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Use Case: powder metallurgy
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Fig. 1. Principle of a hydraulic metal powder press.

Task: quality monitoring

Classify a workpiece as either good or bad based
on process data (punch’s position and force).

Introduction and Problem Statement TI.ITI

Requirements:

rl Nearly unsupervised quality monitoring based
on a few data points
r2 Accuracy close to 100%

Constraints:

cl Calculation on resource-limited devices with
low computational power
c2 Quality assessment in a timely-manner

State of the art:

guality monitoring/
anomaly detection
in industrial processes

Kriger et al. (2021)

resource-limited devices and
time requirements
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Approach: supervised learning regression —
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Limitations of a data-driven approach: = c
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Counteraction:
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« Multiple regression deployment detection
» Consider model’s predictive power l,QuaIity assessment of workpiece
» Cluster good and bad workpieces <
based on drop in detection rate Fig. 2. Product quality monitoring approach based on supervised learning regression.
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Maschinenwesern Model Building

Constraints:

cl Calculation on resource-limited devices with low computational power

c2 Quality assessment in a timely-manner

Required model properties:

. [ Pressing
* Non-parametric process
« Real multi-input-multi-output characteristic 2
* Not computational expensive =
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Model selection: punch 1 ..N

« k-nearest neighbors regression (KNNR)
« Random forest regression (RFR)
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Abnormal behavior
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Fig. 2. Product quality monitoring approach
based on supervised learning regression.
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Abnormal Behavior Detection
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Residuals for each punch’s time series

residuals = Facryal — Fpredicted

Adaptive outlier threshold
under consideration of model’s predictive power

if i > outlier threshold,, ¢y ¢ if i > outlier threshold,,,cq -
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q1 =False gN = False Eiler el } Outlier
ifj1>1: if N> 1: [ <
ql =True gN = True
. . R2
foriin[ql....aNI. 1.5-1QR-R
ifi == False: _ 3. Quartile
break h
return i 20% 1. Quartile IQR
i if i == True: Anomaly detected
Abnoc';mtal :)_ehawor else: No anomaly detected
etection . . .
\ Fig. 4. Boxplot: outlier threshold definition.

l Quality assessment of workpiece

Fig. 3. Abnormal behavior detection based on outlier detection.
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Maschinenwesen Concept for Evaluathn m

Data set:

« 37 workpieces, 2 good parts, 35 bad parts
» Faulty workpieces with identifier 81, 93
« Hydraulic metal powder press with 9 punches, cycle time of approximately 10 seconds

Model building:

« Select 10 out of 35 good workpieces for model building
« Remaining 27 workpieces for evaluation

« 5-fold-cross-validation for model tuning and model’s predictive power assessment
number of anomalies

« 10-times regression model deployment and application - detection rate = —
10 — number of training part

Abnormal behavior detection:

Case A: non-observance of model’s predictive power - outlier threshold = 1.5 - IQR

Case B: consideration of model’s predictive power > outlier threshold = 1.5 - IQR - R?
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Case A: non-observance of model’s predictive power Case B: consideration of model’s predictive power
Workpiece identifier 93 81 84 98 54 Workpiece identifier 93 81 87 98 54
Anomalies 10 4 2 2 1 Anomalies 10 10 3 3 2
Workpiece in training data | O 0 4 4 3 Workpiece in training data | O 0 2 3 4
Detection rate 1.0 {04 03 0.3 0.2 Detection rate 1.0 1.0 04 03 0.3
Tab. 1: Anomaly detection using RFR after ten iterations. Tab. 3: Anomaly detection using RFR after ten iterations.
Workpiece identifier 93 81 98 56 63 Workpiece identifier 93 81 65 90 95
Anomalies 10 4 3 2 2 Anomalies 10 9 3 5 3
Workpiece in training data | O 0 3 4 4 Workpiece in training data | O 0 4 0 4
Detection rate 1.0 :04 04 0.3 0.3 Detection rate 1.0 0.9 0.5 05 05

g
Tab. 2: Anomaly detection using KNNR after ten iterations. Tab. 4: Anomaly detection using KNNR after ten iterations.  ©
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Comparison of case A and case B for anomaly detection:

Confusion Matrix and Key-Performance-Indicator

actual
positive negative sum
predicted positive 1/2 0/0 1/2
case A/caseB  pegative 1/0 35/35 36/35
sum 2/2 35/35 37137

Tab. 5: Confusion matrix for RFR and KNNR with 0.7 detection rate threshold.

