,
walls, doors, staircases, and the elevator.

Evaluation on the ScanNet dataset. To further validate the
generalization of the proposed framework, additional experi-
ments were conducted on three representative ScanNet scenes
(scene0035_00, scene0052_00, and scene0087_00).

Table 3 compares the prompt effort and correction requirements
between multi-category prompting (Ablation) and the proposed
CPSS strategy. Correction Frames correspond to the refinement
steps described in Section 3.2, where additional prompts were
added to recover segmentation drift or lost masks. With sub-
stantially fewer prompt frames and points, CPSS achieves com-
parable or higher IoU scores. On average, CPSS required 1.2
prompt frames per instance and 4.7 prompt points per prompt
frame, while the ablation setting required 1.3 prompt frames
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Scene Floor | Door | Wall | Window

Staircase

Elevator | Bench | Cabinet | Column | mloU

092 | 0.92
094 | 0.86
0.91 -

092 | 0.80

0.92
0.91
0.79
0.64

0.82
0.83

Static Corridor
Dynamic Corridor
Transition Space

Office 0.68

0.92 0.90 0.83
- - 0.91 0.93 0.86
0.92 0.85 - - -

0.89
0.89
0.87
0.76

Table 2. Quantitative evaluation results (IoU and mloU) across different indoor scenes in the custom dataset.

Static
Corridor

Transition
Space

Office

Dynamic
Corridor

Ground Truth Reconstructed 3D Semantic Maps
I so0r Staircase [ Wall EBlevator [ Window
B oo cabinet  [JHl Bench cotumn  [JH pedestrian

Figure 7. Qualitative comparison between reconstructed 3D
semantic maps and ground-truth. Instances of the same category
share a color while retaining unique instance IDs.

and 15.6 prompt points per prompt frame. This corresponds
to an approximately fourfold reduction in overall prompt ef-
fort when using CPSS. Table 4 presents per-category IoU res-
ults under the same experimental settings as Table 3. Overall,
CPSS achieves slightly higher segmentation accuracy, with im-
proved structural completeness and fewer category-level mis-
classifications, particularly in regions such as cabinets, tables,
and walls. These results, together with the qualitative examples
in Figure 8, confirm that CPSS effectively balances segmenta-
tion accuracy and annotation efficiency across different envir-
onments.

5. Discussion

This work integrates RGB-D SLAM with SAM2 in a prompt-
based framework to generate semantic 3D point clouds of
indoor structural and functional elements. The proposed
Category-Wise Prompt Segmentation Strategy (CPSS) reduces
prompt interference and annotation effort while maintaining
instance-level consistency.

Experiments show that the framework achieves centimeter-
scale geometric consistency and high semantic consistency
across various indoor environments using low-cost RGB-D
sensors. Key structural components such as floors, walls,
and doors are accurately reconstructed, and the transition
space—with staircases and elevator areas—also maintains
stable segmentation performance, indicating the robustness of
CPSS in complex structural areas.

Evaluation on ScanNet further demonstrates the generalization
capability of the approach. Across three representative scenes,
CPSS achieves equal or higher mloU than the multi-category
prompting baseline while requiring substantially fewer correc-
tion frames and prompt points. Qualitative comparisons con-
firm cleaner instance boundaries and more coherent structural
elements, occasionally exceeding ScanNet ground-truth bound-
ary precision. On average, CPSS required only 1.2 prompt
frames per instance and 4.7 prompt points per frame, reflect-
ing a significant reduction in manual effort.

In the dynamic corridor sequence, segmentation of static struc-
tures remained accurate despite pedestrian motion. Keyframe
selection avoids heavily occluded frames, and prompt-based
control prevents moving objects from influencing the final map,
demonstrating robustness to moderate indoor dynamics.

CPSS also reduces manual interaction across the custom data-
set, typically requiring fewer than two keyframes and about five
prompt points per instance. Combined with strong generaliza-
tion on ScanNet, this highlights the scalability of the framework
for large-scale or diverse indoor datasets.

Some scene-dependent limitations persist. The office environ-
ment shows lower mloU primarily due to depth noise on reflect-
ive surfaces and reconstruction gaps from occlusions, suggest-
ing that RGB-D mapping could benefit from improved depth
filtering or sensor fusion.

Beyond segmentation accuracy, the resulting instance-level se-
mantic point clouds support downstream applications such as
efficient 3D annotation, Scan-to-BIM workflows, as illustrated
in Figure 9, and integration into digital twin systems. By redu-
cing annotation effort while preserving structural consistency,
CPSS offers a practical and scalable solution for semantic 3D
mapping in indoor environments.

6. Conclusion

This study presented a prompt-based 3D semantic mapping
framework for instance-level segmentation of indoor structural
and functional elements. The proposed Category-Wise Prompt
Segmentation Strategy (CPSS) reduces cross-category interfer-
ence and significantly lowers manual prompting effort while
maintaining temporally consistent masks.

Experiments on custom RGB-D sequences and the ScanNet
benchmark demonstrate centimeter-scale geometric consist-
ency and strong semantic performance (mloU up to 0.89 on
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Figure 8. Qualitative comparison of 3D semantic mapping on selected ScanNet scenes, showing ground truth, ablation results, and the
proposed CPSS. Instance colors follow ScanNet labels. CPSS produces cleaner segmentation with fewer prompts (see Tables 3 and 4).
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Figure 9. Lightweight BIM models reconstructed from the
segmented semantic point clouds.

the custom dataset and 0.98 on ScanNet). Compared to multi-
category prompting, CPSS achieves similar or improved per-
class IoU with substantially fewer prompts.

The results confirm that accurate and semantically meaning-
ful 3D maps can be constructed from RGB-D video data
without retraining or environment-specific supervision, provid-
ing a practical solution for semantic indoor mapping tasks.

Future work will explore automatic prompt generation and
further enhance robustness in more complex and large-scale

environments, particularly under challenging sensing and scene
conditions.
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