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INTRODUCTION
Objectiv
Ch acterization of glas fb inforced composite:




CHALLENGES

« Large number of objects
* Arbitrary size/orientation
* Regular and irregular shapes

* Low contrast

* Imaging & reconstruction noise
* No ground truth

» Large volumes

Low contrast void

Ring artifact

S S lrregular volumes




PRELIMINARY WORK: MODEL BASED SEGMENTATION:
ACGTIVE GONTOURS MPP
Marked point process & active contours




TIANYU'S WWORK:
FIBERS: CONNEGTED TUBE MPP

 Model fibers as connected tubes

w; = (ki, i) hi, QY, HZ)
w;: marked ith object

k;:w;s (x,y) coordinate

1;: w;s radious

h;: w;s length

8 w}s orientation with respect to XY plane

67: w}s orientation with respect to Z axis 6







* Introduction o
* Problem statement MPP +AC MPP + LS
* Preliminary work

' ' ' ' i AP
« Void and Fiber Segmentation Using Deep Learning |: ,.:;:: e
* Voids: 3D semantic segmentation N “?w,{.—;:-
 Fibers: 3D embedded learning T

Embedded learning

« 3D Fiber Detection using centroid regression

» Center regression
» 3D object proposals

Center regression

« Summary

* Thesis contributions
e Published works




PURDUE

DRAWBACKS OF MPP: COMPUTATION TIMES

Computation Times*: MPP: Marked point process

M 300x300x300 18 mins 3 mins
500x500x500 6 hours 20 mins
1900 micron 2500x2500x1300 19 days** 26 days**

300
— voxels

L 1350
voxels

300x300 voxels \ | —

* Measured in Rice cluster: single core Intel Xeon-E5 processor 2025x2025 voxels

** Estimated for single core from parallel implementation using 20 cores
- -
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DRAWBAGKS OF MPP: PARAMETER DEPENDENT
NOT PRECISE

N N
.g‘-‘l,l,

Magnification

Sample volume




VOID AND FIBER SEGMENTATION USING
DEEP EMBEDDING LEARNING
Objective:

« Obtain semantic and instance segmentation

» Refine segmentation
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« Residual layers » Skipped connections
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GCOMPARISON FOR SEMANTIC SEGMENTATION

f1 score: Memory vs window size
TP
fl= T —— U-Net
TP +>(FP + FN) 201 —— Residual Net
" " . —— DeeplLabV3
TP: true positive, FP: false positive, FN: false negative P
- Measures pixel-wise accuracy 15 -
0: lowest precision/recall -
[ua)]
1: best precision/recall e
g
2 10 1
L
=
| Method | _f1fibers | f1voids
U-Net* 0.809 0.622 51
Residual Net** 0.326 0.067
DeeplabV/3* 0.420 0.701 —
o -
*window size = 192 16 32 64 9% 128 160 192

x . Window Size
window size = 96

Trained and tested in GPU NVIDIA-TITAN RTX with 25 GBs of memory 18




SEMANTIC SEGMENTATION: RESULTS
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RESULTS GOMPARED TO TRAINING DATA

Over segmented voids

Model Based Methods Hintensity= 120 CNN Outputs




PacC Large under-detected voids
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APPROAGHES FOR 3D INSTANGE SEGMENTATION

« 3D R-CNN

* Object Proposal
» Marks regression

Ren[6]

« 3D Deep Watershed

» Optimal watershed
energy estimation

* Apply Watershed
postprocessing

-l

(e) Sem. Segmentation of 4] (f) Pred. angle of i, (g) Pred. Watershed Transform (h) Pred. Instances

Bai[7]

- Embedded space

* OQutput embedded
channels

* Use clustering
algorithms on

embedded channels

Bert De Brabandre[8] 23




Full Volume bounding boxes




DEEP WATERSHED CONTAINS




ter-cluster push force
FEAT n E EM B En n En lEnn N I “ /. <= intra-cluster pull force
i o ® ; e
“ L e ® T o
. . / -

N
-xf.

» Learns to separate instance voxels in latent feature space e X b S0 & ' : N

» Aclustering algorithm is applied to separate instances ' - ./’ g/

Training iterations

Embedded space

Image space Bert De Brabandre[8]




EMBEDDED LEARNING LOSS

lg =1 [ l
E pull + push + reg L l. e lpull

c N L —

1 1 ot O | e &

lpull = Ez 1S, | Z (”ei - /"c”% - 8v)+ . 0 [[ /.\ """"" f.
S B ' » ]

z G P 9) e T

Bert De Brabandre[8]

C: Number of instances/clusters
" cluster center

1 z
[ = — He-
reg C ”/icllz S, S t of voxels p enting instance c
c=1 e;: embedded v l output

() = max(a, 0)

bpusn = C(C 1) 4

27
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Reduced dimensionality for display with (t-SNE)

