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Motivation

Supporting engineers in the CAE development
process

Design decisions based on historical data

Machine
learning
algorithms

CAD Pre-processing

Creation of parts Defining the model

Discretization
Generate areas
Environmental
factors
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Solver

Solving equation
system (simulation)

Post-processing

Visualization

Analysis




Use cases

Use Case

@
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Automatic labeling system
Automatic sorting of part lists

Recommendation system for spot weld
parameter

Recommendation system of better part
constructions

Segmentation of part groups

N
@ Dresden Database
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rocker_panel_left
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Research on approaches in the field of 3D geometric

data classification
Conception of a FEM data pre-processing pipeline

Evaluation of the approaches based on the extracted
data

Prototypical implementation of a use case

Classification

algorithm
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A
FEM data structure » Dresden Database

Two types used:

*PART

aluminum block

" LS - Dyn G $---- R e e e R R e +
5 PID SECID MID EOSID HGID GRAV ADPOPT TMID

= PAM-Crash 1 1 1

*SECTION_SOLID

L R e B B B R R +
Consists of keywords and data blocks e e
*MAT_ELASTIC
- database structure s T o e B o e M :
1 2700. 70.e+09 .3
*ELEMENT_SOLID
Geometric data under the keyword s e e e ww e w e
1 1 1 2 3 4 5 6 T 8
*NODE e R e e
3 NID X Y Z TC RC
1 0. 0. a. T T
2 1. 9. a. 5 &)
3 1. 1. e. 3 ¢]
4 Q. 1. a. 6 ¢]
i 0. 0. 1. 4 &)
6 1. 9. 1. 2 &)
7 1. 1. 1. 1] ¢]
8 o. 1. 1. 1 &)
[1]
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A
FEM data structure » Dresden Database

*PART

Goal
= Extract 3D geometric data for every S N S R I R .

5 PID SECID MID EOSID HGID GRAV ADPOPT TMID

part (point cloud) 1 1 1

*SECTION_SOLID

L R e B B B R R +
- Extract all nodes from all elements B esow A

*MAT_ELASTIC

c)1: (:1 I:)(:’rmt $---mm - R tommm - R R R R tommm - +

L MID RO E PR DA DB K
1 2700. 70.e+09 .3
*ELEMENT_SOLID
Collect data from more than one car .

=~ oo ks W
(=B - B - I o]
O OoR RO
Ll > B = == =
H @ N R WO N O+
2 o0 00 @@ -0
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Data selection » Dresden Database

A lot of FEM files extracted from LoCo

= Few differences between files of the
same car

Take only one FEM file per car model

- Six different car models

* Five Audi models and one Toyota Yaris




Parsing

Extract 3D data of parts of a car model

Challenges
= Models contain only a subset of the
same parts

= No uniform naming of car parts
=  Small amount of car models / samples

TECHNISCHE
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Challenges »resden atabase

Challenges
= Models contain only a subset of the
same parts

= No uniform naming of car parts

=  Small amount of car models / samples

Extract only a subset of parts

=  Human extracted subset

= Human labeled car parts
=  bpillar_inner_left

TECHNISCHE
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Sampling

Challenges:

= Car parts consists of a different number
of points

=  Small amount of car models / samples

Uniform sampling of the part surface

= Using barycentric coordinates
= Latin Hypercube Sampling

—> Point clouds with fixed point number

- Generate more than one sample per part

N
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Normalization

Normalize point clouds

= Smaller values - faster processing
= Standard for 3D geometric data

Usage of mean normalization

» Calculate centroid of point cloud
= Substract centroid 2 move pc to origin

» Calculate max distance / divide by max
distance

_ P

p/

Systems Group

y/
§ Dresden Database
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Pre-processing pipeline »Dresc’e” Patabase

Extraction step
= Parse every FEM model

= Extract subset of car parts and safe as
JSON file

Extracting Generating

Sampling /
Normalization

Class
Mapping

Uniform

Generation step Labels
= Sample and normalize every part in folder

=  Mapping of part and corresponding class
= Safe as HDF5 dataset

HDF5 datasets

TECHNISCHE
UNIVERSITAT 1 4
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Datasets

6 HDF5 datasets one per model
More than one sample per part

5 datasets used as trainings data
= 10240 samples

Audi FM3 used as test dataset
= 1024 samples (10 %)

