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Fast and effective algorithms for deep learning on 3D shapes are keys to innovate mechanical and
electronic engineering design workflow. In this paper, an efficient 3D shape to 2D images pro-
jection algorithm and a shallow 2.5D convolutional neural network architecture is proposed. A
smaller convolutional neural network (CNN) model is achieved by information enrichment at the
preprocessing stage, i.e. 3D geometry is compressed into 2D “thickness view” and “depth view”.
Fusing the depth view and thickness view (DTV) from the same projection view into a dual-
channel grayscale image, can improve information locality for geometry and topology feature
extraction. This approach bridges the gap between mature image deep learning technologies to

EDA the applications of 3D shape. Enhanced by several essential scalar geometry properties and only 3
projection views, a mixed CNN and multiple linear parameter (MLP) neural network model
achives a validation accuracy of 92 % for ModelNet10 mesh-based dataset, while the training
time is one order of magnitude less than the original multi-view CNN approach. This study also
creates new 3D shape datasets from 2 open source CAD projects. Higher validation accuracy is
obtained for realistic CAD datasets, i.e. 97 % for FreeCAD’s mechanical part library and 95 % for
KiCAD electronic part library. The training cost reduces to tens of minutes on a laptop CPU, given
the smaller input data size and shallow neural network design. It is expected that this approach
can be adapted for other machine learning scenarios involved in CAD geometry.

1. Introduction
1.1. Machine learning for CAD applications

The success of convolution neural network in 2D image classification and recognition encourages active investigation of machine
learning on 3D objects. Machine learning of 3D geometry classification and recognition, is one of the enablers for digital engineering,
in the author’s words, the automated and intelligent engineering design workflow. The design of a complex machine/product needs
several design iterations. Without a continuous integration workflow as in software engineering, the overall design period of an aero-
engine model or a fusion reactor demonstration facility, would be much longer than a large-scale software project. Artificial intelli-
gence in the context of digital engineering can revolutionize the existing design-simulation workflow.

There are various 3D data representation formats, point set, surface mesh, text description as in CAD software, etc. 3D geometry
dataset from CAD software is different from mesh and point set, with unique features such as high precision, complicate topology. First
of all, 3D geometry is bounded by surface precisely; and surface area and volume can be calculated to a high precision, in contrast to
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triangle mesh approximation. Mesh can be generated from CAD geometry with information loss, while the geometry reconstruction
from mesh is possible but time-consuming and imperfect. Secondly, there are meta data embedded with geometry. For example, the
industrial standard file exchange format STEP v214, has physical material property like density embedded. Recent version of STEP
v242 has enriched meta data such as tolerance and assembly constraint. Last but not the least, there are large number of standardized
parts such as bolts and nuts. Machine design is a mixture of standard parts and in-house designed components.

Deep learning of CAD generated geometry files for part and assembly is less reported than surface mesh-based 3D object datasets,
due to the lack of publicly accessible dataset. CAD data are exchanged by STEP file format, a complex text file format using the Express
language to describe geometry and topology. It is more like a data markup language, and thus not suitable to apply existing language
deep learning model. Existing studies usually convert STEP geometry into other type of 3D representation. For example, MVCNN++,
the enhanced Multi-View Convolutional Neural Networks, improved accuracy by 5.9 % for CAD shapes [1].

High accuracy 3D geometry classification and retrieval is a key enabler for various innovations in computer-aided design and
simulation workflow, eventually leading to intelligent engineering design. For example, generative neural networks can generate a
prototype based on existing CAD models of same kind, as the starting point of design-simulation iteration [2]. 3D shape without meta
data could be searched and identified in product database, just like image search [3]. Simulation-related setup such as boundary
condition for design verification can be recommended automatically, based on part functional classification and rules learned from
previous simulation datasets. Performance evaluation at the post-processing stage of CAE software, can also be automated. Recent
work on geometry feature recognition has extended into the domain of computer-aided manufacturing (CAM) application, with
in-house generated CAD dataset, see Refs. [4,5].

Aiming at the continuous integration (CI) pipeline workflow like software engineering, product design should be conducted
smoothly and intelligently for material selection and topology optimization. Eventually, an automated and intelligent engineering
design-simulation workflow will be enabled to reduce or even eliminate engineers’ intervention in the engineering design process,
which will significantly reduce the time to market for products and mark a new era for computer-aided engineering design.

1.2. Challenges of deep learning on 3D shapes

In addition to meta-data rich 3D geometry datasets, efficient deep learning models are desired to accelerate the training on 3D
datasets. Deep learning is a time-consuming task, especially for 3D geometry which has one more dimension than 2D images. Although
deep learning on 3D dataset has become practical using the powerful hardware, reducing the computation cost is still a priority to drive
the wider adoption in desktop and mobile platforms.

1.3. Organization of this paper

This paper focuses on 3D shape classification at a single part or component (clustering of several parts to form a functional entity)
level, but capable of classifying product level with hundreds or more parts. For the latter cases, high-resolution 2D images could be a
more efficient approach for classification.

Aiming to reduce the computation cost for 3D part classification, optimization has been carried at both preprocessing and training
stages. At the preprocessing stage, an innovative 2.5D projection view, i.e. thickness view, is proposed and its generation algorithm is
illustrated. The input data byte size for each geometry is only 2 % of 12 view MVCCN model. According to Shannon information
entropy theory, information compression at the input stage can significantly reduce the neural network trainable parameters. In the
training stage, the fusion of depth and thickness maps as a single 2D two-channel image is adopted as model input, and the efficiency of
this proposed model is benchmarked with existing models on ModelNet datasets.

