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Sensor Technologies in the Era of
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Fundamentals

ECLASS
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ECLASS-Conceptual-Data Model [2]
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Fundamentals
Measurement data taxonomy

SEensors

!
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Signal conversion

Classification of Sensors [3]
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| Acoustic I I Electrical | I Optical ‘ | Active | | Biological | | Physical |
*Wave amplitude = Charge, Current | | » Wave . i - ic
« Wave velocity - Potential - Wave velocity + Strain gauges + Physical . U
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N * Position +|Thermocouples * Chemical
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» Components [thermat | | |- Stress. Sirin Application Specifications
(concentration, - :as;_ De;sury PP P
identities, states) « Temperature * Moment, Torque N N " P
B - Speed of flow [ Contact | ¥
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[ Radiation | 1 - Crystattini . . - Stavility
N * Specific heat rystallin + Strain gauges « Domestic Appliance + Resolution
o Energy +C . and . y
\"‘{"EW i + Speed of response
= Health and medicine + Operating life
= Non-contact I - Marine - Resolution
—_—— Sensor - Defense ~ Linearity
material + Thermocouples « Space + Response time
. + Photodiode « Energy « Precision, Accuracy
*« Thermocouples || « Digital satellite + Chemical "
+ Strain gauge service « Electric
. i Comparabili
« Electromagnetic p: W
« Heat
« Temperature Absolute Relative
« Wave = Thermistors + Thermocouples
+ Radioactivity - Strain gauges || - Pressure

1 Messung nichtelektrischer GroBen
1.1 Grundlegende Messgerate
1.1.1 Zeitmessung
1.1.2 Langenmessung
1.1.3 Zahlen
1.2 Weitere Messgerate elementarer GroBen
1.2.1 Flacheninhaltsmessung
1.2.2 Volumenmessung
1.2.3 Ortsbestimmung, Winkel- und Richtungsmessung
1.2.4 Masse, Gewichtskraft, Dichte usw.
1.2.5 Temperatur
2 Messung elektromagnetischer GréBen
2.1 Elektrische GroBen
2.2 Magnetfeld
2.3 Radioaktivitdt und Strahlung
3 Abgeleitete Messgerate
3.1 Geschwindigkeit
3.1.1 Drehzahl
3.1.2 Beschleunigung
3.1.3 Zurickgelegter Weg
3.14 Leistung
3.2 Messungen an Flussigkeiten und Gasen
3.3 Messungen an Feststoffen
3.4 Meteorologische Instrumente
3.5 Messung der lichttechnischen GroBen und Farbeigenschaften
3.6 Schall- und Schallpegelmessung
3.7 Kombinierte Geréte
3.8 Universelle Messgerate fur verschiedene elektrische Grofen
3.8.1 Qualitat der Messungen

Classification of measuring instruments [4]
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Foundamentals
Text Classification and transfer learning

.\

Traditional Method

Features Extraction E:) Classifier
BoW/TF-IDF NB/KNNSVM/DT/RF
o

@[ Evaluation ] Label ]

Q Accuracy/F 1/Micro-F1
g Deep Learning Method h
Models
Re LP/RNN/CNN/Attention/Transformer/GCN
-~

Flowchart of the text classification [5]

==

Pretraining Adoption Application
with \ with of the .
..sourcedata '@ | fargetdata (@, . model &/
Pretrained Adopted User
model model
Word2Vec question answering
ELMO classification
ULMFIT sequence labeling
GPT
BERT

XLNet
Steps in transfer learning [6]
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Foundamentals
Foundation Models

Model Name Model Architecture
(Release Time) (#params)
BERT{10.2018) En (0.1,0.3)
ReBERTa(07.2019) En (0.1, 0.3)
DeBERTa(06.2020) En(0.1,04,0.7,
09 1.3)
ELECTRA(03.2020) En(0.1,0.3)

Pre-training Tasks

Pre-training Data Applications

* trained on significant
quantities of data

BookCorpus + English Wikdpedia hentence
(B0 I+2 500N wrards) ke o i
BookCorpus+ CCNews = cwe | ° adapted to a wide
(160GE) clazsification

> range of downstream
Wikipedia +

tasks.