Number of classes depends on labeling

Audi FM1
Audi FM2
Audi FM3
Audi FM4
Audi FM5

Toyota
Yaris

number of
parts

31

31

35

35

23

29

8
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Number of
classes

(15, 16, 13)
(15, 16, 13)
(15, 16, 13)
(15, 16, 13)
(15, 16, 13)

(15, 16, 13)

number of
samples

2.048

2.048

1.024

2.048

2.048

2.048
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PointNet

DL architecture for point cloud classification and segmentation

= Charles R.Qietal 2016
* Input: point cloud as nx3 array (n point with X, y, z coordinates)
=  Qutput: k class scores
= |nvariant to point order
= |nvariant to rotation and translation
Classification Network
35M pGrOmeterS mputnﬂp{6464}featurenﬂp{64]28]024}mmlp
‘E transform :j ':: transform ::l 14—‘:: pool 1024 (512,256,k)
Linear complexity to 5 * awed | § 7 E Wsriagl e DFW =
£ : o"“ea re Kk
number of input points R A ——————
n|x 1083 shared % shared H
i mlp (512.256,128) mlp (128,m) -
ot
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- - . &
3D modified Fisher Vectors »Dresden Database

DL architecture with new point cloud P
representation

1021

= [|tzik Ben-Shabat 2018 ”1
=  Based on GMM and Fisher Vectors Iunﬁ
Gaussian Mixture Model p
= Probability distribution of several -&
Gaussians s

Fisher Vector
= Describe points by deviation from GMM

TECHNISCHE
UNIVERSITAT
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3D modified Fisher Vectors

Fisher Vector components

= Normalized gradients w.r.t. Gaussian
parameters

T

G = ! Y (e(k) — wy)

Wy —
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3D modified Fisher Vectors »Dresden Database

Systems Group

Use GMM on a grid with fixed means and o
weights

max gy,

max gy,

max gy,

1.0 1 min gy,

min gy,

min g, ,
E Gpa
= . A
5 g |

max g i s

- Representation of [-1, 1] unit sphere

Fisher Vector for every Gaussian
- Fisher Matrix

max ge,

max ge,
min g,
min g,
min ge,
S do. B ...
> 90, -
Ega'z -

- New form to represent 3D point clouds

(5]

Z?:i L)Vylog “A[Pt)‘
l}':a:#:a

max;( Ly V) loguy (py ) |.lk.=nr,j.t,ﬂ
ming( Ly Valog ua (pe))| =y o

3DmFV,Y =
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3DmFV architecture » Dresden Database

DL architecture with 3D CNN

= Input: nx3 point cloud (transformed into 3ADMFV representation)
=  Qutput: k class scores

*= Invariant to point order
= |nvariant to rotation and translation

{ A\
: . ' _ |
Usage of inception networks s 3 REREN = ) o i
- - ;':.- I: : E :: :: :: E E : : : E E g ﬁl Output
= CNN architecture with } ¥ Y EYENEE ﬁ@ ENEEN ) A R
. . . ' ENEE : Vg | 1 ! £
different filter size n3 I 2] (2] (2] 131/ ; LEL L LEL disssns |
| TTExAx N6 |
‘ | L oy Gl oeeraaseeshns o e SRR Y
4.6M parameters e — N
E Helasses 1584 1024 MLP(1024, 512, 256, #parts) fiparts |
\_ _— — — — — — — :";":";":"_'"'_'"_'"'_"-'_'";":"-;":"_"'.'_":":"_,
[6]
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PointNet vs. 3DmFV

Setup

» Hyperparamter nearly identical

*» Trained on the same computer for
100 epochs

= After 1 epoch
- Test with Audi FM3 dataset

Three different Benchmarks

» Coarse part groups
= Distinction between left and right parts

= Distinction between inner and outer
parts

- To analyze the limits of the approaches

Batch size 32
Point cloud size 1.024
Optimizer ADAM
Number of 100
epochs

Number of -
gaussians

N Dresden Database

Systems Group

64
1.024
ADAM
100

125

23

TECHNISCHE
UNIVERSITAT
DRESDEN



Benchmarks - Coarse part groups

Inner/outer and left/right parts share the

same class

= A_pillar and b_pillar
=  Qverall 15 different classes

Results

* Trainings accuracy:
= PointNet -99.5%
= 3DmFV-99.7%

» Testaccuracy:
=  PointNet-71.6%
=  3DmFV -98.8%

» Runtime:
= PointNet — 16h
= 3DmFV-38h

Accuracy
< 14 had =
- (=] (=] o

e
&
N

o
o

Accuracy
e L g =
N £y [--] o
. L

e
o
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PaointNet

e

—— Trainings_Accuracy
—— Test_Accuracy

0 20 40 60 80 100
Epochs

3DmFV

e

e
o
4

—— Trainings_Accuracy
—— Test_Accuracy

0 20 40 60 80 100
Epochs
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Benchmarks - Summary

