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Abstract -

Automated point cloud understanding is critical for mod-
ern digital construction workflows, yet existing datasets fo-
cus predominantly on architectural elements, leaving com-
plex mechanical, electrical, and plumbing (MEP) systems
severely underrepresented. This paper introduces Indus-
trial3D, the first large-scale, high-fidelity dataset specifically
designed for industrial MEP scene understanding. Indus-
trial3D comprises over 610 million expertly labeled points
across 13 water treatment facilities, captured at 6mm terres-
trial LiDAR resolution with 12 specialized MEP and struc-
tural classes, representing 4x the scale of existing construc-
tion datasets. The dataset exhibits extreme class imbalance
(215:1 ratio) and geometric ambiguity where over 86% of
tail-class points share cylindrical primitives with the domi-
nant pipe class, creating systematic challenges absent in ar-
chitectural benchmarks. We evaluate representative meth-
ods across learning paradigms, including fully-supervised
approaches (KPConv, ResPointNet++, PosPool, and a class-
balanced variant) and unsupervised methods (GrowSP). Our
evaluation reveals that current state-of-the-art methods face
significant limitations in specialized industrial domains, par-
ticularly for small, functionally critical components such as
valves, strainers, and reducers. Fully-supervised methods
achieve approximately 53-54% mloU, while unsupervised
GrowSP reaches only 11.7% mloU and fails completely on
most tail classes. These results point to research opportuni-
ties in long-tailed learning and geometry-aware segmentation
for industrial scenes. Industrial3D provides a resource for
advancing automated construction verification and Scan-to-
BIM workflows. Dataset and code will be publicly available
at: https://github.com/pointcloudyc/Industrial3D,
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1 Introduction

Automated point cloud understanding is essential for
modern digital construction workflows, including as-built
verification, progress monitoring, and automated Build-
ing Information Model (BIM) generation [} [2]. Terres-
trial laser scanning (TLS) has become the standard for
rapid, high-fidelity 3D data acquisition, capturing billions
of geometric measurements of complex mechanical, elec-
trical, and plumbing (MEP) systems. However, a critical
bottleneck persists: transforming raw point clouds into ac-
tionable semantic understanding remains challenging, par-
ticularly for complex industrial environments where MEP
systems exhibit intricate geometric relationships, extreme
scale variations, and severe occlusion.

Consider a typical water treatment facility: pipes with
identical cylindrical geometry serve different functions,
small components like valves are embedded within larger
structural systems, and dense equipment arrangements cre-
ate challenging visibility conditions. Current point cloud
understanding methods achieve strong results on architec-
tural datasets like S3DIS [3] and ScanNet [4]], but struggle
with the specialized demands of industrial MEP environ-
ments. Existing datasets exhibit three fundamental limi-
tations: (1) domain mismatch, focusing on furniture and
architectural elements rather than MEP systems; (2) in-
sufficient scale, with inadequate point density and scene
complexity for fine-grained industrial analysis; and (3) lim-
ited class diversity, lacking specialized MEP components
critical for construction applications.

To address these limitations, we introduce Industrial3D,
the first large-scale, high-fidelity dataset specifically de-
signed for industrial MEP scene understanding. Indus-
trial3D comprises over 610 million expertly labeled points
across 13 water treatment facilities, captured at 6mm TLS
resolution with 12 specialized MEP and structural classes.
We also evaluate representative methods across learning
paradigms, including fully-supervised approaches (KP-
Conv [5], ResPointNet++ [|6], PosPool [7], and a class-


https://github.com/pointcloudyc/Industrial3D

balanced variant using CB loss [8]) and the unsupervised
method GrowSP [9]], providing baseline performance met-
rics and analysis of domain-specific challenges.

