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Abstract

The effectiveness of deep learning methods in image segmentation has led to interest in
their deployment for 3D point cloud segmentation, particularly in the context of pre-grasp
identification of a unique object amongst distractors. However, existing 3D object datasets
are not ideal for training and evaluation of these methods. Datasets developed for grasp
planning are often CAD models that are too clean for sim-to-real transfer. Real-world
datasets can lack texture information or have been collected using sets of objects and/or
specialized sensor setups that are hard to reproduce. In this work, we introduce the
MiniMarket80 dataset to address this gap.The dataset consists of 1200 colored point cloud
partial views, each of 80 standard grocery objects, collected with widely used Realsense
RGB-D cameras (D415 and D435) under variable lighting conditions. We also provide a
complete pipeline to generate a per-object segmentation dataset from these partial views
suitable for use in training. We use this dataset to evaluate 11 state-of-the-art point cloud
segmentation methods. Only four of these are able to (partially) segment the target object
in a real-world test, still producing significant false positives and false negatives.

Keywords: real object dataset; 3D point cloud segmentation; data-driven segmentation

1. Introduction
Robots are often required to grasp a specific object from a cluttered set of similar

objects. A standard robot grasping system thus includes three critical elements: object
identification/segmentation; grasp planning; and gripper design. Although the relationship
between grasp planning and gripper geometry is well understood, the interaction of object
segmentation methodology and the type of end-effector employed is often overlooked.
Typically, segmentation methodologies used in the context of grasping automation are
trained on conventional 2D image datasets [1–3], promoting the use of simple grippers
(e.g., two-fingered or suction types) [4–8] in a top-down, 2D planning framework. In this
paradigm, depth information is often reduced to determining the vertical approach of the
gripper [6,9], resulting in a 2.5D grasping process. While 2D grasp planning would be
sufficient for top-down bin picking or side shelving applications—currently dominating
grasping research due to industrial interest in warehouse automation—other critical and
emerging applications require 3D grasping. This includes the use of simple grippers to
grasp from any direction around the object and the use of more complex end-effectors
such as multifinger hands. Examples include industrial kitting [10], assisted living [11],
humanoid service robots [12] or even—in the warehouse scenario—untidy bins.
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It is thus essential to advance 3D object segmentation in pointclouds (discrete sets
of data points representing the location and properties of points on surfaces in 3D space).
Current solutions to this problem are dominated by deep learning approaches that in turn
require vast realistic 3D object datasets. In the context of robotic grasping, several 3D object
datasets have been made available. One of the first was the Princeton Shape Benchmark [13],
a collection of CAD models retrieved online, followed by the Colombia Grasp Database,
which is based on the CAD models of the Princeton Shape Benchmark in four different scales,
with the addition of grasp candidates generated by the GraspIt! [14] simulator. The expan-
sion of CAD model-based datasets continued with 3DNet [15], consisting of 3655 CAD
models intended for object class recognition and pose estimation learning. Further datasets
include ModelNet [16] (130 K models), ShapeNet [17] (3 M models) and Objaverse-XL [18]
(10.2 M models), compiled by web crawling a variety of online sources and aimed at
enabling a natural language processing-like breakthrough in 3D vision. A summary of
these datasets is presented in Table 1, including an assessment of reproducibility, defined
as how easy it is to obtain these dataset objects for comparative real-world evaluation. For
simplicity, this can be categorized as “low” for objects that are very difficult to obtain in the
real world, “medium” for those with limited global availability, or “high” for items easily
found worldwide.

Table 1. Summary of 3D object grasping datasets in chronological order, hyperlinked to the respective
hosting repositories. Attention is given primarily for object model datasets that have been used in
data-driven grasping.

Dataset Unique
Objects

Object
Samples

Grasp
Candidates CAD/ Real Year Data

Source
Reproduc-

ability

1 Princeton Shape Benchmark
[13] 1814 1814 mesh models − CAD 2004 online, from 293

different web domains low

2 Columbia Grasp Database
[19] 7256 7256 mesh models 238,737 for

2 hand models CAD 2009 Princeton Shape
Benchmark [13] low

3 Cornell Grasping Dataset
[20] 224 885 images+

885 depth maps
5310∼
7080 Real 2011 author collected low

4 RGB-D Object Dataset [21] 300 250 K RGB-D − Real 2011 author collected low

5 KIT Object Database [22] 152 608 textured meshes
+ 110 K images

for 3 types
of grippers Real 2012 author collected medium

6 3DNet [15] 3433 3433 mesh models
+ 3200 RGB-D test scenes − CAD 2012 online 3D model

repositories low

7 BigBIRD [23] 100 60 K RGB-D +
60 K images − Real 2014 author collected medium

8 YCB Object and Model Set
[24] 77 46 K RGB-D + 46 K images

+ 77 textured meshes − Real 2015 author collected medium

9 ModelNet [16] 128 K 127,915 mesh models − CAD 2015 261 CAD model
websites low

10 ShapeNet [17] 3 M 3 M mesh models − CAD 2015 online 3D model
repositories low

11 Dex-Net 1.0 [25] 13,252 13,252 mesh models 2.5 M 355 Real +
12,897 CAD 2016

KIT [22], BigBIRD [23],
YCB [24], SHREC [26],

3DNet [15], ModelNet [16]
low

12 Jacquard [27] 11,619 54,485 RGB-D scenes 1,181,330 CAD 2018 ShapeNet [17] low

13 EGAD [28] 2331 2331 meshes ∼1 M imaginary
CAD 2020 author generated high

14 GraspNet- 1Billion [29] 88
97,280 RGB-D images
of 190 cluttered scenes
+ 88 textured meshes

∼1.1B Real 2020
32 of YCB [24]

+ 13 of Dex-Net 1.0 [25]
+ 43 author collected

medium

15 ACRONYM [30] 8872 8872 mesh models 17.744 M CAD 2021 ShapeNet [17] low
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Table 1. Cont.

Dataset Unique
Objects

Object
Samples

Grasp
Candidates CAD/ Real Year Data

Source
Reproduc-

ability

16 OCRTOC [31] 154
6 K labelled RGB-D images

for 76 RGB-D scenes
+ 154 textured meshes

− Real 2022 54 of YCB [24]
+ 101 author collected medium

17 MetaGraspNet [32] 82
217 K RGB-D synthetic
images + 2.3 K RGB-D

real bin scenes

for vacuum
and parallel-
jaw grippers

73 Real +
9 CAD 2022

33 of YCB [24]
+ 4 of OCRTOC [31]
+ 45 author collected

medium

18 REGRAD [33] 50 K 900 K RGB-D synthetic
images + 111.8 K scenes 100 M CAD 2022 ShapeNet [17] low

19 Objaverse-XL [18] 10.2 M 10.2 M mesh models − CAD 2023 online 3D model
repositories low

20 MetaGraspNetV2 [34] 82
296 K RGB-D synthetic
images + 3.2 K RGB-D

real bin scenes

for vacuum
and parallel-
jaw grippers

73 Real +
9 CAD 2024

33 of YCB [24]
+ 4 of OCRTOC [31]
+ 45 author collected

medium

21 MiniMarket80 (ours) 80 96 K RGB-D images − Real 2025 author collected high

Other CAD-based datasets focused on expanding the grasp candidates generated in
simulation as in Jacquard[27] and ACRONYM [30]. The REGRAD [33] is based on ModelNet
and particularly addresses the relationship between objects in clutter and the order in
which grasping should be executed. A notable deviation from the CAD-based datasets
is EGAD [28], a collection of imaginary objects motivated by the fact that the majority
of research work in grasping uses irreproducible objects. Additionally, it was concluded
in [35] that unrealistic procedural-generated objects can outperform the CAD models if
domain adapted (made to look realistic). Unrealistic, imaginary objects were also produced
in [36] and used for training networks for grasping applications.

