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   CERN, LHC, CM
S, and TTU 
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European council for nuclear research (CERN) hosts the large hadron collider (LHC) facility 
where particles are accelerated (in opposite directions) at very high speed (~ speed of light) in 
two rings. 

The particle beam
s inside the LHC are m

ade to collide at the particle detectors (CM
S, ATLAS, 

…
) creating a situation sim

ilar to the big-bang, the starting point of the universe.  

TTU is one of the CM
S detector (experim

ent) 
institute. CM

S detector is cylindrical in shape 
with the diam

eter of ~15 m
 and the length of 

~29 m
. 
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A
ctive Elem

ents:

▪
Silicon (Si) sensors: 
•

high-radiation regions
▪

Scintillators (Sc): 
•

low-radiation regions

TTU
 shares the responsibility of m

aking ~5000 Si 
m

odules.  This activity is currently undergoing at a 
cleanroom

 facility in A
dvanced Particle D

etector lab at 
R

eese C
enter.

K
ey Param

eters:

▪
~600m

2 of Si sensors 
▪

~500m
2 of scintillators

▪
~27000 Si m

odules (8”)

   CM
S HG

Cal
CM

S will replace its current endcap with a high granularity 
calorim

eter (HG
Cal) in 2025.



   HG
Cal silicon m

odule 
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M
odule Structure

Electronics circuit board (aka hexaboard) w/ HG
CRO

C 
ASIC to read signal from

 silicon sensor.

Im
ages taken with O

ptical G
auge 

Product (O
G

P) 
(m

icroscope like device).

W
irebond hole (~2m

m
 diam

eter)
wires: O

(~25) um
 thick. 

A
ssem

bled 
m

odule



   Q
uality control of bond holes
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After the assem
bly of the hexaboard, following steps 

needs to be done:
•

wire bonding from
 hexaboard to silicon, 

•
encapsulation of the bonds. 

Q
uality control at different steps:
▪

before wire bonding: 
•

check for the presence of glue: the presence 
of glue m

ay dam
age the wedge/head of the 

wirebond m
achine, and/or result in bad bond. 

▪
after wirebonding and before pull testing:
•

check for the num
ber of wires: all wires, one-

thirds, two-thirds wires, or no wires. Also 
check for the broken wires, if any.

▪
after pull testing:
•

check for broken wires.
▪

after encapsulation.

# of bond holes (2 m
m

 in diam
eter, and O

(~25um
) thick bonds) to Q

C:
85 holes/m

odules x (27,000 + spares (m
odules)) x 3 = 6,885,000 holes + (m

ore in spares.)



   Use of M
L for Q

C of bond holes
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▪
M

anual Q
C is cum

bersom
e and prone to hum

an errors.
▪

Started exploring the M
L technique to facilitate this task.

•
Deep-learning based com

puter vision: im
age classification with CNN

•
Exercise building our own m

odel
•

Im
plem

ent the transfer learning: M
obileNet_v2 originally trained on PASCAL VO

C 2012 dataset
•

Using Tensorflow and keras. keras-applications,  
▪

G
oal: to have a M

L m
odel which can predict the quality (good or bad (w/ what flaws)) of the bond 

holes.
▪

Challenges:
•

size of data/im
ages: there are only a few prototype m

odules built which we can use for this task.
•

Currently, we have been augm
enting the im

ages (replicas with rotations) to generate large 
sam

ple size.
•

links between the categories i.e. sam
e im

age m
ay fall under m

ultiple categories: this w
ill be 

addressed w
ith m

ulti-label classification.



   Perform
ance of the M

obileNet_v2
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Architecture: 
▪

156 layers, Total param
eters: 3,538,984 

Training the last 23 layers
Training the last 42 layers

Training the last layer

# of epochs
# of epochs

# of epochs

Alm
ost all of the m

issed predictions turned out to be the subject of m
ultilabel classification.

Datasets: 
▪

Training (~3000), validation (~800), and testing (~450) 



   M
ulti-label problem
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An im
age having features that belong to m

ultiple categories such as glue and broken wires, etc. 
An exam

ple is shown in the im
ages below.



   M
ulti-label classification sum

m
ary
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▪
A datafram

e is prepared turning on the state for the labels that is present in the particular im
age.

▪
The network is trained with m

ultilabel setup but using the sam
e transfer learning m

odel.
▪

M
etrics for m

ultilabel perform
ance assessm

ent:
▪

precision: true positive /(true positive + false positive)
▪

recall: true positive / (true positive + false negative)
▪

F-1 score: harm
onic m

ean of precision and recall. 
▪

best (worst): score 1 (0)   



   Q
uality assessm

ent of com
ponents: sensor
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   Sum
m

ary
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▪
The quality control of the silicon m

odule assem
bly using the im

age classification with CNN is in 
progress.

▪
The perform

ance of the transfer learning m
odels in case of both the m

ulti-class and m
ulti-label 

classification seem
s quite prom

ising. 
▪

In progress: 
▪

use of segm
entation techniques (YO

LO
 algorithm

)
▪

anom
aly detection (Autoencoder)

▪
W

e plan to study the Q
C of PCB/hexaboard with the segm

entation technique: to check if any 
com

ponents are m
issing or dam

aged. 
▪

Can we transfer this learning to other projects as well? This is one of the goals of our feasibility 
study. 