University of Stuttgart, IAS

1/20/2016



Conception of Classification System
Word embedding and Semantic Similarity

semantic similarity score [0,1]

 veermeom ) m

1 1 .

[ Traditional Word Embedding ] [ Static Word Embedding ] }/&ntextualized Word Embedding

=

TF-IDF Glove »| GPT&GPT2

Types of word embedding techniques

vector 1 vector 2

Foundation Models

| |

datal data 2

Semantic similarity score based
representation of words in NLP on foundation models

real-valued vector
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Conception of Classification System
Conception System Diagram

Measurment Data -
— Vector similarity 1

Foundation Cosine Pick the
Models: maximum Classification

BERT, Similarities similarity Result

E— RoBerta, Keywords/
labels  Vauam ===z
Labels - Uz .

Keywords/
Labels
Vector 2

similarity 2

Conception System Diagram
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Implementation of Classification System
Determination of Dataset

contact radius

plug angle

cutting edge centre count

countersunk depth of connection bore

connection diameter, workpiece side, upper deviation
connection diameter, workpiece side, lower deviation
tool style code

drilling diameter

stock removal recommended

flange diameter

presetting torque

corner radius

insert included angle

21600 terms

fabric or raw material the joint replacement {foot, ankle} is made of (having regard to its ou
Distance to highest level of a step drill

radius of that part of the cutting item that can create a defined non replaceable position wi
length of that part of the cutting item that has uncompleted thread pitches that gets first in
Angle of that part of the cutting edge that is closest to the workpiece, which centers the toc
number of cutting edges that are able to cut across the center of the tool item axis

depth of the cylindrical counter bore of a hole in the centre of a tool item or adaptive item
greatest permissible upper deviation from the nominal connection diameter

greatest permissible lower deviation from the nominal connection diameter

attribute designation BLD

cutting part of &8 combination milling tool that drills a hole

thickness of material that is recommended to be removed in a reaming operation
dimensicn between two parallel tangents on the outside edge of a flange

presetted torque where the transmission of power will be cut to avoid damage to the cuttit
nominal radius of a rounded corner measured in the XY-plane

angle between the major and the minor cutting edges of a cutting item

-[™ (Select All) ~
-[1BOOLEAN

-] DATE

~[JINTEGER_COUNT
INTEGER_MEASURE
RATIONAL_MEASURE
~[JREAL_COUNT

- REAL_MEASURE

~[JSTRING

CTRIALS TRAMCL ATAD T

Filter Data Type

INTERGER_MEASURE
RATIONAL_MEASURE
REAL_MEASURE

measurement data
collected by sensors Filter

144 terms

dynamic data

7798 terms
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Implementation of Classification System
Determination of Ctategories,Keywords,Foundation Models

[ - . ] Mechanical: 53
= ['speed, force, pressure, mass, torque' .
> , potential, voltage'] Electrical: 30
- e heat'] Thermal: 33
dic_clusters["magnetic"] - gne juctivi Magnetic: 8
dic_clusters["acoustic"] sound Acoustic: 20

Final Categories and Keywords

BERT

model = SentenceTransformer('sentence-t5-base')
RoBERTa

15

Code to use different foundation models
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Implementation of Classification System
Concrete Example

dic_clusters["mechanical"] = ] , & position, veloc speed,
tion, force, pressure, stre 5s, moment, torgue']

dic_clusters["electrical = &l nt, voltage, potential, elec
dic_clusters["th "] = ['temperature, heat, therms

Measurement data Dim 2 Dim 768
(Name: Definition)