Despite the scale of these CAD model databases, typically used with random Gaussian
noise augmentation to address robustness, real-world datasets remain crucial for successful
deployment in practical applications. In [35], it is concluded that the amount of real-world
data used in training is directly proportional to the grasp success rate. Early examples of
such datasets can be found in the literature, starting with the Cornell Grasping Dataset and
RGB-D Object Dataset [21] made up of colored point cloud samples of 224 and 300 unique ob-
jects, respectively. These were soon followed by the KIT Object Model Database [22], the Big-
BIRD [23], and the YCB Object and Model [24]. Those pioneering datasets were used quite
often to augment subsequent datasets to add robustness against real-world noise and help
close the simulation-to-real (sim-to-real) gap. For instance, ref. [25] introduces Dex-Net,
a collection of 3D CAD models from 3DNet, ModelNet, and real models from the KIT
Object Model Database, BigBIRD, and YCB Object and Model datasets. Similarly, ref. [29]
presents GraspNet, which provides numerous grasps for 88 objects in cluttered scenes;
half of these objects are from YCB and Dex-Net, while the other half were collected us-
ing an RGB-D camera pair (RealSense 435 and Kinect Azure) mounted on a robot arm
traversing 256 viewpoints. The OCRTOC benchmark [31] focuses on table organization
and incorporates 154 textured 3D mesh models for rearrangement tasks, with 53 sourced
from YCB and 101 custom-scanned. In [32], MetaGraspNet introduces a photo-realistic
synthetic dataset for bin picking, generated via physics-based metaverse synthesis. It offers
RGB-D images of 82 unique objects, with annotations for manipulation order and grasp
labels for both parallel-jaw and vacuum grippers, later extended in MetaGraspNetV2 [34].
The 82 objects used in simulation are real high-quality scans, with some collected by the
authors and the remainder obtained from the YCB and OCRTOC datasets. Other spe-
cialized real datasets include the OmniObject3D [37], PhoCaL [38] with photometrically
challenging objects, and in [39,40] aimed primarily at trial-and-error grasp learning. The
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ScanObjectNN [41] and ScanNet [42] datasets provide real-world object and scene scans;
however, they are more oriented towards indoor navigation, while the object scans in [43]
are texture-less and as such excluded from Table 1.

In practice, real-world applications require the segmentation of a specific target object
for tasks like grasping, making binary segmentation of a point cloud to identify a specific
unique object amongst distractor objects (for brevity, referred to as “unique item segmenta-
tion” in this work) more critical than part segmentation. As explored in [44], few existing
datasets (such as those described so far) are suitable for exploring this problem, severely
limiting progress in this research area. While texture-rich data is essential, CAD-based mod-
els are often too pristine, failing to bridge the sim-to-real gap. Consequently, only datasets
featuring scans of real, physical objects—rather than synthetic CAD models—can effectively
support the development of unique item segmentation. Among those reviewed in the
literature, we have identified the RGB-D Object Dataset [21], KIT Object Model Database [22],
BigBIRD [23], and the YCB Object and Model [24] as possible candidates for such practical
application. However, the last three of these are collected using high-accuracy RGB-D sen-
sor setups that can rarely be used on wide scale, and only the YCB Object and Model objects
are reproducible (can be physically obtained for real-world testing). Therefore, on the one
hand, the usable real object datasets that can be used in unique item segmentation are quite
rare and outdated. On the other hand, the data-driven point cloud segmentation methods
are either tailored for texture-less ShapeNetPart [17] or texture-poor S3DIS [45], ScanNet,
and SemanticKITTI [46] datasets, or at the very least untested on texture-rich object dataset.

In this work, we present a real-world object dataset of 80 widely available supermarket
objects in the form of a total of 96K RGB-D images (colored pointcloud) collected using 2 of
the most commonly used RGB-D sensors, namely the Realsense D435 and D415. We also
present a complete pipeline for generating a segmentation dataset with arbitrary resolution
to facilitate training across different hardware capabilities. Experiments are conducted
using 2 generated datasets with varying resolutions and used to train 11 different state-of-
the-art point cloud segmentation methods with the sole aim of unique object segmentation.
The contribution of the MiniMarket80 dataset is threefold:

• It adds to the limited pool of real-world point cloud datasets that is proven to be
crucial [35] for real-world successful deployment,

• It serves as texture-rich benchmark for testing point cloud segmentation architectures
that otherwise are mostly tested on shapes,

• It presents a low-cost, widely accessible object benchmark for data-driven segmenta-
tion, collected using the popular Realsense RGB-D sensors for high applicability.

In the following sections, we first describe the structure of the dataset and the setup
employed for data collection. Subsequently, the preprocessing steps undertaken to gen-
erate the segmentation dataset are detailed. This dataset is then used to train eleven
state-of-the-art models, the results of which are presented and discussed. Additional infor-
mation regarding the dataset and the parameters of the models evaluated is provided in
Appendixes A and B, respectively.

2. Materials and Methods
The MiniMarket80 dataset https://www.kaggle.com/datasets/mohamedsorour/

minimarket80 (accessed on 26 December 2025) is made up of 1200 partial view samples per
object for a total number of 80 objects. The grocery objects shown in Figure 1 and listed
in Appendix A are chosen to span a range of sizes, textures and rigidities to serve as a
low-cost, widely available benchmark dataset for point-cloud object segmentation in the
context of robotic grasping. In the respective figure, these are named using their EAN
(European Article Number) codes for higher reproducibility.
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Figure 1. The MiniMarket80 dataset with each object’s EAN code.
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Each view sample contains a number of colored points ranging from a few hundred
to tens of thousands depending on the object’s visible features, RGB-D camera type, etc.,
and are publicly available in PCD (Point Cloud Data) format. The raw dataset is provided
rather than a processed one for two reasons; firstly, to allow for arbitrary-resolution dataset
generation based on the available processing power, and secondly, to facilitate dataset
expansion, where only raw partial point cloud views for new bar-coded objects are needed
(preferably 1200 unique views). Similarly, it would be straightforward to expand this dataset
with scans of scenes containing multiple objects from the existing set, as we have done in
this paper to provide test data for inference. In the following, we will present the collection
setup and the processing necessary for the per-object segmentation dataset generation.

2.1. Collection Setup

The dataset collection setup is shown in Figure 2, a video of which is available online
(https://youtu.be/-Oes4mGOQhw) (accessed on 26 December 2025). The setup consists
of 8 Realsense RGB-D cameras, 2 of which are D415, and the remaining 6 are D435. All
of these are fitted in varying orientations facing a rotating table on which the object to be
scanned is placed. The setup also features an LED array with controllable light intensity.
As shown in the videos and in Figure 2, at each object pose, light intensity toggles between
3 values, and at each value, 8 partial views are captured. This gives a total of 24 partial
views per object pose. The rotating table then rotates the object in 50 increments between
0° and 360°, giving rise to a total of 1200 partial view samples. Capturing the same view
by each camera at 3 different light intensity values not only provides a robust training
dataset against light variation but also against sensor noise. Also included in the dataset
is a collection of 10 real-world multi-object scenes captured separately using a Realsense
D415 camera and featuring a unique target object (EAN code 5410126116953) and a similar
(in shape/color) distractor object (EAN code 503466002144) for the purpose of real-world
inference testing.