Another major contribution of this paper is the exploration and preparation of publicly available CAD datasets for deep learning
related to mechanical and electronic design application. The performance of this proposed deep learning model is studied against these
newly created CAD datasets.

2. Literature review
2.1. Overview of 3D shape classification

Before the success of deep learning on 2D image classification and recognition, machine learning on 3D shape was even less re-
ported [6]. Recent progress in convolution neural network and the autonomous driving applications have promoted the research in
machine learning on 3D shapes. Existing machine learning approaches can be grouped by how 3D data are represented; most of deep
learning models take only one of input data types below:

e Multi-view RGB colorful images: a sequence of images from different view angles, e.g. PANORAMA-NN.

e RGB-D: 2D color picture with an extra channel for depth information (how far it is the pixel to the viewer).

e Projection map images: various mapping from 3D shape into 2D image format.

e Volumetric: e. g. voxelization [7] as dense or sparse 3D array.

e Point cloud: array of point coordinate, typically obtained from light detection and ranging (LiDAR) widely equipped in autonomous
driving vehicle [8].

e Polygonal mesh: surface mesh widely used in 3D graphics rendering, such as ModelNet10 and ModelNet40 [9].
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e Primitive-based descriptor: scalar geometrical properties such as volume, bounding box, etc.

Combination of different input data formats is not widely explored, due to the cost of preprocessing and training time. However,
there are some examples like combing point cloud and multiple view image data [10].

The Princeton ModelNet project has been maintaining ModelNet Benchmark Leaderboard for 3D shape classification based on
ModelNet dataset at: https://modelnet.cs.princeton.edu/

2.2. Multiple viewpoint images

A series of 2D images from different viewpoints are widely used, since this simulates human eyes’ observation of a 3D shape from
distinct perspective. The rendered image highly depends on lighting configuration, since geometry details are distinguished by color
and brightness change. The very first multiple-view convolution neural network (MVCNN) model [11] uses 12 views for non-oriented
shape, and further 80 views to improve accuracy. The large input byte size per sample slows down the training. A comparison of
PVRnet [12] with MVCNN, GV-CNN, has showed observable improvement from 4 views to 8 views, but increasing the view count to 12
and 16 views does not help [13].

Three-dimensional shape recognition with a multi-view approach has been reviewed for research before year 2021 [14], most
multiview-based methods ignore the correlations of multiple views or suffer from high computational cost. After the proposed MVCNN
model [11], there are several enhanced models, such as long short-term memory (LSTM) to exploit the correlative information from
multiple views [15], MVCNN-MultiRes [16] using 20 views of 3 kinds of image resolution can improve accuracy from 92 % to 94 % for
the ModelNet40 dataset. Instead of maximum view pooling in MVCNN, bilinear pooling and a harmonizing layer [17] improve the
accuracy to nearly 95 % for both ModelNet10 and ModelNet40 datasets. Latent-MVCNN [18] has shown predefined views ‘ advantage
over random-selection, and utilizes latent vector to improve view relevance, to gain a higher accuracy.

2.3. Projection methods

In conventional mechanical engineering drawing, three 2D views are used to represent a 3D object without any loss of information.
In order to reduce the input data size, i.e. view count, for MVCNN, different 2D representations of 3D objects have been investigated
[19]. Some methods result in human readable projection image such as depth-map; some other are not visually comprehensible,
leading to difficulty to visually evaluate the quality of mapping.

SPNet [12] uses stereographic projection and comparatively studies with other 3D to 2D project methods. Single view can achieve
about 90 % accuracy. Some other projection method such as depth map [20] can improve the accuracy using multiple views; 6 depth
maps with a resolution of 320 x 240 attains an accuracy of 87.8 % on ModelNet40 dataset. In addition to depth map and volumetric
(voxel density) map (projecting voxel to 2D image by counting voxel), and surface local principal curvatures has been captured as the
third data source [21].

2.4. 3D voxel volumetric data format

The 3D voxel data format is widely used in 3D printing and volumetric visualization. This is an intuitive way to represent 3D object,
but the memory usage is high. Voxnet [7] is the original voxel-based deep learning model, achieving an accuracy of 92 % on Mod-
elNet10 dataset. In addition to equally-spaced voxelization, section views and slicing (DICOM) data format is also popular in medical
imaging. Voxel-based data format has been applied in analysis and search of mechanical CAD-models [22]. Simplified voxel repre-
sentation can be a good approach to understanding the topology, and further reduces the model parameter size. It is reported [23] a
local phase 3D CNN uses only 11 % of the parameters to achieve the state-of-the-art accuracy on ModelNet dataset; the secret to such an
accomplishment is feature extraction from 3D local blocks (e.g., 3 x 3 x 3) and the modified 3D convolution.

The disadvantage of voxel representation lies in the storage and computational cost. Converting shape into dense 3D array, i.e.
voxelization, consumes large amount memory and computational resource at the preprocessing stage. Nevertheless, 3D convolution,
one dimension higher than convolution on 2D images, is more computation-demanding.

