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Real-time Anomaly Detection in Injection
Molding: Leveraging Autoencoder Models To
Define The Future Of Quality Control
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COMPANY INTRODUCTION - WHO WE ARE
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We enable patients’ independence

As a pioneer of the modern autoinjector, we enable patients’ independence through partnerships with leading
pharma and biotech companies in providing groundbreaking drug delivery solutions. Since our inception in 1989,
our winning combinations have been delivered across global markets for use in a wide range of therapeutic areas.
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> GLOBAL FOOTPRINT STRATEGY
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We operate across the globe

SHL Medical provides support across multiple time zones with streamlined processes to deliver excellent customer-centric services. All
projects abide by the 1ISO 13485 quality management system standards to ensure consistent, high-quality products. This approach facilitates
quality local execution while enabling global coordination.

Zug, Switzerland
* 1,790 m? office established in 2018
*  New HQ and manufacturing site expected in 2026

Stockholm, Sweden

& | + 2,560 m? office space established in 2004
¢
¢ — |||} Taoyuan, Taiwan
Global HQ * * 161,135 m? office and facility space across 5 locations
R&D Centers
Florida, USA
Manufacturing * 5,195 m? office and facility since 2010
V2 Final Assembly South Carolina, USA
+ 25,000 m?new manufacturing site expected in 2024
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BIG CHALLENGE



What our approach needs:

1) Solve a quality prediction problem, cost-effectively, with limited or expensive
labelled data, and SC-Ambiguity -> Unsupervised Anomaly Detection foundation.

2) Wanted Anomaly Detection that works for different kind of manufacturing
equipment and across different sectors of our company.

3) Wanted flexibility to achieve diverse business targets.



Context
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INJECTION MOLDING
PROCESS AND PRODUCT
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INTRODUCTION TO INJECTION MOLDING: THE PRODUCT
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INTRODUCTION TO INJECTION MOLDING: THE FINAL ASSEMBLED PRODUCT
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QUALITY CONTROL AND THE
NEED FOR CHANGE



> CURRENT QUALITY CONTROL METHOD
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CURRENT QUALITY CONTROL METHOD
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Proportion of control strategy
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Proportion of control strategy

DESIRED QUALITY CONTROL METHOD Page 17
ot === ~ et e - ~
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" Manual Visual Manual Dimensional - Automated Machine Automated - Automated Visual Manual Dimensional
\ Inspection Inspection / \ Data Inspection Other Data Inspection / Inspection Inspection
* \ ) ) / .
B Low cost 8 @ : @ :
B High cost =8
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Evaluated at min 8.6m $ of savings per year



Solutions

Florian Josselin



DECOMPOSE DATA BASED
CONTROL



" DECOMPOSITION OF DATA BASED CONTROL IN DIFFERENT STEPS Page 20
Link data abnormality Understand root cause and influence of
to component quality parameters for feedback loop

(N

Equipment status Equipment & Process Quality prediction Quality assurance Self-adjusting
display system control system system system & Batch release system

U Achieve “Zero-defect”

manufacturing
Replace human Demonstrate sufficient

with algorithm algorithm performances



> TRADITIONAL APPROACH FOR DATA BASED CONTROL Page 21
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Statistical Process
Control on Design of
Experiment Data
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Equipment status Equipment & Process Quality prediction Quality assurance Self-adjusting
display system control system system system & Batch release system
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> INNOVATIVE APPROACH TO TRY TO ACHIEVE QUALITY ASSURANCE Page 22
em e m e « L rmrmm e e— e N
| Unsupervised Anomaly 7 Semi-Supervised N Optimized Semi- y
: Detection : Anomaly Detection - Supervised Anomaly :

Detection

Equipment status Equipment & Process | Quality prediction - Quality assurance | Self-adjusting
display system l control system . system . system & Batch release . system

- =» Building blocks

i ' => Label only abnormal ' depending on needs '
: = High recall I components 1> Demonstrate I
. = Real-Time ; = Reduce false alarms ;. performance with scale /
« N\ o\ .
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Auto-Encoders
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AUTO-ENCODER: A NEURAL NETWORK WITH A SPECIAL ARCHITECTURE Page 24
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Auto-Encoders:

* Learns pattern behind majority of the data
* The best algorithm for anomaly detection in the injection
molding industry according to research literature review*