Figure 2. Dataset collection setup.

2.2. Data Processing

The MiniMarket80 dataset is a collection of raw point cloud data with varying numbers
of points. The pre-learning processing consists of two steps; a script for each is publicly
provided (https://github.com/msorour/MiniMarket80) (accessed on 26 December 2025).
In the first step, the raw 3D point cloud data is converted from PCD (Point Cloud Data) files
into structured, fixed-size samples stored in HDF5 format; this is performed for each object
dataset. While generating the fixed-size object dataset, the algorithm segments each large
point cloud sample into smaller, uniform chunks with arbitrary size while preserving spatial
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relationships within each chunk, and it handles zero-padding for incomplete samples to
maintain consistent sample dimensions. For example, if a raw object sample consists of
5 K points and a sample output of size 2048 points is required, the first 2048 points along
the z-axis are packed into a first sample. The same goes for the second 2048 points, and a
third sample is constructed from the final 904 points, zero-padded with the remaining
1144 points. Compared to random sampling, this methodology serves two purposes. First,
it preserves spatial correlation between colored points (object texture), and second, it makes
full use of all collected data.

The output file consists of two primary HDF5 datasets: point cloud (N × P× 3) storing
XYZ spatial coordinates and point cloud (N × P × 3) storing corresponding RGB color
values, where N denotes the number of samples and P represents the number of points
per sample. Both N and P are supplied to the algorithm to control the output—per object—
dataset size depending on the available computation power and the number of points
available in the raw PCD dataset. An example of varying numbers of points per object
sample is shown in Figure 3, showing P = 1024, 2048, 4096, and 8192, respectively, from
left to right. It is evident that as the number of points per sample increases, more global
features are present in a single sample at the expense of a very large object dataset. Whether
or not this will enhance the “post-training” model performance will be examined below.

Figure 3. Examples of varying P (number of points per sample) with 1024, 2048, 4096, and 8192 points,
respectively, from left to right.

In a second step, a segmentation dataset is generated for a single unique target ob-
ject by compositing the target samples with randomly selected “alien” objects under
randomized spatial transformations, creating challenging training scenarios for unique
item segmentation in point clouds; that is, the task of binary classification of the points
belonging to a specific object among distractors. For each sample, it applies randomly
generated rigid transformations—rotations (0–180°) and translations—to both target and
alien objects, ensuring non-overlapping configurations through constrained spatial sam-
pling. The output HDF5 structure contains three datasets: point cloud (N × P × 3) for 3D
coordinates, point cloud (N × P × 3) for RGB values, and segmentation labels (or segmen-
tation mask) (N × P × 2) for one-hot encoded labels distinguishing target ([1, 0]), alien
([0, 1]), and padding ([0, 0]) points. The methodology introduces controlled variability by
allowing 0 to k alien objects per sample (k configurable) and incorporating a user-defined
percentage of negative samples (target absent). Two training segmentation samples are
depicted in Figure 4; each sample is a pair of input colored point cloud and output segmen-
tation mask (colored in red and blue, designating the target and alien objects, respectively).
The sample pair to the (left) and (right) of the respective figure are constructed from object
datasets generated with 2048 and 8192 points per object sample, respectively, giving rise to
a segmentation sample of 20,480 and 81,920 points for a 10-object sample.

https://doi.org/10.3390/ai7030096
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Figure 4. Examples of two segmentation sample pairs (sample and mask), with 20,480 points (left)
and 81,920 points (right). The target and alien objects are colored in red and blue respectively in the
segmentation mask.

2.3. Experiments and Methodology

In the first experiment, a collection of 11 state-of-the-art segmentation networks (briefly
described in the following) are adapted to accept 6D colored point coordinates as well
as binary segmentation score output for the two classes: target or alien. These are then
trained on our dataset, aiming at unique object segmentation. In this initial experiment,
we use a segmentation dataset with 2048 points per object sample. An example of such
sample is depicted in Figure 4 left, where the target object has the EAN code 5410126116953.
The inference of each trained model will be performed on an arbitrary real-world scene
among 10 supplied in the dataset designed to have several alien objects. One of these
is designated as the distractor object 5034660021445, characterized by similar geometry
(cylindrical), dimension and overall color as the target object, as shown in Figure 5. This is to
test if a particular trained network architecture can recognize the object texture and features
rather than just general shape and color. To facilitate future reference to this benchmark,
we have termed this experiment “binary Segmentation of Unique Object among Distractor
Objects” (SUODO_20480) with the appended numeral representing the segmentation
sample size. In the second experiment, the best-performing architectures are trained using
a segmentation dataset with 8192 points per object sample (SUODO_81920) (an example of
such sample is depicted in Figure 4 right) to check if increasing the sample size can improve
training and to compare the architecture inference results on all real-world scenes.

Figure 5. Target and distractor objects.

The segmentation network architectures are chosen to cover a range of methods,
including point-based, graph, convolution, and transformer-based methods. These are
also picked to fit practical hardware constraints, namely plausibility for training on a
single RTX3090 GPU. In the following, we will describe these in brief starting with the
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pioneering baseline model, PointNet [47], presenting a breakthrough in direct point cloud
processing by introducing a network architecture that consumes unordered point sets
without requiring voxelization or projection. It achieves permutation invariance through
symmetric functions, enabling robust processing of unordered point clouds. Shared multi-
layer perceptrons (MLPs) independently map each point to a high-dimensional feature
space, followed by symmetric max-pooling to aggregate a global feature vector. An input
transformation network (T-Net) canonicalizes point sets via an affine matrix, ensuring
invariance to rigid transformations. This design makes the network’s output a function
of the overall set rather than point order. For segmentation, the architecture concatenates
the global feature with point-wise local features from intermediate layers. The resulting
enriched vectors are processed by subsequent MLPs to assign semantic labels per point,
integrating both global shape context and local geometric details.

The PointNet architecture is further enhanced in PointNet++ [48] by introducing a
hierarchical architecture that enables robust learning of local features at multiple scales.
This is constructed through a series of set abstraction layers, each of which progressively
subsamples the point cloud, groups points into local regions, and applies a mini-PointNet to
extract features from these groups. To handle non-uniform point densities commonly found
in real-world data, PointNet++ incorporates novel sampling and grouping layers via two
key strategies, namely Multi-Scale Grouping and Multi-Resolution Grouping. By system-
atically capturing local features, PointNet++ achieves significantly greater generalization
and accuracy compared to its predecessor.

Subsequent point-based architectures focused on efficiency and local feature extraction.
RandLANet [49] prioritized scalability for large scenes by employing random sampling and
a local feature aggregation module with attentive pooling, bypassing the computational cost
of iterative farthest point sampling. PointWeb [50] introduced dense inter-point connections
within local patches via its Adaptive Feature Adjustment (AFA) module, creating a rich web
for feature context exchange between all points in a neighborhood. In a complementary
approach, PointMLP [51] demonstrated that state-of-the-art performance could be achieved
with a simpler approach, using a series of residual MLPs augmented with geometric
affine transformations for deep feature refinement, proving that sophisticated local feature
extraction modules are not always necessary.