2.5. Point cloud

Computational cost on point cloud format is higher than 2D images. Point cloud data can also have multiple views from different
projection axes to represent a 3D shape [13]. To classify shape with the point-cloud data format, point-to-vector capsule (PVC) network
forms a 3D shape descriptor using 2 feature extraction steps followed by a dynamic routing algorithm [24]. Another work, dual-graph
attention convolution network (DGACN) [25], fuses low-level extrinsic and high-level intrinsic graph features for point cloud clas-
sification. A major shortcoming for point cloud is the incapability to represent topology which is crucial for CAD geometry.

2.6. Surface mesh
3D geometry in surface mesh format, is vertex/point further equipped with connectivity information to form facets. Surface mesh is

widely used in game engineering to fully define a 3D shape. ShapeNet dataset is prepared in surface mesh file format, and geometry for
this popular dataset is further processed into other 3D reorientations mentioned above. However, direct usage of mesh triangulation as
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input has been reported as MeshNet [26], which uses not only point coordinates but also triangle normal and interconnection in-
formation. Alternatively, MeshCNN [27] has designed a specialized convolutional operator for edge of 3D triangular mesh and a
pooling operator further merging triangles while retaining the mesh topology; this MeshCNN is capable of mesh simplification, seg-
mentation, etc.

2.7. Primitive-based: geometrical properties

3D geometry classification based on descriptors was popular before the great success of CNN in 2D image deep learning.
Geometrical properties such as bounding box sizes, surface area and volume, are computationally cheap. For example, in ModelNet
datasets, airplane and cup are two distinguish classes that can be distinguished by volume value, but volume and area properties do not
help to understand the topology. There are some more complicate properties [28] like 3D spherical harmonics, shape distribution,
refer to the “Survey on 3D shape descriptors™ [29]. Light field distribution (LDF) is found efficient in part classification for a real
mechanical assembly model. However, hundreds of geometrical parameters are needed to achieve a satisfied accuracy, which requires
lots of computation resource in the preprocessing stage.

2.8. Graph convolutional network (GCN)

Graph convolutional network [30] has been widely used for social network analysis, and been extended to 3D shape analysis with
mesh datasets, such as FeaStNet [31]. PointView-GCN [32] with multi-level GCNs can hierarchically collect the shape features of
single-view point clouds and their multi-view relations, achieving a high accuracy of 95 %, i.e. 5 % higher than single view point cloud
approach. The view-GCN [33] understands 3D shape by graph representation of multiple views, with each view as a graph node
undergoing local convolution and coarsening. Recently, those authors have improved the model’s robustness regarding shape spatial
transformation, with view-GCN++ [34] with local attentional graph convolution operation and rotation robust view-sampling
operation.

2.9. Combination of submodels

Each approach listed above has its own advantage in shape analysis, and it is natural to combine them for better accuracy and
robustness. PVNet [35] uses a joint CNN of point cloud and multiple view data input for 3D shape analysis; an embedding attention
fusion scheme is introduced to correlate information from different views. The network architecture of NLGAT [36] is a combination of
a global relationship network and a structural network for point cloud data by a fully connected layer. Nevertheless, primitive-based
descriptors can be mixed, since they are cheap to calculate during preprocessing and do not significantly increase the total trainable
parameter count. Bag of feature [37] uses a method other than deep learning for 3D shape classification.

3. 3D shape datasets

Large 3D datasets are crucial for deep learning research on 3D object classification and/or retrieval. Driven by the fast development
of autonomous driving and robotics, real-world shape datasets obtained from scanning hardware are abundant, such as ScanObjectNN
[38] with 2902 3D objects in 15 categories. On the other hand, CAD datasets are rare in the public domain for deep learning purpose. In
this study, new 3D geometry datasets in native CAD file formats are explored and created from open-source CAD projects.

3.1. Mesh-based datasets: ModelNet and ShapeNet

ModelNet10 [39] dataset comes with mesh format, not CAD geometry file format like STEP. ModelNet10 includes ten categories of
3991 and 908 models into training and testing partitions respectively. ModelNet40 has 40 categories with a total sample of 12
thousand. There are other 3D surface mesh based datasets such as Thingi10K [40] for 3D printing models, but ModelNet datasets are de
facto for shape classification applications with abundant benchmarking result. ShapeNet [9] is another large-scale 3D shape dataset
with both point cloud and surface mesh formats; PartNet [41], ShapeNetCore and ShapeNetSem are subsets of ShapeNet. Among them,
ShapeNetCore dataset contains 51,300 samples in 55 categories.

3.2. Reported 3D CAD datasets

There are several online CAD part hosting websites like Grabcad and TraceParts. A dataset with 2354 elements among 15 sub-
categories has been used in part classification using feature parameters [29] is collected from those two sources. However, no
download link is provided for this 3D geometry dataset, except for webpage summary and statement for copyright restriction. Drexel
dataset is another CAD dataset, but without valid download link neither. ABC-dataset [42] has a million CAD samples without labels,
which is not suitable for this part classification study.

Recent research on CNN for view-based 3D object retrieval [43] uses 3 datasets. ETH 3D object dataset has 80 objects belonging to 8
categories. The second dataset of NTU60 3D model [44] has 549 objects belonging to 47 categories. The last dataset, MVRED 3D
category dataset [45], has 505 objects in 61 categories. An average of about 10 samples per category suggests that those datasets is not
ideal for shape classification. The most recent 3D shape dataset is OmniObject3D [46] with 6 thousand scanned objects in 190
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categories, sharing common categories with popular 2D datasets like ImageNet. The paper for OmniObject3D also includes a statistic
comparison with other 10 3D shape datasets. Due to the lack of a suitable CAD dataset, some research, like 3D feature recognition,
generates its own CAD dataset, seen in Refs. [4,5].