Accuracy Precision Recall Fl-Score
Autoencoder 0.9959 0.9469 IRLLLL 09727

Recall 1 = 125/125 defects detected

* Allows with additional building blocks to achieve steps 2, 3 and
4 according to slide 22

* Cost effective and flexible as needed in introduction

* Can take many parameters and model complex relationships

* Can be fine-tuned to adjust to new normal State/Context

* Threshold on the reconstruction error is used to detect normal
from abnormal shots



Engineering Study
PoC Results
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=~ ACHIEVEMENTS OF THE Al MODEL DURING THE ENGINEERING STUDY
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Performance

The current model detected 8/8 Fault scenarios from a specifically designed Engineering Study:

*  The experiments were designed to ensure the scenarios are representative of real abnormal manufacturing

situations.

e 2 scenarios of the 10 were eliminated from results due to problems in the data generation.
*«  97.8% of generated visual defects and 100% of generated dimensional defects were detected.

. FP rate is 5.42% and similar to literature review.

*  We used a basic Auto-Encoder model that can still be optimized.

Batch Visual defect Visual defects Visual defect
shots detected detection rate

B34 53 53 100 %

B37 7 9 77,8 %

B38 29 29 100 %

Total 89 91 97.8%

Dimensional
defect shots

84

84

Dimensional
defects
detected

84

84

Dimensional
defect
detection rate

100 %

100 %



Reconstruction Error
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FAULT SCENARIO 5: THERMOCOUPLE RUNNING WILD
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Batch B000221132

Manipulation of

the thermocouple

\

Manipulation of

the thermocouple
Thermocouple not \

touching steel but

inside of its pot

Thermocouple

outside of steel

reading ambient

temperature

Thermocouple

outside of its pot

50

100 150

shot_number

200

250

300

Baseline is bellow

Inside of pot sensor
has no significant
difference in
temperature
measures so expect
no significant
difference in

reconstruction error

| I S — e e

Outside of pot
sensor with
abnormal
temperature has
higher
reconstruction
error correctly
identified by the

model



> FAULT SCENARIO 6: REDUCE CLAMP FORCE
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Shot 414 -> IMM restart -> Robot arm Shot 430 -> IMM restart -> Robot arm
couldn’t grab components on shot 413 couldn’t grab components on shot 429

because only dropped 7 components because only dropped 7 components
Batch B000221134 | _
instead of 8 and it stopped IMM instead of 8 and it stopped IMM

category
baseline
exp_phase_1

250

exp_phase_2

-

200 exp_phase_3

o visual defect
Baseline is correctly under threshold

150 \
W"J\""V PO, All Flash components and NG

100 | | \ o
/ dimensions are correctly

identified and above the
Clamp force to 30kN

" Clamp force to 50kN
Clamp force to 40kN threshold

Reconstruction Error

100 150 200 250 300 350 400 450

shot number



> FAULT SCENARIO 10: AIR VENT BLOCKING WITH GREASE

Reconstruction Error

Page 29
Batch B000221138 m
category
—— fine_tune_shots
——— baseline
—— exp_phase_1
*  visual defect
40
a [.]
|
;'\
I
h
30 |
|
\rw
Baseline reconstruction error is ".
mainly under threshold L
20
‘ 1
IMM stoppage of AN
Sy N LN S i o S it
. 9min + purge to
/ apply grease

20 40 &0 80

shot_number

Point until here have defect ‘Short shot’ and are
all identified correctly with the higher
reconstruction error above the threshold
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FAULT SCENARIO 7: APPLY GREASE INSIDE OF CAVITIES

.

Baseline reconstruction
error is under threshold

80 100 120 140 160 130 200 220

shot _number

Defects are ‘Contamination: oil-grease’, as well as first on purple and

orange have defect ‘Dent’ -> model detects them

Page 30
IMM is stopped to apply grease -> higher reconstruction error than other stoppages because
Technician forgot to set restart to automatic mode and robot arm was stuck for longer
Batch B000221 13‘7/
10
category
baseline
h 1
a IMM is stopped to apply grease IMM is stopped for reference eXp_phase_
exp_phase_2
§ \ IMM is stopped to apply grease \ IMM is stopped for reference exp_phase_3
= . exp_phase_4
S exp_phase_5
B ® visual defect
o
+ 4
c
o
W]
o
2
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Example Of A Complex
Real Case
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> AN LSTM AUTO-ENCODER IS NEEDED TO DETECT THE WATER LEAK PROBLEM Page 32