Summary

= Trainings accuracy ~99%

= 3DmFV test accuracy always better
than PointNet

- focus on 3DmFV Metric | Approach Part Distinction | Distinction
groups Ieft/rlght inner/outer

Classes
PointNet 99.5%
Accuracy
(Training) 3pmFV 99.7%
PointNet 71.6%
Accuracy
(Test)  3DmMFV 98.8%

99.6%
99.8%
68.8%
81.0%

99.8%
99.7%
83.2%
85.6%

TECHNISCHE
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Benchmarks - distinction left/right Dresden Database

AnOlyze the ChO”eng'ng pOrts 3DmFV - Confusion Matrix
= Rocker panel seems challenging

asaeuler - 0 98 @ @8 @9 ©8 98 99 9 A 0@ 8¢ 48 ©0 0@

= Confusion between left and right part T ey .
- geometric nearly identical e LI - R R 08

1.0

csaeule untenr o ¢ s e e 0o o0 ee 00 o ©a o0 ee 6o 00 o
radhaus r o °0 er 9 a0 a0 o0 a8 9s w3 3 00 as  as o3 oo
—_ schwellerr | © e8¢ o0 se o9 @S 9z 00 6o oA oo a0 4F 00 0s - 0.6
o
[o] bsaeule | o ®@ 98 a8 90 s 00 o 00 60 ©o o0 00 e oo oo
-
[ asaeule | o 0 en  on  ss  wa oo a0 oo LR T T R T S TR PR
5 |
jus
= asaeuleunten] o ®0  ss  em a0 we  os b oo 00 L T T TR TR 1) 0.4

csaeule oben | | ®@ @@ 99 ae  wme @@ o0 98 08 6 L T Y]

cacounton 1 90w o w0 w e w w w n W o w

radhaus | 4 ® 90 ee se we 00 w0 oe 00 w0 o o0 PEEEN ee 00w

- 0.2

schweller_|

lenktraeger r o °° =1 o8 o ma oo a0 an a3 o2 a0 an o oo

lenktraeger | 4{ ®9 98 96 30 @2 ©9 0 4E 08 ®) a8 % G0 9

T T T T
PSS S IS Iy
- e S & B

F & FF &S
N3 & & & &
S
& ToE
& * h

el
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3DmFV - Gaussians »Dresden Database

Change number of Gaussians

. . . =: " — =- . ﬁ - %. - 7
= Finer grid resolution = = = 4 e c/}
- = 5 .
= More features — : 5%5
XaX XOX

- better accuracy?
= Distinction between left/right parts

Results /ﬁ

=  Slightly better results with finer grid o
= |ncrease in runtime

- Tradeoff between

accuracy / runtime Accuracy (Training) 98.5% 99.8% 99.9%
Accuracy (Test) 78.0% 81.0% 85.0%
Runtime (Test) 43s 116s 373s

TECHNISCHE
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Benchmarks

Conclusion
= 3DmFV better performance on tested
dataset

= All benchmarks show good results
- Coarse part groups best one

= Geometric nearly identical parts are
challenging

» Tradeoff Accuracy /Runtime

Systems Group

y/
é Dresden Database
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Implementation

Prototype in FreeCAD

» Integrate a trained neural network in a
CAD software

= Application for visualizing a Use case
- Automatic labeling system

= First: Classification of point cloud

- Classify a part from a STEP file

V-~
6 Dresden Database
Systems Group
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Implementation » Dresden Database

Classification pipeline >
= Convert STEP into mesh Meshing
= Sample mesh with 1024 points i h
= Normalize points cloud
= (Classify point cloud

Buldwes

N B-Pillar

<
- Returns the label of the part and i — o -
cloud Classification class

changes the part name
,'f?? o
‘% e

vﬂi"(’r ,,573) '?m'bﬁz

31
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COntributiQn é Dresden Database

Systems Group

Conclusion
» (Classification of car parts works! ‘
= 3DmFV shows good results V e
= Similar parts are more challenging V a—
v L]
- Realization of Use cases are possible!
Outlook
= Training with more parts / models F
» Investigate performance of
segmentation networks Il
= Prototype of specific use cases

TECHNISCHE
UNIVERSITAT
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Re: 3DmMFV - Question

[

e ltzik Ben Shabat <sitzikbs@gmail.com>

Anm: Mick Scheider

Hi Mick,

You are right. it is not rotation or translation invariant. However, this is something that the network learns to make up for. So, the input

to the network will be different but the classification will not change despite the rotation and translation. In my case, it was not an issue

since the different classes are very different from each other. It may be more challenging if your objects are more similar to one another.
Good luck with your thesis.