LEARNING EMBEDDED SPACE (K = 12)
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Reduced dimensionality for display with (t--SNE)

LABELED EMBEDDED SPAGE (K =12}
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CLUSTERING: DBSCAN

Density-based spatial clustering of applications with noise

Noise b
SCAN: 4 x
. “
AP P : Shel
a " - "ﬁ O ... . Py ‘?
. /":f it RO ° Cld A A
LA S AN
o B YO o B ¥ 5
Vong Mp o~ & ° oe N ,.,-“',*;r
) \ h’ o0 ® o L
L 4 ! o vt N
;Q’ 'g‘g" . . - .. « 9 Q'J!"
Embedded space: Clustered points.
Reduced dimensions with Sample DBSCAN Each color represents
TSNE algorithm ... o, an instances

GIF source: [10]
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PIIIIP(ISEII SURROGATE METHOD:
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TIME COMPARISON

Model Based: Marked Point Process

M 300x300x300 18 mins 3 mins
500x500x500 6 hours 20 mins
1900 micron 2500x2500x1300  *19 days *26 days

1350

CNN: Instance embedding learning \ | voxels
Training Training Testing Testing
Voxels : :
Semantic Instance Semantic Instance
m 300x300x300 1 hour 2 days <1minute 2 mins 2025x2025 voxels

500x500x500 1 hour 2 days 2 mins 48 mins
LRI 2500x2500x1300 1 hour 2 days 26 minutes 19 hours

37

*Estimated times
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Property Sangld Grou “ Comer G oLb Fiber Length Distributions of Different Specimens (wi)

Fiber volume 9.47 % 9.21% o0 —
fraction 0.07 | Con?;r emffﬁ -sg:cilm:n B - 46956 filb:rrs .
Void volume 3.63 % 2.78% - 0.06
fraction 5

g 0.05 |
Number of fibers 4613 4045 s

B 0.04

%0.0S r

g 0.02
Fibers with 2108 1858 fibers
aspect ratio > 5 45.70% 45.96% ooT

0 0 2(I)0 4(‘)0 6(:)0 800 1 0:)0 1 2I00 1400

Fiber Length (m)
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COMPARISON OF APPROACHES

oo, Weka3D Weka 3D

Training Segmentation v
Manual image training Linux Desktop MOdl'ayer Computation runtime: ~90 hrs
1 hour 10 hours runtime Corrections Manual process time: ~35 hrs

Total time:~125 hrs

Manual Segmentation for
highest porosity accuracy
Est. 25 hours

,,,,,,,,,

Sangid Group
Framework

Windows desktop Cluster Nodes Linux Desktop
48 hour runtime 7 hour runtime 24 hour runtime

Fiber +
Porosity
Detection

Comer Group
Framework

(do: Porosity, detecg Comer group . MOdl'ayer Computation runtime: ~20 hrs
M-Sampleq by 1 /2;’" GPU algorithm > Corrections Manual process time: ~10 hrs
Total time: ~30 hrs
Linux Desktop Optional Manual Segmentation
19.7 hour runtime for highest porosity accuracy
Est. 10 hours

39
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FINAL RESULTS

B i
B = e
e SeF i
Reconstructed volume Fiber detection Void detection
e
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SAMPLE VIEWS

Original Image CNN Outputs
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SAMPLE VIEWS

Original Image
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SAMPLE VIEWS

CNN Output
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. “/‘\~ Vo /o
Sample volume

-
A

Inference time
[minutes]

Labeled volume

Dataset obtained from: Konopczynski[3]
-
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TESTING DATASET: SYNTHETIC DATASET

MPP 0.932
R-Net 0.855
Proposed-trained 0.880
with MPP

Proposed-trained 0.930

with labels

Detection comparison
- MPP = Residual Network

600.00
- /

100 200 300 400 500 600

Encoder-Decoder

400.00

200.00

Volume size[voxels]
44



GONCLUSION OF THIS APPROACH

* We proposed a unified fiber-void segmentation
with an encoder-decoder architecture

« x20 memory efficiency over other architectures
* We obtained:

« x24 time gain for detecting fibers over model-based
x32 time gain for detecting v d over model-based
x4.5 time gai er Sangid’s group approach

* Verified fiber d oid statistic




* Introduction o
* Problem statement MPP +AC MPP + LS
* Preliminary work

- i i . . AP
« Void and Fiber Segmentation Using Deep Learning |- ,.:;; T
« Voids: 3D semantic segmentation . ,“?w,{.—-‘:-
* Fibers: 3D embedded learning T

Embedded learning

« 3D Fiber Detection using centroid regression

» Center regression
» 3D object proposals

Center regression

« Summary

* Thesis contributions
e Published works




PURDUE

Datasets obtained from: “*Konopczynski|3]