Case study example: Short Shots due to water leakage on 08/01/2022:

—— T_contr_device_5_flow_p

I
1yl
iy

Plot of the Temperature control device 5 flow pressure. Anomaly score for shots = 2000-7000 Plot of the Temperature control device 5 flow pressure for
Shots in red are the ones presenting Short Shots defects containing good and bad samples. All short shots = 2000-7000 where all short shots are identified
during water leakage. Shots in blue are all good shots from shots have higher reconstruction error and correctly as anomalies in an unsupervised way.
the batch. therefore are detected as anomalies. Abnormal

shots are also present after machine restart
which is expected behavior.

An LSTM Auto-Encoder needed to be used instead of a classic Auto-Encoder to detect these anomalies.

P.32



The Need For A Real-
Time Cloud Pipeline
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REAL-TIME CLOUD PIPELINE FOR ANOMALY DETECTION IN INJECTION MOLDING

Page 34

Choose a dashboard

Real-Time Data -

Tool

TM5A-A-000132-107092 -

Date

2023-11-23 hd

Number of Last Parts

500
—

100 1000

Refresh

Refresh the dashboard in real time

List current machines state

Production Machine Normality Predictions

Last Part Prediction Percentage of Normality Average Prediction Time Median Prediction Time

Normal 98% 3.155s 3.107s

Last 500 parts

Threshold

®  Reconstruction Error
0.16
0.14
.
= - .
2 o
w
=
% 01 ° .
=
B .
e 0.08
?j ) . .
= 0.06 . . .
" *e . . e . LY .
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NN NN NN NN [ B B B B A S B IS IS B e B B o B B B A o B B B B [ B ]
Production Timestamp

* 1 point on the graph = 1 injection molding shot

* The reconstruction error (y-axis) represents how normal (stable) the machine is producing, the higher the value the
more abnormal (unstable) the production is

* The reconstruction error = Mean Squared Error (MSE) between the reconstructed input data and the original input data

23:54:27

2355:53

2357:19
2358:45



Ongoing Development

Florian Josselin



-—
-—

ADDING BUILDING BLOCKS ONTO THE AUTO-ENCODER FOUNDATION

Page 36

Semi-supervised Auto-Encoder:

Reconstructed X;
Input 7

"KIV,
909
Decoder @&®® %,. (v, 2:%)
v =
i @80
————— Y) Bg
i A 5 =
Latent . Predicted aoca
Z ) variales |\ Y’ Label
u:ll 1] Eux I“v\l

000 [, (Xi®) | Q@@ 9y (Xi®)

3800 1T
Encoder .o PO Classifier

e
w0 lad)

*See reference 2. slide 41

LSTM Auto-Encoder:

/ output | [ S
sequence 2@ £

Feature input arrays of ¢ A ; ¢
shape: lookback x /
Encoder nfeetires
Overlapping sliding window. |
Window size is called lookback| ] n -
or timesteps. = 4 =
. Input e P v = T
— multivariaty 2.
— ignal with X v m
feature: LSTM cell remembers the
ste of o tivariate

*See reference 3. slide 41

ARCANA - Auto-Encoder Root Cause Analysis:

Umestamp

*See reference 4. slide 41

ARCANA

Loss = (1= a)llXcorr = f (Xeore)ll2
+allXcorr = Xonslly ==

P.36



Summary
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Executive Summary:

1) Need switch from product control to data based control

2) Data based control problem can be decomposed in 5 steps

3) Auto-Encoders can be used as a foundation for anomaly detection & quality prediction
to overcome the challenges faced by traditional methods

4) Auto-Encoder model lead to high recall during POC (step 2)

5) Building blocks (Semi-Supervised, LSTM, RCA, etc..) can be added onto the Auto-
Encoder (step 2 to 3, and 3 to 4)

6) Need of pipeline and scalability to demonstrate performance (step 3 to 4)

Put together:
A practical cost-effective way to try to achieve quality
assurance capable of generating business value along the way



Questions
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Engineering Study PoC
results: rest of the scenario’s
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=  Fault Scenario 1: TCU Shut Off

