How to pick a metric to
classity a surface?

Useful resources:

B. Mullany, E. Savio, H. Haitjema, R. Leach, “The implication and evaluation of geometrical imperfections on manufactured surfaces “, Annals

of the CIRP, Vol. 71 (2), pp. 717-739, 2022

J. Redford, B. Mullany, “Construction of a Multi-Class Discrimination Matrix and Systematic Selection of Areal Texture Parameters for
Quantitative Surface and Defect Classification”, Journal of Manufacturing Systems, Volume 71, December, Pages 131-143, 2023.

J. Redford, B. Mullany, “Classification of Visual Smoothness Standards Using Multi-Scale Areal Texture Parameters and Low-Magnification

Coherence Scanning Interferometry”, Materials, 2024, 17, 1653.
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MWhy do you need a metric?

o Surface classification?

o Good/bad
o Type Aor Type B?

o Process control? (is the process drifting)

o Isthe tool wearing?
o Has the laser power changed?

o Process insights for optimization/understanding?
o For machine learning applications
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Basic requirements of a ‘good” metric
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Quantification of a ‘good” metric — d’
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SQuID - Example how it works

B. Mullany
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Take multiple measurements on the surface

Calculate ISO metrics on the areal maps

Look at the distribution of the metric values for each surface class
Calculate d’ for each metric

Assess the d' values for each metric - isolate ones that have “good separation” d’'>4.5
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Example how it works
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More than two classes?

More than two classes?
o Compare each class to every other class
o Number of classification challenges = L(L - 1)/2 (where L = number of classes)

Selected Descriptors

Test Data
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MWhat to do with the best metrics?

Best metrics ...
o Metrics -> Features for a Decision Tree Algorithm

Decision Tree Diagram
Root Node

e

is Str > C1 Layer 1

\ yes j\ no
/ \ Decision Node

isSa = ¢, /
yes | no isSa=c3;  Layer2

yes }\ no
\

is Str > ¢, Layer3

yes j\ no

“Classification”
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SQuID™- Surface Quality and Inspection Descriptors

SQulD: Surface Quality and Inspection Descrlptors

 Analytics / Documentation,

1

1

1

1

1

[}

1

1

1

1

[}

1

! 6
1+ N X

1 - R I R “
I = 4
1
1
1
1
[}
1
1
1
1
1
[}
1

&*

1

3

1

1 & ﬁ - ﬁ H 2
1

I =

1

1

1

g L 4 g @08 g B
.....

File Label Sa Sq Ssk
‘ Cr lxyz Crazing 24.5
Cr 2.xyz Crazing 24.2
25.2
Pitted 1.xyz Pitted 28.6
Standardized Dataset Format (.csv
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An example using the NEU

Training Images (50%)

Test Images (50%) > F-Operator
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15 Binary Combination Tasks

NEU-CLS Dataset

Patches Pitted- Surface Crazing
(Pa) (PS)

Rolled-in-scale

Scratches
(Sc)

Inclusion
(In)

{}

A

Inclusion

Collection of 1800 Images

6 Defect Types (300 images/type)
Low resolution 200 x 200 pixel bitmap images
Computed on Testing Set

Decision Threshold

Computed on Training Set
# Correct Predictions

> = Fa— s ﬁ A
2 €= # Total Predictions

ISO 25178-2 :> R YT
Parameters d = J(o% + 0B)/2
MEGR 7284/8284 Copyrighted

B. Mullany



lpy]

d’' Matrix

0.8 | 26 iZ‘S.G

0()8{!1 29‘1]

2 - o 2106710~ 2
U.-M 0511 Il).oa 2.8 10.1710.67]0.3 un‘[nn 8

3| 1.7 ‘U .Sl)}) 083 1.3 ‘ 1.8 jU ‘!‘!{ 1.5

1.7 | 1.1 H | 22153911814 (0.71]0.7:
B

R 3.8 10.69] 1.3

lHjU_MLJ “(Il lltit‘li

|
| 4
|

NEU example cont.