3.3. Mechanical CAD part library from FreeCAD

The standard part library for FreeCAD, an influential open source mechanical CAD project https://github.com/FreeCAD/FreeCAD-
library, has been organized as a new dataset in this study. This library features a well-structured folder hierarchy, and labels can be
retrieved from subfolder names. The labeling matches the well-established part classification based on functionality, as in machine
design text book [47]. However, some categories do not have enough samples suitable for machine learning purpose. Given the
threshold of minimum sample count as 20 for each group, 10 groups of 1838 mechanical parts can be collected from FreeCAD library
dataset, see Table 1.

3.4. Electronic 3D part library from KiCAD

KiCAD is an open source schematic capture and PCB design software; its PCB layout features a well-organized collection of 3D
shapes for common electronic categories, from resistors, capacitors to various connectors and packages, see the whole dataset at:
https://kicad.github.io/packages3d/. Using the same threshold of a minimum sample count of 20, 2029 samples in 18 categories have
been collected, see Table 2. Some electronic components have two mounting options, surface mount design (SMD) and through-hole
technology (THT); it was decided to merge them into single category. Both package and connector categories have a few subtypes, only
some common categories were selected due to data availability.

Both FreeCAD and KiCAD part libraries are distributed with a permissive license of Creative Commons — Attribution, which makes
both datasets publicly accessible for deep learning in mechanical and electronic design. In addition to their native file formats, the
industrial standard CAD file format like STEP, is provided for data exchange. The original FreeCAD and KiCAD datasets are well-
organized in file system with subfolder name as the category. Especially, KiCAD’s part library covers most common discrete elec-
tronic components.

To dispense the labor for preprocessing, the preprocessed image data in NumPy file and metadata in JSON file format, together with
all preprocessing scripts scheduling view generation and image collection, for FreeCAD and KiCAD datasets can be downloaded at
https://github.com/AICAE/3DPartClassification/tree/master/data.

Admittedly, FreeCAD and KiCAD datasets have only 1/3 to 1/2 sample count as the ModelNet10 dataset, while they are more
accessible than other CAD datasets for 3D geometry classification applications. Compared with commercial CAD software, neither
FreeCAD nor KiCAD part library is full-fledged. However, the library scale is ever-growing with an active user community, and they
will remain as promising 3D datasets freely available for deep learning applicable in mechanical and electronic design.

4. Preprocessing

Reducing computation cost has been the primary goal in this study. Given the fact that 3D CAD geometry is not fed directly into
neural network, the smaller neural network input data size means less model parameters to train. The first priority is given to the
preprocessing stage, compressing 3D geometry into high entropy information, i.e. fusion of depth and thickness, inspired by Shannon’s
information theory.

4.1. Preprocessing algorithm

4.1.1. Alignment and bounding box selection

Research by Ref. [48] claimed that shape orientation plays an important role in 3D recognition for voxel 3D data format. Mean-
while, orientation is also crucial for multiple view based CNN models, since “pose normalization” [3] for each 3D shape is essential to
generate comparable views independent geometrical transformations such as rotation. CAD parts are usually axis-aligned with the

Table 1

Summary of FreeCAD library 3D part dataset.
id category name samples
0 Cylinders 406
1 Bolts & Screws 431
2 DIN1025-Profiles 90
3 EN10056 Angle Bars 155
4 EN10058 Flat steel bars 214
5 EN10059 Square steel bars 35
6 EN10060 Round steel bars 67
7 EN10219 Rectangular Hollow Sections 163
8 EN10219 Square Hollow Sections 145
9 Washers 132
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Table 2
Summary of KiCAD 3D part library selected for this study.

id category name samples
1 Button Switch (SMD & THT) 163
2 Capacitor (SMD & THT) 460
3 Connector Molex 89
4 Connector Phoenix MC 180
5 Connector Pin Header 156
6 Connector Pin Socket 246
7 Crystal 99
8 Diode THT 89
9 Inductor THT 139
10 LED THT 75
11 Package BGA (ball-grid array) 78
12 Package DIP (dual-in-line package) 202
13 Package SOP (small outline package) 184
14 Relay THT 47
15 Resistor THT 105
16 Terminal Block Phoenix 86
17 Transformer THT 29
18 Varistor 100

design space coordinate system, while different designers may have different preference for a principal axis. A more specific
description for shape orientation can be given as, all the airplane shape should have head forwarding along the same axis with wing
span aligned with the identical second axis. ModelNet10 is an oriented dataset, in contrast to ModelNet40. Orion offers an aligned
ModelNet40 dataset at https://github.com/Imb-freiburg/orion, as well as the algorithm of model alignment.

For an unaligned dataset, re-orientation is an important preprocessing task; hints of shape transformation can be gained from
oriented bounding box and principal rotation axis/momentum. Oriented bounding box (OBB) may be not aligned to axes in the design
space, but gives the minimized bounding box volume. OBB may be referred as minimal bounding box (MBB) in some other literature.
Principal component analysis is a popular algorithm for shape alignment based on OBB. In addition, a multi-view transformation
network (MVTN) [49] has been reported to be able to improve the rotation robustness of any multiple view based neural network
models on 3D shape classification on ModelNet40 dataset.