2 Related Work
2.1 Point Cloud Datasets

Large-scale annotated datasets have driven progress in
point cloud understanding. S3DIS [3]] provides 273 mil-
lion points across 271 rooms with 13 classes focused on
architectural elements and furniture. ScanNet [4] expands
to 1,500 indoor scans with 20 classes but maintains sim-
ilar architectural bias. Semantic3D [10] offers outdoor
scenes with 4 billion points but limited class diversity.
Construction-specific datasets remain scarce: CLOI [11]]
includes industrial objects but has limited public avail-
ability, while PSNet5 [6] provides a medium-scale MEP-
specific publicly available dataset with 80 million points
across 5 classes, yet remains limited in scale and class
diversity. Table[I|summarizes the comparison.

These datasets share critical limitations for MEP un-
derstanding: domain mismatch (architectural focus ver-
sus MEP complexity), insufficient resolution for fine-
grained components, and absence of specialized classes
like valves, flanges, and pumps. Industrial3D addresses
these gaps as the first large-scale public dataset targeting
MEP understanding, with 610M+ points at 6mm resolu-
tion across 12 specialized classes—4X the scale of existing
construction datasets.

Table 1. Comparison of Industrial3D with existing
point cloud datasets. M = million, B = billion. *
indicates limited public availability.

industrial MEP segmentation with 5 classes on the PSNet5
dataset, and SE-PseudoGrid [16] introduced squeeze-
and-excitation attention for piping component classifica-
tion. Beyond supervised learning, unsupervised methods
like GrowSP [9] learn semantic groupings without labels
through primitive clustering and superpoint growing. In-
dustrial3D enables systematic evaluation of these repre-
sentative methods on real-world industrial MEP scenes
with 12 classes.

3 Industrial3D Dataset

3.1 Data Acquisition and Annotation

The Industrial3D dataset was captured from 13 large-
scale rooms within operational water treatment facilities
in Hong Kong. These scenes were selected for their di-
verse and complex arrangements of MEP and structural
components. The total scanned area covers approximately
20,000 m?, encompassing over 2.3 billion raw 3D points.
Table 2] provides statistics of seven representative scenes.

Table 2. Statistics of seven representative scenes in
Industrial3D, showing the scale and diversity of in-
dustrial environments captured.

Scene Length (m) Width (m) Area (m?)
Chiller 45.1 19.2 865.92
OGB 86.2 42.5 3,663.50
OSCG 15.3 38.2 584.46
PBF2_1 58.0 22.0 1,276.00
PBF22 68.4 38.2 2,612.88
SPH 36.1 26.9 971.09
WRT2 53.3 23.7 1,263.21
Total - - 11,237.06

High-fidelity point cloud data was acquired using a Le-

ica BLK360 terrestrial laser scanner [17]], as shown in

Dataset Type Points  Classes Imbal.
S3DIS Indoor 273M 13 62:1
ScanNet Indoor 242M 20 ~25:1
Semantic3D Outdoor 4B 8 75:1
CLOI* Industrial 140M 10 —
PSNet5 Industrial SOM 5 ~50:1
Industrial3D Industrial 610M 12 215:1

Figure This instrument captures 360,000 points per
second with 6mm accuracy at 10-meter range, which is
critical for capturing small MEP components. Multiple
scans were performed within each room from different

2.2 Point Cloud Semantic Segmentation

Deep learning has driven significant progress in point
cloud semantic segmentation [12]. PointNet [13] pio-
neered neural architectures for 3D point clouds, while
PointNet++ [14] extended this with hierarchical feature
learning. Recent advances include kernel-based convo-
Iutions (KPConv [3]), efficient random sampling strate-
gies (RandLA-Net [[15]]), and local aggregation operators
(PosPool [[7]]).

Construction-specific applications have further ex-
plored these architectures. Our prior work ResPoint-
Net++ [6] integrated residual learning into PointNet++ for

Tocations to ensure comprehensive coverage. Raw scan
data was processed using Autodesk ReCap software for
registration and format conversion.