PointNext [52] enhances the PointNet++ architecture by optimizing its core compo-
nents and training strategies. The framework introduces an Inverted Residual MLP block,
which incorporates residual connections to aid training, separable MLPs for computational
efficiency, and an inverted bottleneck design to enrich features. These are complemented
by architectural changes, including a unified deeper encoder, a symmetric decoder, and an
initial stem MLP, collectively enabling effective and efficient model scaling. In [53], the
PointeNet architecture introduced a lightweight framework that effectively captures com-
prehensive point cloud features by combining non-learnable components with minimal
learnable parameters. Its core innovations are the Multivariate Geometric Encoding (MGE)
module, which uses sampling, grouping, and pooling operations to adaptively aggregate
diverse 3D geometric features (spatial, curvature, normal), and the Distance-aware Seman-
tic Enhancement (DSE) module, which introduces a distance-aware factor into semantic
segmentation to enhance perception for distant points for autonomous driving scenarios.
This design claims to achieve state-of-the-art performance on object-level and scene-level
tasks with significantly fewer parameters and lower computational cost.

Significant research efforts aim to adapt successful 2D convolution networks for point
cloud processing. PointCNN [54] introduced the seminal χ-Transformation, which learns a
canonical ordering and weighting of points in a local region. This transformation effectively
convolves over the features of neighboring points, allowing for the application of a standard
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convolution operator on the now-ordered set. DGCNN [55] instead constructs a dynamic
graph in the feature space at each layer, connecting points to their k-nearest neighbors. Its
core operator, EdgeConv, applies a convolution-like operation on the edges of this graph,
aggregating features from a point’s neighbors.

The significant success achieved by the transformer self-attention [56] mechanisms
in machine translation has motivated substantial research efforts to adapt these architec-
tures for point cloud segmentation. Transformer-based approaches abandon pooling and
convolution in favor of the self-attention mechanism to define local neighborhoods. Point
Transformer [57], for example, replaces the symmetric aggregation function in PointNet++
or the edge convolution in DGCNN with a transformer block that computes self-attention
within a local point set. Building on this, the Fast Point Transformer [58] addresses the
computational bottleneck of applying self-attention to large point clouds by introducing a
novel architecture that uses voxel-based hashing to efficiently group points and compute
self-attention only within these local, spatially coherent groups. Further advancing this
trend, Point Transformer V3 [59] diverges from its predecessor by replacing the computa-
tionally intensive vector self-attention with a much simpler, yet highly effective, grouped
linear attention mechanism, which dramatically reduces the operational complexity.

3. Results
In a first benchmark SUODO_20480, the segmentation methods described in the previ-

ous section are adapted and trained on our dataset, where default architecture configuration
and parameter settings are used. Details of each network model and training parameters
are provided in Appendix B, and training results are listed in Table 2, arranged in ascending
order of the mean Intersection Over Union (mIOU) obtained in validation. In this experi-
ment, the segmentation datasets for training were generated with a size of 20,480 colored
points consisting of object samples with 2048 points each. A sample of such dataset is
shown in Figure 4 left. The inference result of each of the 11 methods on a real-world scene
(supplied with the dataset) is depicted in Figure 6.

It is important to note that the presented inference results are based on real-world
experiments, not on synthetic validation data. The number of points in this particular scene
is 200,715 and the inference time is shown per network architecture. Although we lack
ground truth for the real-world scene, it is readily apparent to what extent each method
is able to segment the target object without misclassification of alien objects including
the distractor.

Table 2. Training duration and results of the first experiment.

Method Parameter
Count (M)

Training Time
per Epoch (s)

Best Valid
mIOU (%)

Best
Epoch/Total

PointWeb 0.98 583 71.3 55/75
FastPointTransf 36 495 75.8 04/25

PointNext 17.6 1367 81.2 121/175
PointTransfV3 31.7 531 81.4 48/75
RandLANet 1.3 2800 83.9 09/50

DGCNN 1.28 1974 85.3 54/75
PointNet 3.5 167 86.9 11/150

PointCNN 1.45 1004 92.7 03/25
PointNet++ 0.97 356 93.7 32/75
PointMLP 15.3 189 98.1 46/50
PointeNet 8.68 187 99.7 50/50
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Figure 6. Inference results of the first experiment on real-world scene 7 with number of
points = 200,715. Predictions of target and alien objects are colored in red and blue respectively.

As illustrated in Figure 6, only four methods—PointeNet, PointCNN, PointNet++,
and PointMLP—successfully learned to capture unique object features, including both
shape and texture. This can be eye-judged in the respective figure, where the segmented
target object and aliens are colored in red and blue, respectively. An ideal segmentation
result would show only the target object (labeled in the top-left image of Figure 6) colored
red with all other points in blue. However, PointMLP and PointeNet produced significant
false positives and negatives, respectively, for such a high mIOU validation result. It is
worth pointing out that a false negative where the correct object is partially segmented has
less severe consequences compared to false positives where alien objects are mistakenly
identified as the target.

In contrast, PointNet, PointNeXt, PointWeb, and the transformer-based models failed
to train on our dataset, where from the inference results in Figure 6, it is evident these were
not able to distinguish the target object or aliens. Meanwhile, RandLA-Net and DGCNN
managed to learn some distinguishing features and were not confused by alien objects,
yet these did not capture unique object textures, as evident by just segmenting the circular
red cap in both the object and the distractor, but none of the side texture of the target.
The best-performing methods are then used in a second experiment to be trained on a
higher-resolution segmentation dataset with a sample size of 81,920 points consisting of
object samples with 8192 points each; an example of such sample is shown in Figure 4
right. The rationale for this experiment stems from the inference process: applying a model
trained on x points per sample necessitates dividing a scene point cloud into segments of x
points. Consequently, increasing the training sample size reduces the number of segments,
leading to fewer iterative inferences and a shorter total inference duration.

The training and inference results for the second benchmark experiment SUODO_81920
are shown in Figure 7 and Table 3 for the 10 real-world scenes, respectively. As shown,
PointeNet performed reasonably well compared to the other methods, specially when the
target object’s unique texture is visible, as was the case in scenes 6 to 10. The inference time
improved by 1.78 times as well from 0.38 s for 200,715 points in the first experiment (1.893 s
per million points) to an average of 0.24 s for 225,852 points in the second experiment
(1.062 s per million points).
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Figure 7. Inference results of the second experiment on 10 real-world scenes, with an average
225,852 points per scene. Predictions of target and alien objects are colored in red and blue respectively.
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The inference results also appear to improve with the larger segmentation sample (e.g.,
comparing scene 7 of the second experiment in Figure 7 to the first experiment in Figure 6),
likely because these training samples preserve more of the spatial and texture relationships
unique to the target object.

Table 3. Training duration and results of the second experiment.

Method Parameter
Count (M)

Training Time
per Epoch (s)

Best Valid
mIOU (%)

Best
Epoch/Total

PointNet++ 0.97 1228 94.5 64/100
PointCNN 1.45 3815 95.9 32/100
PointMLP 15.3 527 97.4 89/100
PointeNet 8.68 632 99.4 81/100

4. Discussion
The evaluation of 3D deep learning architectures is largely dependent on a standard-

ized suite of benchmark datasets. Typical benchmarks include ModelNet40 for object classifi-
cation, ShapeNetPart for part segmentation, and S3DIS [45], ScanNet, and SemanticKITTI [46]
for indoor and outdoor semantic segmentation, respectively. A significant limitation of
these datasets is their predominant focus on textureless objects and scenes, which does
not adequately assess a model’s capability for recognizing unique, textured items. Con-
sequently, architectures tested primarily on these benchmarks may not generalize well
to real-world applications requiring fine-grained texture discrimination, as tested in the
current work.