4.1.2. Depth and thickness view (DTV) in a single image

Traditionally, mechanical engineers understand a 3D geometry from a series of 2D projection views, much fewer that 12 or 76
views in MVCNN. The typical combination of 3 orthogonal views are front, top and left views, see example drawings in Fig. 1. With the
carefully-selected orientation and orthogonal projection, engineers can reconstruct the 3D shape in mind. However, mechanical
drawing is always a black-and-white binary image, bearing only information for curves. If more information can be embedded into a
gray-scale image, CNN will be benefitted for feature enrichment.

Depth map has been widely used in 3D shape classification. Meanwhile, thickness view bears more topology information, not only
edge and corner, but also internal feature. In this study, both forward and backward depth and thickness maps are generated using the

XY plane YZ plane

O

A

O
XZ plane \‘-

Fig. 1. Mechanical drawing with 3 orthogonal axis-aligned views and one tri-axis view (bottom right).
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same projection view and mapped to the same image coordinates and saved into a single image file. In other words, depth and
thickness is treated as different color channels of one RGB image.

The key innovation of this paper, is the fusion of thickness and depth maps originated from the same projection view. This improved
information locality enables more effective feature extraction by CNN. For a part without any internal void/cavity, a single depth-
thickness-view (DTV) has the sufficient information to reconstruct the 3D part; while 3 views can increase the efficacy of topology
learning by CNN and deal with more complex geometry. The view count of 3 is widely used in mechanical drawing, and therefore,
selected as the baseline in this research, while more views can be fed into CNN, e.g. 3 orthogonal views after rotating the shape 45°
around Z-axis. Fig. 2 demonstrates three orthogonal projection directions for a mechanical part. Each row presents a group of images
from the same projection direction.

We can see these images bear more information than the pure curves outlining only the boundaries of part without knowledge of
interior region. The first two columns are single channel grayscale image for depth map and thickness views respectively, painted with
pseudo color scale. The rightmost column in Fig. 2 is the fusion of both depth map (the forward) and thickness map into a dual-channel
image, and painted as red and green channel of a RGB image. The third/blue channel is kept as always zero, since void space is
represented by dark pixel. CNN accepts both single-channel grayscale and multi-channel images; the latter has better correlation
between depth and thickness information.

4.1.3. DTV image generation algorithm

In this study all the shapes have been oriented (aligned), and axis-aligned bounding box (AABB) is used to select the region of
interest. Through some preliminary study, it was found that a cube with the length as the longest edge of axis-aligned bounding box can
generate better accuracy, because it maintains the aspect ratios for any given projection view. However, resolution loses if aspect ratios
deviate from unity, for example, there will be a large dark area on image for a slim part.

In contrast to the time-consuming voxelization process of volumetric information retrieving [21], thickness and depth image can be
directly calculated from shape and ray intersection. Thickness projection image can be achieved by geometrical Boolean operation; the
thickness at any given ray path can be summed from all the intersected line segments. The CAD geometry, and the equally-spaced ray
grid mapped to pixels in thickness image, are illustrated as the left section of Fig. 3. The intersected line segments between the
projection ray grid and the target geometry are given io the right side of Fig. 3, using the same viewport.

Boolean intersection is a time-consuming operation, therefore, a highly efficient thickness view projection algorithm based on
tessellation has been designed, which is nearly two orders of magnitude faster.

XY axis depth map XY axis thickness map XY axis depth and thickness

1.0 1.0
0.8 0.8
0.6 _ 0.6
0.4 0.4
0.2 0.2
0.0 0.0
YZ Axis depth map YZ Axis thickness map YZ Axis depth and thickness

ZX Axis depth map ZX Axis thickness map ZX Axis depth and thickness

0.0

Fig. 2. Sample of depth view and thickness views of the part from three orthogonal projections.
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4.1.4. Thickness projection by ray-mesh intersection

Boolean intersection operation is robust but time-consuming to calculate the common parts of the geometry and its ray grid.
Therefore, a more efficient way to calculate the thickness is proposed in this paper, analogous to the well-established ray-intersection
algorithm. Furthermore, this algorithm is suitable for GPU acceleration.

Three orthogonal project views aligned with its oriented coordinate system are selected to generate a ray-grid. The collection of
rays is organized into an equally-spaced 2D grid, while the 3D shape is tessellated into surface triangle mesh. The C++ source code is
available inside the repository: https://github.com/AICAE/3DPartClassification, residing in occProjector folder, while the pseudo
code for thickness and depth view calculation for a given projection direction is given,

Algorithm based on tessellation and ray grid intersection

Input: mesh; ray grid for a given projection.
Output: thickness and depth view as matrix T and D
initialize a matrix of variable-length vector M element-wise with an empty vector M = [ ]
foreach triangle (v0, v1, v2) in mesh do
find ray index range [Sitar, lena] and [jstart> jendl, this triangle may intersect according to coordinate;
foreach i in [igtart, lend] do
foreach j in [jstart, jena] do
h, intersected = intersect(triangle, ray[ij])
if intersected = = true do
push h into the scalar vector at Mj;
end if
end foreach index j in range
end foreach index i in range
end foreach triangle in mesh
sort ascendingly for each vector [hg, hy, ...] in M
ho= 5% (e — By
where k is the zero-based vector index