BTW, | am no longer using my Technion email. Use this one instead.

Cheers,
Itzik

N
N Dresden Database
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Implementation

Realization of other Use cases

» Collect historical part data in a
database

 Use classification network
* Query database with part label

- return (aggregated) part information

- Concept of a recommendation system

N
é Dresden Database
Systems Group

Part

Database
O

Punkt- . Part
Classification
wolke class

. "?)‘j.#;,«;,%“}gm%’m.ig B-Pillar
&

. < Bunianuo)
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Benchmarks — distinction inner/outer »Dresc’e” Database

PointNet
» Distinction between inner / outer parts
* A_pillar_inner and a_pillar_outer 205
*  Overall 13 different classes g
Results:
»  Trainings accuracy: | = rens™ | | |
PointNet - 99.8% ’ B ® s R
* 3DmFV-99.7% N 2DmPY
+ Testaccuracy:
* PointNet - 83.2% 081
- 3DmFV -85.6%
* Runtime: g
* PointNet - 18h 4
+  3DmFV -38h
—— Trainings_Accuracy
~—— Test_Accuracy
0 20 40 Epochs 60 80 100
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A
Benchmarks - Coarse part groups »Dfesde“ Database

Analyze the challenging parts

= Compare confusion matrix

PointNet - Confusion Matrix

3DmFV - Confusion Matrix 1o
> shows the results per class  —-fog. .o oo il il T
* Calculate F1 score s L S
recision * recall ot M -
F =2x P T R 3 L 0.6
precision + recall S . 5
E sznw%mr’— oo o e e s W E o
Results R

=  Weighted F1: T

= PointNet — 0.58 [N DO
7 —- 0.0

= 3DmFV - 0.96

- & Predicted Label : T Predicted Label
=  3DmFV better results than PointNet e

TECHNISCHE
UNIVERSITAT
DRESDEN

37



Benchmarks — distinction left/right

Distinction between left / right parts

=  A_pillar_left and a_pillar_right
=  Only parts with a counter part
= Overall 16 different classes

Results:

* Trainings accuracy:
= PointNet -99.6%
=  3DmFV -99.8%
» Testaccuracy:
=  PointNet - 68.8%
= 3DmFV-81.0%
» Runtime:
= PointNet - 18.5h
= 3DmFV-39h

1.0

0.8

Accuracy

0.4

0.2

0.0

N
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PointNet

0.6

—— Trainings_Accuracy

1.0

~——— Test_Accurac v
0 20 40 60 80 100
Epochs
3DmFV
—— Trainings_Accuracy
—— Test_Accuracy
] 20 40 60 80 100

Epochs
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3DmMFV — Different test sets

Test the approach with different test sets

=  Only trained on Audi models
= Test with Toyota Yaris dataset
= (Classification of coarse part groups

Results

= 3DmFV bad performance
= Test Accuracy: ~38%
= |ots of confusions between classes

Test with Audi FM?2

=  Same results as before
= Test Accuracy: ~99%

Accuracy

True Label

=
o

e
™

o
o

e
S

0.2
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3DmFV

[

W

—— Trainings_Accuracy
—— Test_Accuracy

0 20 40 60 80 100
Epochs
3DmMFV - Confusion Matrix

0.8

"
. Y BRI [ 0-6
e - o

- e e e .. [ 0.2

. oo
. P P P
S ’@" Ear "’“4' «‘;@ &
F e R ‘fé”;f &
s & i

Predicted Label
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3DmMFV — Different test sets

Limits of 3DmMFV
= Comparison of Fisher matrix between
B-pillar and a-pillar-lower
= Very similar representation

- Yaris A-pillar looks more like
Audi B-pillar

Conclusion
= 3DmFV better performance on tested
dataset
= All benchmarks show good results
=  Coarse part groups best one

= Geometric nearly identical parts are
challenging

=  3DmFV shows better results on a
specific domain — only Audi data
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Fisher Wector
T

FM2 b-pillar

~ Fisher Vector

BD 100 120
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Fisher vector
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Fisher Vector
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i
20 » B0 100 120
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Label Map / Class Map Dresden Database