The annotation process required approximately 754
person-hours to complete, with five domain experts la-
beling over 610 million points. We defined 12 semantic
classes encompassing MEP and structural elements, as
detailed in Table 3] Using CloudCompare [18]], anno-
tators followed a systematic pipeline: tiling large scenes
into manageable chunks, extracting point clusters for each
class, merging results, and refining boundaries with out-
lier removal. Figure [2]illustrates representative instances
of each semantic category. Notably, the geometric similar-
ity among pipe-related classes (pipe, elbow, tee, reducer)
creates significant geometric ambiguity, where over 86%
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Figure 1. Data acquisition setup for Industrial3D
(source from [@]). (a) Partial view of the WRT2
scene showing complex industrial piping systems.
(b) Leica BLK360 terrestrial laser scanner during
data acquisition with iPad controller for scan regis-
tration and preview.

of tail-class points share cylindrical primitives with the
dominant pipe class.

Table 3. The 12 semantic classes in Industrial3D,
grouped by frequency. Head classes account for
77% of total points; tail classes each represent less
than 3%.

Industrial3D Dataset: 12 Semantic Classes (Consistent 3x4 Grid)
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Figure 2. Representative instances of each seman-
tic category in Industrial3D, visualized as synthetic
point clouds sampled from BIM models. Note:
these are idealized representations; actual LiDAR
scans exhibit significant occlusion, noise, and in-
complete coverage due to terrestrial scanning geom-
etry.

Class Description
Head classes (77% ojépoints ) 2
Pipe ylindrical conduits for fluid transporiz

RectangularBeam Rectangular structural support mems=™

bers
Duct Rectangular air handling conduits o
Common classes
Ibeam I-shaped structural steel beams o
Tank Large storage vessels
Tail classes (<3% each)
Flange Circular connecting components
Valve Flow control devices
Pump Mechanical fluid movement devices
Strainer Filtration devices in pipe systems
Elbow An%ular ipe connectors
Tee T-shaped pipe junction fittings
Reducer Pipe giameter transition fittings

Figure 3. Category-wise point distribution in Indus-
trial3D (logarithmic scale). The severe class im-
balance (215:1 ratio) between head classes (Pipe,
RectangularBeam, Duct) and tail classes (Reducer,
Strainer, Tee) is characteristic of real-world indus-
trial environments.

3.2 Dataset Statistics and Visualization

The final dataset comprises over 610 million expertly
labeled points. Each point includes 3D coordinates (X, Y,
Z), intensity, and RGB color values. The dataset exhibits
significant class imbalance with a 215:1 ratio between the
most and least frequent classes—3.5X more severe than
S3DIS (62:1). Figure [3] shows the category-wise point
distribution on a logarithmic scale. Figure [ presents the
distribution of semantic categories across different indus-
trial areas. Figure 5] provides qualitative visualizations of
two representative scenes.

3.3 Dataset Characteristics

Industrial3D differs from existing datasets in several
ways: (1) Scale, 4% larger than existing industrial datasets
with 610M+ labeled points; (2) Public availability, as the
first large-scale publicly available industrial MEP dataset;
(3) Class diversity, with 12 specialized MEP and struc-
tural classes absent from architectural benchmarks; and
(4) Challenge severity, the most extreme class imbalance
(215:1) among comparable benchmarks, combined with
geometric ambiguity where functionally different compo-
nents share similar cylindrical shapes.
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Figure 4. Heatmap showing distribution of semantic
categories across industrial areas in Industrial3D.
Values are displayed in millions (M) or thousands
(K) of points. Structural elements are distributed
across all areas, while specialized functional compo-
nents are concentrated in operation-specific zones.