For instance, Point Transformer V3 and Fast Point Transformer were previously eval-
uated on indoor scene segmentation (ScanNet), achieving mIOUs of 78.6% and 72.1%,
respectively, with voxel grid sizes of 0.005 and 0.02 mm. Their relatively poor performance
on textured real-world data, as shown in Figure 6, aligns with this benchmark limitation.
Similarly, PointNeXt and PointWeb achieved their best reported mIOUs on S3DIS (6-fold)
at 74.9% and 66.7%, respectively, while attaining higher mAcc scores of 90.8% and 89.4%.
This disparity suggests these models are more optimized for geometric shape learning
than for texture reasoning, further underscored by the absence of their evaluation on part
segmentation benchmarks like ShapeNetPart.

In contrast, architectures such as PointeNet, PointCNN, PointMLP, DGCNN, and Point-
Net++ have been validated on ShapeNetPart for part segmentation, reporting instance seg-
mentation mIOUs of 85.6%, 84.6%, 85.7%, 85.2%, and 85.1%, respectively. A general trend
emerges: models that perform well on the shape-oriented ShapeNetPart benchmark also
demonstrate reasonable efficacy on our segmentation dataset, which involves greater tex-
ture variability. This further highlights the need for benchmarks that incorporate textured
data to comprehensively evaluate model capabilities.

The PointeNet architecture demonstrated superior performance in the second experi-
ment (Figure 7), establishing it as the optimal baseline for future development due to its
balance of accuracy and computational efficiency. This effectiveness stems from its Multi-
variate Geometric Encoding (MGE) module, which integrates Farthest Point Sampling (FPS)
and k-Nearest Neighbors (k-NN) with a core Multivariate Local Geometric Aggregation
(MLGA) component. The MLGA module directly encodes critical surface properties, such
as curvature and normals, alongside spatial relationships through position encoding and
adaptive aggregation. This design enables the capture of rich geometric information with
notably low computational overhead compared to more complex fusion strategies.

Alternative methods, PointCNN and PointNet++, also performed competitively, oc-
casionally surpassing PointeNet in specific segmentation scenes (2–4). On the one hand,
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PointCNN adapts convolutional principles to point clouds via its core χ-Conv operator.
This operation first achieves translation invariance by transforming neighboring points
into a local coordinate system. It then lifts these coordinates into a higher-dimensional
feature space using an MLP, concatenates them with existing features, and applies a learned
χ-transformation matrix to weight and order the data before final convolution. This process
systematically aggregates local neighborhood information into richer features for represen-
tative points. On the other hand, PointNet++ employs a hierarchical framework to capture
multi-scale context. Its iterative Set Abstraction layers first use FPS to select centroid points,
then they group neighboring points via a ball query. A core innovation is its multi-scale
grouping (MSG) strategy, which enhances robustness to varying point densities and scales.
Instead of using a single radius for the ball query grouping operation, MSG simultaneously
extracts features from the same centroid point using multiple radii, capturing local patterns
at different spatial scales. Each local neighborhood is processed by a shared MLP—acting
as a localized PointNet—to generate a single feature vector encoding that region’s geometry.
Through recursion, these local features are progressively aggregated, allowing the net-
work to build increasingly complex representations from local patterns to global structure.
We suggest that combining local feature aggregation approaches from PointeNet’s MGE,
PointCNN’s χ-Conv operator, and PointNet++ MSG could yield a more robust feature
extraction framework and superior segmentation performance. Although the four network
architectures demonstrated superior performance (among the limited pool of networks
tested) and achieved high optimization values (Table 3), their real-world testing results
(Figure 7) exhibited clear segmentation errors. The varying magnitude of these errors,
as visually assessed, indicates that the architectures differ in their ability to capture local
object features, with some—particularly PointMLP—potentially overfitting.

Inference speed is a critical performance metric. Among the 11 methods evaluated,
PointeNet achieved a competitive inference throughput of 1.062 s per million points.
For context, this rate must increase by a factor of at least 31 to match the real-time data
output of a RealSense D415 RGB-D camera (approximately 1 million points at 30 Hz).
On the one hand, it is important to note that the reported benchmark was conducted in a
pure Python environment on an RTX 3090 GPU. Significant acceleration is anticipated by
porting the model to a C/C++ implementation and utilizing more recent GPU hardware.
On the other hand, a comparison of the inference results—specifically from scene 7 of the
second experiment in Figure 7 with those from the first experiment in Figure 6—allows
us to generally conclude that increasing the size of the segmentation sample consequently
increases the object features per sample, yielding better results. These improvements were
observed both in terms of inference accuracy and speed. However, due to constraints on the
available GPU hardware, we were not able to investigate this relationship further for poten-
tial inference time efficiency gains. This limitation, alongside model and implementation
enhancements, constitutes part of our motivation for future work.

It should be noted that the real-world inference experiments, although conducted
using real scenarios, may not fully capture the complexities associated with densely packed
shelves or containers in practical deployments. As such, the current real-world valida-
tion dataset serves as a preliminary benchmark for evaluating state-of-the-art network
architectures. Future work will involve expanding these validation scenes and providing
comprehensive annotations for the various objects to enable quantitative evaluation of
segmentation performance. This would also make possible a more detailed analysis of the
relative contribution to success of specific components in the pipeline, such as inclusion of
scans with varied lighting or noise-filtering thresholds for the Realsense cameras. In addi-
tion, the methods for generating synthetic scenes with multiple objects for training could
be further adapted to be consistent with specific real-world scenarios.
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5. Conclusions
In this work, we presented the MiniMarket80 dataset to address a gap in the availability

of suitable training and evaluation data for unique item segmentation from point cloud
data. Existing 3D object grasping datasets are mostly CAD based and grasp planning
oriented, while datasets benchmarking point cloud segmentation methods are mostly
textureless. In contrast, the MiniMarket80 dataset provides multiple RGB-D scans, un-
der varying viewpoints and lighting conditions, of easily procured standard objects to
enhance reproducibility. A pipeline for generating a per-object segmentation dataset is
presented and used to train 11 existing segmentation methods, tested against real-world
multi-object scenes. The results suggest that those segmentation methods reportedly per-
forming well on the ShapeNetPart benchmark are more likely to capture unique texture-rich
local features in our dataset, but they also indicate substantial need for improvement of
these methods to obtain robust performance.
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Appendix A
In this section, the authors list the objects included in the dataset and the corresponding

EAN codes:

1. biscuits_belvita_breakfast_biscuits_golden_oats_5_pack_225gm (7622210740458)
2. biscuit_spread_lotus_400gm (5410126116953)
3. cereal_kelloggs_crunchy_nut_honey_and_nut_300gm (5053827209762)
4. cereal_nesquick_chocolate_and_banana_pillows_350gm (7613287087713)
5. cereal_quaker_oat_so_simple_golden_syrup_porridge_10_sachets_360gm

(5000108030553)
6. cereal_quaker_oat_so_simple_simply_strawberry_porridge_8_sachets_260gm