.58 - 22MNB5 8We.809.228.
.58 - 22MNBS UZ1 8we.809.228.
.58 - 22MNB5S UZ2 8WO0.809.228.
22MNB5 UZ3 8WO.809.228.
.50 - 22MNB5 UZ4 8WO.889.228.
.58 - 22MNB5 UZ5 8WO.8089.228.

bsaeule innen rechts, SAEULE B INNEN E
bsaeule_innen_rechts, SAEULE_B_TINNEN_ -
bsaeule_innen_rechts, SAEULE B INNEN -
bsaeule innen rechts, SAEULE B INMNEN -
bsaeule_innen_rechts, SAEULE_B_TINNEN_ -
bsaeule_innen_rechts, SAEULE B INNEN -
bsaeule_innen_rechts, SAEULE B INMNEN - 1.50 - 22MNB5 WB1 8WO0.809.228. radhaus auRen rechts 6

bsaeule_innen rechts, SAEULE B INNEN_ - 1.58 - 22MNB5 WB2 8WA.809.228. s

bsaeule schlieBteil rechts, SCHLIESSTEIL_SAEULE B _ - 1.80 - HC340XD 8WB0.818.222 K TMZ schweugr_ausén_rech{s_g

™Z bsaeule innen rechts,®
T™Z bsaeule_schlieBteil rechts,®
™Z asaeule_auBen_rechts,1
asaeule innen_rechts,1
asaeule unten_auBen rechts,2
™Z asaeule unten_innen_rechts,3
TMZ csaeule oben_rechts,4
™Z csaeule unten_rechts,5

el el
w
@
]
0000000 m o
EARARARAERAERR
]

asaeule_auBen_rechts, SAEULE_A_ AUSSEN OBEN_ - 1.48 - 22MNBS BW5.810.284.B K TMZ schweller_innen_rechts,8
asaeule innen rechts, SAULE A INNEN OBEN - 1.20 - HC340XD BWO.B889.288.A K TMZ Esae”{e_lnﬁ'?_‘éi"'ff-?_ o
asaeule unten auBen rechts, SAEULE A UNTEN AUSSEN_ - 1.20 - HX340LAD 8W0.809.217.C K TMZ asaeule auBen Llinks 1
asaeule unten_innen_rechts, SAEULE A IN UN - 1.58 - HC458xXD 8We.8082.126 K TMZ asaeule innen links,1
csaeule oben rechts, VERST SAEULE C OBERTEIL - 0.75 - HX348LAD  8W5.809.746 K TMZ asaeule_unten_auBen_links,2
csaeule unten rechts, VERST SAEULE C UNTERTEIL - 8.65 - HX26GLAD  8WO.809.264 K TMZ asaeule unten_innen_links,3
radhaus_auRen_rechts, RADHAUS HINTEN AUSSEN - 8.65 - DXS6D 8WB.809.412.A K TMZ csaewte_oben_Links,4_
radhaus_innen rechts, RADHAUS HINTEN IN - 8.85 - DX56D BWO.810.426.A K TMZ radhaus auBen 1inks.6
schweller verst rechts, SCHWELLERVERSTAERKUNG NAR - 1.58 - HCG6OX BWO.809.755.A radhaus_innen links,7
schweller auBen_rechts, STEGTEIL SCHWELLER - B8.95 - HCE6OX BWO.8083.764 K TMZ schweller_auBen_links,8
schweller _innen rechts, SCHWELLER INNEN - 1.15 - 22MNBS 8W0.803.756 K TMZ soiomlosl Al ke 2

boden_hinten,9
mitteltunnel, 1@
stirnwand, 11
dachrahmen_vorn, 12
dachrahmen_hinten, 13
lenktraeger rechts, 14
lenktraeger_links, 14

TECHNISCHE
UNIVERSITAT 4 1
DRESDEN




Sampling
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Latin Hypercube Sampling
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Fisher Vector ’ Dresden Database
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Fisher Vector

@

Fisher Vector

d_pi_max

d_pi_sum 4
d_mul_max
d_mu2_max -
d_mu3_max -
d_mul_min 4
d_mu2_min -
d_mu3_min 4
d_mul_sum -
d_mu2_sum -
d mu3 sum A
d_sigl_max -
d_sig2_max
d sig3_max
d_sigl_min 4
d_sig2_min
d sig3 min
d_sigl_sum A
d_sig2_sum 4

|

d_sig3 sum
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