4 Benchmark Experiments
4.1 Experimental Setup

We partition Industrial3D into a test set (Area 6 and
Area 12) and a training set (remaining areas), following
the S3DIS area-based evaluation protocol [3]. Area 6
(PBF2_2, Primary Biological Filter) and Area 12 (SPH,
Sludge Press House) were selected as test sets because
they represent spatially separated facilities with distinct
operational characteristics: Area 6 features dense piping
arrangements typical of biological filtration systems, while
Area 12 contains all diverse mechanical equipment in-
cluding presses and pumps. This split ensures evaluation
on unseen facility types, testing generalization capabil-
ity across different industrial environments. We evaluate
representative methods across two learning paradigms: (1)
fully-supervised approaches including ResPointNet++ [6],
KPConv [J3]], PosPool [[7]], and ResPointNet++ with class-
balanced (CB) loss [8]]; and (2) the unsupervised method
GrowSP [9]. We report overall accuracy (OA), mean
Intersection-over-Union (mloU), and per-class IoU as eval-
uation metrics.

4.2 Fully-Supervised Results

Table[d presents benchmark results for fully-supervised
methods. All methods achieve similar overall perfor-
mance (mloU =~ 53-54%) but exhibit substantial gaps
on tail classes. ResPointNet++ achieves 53.31% mloU

BN strainer
. tank

I tee
. valve

rbeam
- reducer

I duct
E elbow

mm flange
B ibeam

pipe
pump

Figure 5. Qualitative visualization of two represen-

tative scenes from Industrial3D. Each scene shows:
(1) raw point cloud data with RGB color; (2) seman-

tic annotations with class-specific coloring. Rows
from top to bottom: Area 6-1 (dense piping region)
raw data and annotated data, and Area 12 (Sludge
Press House - SPH scene) raw data and annotated
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with strong performance on head classes (Duct: 91.36%,
Ibeam: 99.41%, RectBeam: 95.19%) but struggles with
rare components (Reducer: 0.00%, Strainer: 0.00%). KP-
Conv shows similar patterns with 53.65% mloU. PosPool
achieves non-zero performance on Reducer (34.48%) but
comparable overall mloU at 53.18%. The class-balanced
variant (ResPointNet++ w. CB) improves Reducer per-
formance to 14.92% and achieves the highest mloU at
54.05%, demonstrating that addressing class imbalance
provides modest gains.

The results reveal a “dual crisis” in industrial point cloud
segmentation: statistical rarity combined with geomet-
ric ambiguity. Critical functional components (valves,
pumps, strainers) achieve significantly lower IoU than
structural elements. The complete failure on Strainer
(0.00% for all methods) results from multiple factors:
(1) insufficient training samples (Strainer represents only
0.6% of training points), (2) geometric similarity to pipes
(both are cylindrical), and (3) small physical size making
these components difficult to distinguish from surrounding
clutter. For Reducer and Tee, geometric ambiguity is the
primary issue, these components share cylindrical primi-
tives with pipes, causing systematic confusion. The class-
balanced variant shows modest improvement on Reducer
(14.92% IoU versus 0.00%), confirming that frequency-
based re-weighting helps but cannot fully resolve geo-
metric ambiguity. For an in-depth treatment including
proposed solutions, we refer readers to our long-tailed
learning methods paper [19]].

4.3 Unsupervised Results

Table E] presents results for GrowSP [9], which learns
semantic groupings through unsupervised primitive clus-
tering and superpoint growing. We evaluate three stages
of the GrowSP pipeline: initial primitive extraction, super-
point formation, and final primitive merging to understand
performance at each processing level.

GrowSP achieves 84.57% OA and 42.06% mloU at the
superpoint stage, demonstrating reasonable performance
on geometrically distinct classes such as Tank (90.61%),
RectBeam (86.23%), and Pipe (73.46%). However, perfor-
mance degrades substantially for fine-grained MEP com-
ponents: Elbow (4.19%), Reducer (0.00%), and Strainer
(0.00%) are nearly or completely unrecognized. The
primitive merging stage leads to severe performance col-
lapse (mlIoU drops to 11.73%), indicating that the merging
heuristics fail to preserve semantic boundaries in complex
industrial scenes.

These results demonstrate that while GrowSP can cap-
ture coarse geometric structure without supervision, it fun-
damentally struggles with the fine-grained distinctions re-
quired for MEP components. The 11-point mloU gap be-
tween GrowSP (42.06%) and supervised methods (~54%)
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indicates that domain-specific supervision remains essen-
tial for accurate industrial scene understanding.