CONDDHRN

=
T 4

=
W

-
&

Tj = % 7 scale h into the range of [0, 1],
max — min
where hpax and hpiy are ray coordinate limits;
16: d = max([hy, ha, ...]) or min([hy, ho, ...1),
depends on axis direction for depth view

17: Dy = 4= Pnin_ scale depth into the range of [0, 1]

Pmax — Rmin

In case of XY view, only the Z-axis coordinate of the intersection points, corresponding to h in the code above, needs to be appended
into the vector Mj;. Each triangle in the meshed shape can only intersect with a few rays, whose row-column index range could be
calculated by triangle vertex coordinate. For manifold 3D shape, it is evident that the scalar count in each vector should be an even
number. For the situation of zero intersection, the thickness and depth value are set as zero. Finally, both thickness and depth maps for
each projection view are saved into a single multi-channel image file.

Fig. 3. Demonstration of thickness view generated from rays and the part; and intersected result by Boolean operation.
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4.1.5. Watertight surface mesh preferred

In order to guarantee that the count of intersection vector is an even number to generate thickness, the surface mesh generated must
be watertight and manifold. Watertight is a property to describe close surface mesh without holes [50]. Note that, not all meshing tool
can convert a geometry file into a triangulation mesh with watertight property.

Fig. 4 (a) shows a meshed part that is not water-tight. There are 4 crevices on the curved edge on the left side. Considering the part
as a closed container full of water, leakage happens at these crevices. The result of thickness view generation on the non-water-tight
mesh is two unexpected dark pixels, see the leftmost part of Fig. 4 (b). Since some rays, shown as black points, may fall in the crevices
and no intersection point is captured, the algorithm described above will fail for the odd number of the vector element count. Those
empty pixels represent tiny holes, erroneous topology feature. Therefore, an interpolation strategy is used to fill the false pixel with
nearby the average pixels. This interpolation may not always work. A threshold of 3 % erroneous pixel count is adopted, this sample is
excluded if the threshold is surpassed.

Besides watertightness, input mesh should contain only exterior facets but not interior facets, otherwise, an odd number of
intersection count leads to failure of thickness calculation. No interior facets will be guaranteed if a manifold geometry is created from
CAD software, if interior face is not kept during Boolean operation. This thickness view generation algorithm applies to either single
part, or an assembly of several parts (either in contact or merged into a single part by Boolean fusion), of which each part has water-
tight property.

5. Neural network design

Fig. 5 shows the schematic of the proposed model, coined as DTV-CNN, which is composed of a convolution neural network (CNN)
as the primary submodel for depth-thickness-view and a multiple linear parameter (MLP) as the secondary submodel. According to
literature review, multi-submodel can improve accuracy and robustness. For instance, it is challenging for a visual representation
model to distinguish a toy airplane from a real airplane, without considering scalar geometric properties like characteristic length and
volume.

5.1. CNN submodel

The minimum input view count is 3, which is a common practice to have at least 3 views in any mechanical drawing. Selecting only
one view by max-pooling may lead to loss of information, instead, image concatenating is used in this CNN submodel to retain essential
information. Data augmentation techniques such as flipping and rotation has been incorporated. A shallow neural network with only 3
Conv2D layers is employed, which is the key for the low training computation cost.

5.2. Multiple linear parameters (MLP) submodel

Only several geometry properties inexpensive to calculated in the preprocessing stage were selected, because MLP is only assistive
while CNN is the primary model to extract topology information from geometry. More complex geometrical parameters are not
introduced for its extra computation cost in the preprocessing stage.

In this paper, 6 geometrical parameters, independent of spatial position, i.e. translation and rotation, are selected. Those pa-
rameters are surface area and volume for the shape, the maximum length, 2 length aspect ratios and volume for the oriented bounding
box.

For 3D geometry, area and volume are scaled into same unit as the maximum length for the oriented bounding box.

Socatea = V'S @

(b)

Fig. 4. Impact of (a) non-water-tight mesh on (b) thickness and depth views image quality.



Q. Xia Heliyon 9 (2023) e21515

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e

| Depth&thickness Views Input: (None, n, 60, 60, 2) ‘

Preprocessing stage:

1. alignment by Optimal Bounding box;
~ . 2. thickness and depth map generation;
viewl \ View ... 3. thickness and depth view fusion;
Data Augment Data Augment 4. repeat step 2 and 3 for each projection;
(flip, rotate) (flip, rotate) 5. 3D shape scalar properties extraction:

Surfacearea, volume, length, etc.

& )\

‘MultipIeViewsConcat/PooIing ‘

’ MLP (2 Dense layers) |
MLP submodel

‘ CNN output (2 Dense-Dropout) ‘
CNN submodel

o Concatenate
Note: BN is short of batch normalization

Dense (output)

Fig. 5. Schematic of 3DTV-CNN model for 3D part classification.

and
Vsmled = \J/V (2)

where S is surface area (rnz); and V is volume (m®)
Scalars are further normalized into the unity range of [0, 1], before feeding into MLP.