(5000108031192)
7. coffee_instant_costa_coffee_smooth_medium_roast_100gm (5039303005004)
8. coffee_instant_kenco_millicano_americano_100gm (8711000519141)
9. coffee_kenco_100gm (8711000519325)
10. coffee_nescafe_3in1_original_6cups (7613038575650)
11. coffee_nescafe_gold_blend_roastery_collection_95gm (8445290044785)
12. condiments_salt_saxa_fine_salt_750gm (5010024111069)
13. condiments_salt_saxa_fine_sea_salt_350gm (5019989103096)
14. conditioner_loreal_paris_elvive_bond_repair_conditioner_150ml (3600524074807)
15. crunchy_peanut_butter_sunpat_400gm (5060391623092)
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16. dishwash_fairy_lemon_320ml (8006540994474)
17. dishwash_fairy_original_383ml (8006540723432)
18. hair_and_body_wash_childs_farm_organic_sweet_orange_250ml (5029066007155)
19. hazelnut_cocoa_spread_nutella_200gm (80135463)
20. honey_rowse_340gm (5011273047215)
21. hot_choc_cadbury_250gm (5034660021537)
22. hot_choc_cadbury_bournville_cocoa_ideal_for_baking_250gm (5034660021445)
23. hot_choc_instant_galaxy_370gm (5060113912640)
24. jam_bonne_maman_bitter_orange_fine_marmalade_370gm (3045320094053)
25. jam_bonne_maman_raspberry_conserve_370gm (3045320094084)
26. jam_hartleys_apricot_300gm (5060391624495)
27. jam_hartleys_pineapple_300gm (5060391625119)
28. jam_hartleys_strawberry_300gm (5060391624518)
29. ketchup_heinz_400ml (8715700124728)
30. liquid_handwash_carex_moisture_plus_250ml (5000101959509)
31. liquid_handwash_carex_original_250ml (5000101346170)
32. liquid_handwash_dove_care_and_protect_250ml (8720181049361)
33. liquid_handwash_dove_moisturising_250ml (4000388177000)
34. liquid_handwash_palmolive_antibacterial_300ml (8003520023322)
35. liquid_handwash_palmolive_hygiene_plus_sensitive_300ml (8714789673653)
36. liquid_handwash_palmolive_milk_and_honey_300ml (8003520013026)
37. microwave_rice_bens_original_basmati_classic_220gm (5010034013681)
38. microwave_rice_bens_original_cajun_spiced_250gm (5010034012110)
39. microwave_rice_bens_original_long_grain_classic_220gm (5010034013674)
40. microwave_rice_tilda_steamed_pure_basmati_rice_250gm (5011157888101)
41. microwave_rice_tilda_steamed_wholegrain_basmati_rice_250gm (5011157888132)
42. moisturising_cream_nivea_soft_with_jojoba_oil_250ml (4005808890576)
43. nail_polish_remover_cutex_nourishing_100ml (309971370212)
44. nail_polish_remover_cutex_ultra_powerful_100ml (309971370274)
45. nail_polish_remover_cutex_ultra_powerful_200ml (309971370281)
46. pasta_napolina_fusilli_no_56_500gm (5000232024428)
47. pasta_napolina_lasagna_sheets_375gm (5000232027306)
48. pasta_napolina_penne_no_50_500gm (5000232024442)
49. pasta_napolina_rigatoni_no_38_500gm (5000232024725)
50. shampoo_head_and_shoulders_citrus_250ml (5410076229468)
51. shampoo_head_and_shoulders_citrus_400ml (8006540810729)
52. shampoo_head_and_shoulders_classic_225ml (4084500015012)
53. shampoo_head_and_shoulders_classic_400ml (8006540810538)
54. shampoo_loreal_paris_elvive_dream_lengths_long_damaged_hair_500ml

(3600523586417)
55. shower_cream_palmolive_naturals_coconut_and_milk_250ml (8714789732923)
56. shower_cream_palmolive_naturals_milk_and_honey_250ml (8714789732879)
57. shower_gel_original_source_coconut_and_shea_butter_250ml (5000101100468)
58. shower_gel_original_source_mint_and_tea_tree_250ml (5000101845208)
59. shower_gel_original_source_rhubarb_and_raspberry_250ml (5000101500183)
60. soap_bar_dove_original_beauty_cream_bar_1x_90gm (8720181218224)
61. soap_bar_dove_original_beauty_cream_bar_2x_90gm (8720181218279)
62. soap_bar_dove_original_beauty_cream_bar_4x_90gm (8720181218286)
63. soap_bar_dove_original_beauty_cream_bar_6x_90gm (8720181218293)
64. soap_bar_imperial_leather_gentle_care_4x_100gm (5000101082214)
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65. soap_bar_imperial_leather_original_4x_100gm (5000101082566)
66. soap_bar_pears_transparent_soap_lemon_flower_extracts_125gm (8901030024061)
67. soap_bar_sheild_fresh_aqua_deodorising_4x_115gm (5025404001274)
68. tea_taylors_of_harrogate_yorkshire_tea_40_bags_125gm (5010357112009)
69. tea_tetley_discovery_black_tea_with_lemon_and_ginger_20_bags_46gm

(5000208046607)
70. tea_twinings_lemon_green_tea_20_bags_40gm (070177264574)
71. tinned_soup_heinz_creamy_tomato_soup_plant_based_400gm (5000157146816)
72. tomato_sauce_bens_original_chilli_con_carne_medium_450gm (4002359014673)
73. tomato_sauce_dolmio_7_vegetables_tomato_and_chilli_pasta_sauce_350gm

(4002359015373)
74. tomato_sauce_dolmio_bolognese_smooth_tomato_pasta_sauce_750gm (4002359004841)
75. tomato_sauce_heinz_sun_dried_cherry_tomato_and_basil_350gm (5000157146298)
76. tooth_paste_aquafresh_kids_splash_strawberry_3_to_8_years_75ml (5054563087195)
77. tooth_paste_colgate_max_fresh_cooling_crystals_75ml (8718951166127)
78. tooth_paste_colgate_max_white_optic_75ml (8718951099135)
79. tooth_paste_colgate_total_active_fresh_125ml (8714789710624)
80. tooth_paste_oral_B_3D_white_arctic_fresh_75ml (8001090291035)

Appendix B
In this section, the authors present key parameters and configurations of the deep

learning methods whose performances are compared. A sequential data split allocating
the first 90% for training and the last 10% for validation with no data augmentation
was applied. The segmentation task is evaluated primarily using the Intersection over
Union (IoU) metric. Original implementation codes are modified using Claude Sonnet 4
to a similar structure and to adapt the corresponding architectures to accept our dataset
input/output dimensions. Models are built in PyTorch, leveraging CUDA-enabled GPUs
when available, with model check-pointing based on the highest validation IoU; training
progress was monitored through loss, accuracy, MCC, and IoU metrics for both training
and validation sets. Relevant software versions: Python 3.9.18, Pytorch 1.12.1, Cuda 11.8.