5 Conclusion and Future Work

We introduced Industrial3D, the first large-scale, high-
fidelity point cloud dataset for industrial MEP scene un-
derstanding. With over 610 million labeled points across
12 specialized classes from 13 water treatment facilities,
Industrial3D provides 4X the scale of existing construc-
tion datasets while exhibiting authentic industrial chal-
lenges: severe class imbalance (215:1), geometric am-
biguity where 86% of tail-class points share primitives
with head classes, and complex occlusion patterns. Our
benchmark evaluation reveals that fully-supervised meth-
ods achieve approximately 53-54% mloU but struggle
significantly with tail classes. The unsupervised GrowSP
method achieves only 11.7% mloU and fails completely on
multiple tail classes (Reducer, Strainer, Tee at the merged
stage). These results point to fundamental research gaps
in handling geometrically ambiguous and statistically rare
components.

Addressing these challenges requires multi-faceted ap-
proaches. For extreme class imbalance, techniques such
as class-balanced loss functions [8]], re-sampling strate-
gies, and two-stage training can help models learn from
tail classes. However, as our class-balanced experiments
show (Reducer improving from 0.00% to 14.92% IoU),
re-weighting alone is insufficient due to geometric ambi-
guity. Effectively distinguishing functionally different but
geometrically similar components (e.g., pipes versus re-
ducers) requires geometry-aware segmentation that lever-
ages topological relationships, cylindrical primitive fit-
ting, and multi-modal feature fusion combining geometric
(XYZ), appearance (RGB), and intensity information. In-
dustrial3D provides the testbed for developing such spe-
cialized approaches.

Future work will expand benchmarking to include
weakly-supervised methods (SQN [20], CPCM [21], and
WSSS-ST [22]), self-supervised approaches (PointCon-
trast [23], OcCo [24]), and foundation models (Point-
SAM [25]], Reason3D [26]]) to evaluate their effectiveness
under sparse supervision and zero-shot settings. Beyond
semantic segmentation, Industrial3D enables research in
instance segmentation, geometric primitive fitting, and
topological relationship inference, critical steps toward
fully automated Scan-to-BIM workflows. We will release
Industrial3D publicly to support research in automated
construction verification and digital twin generation.
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Table 4. Benchmark results of fully-supervised methods on the Industrial3D test set. OA = overall accuracy (%),
mloU = mean IoU (%), per-class IoU (%). CB indicates class-balanced weighting loss. Best results per column

are in bold.
ethol mlo uct oW ange eam ipe ump ectBeam educer _ Strainer an ee alve
ResPointNet++ 5331 91.36 46.05 50.92 9941 76.23 3595 95.19 0.00 0.00 97.06 12.03 35.56
KPConv 53.65 91.35 4544 50.95 9835 7596 42.60 95.04 0.00 0.00 97.72  7.72  38.69
PosPool 53.18 90.25 3293 42.88 98.93 7635 31.27 94.18 34.48 0.00 9559 9.17 32.14
ResPointNet++w. CB 54.05 91.30 41.88 50.71 99.08 75.69 43.81 95.07 14.92 0.00 99.04 4.68 32.76

Table 5. Benchmark results of the unsupervised method GrowSP on the Industrial3D test set. OA = overall
accuracy (%), mloU = mean IoU (%), per-class IoU (%). The three rows represent different stages of the GrowSP
pipeline.

OA

uperpoints

mloU  Duct  Elbow Flange Tbeam Pipe Pum

RectBeam  Reducer  Strainer Tank Tee  Valve

Primitives 8400 4029 6758 419 1535 6615 7170 4920 8599 0.00 000 90,61 1298 1975
Merged Primitives  41.81 11.73  16.37 6.66 6.18 17.56  55.02  0.00 39.00 0.00 0.00 0.00 0.00 0.00
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