6. Evaluation and benchmarking

The software platform for this study is Python 3.7.9 and TensorFlow-2.5 on Windows 10 64bit. The source code is available at
github https://github.com/AICAE/3DPartClassification, and the preprocessed image datasets in numpy file format are inside the data
subfolder. Deep learning models are benchmarked on an Intel (R) Core (TM) i5-6200U 2 cores 4 thread laptop CPU with a maximum
frequency 2.4 GHz, without any GPU acceleration. During the model benchmarking, the prepressing stage, i.e. transforming 3D ge-
ometry either as mesh format or CAD exchange format into image, is excluded. The time to prepossess each geometry sample file is less
than 1 s using single thread; while the time spent on pre-processing stage can be accelerated by parallel computation approach like
multi-threading.

6.1. Comparison with MVCNN, VoxNet and PointNet

This proposed DTV-CNN model has been benchmarked against reported 3D geometry classification models such as MVCNN,
PointNet and VoxNet. The benchmark results on the ModelNet10 and ModelNet40 datasets are presented in Table 3. This comparison
is limited to models which have source code available in public source code repository, therefore, the training time can be bench-
marked against the same CPU. Source codes for MVCNN and VoxNet have been ported to use TensorFlow V2 APIs, available on github

Table 3

Comparing performance of DTV-CNN with MVCNN and VoxNet.
model ModelNet10 ModelNet40 Trainable Training time per epoch GFLOPs Sample image size
variants accuracy accuracy Parameters (s) (byte)
3DTV-CNN 92 % 88 % 2,684,506 60 0.006 3 x 60 x 60x2
6DTV-CNN 94 % 89.2 % 5,163,290 118 0.011 6 x 60 x 60x2
MVCNN-12 NA 89.9 % 58,445,224 1800 0.28 12 x 227 x 227x3
VoxNet 92 % 83 % 764,264 240 unavailable 32 x 32 x 32
PointNet NA 89 % 3,480,049 unavalable 0.45 4096 x 3 x 4
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(https://github.com/AICAE/). Note that, recent models like MVCNN-MultiRes [10] has already attained a higher accuracy of 93.6 %,
with the cost of 20 views.

For the ModelNet10 mesh-based dataset, some samples fail to generate thickness view due to the lack of manifold/watertight shape
characteristics. Interpolation from nearby pixel is employed to cope with this situation, if the percentage of interpolated pixel count is
less than 3 %. 3808 out of ModelNet10 dataset of 4899 models are useable to benchmark our model. The training time per epoch in
Table 3 is normalized for the total 4000 samples.

The image size in byte is formulated as

Sin=nx W x H x D 3)

where n is view count; W is image width in pixel, H is image height in pixel; D is channel depth in byte per pixel.

The selection of channel count is 2 or 3 in this study, and the input data can be treated as a normal RGB image to reuse image
convolutional operator. If a future dataset contains color information, in the datasets, a special CNN operator for image with 6 channels
would be straight-forward to design.

The advantage of DTV-CNN is apparent, in both accuracy and speed. As a 2D image input, the resolution is much lower than the
MVCNN model, meaning a dramatical reduction in both computation cost and model parameter count. MVCNN with 12 views takes 30
minutes for each training epoch for ModelNet40 dataset, while it takes only 2 minutes for 6 view DTV-CNN. Despites 22 % of total
samples are excluded due to the failure of depth and/or thickness view generation, the training speed of DTV-CNN is one order of
magnitude faster.

Comparing the input image data size, this 3 view DTV-CNN has the similar byte size as VoxNet and accuracy for ModelNet10
dataset. Input data size for each sample is 21600 bytes for 3 view DTV-CNN; while a 3D convolution operator is more time-consuming
than a 2D convolutional operator. For example, the training time per epoch, 60 s, is just 25 % of VoxNet. Not to mention, 3 view DTV-
CNN has a better accuracy than VoxNet for ModelNet40 dataset.

In order to exclude the impact of dynamic frequency scaling on a mobile CPU, computational cost to train each image in one epoch
is given as GFlops in Table 3 by Tensorflow’s profiling API. Given that the point count is 4096 and single-precision float point is used as
coordinate values, the computational cost of PointNet is about 2 orders of magnitude higher than DTV-CNN, while the accuracy and
parameter is comparable. Therefore, it is confirmed DTV-CNN is an efficient model for 3D shape analysis.

6.2. Ablation study of model variants

Performance of model variants on ModelNet10 and FreeCAD library datasets aligns with findings on ModelNet40 dataset. Table 4
illustrates the accuracy of different model variants on these two datasets. The baseline model uses 3 depth-thickness projection views;
Other model variants such as doubling the view count, and using only either thickness or depth channel are studied to identify the key
enablers.

The coupling of depth map and thickness map as a dual-channel image is found to be the key to high accuracy. A single channel
image of either thickness or depth map, does not reduce the training time as with dual-channel image input, but the difference in
classification accuracy is significant for ModelNet10 and FreeCAD library dataset. The volumetric density approach [21] has a similar
information presentation style as thickness view in this paper, but depth and thickness information are not bound together before
image convolution. Emphasis on information locality has shown its advantage regarding training speed; DTV-CNN uses several hours
on a mobile CPU for ModelNet10 dataset, instead of “22 h on a 3.60 GHz Intel i7-4790 CPU and an NVIDIA TitanX (Pascal) GPU”. In
particularly, DTV-CNN outperforms by 20 % and 33 % thickness-only or depth-only views, for complicate 3D shape in ModelNet10
dataset. The numerical experiment confirms the fusion of depth and thickness map which improves the information locality is crucial
for CNN on 3D datasets.