**Hanhan[11]
; i * i ; *%
Synthetic dataset* Low-resolution dataset High-resolution dataset
Polybutylene terephthalate PBT reinforced Polypropylene matrix reinforced with short

with short glass fibers glass fibers

gggggg

» Size =586 x 584 x 627 e Size= 200x%x 200 x260 + Size= 950 x 950 x 150

* Resolution =3.2 um * Resolution = 3.9 um * Resolution =2.4 um

* True labels » Labels from watershed -+ Labels from Agyei[13]
» Fiberr=6.5um  Fiberr =10 um * Fiberr=5um

* Fiber length = 500 um * Fiberlength = 500 um * Fiberlength = 200 HT7



DRAWBABI(S 0F EMBEDDING lEAIINING
 Embedding does not have a physi aning




DRAWBACKS OF EMBEDDING LEARNING

 Embedding does not have a physical meaning

F1 Score vs Number of Embeddings

Low Resolution Dataset

Number of Embeddings

f1 score vs embeddings

Embedded inference -



DRAWBACKS OF EMBEDDED LEARNING

« Sensitivity to e(eps) parameter

All points noise Merged clusters
> v ' “ KN
— A ";& « ;0 & G.,‘ﬁ
D) ® ./") 3 u » [ 9 ";"
3 S A - .
CDU Y 3 ‘bqg‘ > .4?“ >
O « 3 & i . ?
©
e
I=
>
n

All fibers noise Merged fibers 5




DIIAWBABI(S OF EMBEDDED LEARNING:
SHAPE INDEPENDENT CLUSTERS

eeeeeee
||||||




GENTER REGRESSION










CLUSTERING-BASED SEGMENTATION METHODS

/Embedded Learning] N\

DBSCAN
clustering

enter Obj OPTICS/
ression DBSCAN Instance

/I\/Iultltask Learning
Kendall[15]

\

OPTICS/
‘ Ny '“ DBSCAN

Obj

: 56 f




GENTEH HEGRESSION




GENTER REGRESSION ACROSS OTHER DATASETS:

Synthetic fibers '
Low resolution
SFRP

High resolution
SFRP

CT subvolume Labeled image Center Regression 58







GEOMETRIC CLUSTERING




GEOMETRIC CLUSTERING




GEOMETRIC CLUSTERING







PROPOSED:
GENTER REGRESSION + GEOMETRIC
CLUSTERING

Semantic C
Input i Geometric
data » Network - C Regression Object I
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Embedded learning 0.634

Multitask learning 0.831
Centroid regression 0.832
and DBSCAN

Proposed 0.917

4 3
Raw volume Multi-Task Center Proposed

regression only 68
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Embedded learning
and DBSCAN

Multitask learning

and DBSCAN

Proposed

Raw volume Multi-Task Center Proposed
regression only 69
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RESULTS VS EPS PARAMETER

Synthetic Fibers Low Res Fibers High resolution fibers

f1 Results f1 Results f1 Results
1.0
0.8
0.8 1
0.8 4
0.6
0.6
0.6 4
< 4 <
S 8 S
@ g 04 o 04
f1 * 04 = -
- / 0.2 -
0.2 4 —— 2 Nets & 12 embeddings 021 / —— 2 Nets & 12 embeddings —— 2 Nets & 12 embeddings
—— 2 Nets & center Regression / —— 2 Nets & center Regression —— 2 Nets & center Regression
— Multi Task Learning & center regression —— Multi Task Learning & center regression —— Multi Task Learning & center regression
0.0 4 —— Proposed Method & center regression 0.0 4 —— Proposed Method & center regression 0.0 —— Proposed Method & center regression
.............. T ——— T —————
01 02 05 1 15 2 25 3 35 4 45 5 10 15 01 02 05 1 15 2 25 3 35 4 45 5 10 15 01 02 05 1 15 2 25 3 35 4 45 5 10 15
eps paramaeter eps paramaeter eps paramaeter

Mean fiber # = 2.03 pixels  Mean fiber # = 2.56 pixels = Mean fiber 7 = 2.08 pixels

*eps parameter for embedded learning has a different scale 70
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 Model Based:
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PUBLICATIONS OF THIS THESIS

« C. Aguilar and M. Comer, "A Marked Point Process Model Incorporating Active Contours
Boundary Energy," Electronic Imaging, vol. 2018, no. 15.

« C. Aguilar and M. Comer, "Void detection and fiber extraction for statistical
characterization of fiber-reinforced polymers," Electronic Imaging, vol. 2020, no. 23.

« *C. Aguilar and M. Comer, “Segmentation and Detection of Irregularly-Shaped Regions
Using Integrated Marked Point Processes and Level Sets,” in IEEE Transactions on
Image Processing to be submitted July 2020.

« *C. Aguilar and M. Comer, "3D Fiber Segmentation with Deep Center Regression and
Geometric Clustering," in IEEE Transactions on Image Processing. To be submitted July
2020.
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