Appendix B.1. PointNet

Network Architecture:

• Spatial Transformer Networks (T-nets):

– Input T-net: 6 → 64 → 128 → 1024 → 512 → 256 → 36 (output: 6 × 6
transformation matrix)

– Feature T-net: 64 → 128 → 1024 → 512 → 256 → 4096 (output: 64 × 64
transformation matrix)

– Each layer: Batch normalization + ReLU activation
– Max pooling over all points before fully connected layers

• PointNet Backbone:

– Input transformation via T-net (3D coordinates + RGB features)
– First shared MLP: 6 → 64 → 64 (implemented as 1 × 1 convolutions)
– Feature transformation via T-net (64 × 64)
– Second shared MLP: 64 → 64 → 128 → 1024 (1 × 1 convolutions)
– Global feature extraction via max pooling over all points
– Local features (64-dim) concatenated with global features (1024-dim) for segmen-

tation

• Heads:

https://doi.org/10.3390/ai7030096

https://doi.org/10.3390/ai7030096


AI 2026, 7, 96 18 of 27

– Classification: 1024 → 512 → 256 → k classes

* Batch normalization in first two layers

* Dropout (p = 0.3) before final layer

– Segmentation: 1088 → 512 → 256 → 128 → m classes

* Batch normalization in first three layers

* No dropout

Training Parameters:

• Optimization:

– Optimizer: Adam with learning rate 0.001, weight decay 1 × 10−4

– Scheduler: CyclicLR with base_lr = 0.0001, max_lr = 0.01, step_size_up = 2000

• Loss Functions:

– Segmentation: Balanced Cross-Entropy with focal modulation (γ = 1) + Dice loss
– Orthogonal regularization weight: 0.001 (for feature transformation matrix)

Appendix B.2. PointNet++

Network Architecture:

• Set Abstraction Layers:

– SA1: 1024 points, radius = 0.01, 32 neighbors
– SA2: 256 points, radius = 0.05, 32 neighbors
– SA3: 64 points, radius = 0.2, 32 neighbors
– SA4: 16 points, radius = 0.3, 32 neighbors
– MLP configurations: SA1: [32, 32, 64], SA2: [64, 64, 128], SA3: [128, 128, 256], SA4:

[256, 256, 512] channels

• Feature Propagation Layers:

– FP4: 768 → 256 → 256 channels
– FP3: 384 → 256 → 256 channels
– FP2: 320 → 256 → 128 channels
– FP1: 128 → 128 → 128 → 128 channels

• Input Representation:

– Farthest point sampling for point selection
– Ball query with radius-based grouping

Training Parameters:

• Optimization:

– Optimizer: Adam with learning rate 0.001, weight decay 1 × 10−4

– Scheduler: CyclicLR with base_lr = 0.0001, max_lr = 0.01, step_size_up = 2000
– Gradient clipping: max_norm = 1.0

• Loss Function: Focal loss (γ = 1) + Dice loss
• Regularization:

– Batch normalization after each convolutional layer
– Dropout (p = 0.5) before final classification layer
– Weight decay (L2 regularization) coefficient 1 × 10−4

Appendix B.3. RandLA-Net

Network Architecture:

• Local Feature Aggregation (LFA) Modules:
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– 4 hierarchical LFA layers (encoder) with feature dimensions: (8 → 16 → 64 →
128 → 256)

– Neighborhood search: K-nearest neighbors with K = 16
– Local Spatial Encoding (LSE): 10-dimensional spatial encoding
– Attentive pooling with learned importance scores

• Architecture Structure:

– Encoder–decoder with 4 encoding and 4 decoding layers
– Decimation factor: 4× point reduction per encoding level
– 4 upsampling layers (decoder) (512 → 256 → 128 → 32 → 8)
– Skip connections between encoder and decoder layers
– Output layer: MLP (8 → 64 → 32 → num_classes) with dropout

Training Parameters:

• Optimization:

– Optimizer: Adam with learning rate 0.001, weight decay 1 × 10−4

– Scheduler: CyclicLR with base_lr = 0.0001, max_lr = 0.01, step_size_up = 2000
– Gradient clipping: L2 norm clipping with max_norm = 1.0

• Loss Function: Focal loss (γ = 1) + Dice loss
• Regularization:

– Batch normalization (ϵ = 1 × 10−6, momentum = 0.99)
– Dropout

Appendix B.4. PointWeb

Network Architecture:

• Core Components:

– Adaptive Feature Adjustment (AFA) Module: Learns point-wise relationships
– Hierarchical Set Abstraction that progressively down-samples the point cloud

with 4 SA modules
– 4 Feature Propagation modules that up-sample features back to original resolution

• Set Abstraction Layers:

– SA1: 1024 points, 32 neighbors, MLP [C, 32, 32, 64], AFA MLP [16, 16]
– SA2: 256 points, 32 neighbors, MLP [64, 64, 64, 128], AFA MLP [16, 16]
– SA3: 64 points, 32 neighbors, MLP [128, 128, 128, 256], AFA MLP [16, 16]
– SA4: 16 points, 32 neighbors, MLP [256, 256, 256, 512], AFA MLP [16, 16]

• Feature Propagation (FP) Modules:

– FP1: MLP [128 + C, 128, 128, 128], C denotes feature channels
– FP2: MLP [256 + 64, 256, 128]
– FP3: MLP [256 + 128, 256, 256]
– FP4: MLP [512 + 256, 256, 256]

• Key Features:

– Farthest Point Sampling (FPS) for point selection
– K-Nearest Neighbors (KNN) with k = 32
– Shared MLPs as 2D convolutions
– Max pooling for local feature aggregation
– Skip connections between SA and FP modules

Training Parameters:

• Optimization:
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– Optimizer: Adam with weight decay 1 × 10−4, learning rate 0.001
– Scheduler: StepLR with step size = 20 epochs, γ = 0.5
– Gradient clipping: L2 norm clipping with max_norm = 1.0

• Loss Function: Focal loss (γ = 2) + Dice loss + Cross-entropy with class weighting
• Regularization:

– Batch normalization on all convolutional layers
– Dropout in final classification layer
– Weight decay coefficient 1 × 10−4

Appendix B.5. PointCNN

Network Architecture:

• Core Components:

– X-Convolution: Convolution on X-transformed points
– X-Transformation Matrix: Learned K × K matrix
– Hierarchical encoder–decoder structure

• Encoder Configuration:

– Multiple RandPointCNN layers that progressively downsample the point cloud
– Each layer applies X-Convolution (core operation of PointCNN)
– Layer 1: 64 output channels, 8 neighbors, dilation 1, 1024 representative points
– Layer 2: 128 output channels, 12 neighbors, dilation 2, 512 points
– Layer 3: 256 output channels, 16 neighbors, dilation 2, 128 points
– Layer 4: 512 output channels, 16 neighbors, dilation 3, 32 points

• Decoder Configuration:

– Multiple PointCNN layers that upsample features back to original resolution
– Uses skip connections from encoder layers
– Layer 1: 256 output channels, 16 neighbors, dilation 2, 128 points
– Layer 2: 128 output channels, 12 neighbors, dilation 2, 512 points
– Layer 3: 128 output channels, 8 neighbors, dilation 1, 1024 points

• Key Features:

– Depthwise separable convolutions
– Farthest Point Sampling (FPS)
– K-Nearest Neighbors (KNN) with dilation factor D
– Inverse distance weighting for upsampling
– Skip connections

• Segmentation Head: Dense(128) → Dropout(0.5) → Dense(num_classes)

Training Parameters:

• Loss Function: Combined focal loss (γ = 2.0) and Dice loss
• Optimizer: Adam with weight decay 1 × 10−4, initial lr = 0.001
• Scheduler Options: StepLR
• Gradient Clipping: Max norm 1.0
• Regularization: Batch normalization (momentum = 0.9), Dropout (0.5)

Appendix B.6. PointMLP

Network Architecture:

• Encoder Components:

– Initial embedding: 1D convolution with 64 output channels
– Four hierarchical stages with downsampling factors [4, 4, 4, 4]
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– Each stage: LocalGrouper (FPS + KNN, K = 32) + PreExtraction + PosExtraction
– Channel dimensions: [64, 128, 256, 512] (expansion factor of 2 per stage)
– Anchor-based normalization with learnable parameters

• Decoder Components:

– Three upsampling stages: [512, 256, 128] channels
– Each decoder stage: 2 residual blocks
– Skip connections from encoder

• Classification Head:

– Global context via multi-scale max pooling
– Class token integration (16-dimensional)
– Final classifier: 128-channel hidden layer with dropout → output layer