% 0.62(0,19{0.69]0, 11,'() r7."() su}) ()]I{() 44

\
0.4 P.04§0.6210.49| 1.1 ‘[(“L{

Sdq  Std

Sdr

Sk Smr2 Smrl

Spk

Sxp Svk

Ve

| |
0 I')r) (l”i 0019018
!

Vme Vmp Vve
8

Crvs In

Cr_vs_RS
Cr vs Sc

0011908 |066| 22
|
|}

0.58/0.34|0.86]0.11| 0.7 n.(_m‘n.ss

o e

04(;[().1. D.25|0. lr)(ll!!():;‘i 0.17{0. 34]|0.34/0.76|0.12 0.3(5?().1}!‘().32
R E ! !

1.1 |o.58] 21

[

0.19/041 ()45!().57|)UB|[() 26| 0.5 10.49/0.21/0.610.59|0.41

i
()hi, 1.8 D.0520.71

1

(H}H’ 1.2

1.9 (0841085024 | 1.3 | 2.1 |0.76{ 1.3 |0.97 | 31

b—
0.61| 1.6 D.0440.01240.51 (],()R‘() 95

In_vs_PS

In_vs Pa

Selected Features

Crazing Inclusion Patches
(Pa)

Scratches

0.95

0.9

0.85

0.8

0.7

0.65

0.6

d’ vs Accuracy

= 50/50 NEU Fit
+ 50/50 Normal Fi

| ta

— ug|

& Height

O Spatial

= Misc

© Hybrid

+ Functional
o Volume

d!

V(07 +08)/2

ACrvsIn
Aln vs Pa
ACr vs_Sc
Aln_vs RS
©Cr vs PS
OCr_vs_RS
Oln_vs_Sc
OPa vs PS
©OPa_vs RS
®Pa vs Sc
OPS_vs_Sc
@RS vs Sc
@®CrvsPa
<ln_vs_PS
¢PS_vs RS




NEU example cont.

Performance of the Decision Tree — confusion matrix
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NEU example cont.

Difficult to link image processing features back to the surface

Method | Classifier | Accuracy

LBP NNC 95.07£0.71
SVM 97.93£0.66
LTP NNC 95.93£0.39

NEU CL“S Dataset SVM | 98.2240.52

tches () patches (Pa) et o CLBP NNC 96.910.24

= ).

SVM 98.18+£0.51 Input image Convolutional Pooling
Bp— E—— . - layer layer
SCN NNC | 97.24£0.27 Fully-connected Class
SVM 98.60+0.59 o layer
~ ~—
K. Song et ad | . 20 14 Scatte rlng CcoO nVOI utlon netwo rk Feature extraction Classification

2022

0 (; e Table 4. A comparative analysis with several existing methods.
Sl I I Classifier Algorithm  Feature Extraction Method  Accuracy (%)
i I el SVM [8] ML AECLBP 98.93
oo ogt CNN [12] DL Feature learning 99.05
ks Dt ilintonther it cedbe il 1lololo Ensemble of SVMs [16] ML ULBP+GLOM+HOG+Gabor 96.39
GLCM filter+Gray level histogram
2 0 1 3 PLCNN [17] DL Feature learning 90.7
ST =T = Proposed (CNN) DL Feature learning 99.44
References = =~
IR fj Lee et al 2019
N - ¥
https://ieeexplore.ieee.org/abstract/document/8710501 aENE / ~| /| ~
https://www.mdpi.com/2076-3417/9/24/5449 ‘\‘ REEAYAS : I Ill df d & "
SRNANEELLLLL L Redfor Mullany 2023
https://www.mdpi.com/2076-3417/9/24/5449 Gradient magnitude and direction of the cell HO

e otal 2019 DT + ISO 25178-2 > 95%
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M Be Careful

Correlation # causation
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