Assessment of case A and case B according to requirement r2:

True-positive rate | True-negative rate | Accuracy
RFR 50.0% 100.0% 97.3%
case A
KNNR 50.0% 100.0% 97.3%
RFR 100.0% 100.0% 100.0%
case B
KNNR 100.0% 100.0% 100.0%

Tab. 6: Key-Performance-Indicator of anomaly detection for case A and case B.
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Vaschinenwesen Results and Discussion
KNNR RFR Process: upper time limit
Building of ten regression models 60.17 s 425.11 s 350 s + quality inspection time
Cumulated execution time for prediction and abnormal behavior detection 2.35s 2.38s 10s
Tab. 7: Performance measurement on Raspberry Pi 3, Python 3.7, package scikit-learn.
Constraints:
cl Calculation on resource-limited devices with low computational power \/

c2 Quality assessment in a timely-manner \/

Requirements:

rl Nearly unsupervised quality prediction based on a few data points ‘/
—> Transformation to a supervised learning regression task induced by 10 workpieces

r2 Accuracy close to 100%
> 100% accuracy for RFR and KNNR v
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Conclusion:

Approach for a quality monitoring system
for application on resource-limited devices to detect anomalies in a timely-manner based on a few sensor data

Future Work:

» |nvestigate optimal amount of training data to balance trade-off between model deployment and accuracy
« Examine degree of predictive power to quantify its impact on anomaly detection
« Test quality monitoring system in production under real conditions

M. Kriiger | CESCIT 2021 | Data-Driven Product Quality Monitoring in Quality-Critical Forming Processes 10

© AIS



Voeehinermesen References TI.ITI

Donida Labati, R., Genovese, A., Munoz, E., Piuri, V., and Scotti, F. (2018). Applications of Computational Intelligence in Industrial and Environmental Scenarios. In V.
Sgurey, V. Piuri, and V. Jotsov (eds.), Learning Systems: From Theory to Practice, volume 756 of Studies in Computational Intelligence, 29-46. Springer International
Publishing, Cham.

Lieber, D., Stolpe, M., Konrad, B., Deuse, J., and Morik, K. (2013). Quality Prediction in Interlinked Manufacturing Processes based on Supervised & Unsupervised
Machine Learning. Procedia CIRP, 7, 193-198.

Liu, J.P., Beyca, O.F,, Rao, P.K., Kong, Z.J., and Bukkapatnam, S.T.S. (2017). Dirichlet Process Gaussian Mixture Models for Real-Time Monitoring and Their Application
to Chemical Mechanical Planarization. IEEE Transactions on Automation Science and Engineering, 14(1), 208-221.

Nuzzo, R.L. (2016). The Box Plots Alternative for Visualizing Quantitative Data. PM & R : the journal of injury, function, and rehabilitation, 8(3), 268-272.

Piuri, V., Scaotti, F., and Roveri, M. (2005). Computational intelligence in industrial quality control. In IEEE International Workshop on Intelligent Signal Processing, 2005, 4-
9. IEEE.

Samal, P. and Newkirk, J. (eds.) (2015). Powder Metallurgy. ASM International.
Vogel-Heuser, B. and Hess, D. (2016). Guest Editorial Industry 4.0-Prerequisites and Visions. IEEE Transactions on Automation Science and Engineering, 13(2), 411-413.

Wetzig, R., Gulenko, A., and Schmidt, F. (2019). Unsupervised Anomaly Alerting for loT-Gateway Monitoring using Adaptive Thresholds and Half-Space Trees. In 2019
Sixth International Conference on Internet of Things: Systems, Management and Security (IOTSMS), 161-168. IEEE.

Yao, L. and Ge, Z. (2019). Nonlinear Gaussian Mixture Regression for Multimode Quality Prediction With Partially Labeled Data. IEEE Transactions on Industrial
Informatics, 15(7), 4044-4053.

M. Kriiger | CESCIT 2021 | Data-Driven Product Quality Monitoring in Quality-Critical Forming Processes 11

© AIS