Page 45
Batch B000221121 Q @
category
fine_tune_shots
—— baseline
exp_phase_1

20

15

10

Reconstructon Error

TCU is shut off

\

200 250 300 350 400 450

shot_number

Baseline reconstruction error is under threshold



Reconstruction Error
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= Fault Scenario 2: Temperature drop of hot half (core+cavity) by 10-degree steps Page 46

Batch B000221122

category

—— fine_tune_shots
—— baseline

——— exp_phase_1

—— exp_phase_2
600k PP -

B "\ A .‘( N\ A\ /! "."“ \ \
E \ \ NS I\ N v
H \— \ / \ W~
H T \/ V
H
500k o /

Baseline reconstruction error is
mainly under threshold

400k

-20 degrees
300k \
200k
100k -10 degrees

\

50 100 150 200 250 300 350 400

shot_number
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Reconstruction Error

0.6

0.5

0.4

0.3

0.2

Fault Scenario 3: Overexposed Material (48hrs) with increased moisture content (> 0.1%)

Not usuable

Page 47

Batch B000221127

Reconstruction error of baseline was high (around 16) -> Problem identified with the E-Flomo

system -> Unknown cause (maybe from previous experiment? 600K reconstruction error

mean machine was extremely abnormal)

=> Model is fine-tune with some baseline shots -> Works well and significantly decreases
reconstruction error from 16 to 0.1-0.2 -> the model learns the new behavior -> But not
enough data to fully pick up the new behavior (only 30 shots) so test baseline (red) above

reconstruction error

50 100 150

shot_number

250

category

—— fine_tune_shots
—— baseline

~—— exp_phase_1
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Reconstruction Error

0.6

0.5

0.4

0.3

0.2

Fault Scenario 3: Overexposed Material (48hrs) with increased moisture content (> 0.1%)

Not usuable

Page 48

Batch B000221127

Under normal circumstances

threshold should be above baseline

Can see increased rate of anomalies detected due

to the trend in the reconstruction error

S

50

\

il AAA/\

; VW--'-HVL-U. ] -\L_VA_V_I_\PU___

Moist material starts reaching the cavity

(approx. 20 shots of residency time)
100

150

shot_number

200

250

category

—— fine_tune_shots
—— baseline

~—— exp_phase_1
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Reconstruction Error

0.5

0.4

0.3

0.2

Not usuable

Fault Scenario 4: Overdried material (48 hrs) with decreased moisture level (<0.008%) Page 49

Same challenge on baseline -> reconstruction error was high but now test baseline works

No change between Overdried material and normal production -> why? -> Because the tested

better because was already fined tune on previous experiment -> saw more data to learn the moisture content of overdried material was comparable to the moisture of normal production

pattern from abnormal E-Flomo

Batch B000221123

20 40

80

shot_number

100

batches and was moister than certain normal production baselines -> so it is expected to not

see any significant change

category

—— fine_tune_shots
—— baseline

~—— exp_phase_1

120 140 160
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- Fault Scenario 8: IMM stoppages

Page 50
Batch B000221135 « B
IMM stop 5min + purge category
——— fine_tune_shots
——— baseline
’ IMM stop 10min + purge —— exp_phase_1
——— gxp_phase_2

IMM stop 1min + purge

exp_phase:B

IMM Stop 5min —— exp_phase_4

——— gxp_phase_5

7 \ exp_phase_6

IMM stop 1min \ IMM stop 10min

6 \ \

Reconstruction Error

[50 100 150 a0 250 300 350
shot_number =

Baseline reconstruction error is under threshol . . .
aseline reconstruction error is under threshold Model could be used to tell how many shots to discard before becoming stable again
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REConsorucuon error

250k

200k

150k

100k

50k

Fault Scenario 9: Decrease cooling time and increase hot runner nozzle temperature

Page 51

Batch B000221126

Baseline reconstruction error is mainly
under threshold

50

100

shot_number

Same condition +
Decrease colling time

from 6 secto 5 sec

i

HR Nozzle

\ temperature

increase from 230

to 250 degrees

150

@ i
category
fine_tune_shots
—— baseline
HR Nozzle /\ —— exp_phase_1
——— gxp_phase_2
exp_phase_3
temperature exp_phase_4

increase from 250

to 260 degrees

\

Same condition +
Decrease colling time

from 5 sec to 4 sec

\

e e e e

200
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