The MLP submodel can improve the classification accuracy by 4 % without an significant increase of training time and model
parameter count. For example, the volume of the shape helps to distinguish a real aircraft from its toy counterpart. Therefore, the MLP
submodel is worth of adoption to stabilize the CNN submodel. On the other hand, doubling the view count to 6 can improve the
accuracy by 2 %, but the training time as well as the total trainable parameters increase proportionally. As recent researchers have
stated, increasing the view count further will not help observably. A compromise of accuracy and speed could be reached for the
applications on mobile platforms and/or web browsers, where CNN on 3D dataset is barely reported. In addition, different pooling
strategies have been evaluated. Maximum view pooling, instead of concatenating views as in the baseline model, this does not reduce
the training time observably although the model parameters drop to 40 %.

Table 4
Performance of 3DTV-CNN model variants on ModelNet10 dataset and FreeCAD dataset.
model variants ModelNet10 dataset FreeCAD dataset Trainable parameter count Sample image size (byte)
3 DTV-CNN (baseline) 92 % 97 % 2,683,834 3 x 60 x 60x2
6 DTV-CNN 94 % 97 % 5,163,290 6 x 60 x 60x2
Only 3 thickness views 72 % 95 % 2,683,402 3 x 60 x 60
Only 3 depth views 59 % 90 % 2,683,402 3 x 60 x 60
3 DTV, no MLP 88 % 95 % 2,613,850 3 x 60 x 60x2
3DTV, max view pooling 90 % 97 % 1,078,234 3 x 60 x 60x2
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Table 5

Performance of DTV-CNN on different datasets.
dataset validation accuracy
FreeCAD-library 97 %
KiCAD-library 95 %
ModelNet10 92 %
ModelNet40 88 %
ShapeNetCore 87 % (see note)

Note: higher input image resolution and extra Con2D layers are
used for ShapeNetCore dataset to improve accuracy.

6.3. Performance on different datasets

Table 5 is a summary of the performance of DTV-CNN for 3D part/shape classification. The new datasets introduced in this work,
FreeCAD and KiCAD standard part libraries, have higher classification accuracy than ModelNet10 and ModelNet40. Samples from both
CAD datasets are comparatively simple components, not a complex product as in ModelNet. Meanwhile, this could be partially
attributed to better depth and thickness view image quality, for its CAD data format with water-tight and manifold nature.

Our thickness view projection algorithm can not generate the perfect thickness map view for non-manifold and non-watertight
shapes from ModelNet and ShapeNetCore datasets. For some regions where thickness can not be calculated for the existence of
interior mesh facet (non-manifold) or mesh crevice (non-watertight), data thickness is obtained by extrapolation from nearly pixels.
This introduced noise undermines the performance of DTV-CNN.

Finally, this DTV-CNN model has the potential to be deployed in edge computation scenario. If the trained model has already
loaded into memory, a classification task for a new 3D shape takes 3 s on a low-end laptop CPU (Intel (R) Core (TM) i5-6200U 2 cores),
during that period, 2 s spent on preprocessing can be further reduced by multi-threading.

7. Conclusion

In this paper, a 2.5D thickness projection view algorithm is proposed to accelerate 3D shape classification using a model of mixed
CNN and MLP. This minimized input data size (3 views instead of 12 views or more for the MVCNN model) and neural network model
parameter count, can significantly reduce the computation cost of model training, and contribute to the prosperity of machine learning
on 3D shape.

This proposed model, DTV-CNN, has an apparent advantage in training and evaluation speed, although the accuracy is not the
highest. A reasonable accuracy of 92 % on mesh dataset ModelNet10 is achieved using only 3 orthogonal views, while the training time
is reduced to about tens of minutes on a laptop CPU. For realistic CAD shape datasets created in this study, the standard part library
from FreeCAD and KiCAD, the validation accuracy can reach 97 % and 95 % respectively. The smaller model parameter count and
faster training speed are due to the effective 3D topology information extraction from 2.5D thickness project views, and information
locality by fusion of depth and thickness view. The classification model is further assisted by a MLP submodel of several key scalar
geometrical properties. The introduction of scalar geometrical properties has ignorable computation cost but can lead to an observable
accuracy improvement.

The small model size and training cost of this proposed 3D classification model can be integrated into CAD and CAE software, and
serve as a key enabler for automated and intelligent engineering design in the future. Meanwhile, the real-time performance of this
DTV-CNN model will broaden the application of machine learning on 3D shape to more resource-limited platforms.

Limitation and future work

In this paper, information locality has been improved by interweaving depth information into a conventional 2D projection view,
while locality could be further improved by a special convolution operator, to correlate orthogonal XY-YZ-ZX views. For example,
PointView-GCN with multi-level GCNs can hierarchically collect the shape features of single-view and their multi-view relations,
therefore achieved a high accuracy of 95 %. If color information is available, the color channel should be interwoven with depth and
thickness channel from the same projection to improve information locality.

As the category count increases in a real-world application, extra convolution layers and higher input image resolution are required
to maintain the classification accuracy. Future work to deal with category scaling-up challenge would be multi-submodel approach.
One principle of selection of submodel is orthogonality, if DTV-CNN is selected as the primary model and MLP and the geometrical
scalar properties as the second MLP submodel, then topology-based model like NeRF or graph attention network could be more helpful
than voxel or other visualization approaches. Moreover, transformer-based deep learning model could also be explored for 3D shape
classification and generation.
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