Training Parameters:

• Optimization:

– Optimizer: Adam with weight decay 1 × 10−4, lr = 0.001
– Scheduler: CyclicLR (base_lr = 0.0001, max_lr = 0.01, step_size_up = 2000)
– Gradient clipping: Max norm 1.0

• Loss Function: Focal loss (γ = 2) + Dice loss + Cross-entropy
• Regularization: Batch normalization, Dropout, Weight decay

Appendix B.7. DGCNN

Network Architecture:

• Graph Construction:

– K-nearest neighbors graph with k = 20 neighbors per point
– Edge features: concatenation of relative coordinate differences + original features
– Dynamic graph updating at each layer

• Feature Extraction:

– Four EdgeConv layers: 64 → 64 → 128 → 256 channels
– Each EdgeConv: 2D convolution (1 × 1) + BatchNorm + LeakyReLU (slope = 0.2)
– Max pooling after each EdgeConv
– Feature concatenation across layers

• Embedding Layer:

– 1D convolution: 512 → 1024 channels
– BatchNorm + LeakyReLU

• Segmentation Head:

– Sequential 1D convolutions: 1024 → 512 → 256 → num_classes
– BatchNorm + LeakyReLU in first two layers
– No activation on final layer

Training Parameters:

• Optimization:

– Optimizer: Adam (lr = 0.001)
– Weight decay: 1 × 10−4

– Scheduler: CyclicLR (base_lr = 0.0001, max_lr = 0.01)
– Gradient clipping: max norm=1.0

• Loss Function: Focal loss (γ = 1) + Dice loss + Cross-entropy with class weighting
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Appendix B.8. Point Transformer V3

Network Architecture:

• Core Architecture:

– Serialized attention with Z-order and Hilbert curve encoding
– Encoder–decoder with skip connections

• Encoder Configuration:

– 4-stage hierarchical encoder with depths: (2, 2, 2, 2) transformer blocks
– Channel dimensions: (64, 128, 256, 512)
– Multi-head attention heads: (2, 4, 8, 16) per stage
– Patch sizes: (2048, 1024, 512, 256)
– Strided downsampling factors: (2, 2, 2)

• Decoder Configuration:

– 3-stage decoder with depths: (1, 1, 1) transformer blocks
– Channel dimensions: (256, 128, 64)
– Multi-head attention heads: (8, 4, 2) per stage
– Patch sizes: (512, 1024, 2048)
– Serialized unpooling with skip connections

• Attention Mechanism:

– Serialized attention with spatial ordering
– Scaled dot-product attention

• Normalization and Activation:

– Pre-normalization with LayerNorm in attention blocks
– GroupNorm (32 groups) in convolutional layers
– GELU activation
– Stochastic depth with drop path rate 0.01

Training Parameters:

• Optimization:

– Optimizer: Adam with lr = 0.001, weight decay 1 × 10−4

– Scheduler: CyclicLR (base_lr = 0.0001, max_lr = 0.01)
– Gradient clipping: max norm = 1.0

• Loss Function: Focal Loss (γ = 1) + Dice Loss + Cross-entropy with class weighting
• Voxel grid size: 0.005 for spatial discretization

Appendix B.9. PointNeXt

Network Architecture:

• Core Architecture:

– Hierarchical encoder–decoder with Set Abstraction (SA) and Feature Propagation (FP)
– Inverted Residual MLP (InvResMLP) blocks

• Encoder Configuration (SA Layers):

– Point sampling: Farthest Point Sampling (FPS)
– Progressive downsampling: [2048, 512, 128, 32] points
– Ball query radius values: [0.02, 0.05, 0.1, 0.3]
– Neighborhood sampling: 32 points per ball radius region
– MLP channels: [64, 64, 128] → [128, 128, 256] → [256, 256, 512] → [512, 512, 1024]

• Decoder Configuration (FP Layers):

– Feature propagation with interpolation-based upsampling
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– MLP channels: [256, 256] → [256, 256] → [256, 128] → [128, 128, 128]
– Skip connections from encoder
– Final segmentation head with dropout (0.5) and 1 × 1 convolutions

• Inverted Residual MLP (InvResMLP):

– Expansion ratio: 4 (similar to MobileNetV2)
– Residual connections with ReLU activation
– Batch normalization after each convolution
– Two-layer structure: expansion (1 × 1 conv) → projection (1 × 1 conv)
– Alleged Key innovation over original PointNet++ architecture

Training Parameters:

• Optimization:

– Optimizer: Adam with lr = 0.001, weight decay 1 × 10−4

– Gradient clipping: max norm = 1.0
– Scheduler: cyclic

• Loss Function:

– Focal loss (γ = 2.0) + Dice loss + Cross-entropy with class weighting

Appendix B.10. Fast Point Transformer

Network Architecture:

• Architectural Parameters:

– Initial dimension: 32 channels
– Encoder dimension: 32 channels for positional encoding
– Layer configuration (base model): (2, 3, 4, 6, 2, 2, 2, 2)
– Feature dimensions (planes): (64, 128, 384, 640, 384, 384, 256, 128)
– Model variant: Base

• Key Components:

– LightweightSelfAttentionLayer:

* Multi-head attention (8 heads)

* Kernel size: 3 × 3 × 3

* Positional encoding via inter- and intra-positional MLPs

* Cosine similarity-based attention

– LightweightSelfAttentionBlock:

* Residual connection architecture

* Dual-layer attention with LayerNorm

* ReLU activation

– Positional Encoding:

* 3D coordinate normalization relative to centroids

* MLP with Tanh activation

• Hierarchical Processing:

– 4-stage encoder with downsampling (stride = 2)
– 4-stage decoder with skip connections
– Farthest Point Sampling (FPS)
– K-nearest neighbors (KNN) grouping
– Inverse distance weighting for upsampling

Training Parameters:

• Optimization:
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– Optimizer: SGD with lr = 0.1, momentum = 0.9
– Weight decay: 1 × 10−4

– Gradient clipping: max norm = 1.0

• Learning Rate Scheduling:

– Cosine annealing after warmup
– Warmup steps ratio: 0.1 (10% of total)
– Minimum learning rate (ηmin): 0.0

• Loss Function: Cross-entropy loss
• Voxel size for quantization: 0.02 (default for ScanNet)

Appendix B.11. PointeNet

Network Architecture:

• Core Components:

– Multi-variate Geometry Encoder (MGE): 4-stage hierarchical encoder
– Multi-variate Local Geometry Aggregation (MLGA): Position encoding with

α = 1000, β = 100
– Multi-variate Adaptive Aggregation (MAA): Learnable scaling parameters
– Feature Propagation Decoder: 4 stages, [512, 256, 128, 128] dimensions
– Global Context Integration: Global max-pooled features + class embeddings

• Key Parameters:

– Embedding dimension: 66
– Dimension expansion factors: [2, 2, 2, 2] across encoder stages
– Residual expansion: 1.0
– Global max pooling dimension: 64
– Class embedding dimension: 64
– Activation: ReLU (configurable)

• Sampling and Grouping:

– Farthest Point Sampling (FPS) with reduction factors [4, 4, 4, 4]
– k-Nearest Neighbors (kNN) with k = 32

Training Parameters:

• Loss Function: Focal loss (γ = 2) + Dice loss
• Optimizer: Adam with learning rate 0.003
• Scheduler: StepLR (step size = 40, γ = 0.5)
• Gradient Clipping: Maximum norm of 1.0
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