Rotation speed.:... 0.016  0.038 --. 0023

Battery potential.... 0.022  0.026 ... 0058

Cosine similarity
Normalization

T Classification in the

Rotation speed... — Rotation speed.... 014 :
200x768 Battery potential 00 09 02 —g. Battery potential 00 018 pe rs peCtI Ve Of
Temperatwre range:. 0.3 05 07 > Temperawre range-..  0.20 033 Ve Cto rS a n d
Keywords/Labels Dim 2 Dim 768 H
et [ Dimd [ Din2 | ] mins | s - matrixes
Mechanical 0.039 0.020 0.057
Electrical 0.027 0.002 oo 0.016
Thermal 0.026 0.006 e 0.036
3x768
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Evaluation
Evaluation Metrics

accuracy metrics.accura e(y_test, predicted)
auc = metrics.roc_auc (y_test, predicted_prob,

* Accu racy multi_class="ovr")
* Precision ("Accuracy:", (accuracy, 2))
("Auc:", (auc,2))
* Recall ("Detail:")
* F1 score (metrics.classification_report(y_test, predicted))
Confusion Matrix Code to generate classification report

cm = metrics.confusio trix(y_test, predicted)
fig, ax = plt.s
sns.heatmap(cm, : fmt="'d', ax cmap=plt.cm.Reds,

r v r

ylabel="True", xticklabels=classes,
=classes, title="Confusion matrix

ncols=2)

subplots(nrows=1

r

Code to plot confusion matrix
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Evaluation
Evaluation Results of BERT

Detaill: Confusion matrix

precision score support

acoustic - 20 o a o L'}
acoustic 20

. - lects I o a o o
electrical 30
magnetic 8

- - é magnet 0 0 8 o )

mechanical 53 ’

thermal S

accuracy . 44
macro avg . . .98 hermai - o . 9 .
weighted avg - - - e s e : e

Accuracy, precision, recall, and the F1 score of Confusion Matrix of BERT

BERT
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Evaluation
Evaluation Results of RoBERTa

Detail:

precision recall fl-score support contuson mat
acoustic .75 20
electrical .97 30 o - 5 3 c
magnetic .88 8
mechanical .98 53 FRp— o . . o o
thermal .94 33
accuracy
macro avg - . . . .
weighted avg . ‘ .
Accuracy, precision, recall, and the F1 score of Confusion Matrix of RoBERTa

RoBERTa
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Evaluation
Evaluation Results of T5

Detail: Confusion matrix
precision recall fl-score support

acoustic 17 o 0 1 2

acoustic

* GO * 92 lects | [ 1 [ a
electrical .91 .94
magnetic .80 .89 —_— . . . ) D
mechanical .98 .93 F
thermal .86 .91 7
accuracy
macro avg - ) i ’ '
weighted avg . . . i acotstic eectrical et mechnical thermal
Accuracy, precision, recall, and the F1 score of TS5 Confusion Matrix of T5

University of Stuttgart, IAS 1/20/2016 16



Evaluation
Results Comparision

BERT 0.99 0.97 0.99 0.98
RoBERTa 0.93 0.96 0.90 0.92
15 0.92 0.91 0.93 0.92

R
BERT model performs better than

BERT 17.9s the other two models
RoBERTa 18.3 s in this classification task
T5 194 s

University of Stuttgart, IAS
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Evaluation
Evaluation results in different conditions

dlr. _clusters = {]

BERT 0.89 0.91 0.89 0.89

RoBERTa 0.90 0.91 0.90 0.90

cluster q[

': clusters[ T 0.85 0.87 0.85 0.85
ic_clusters[

T5 has strong robustness

dic_clusters
dic_clusters[
dic_clusters[
dic_clusters[
dic_clusters[

Factors affecting classification results:
1. Foundation models

2. Determination of dataset

3. Determination of categories

4. Determination of keywords

I L I

BERT 0.81 0.79
RoBERTa 0.76 0.73 0.75 0.72
TS5 0.88 0.86 0.90 0.88
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Conclusion and Future Work

> Conclusion:
» Designed a classification system to classify the measurement data in ECLASS
» Selected datasets, categories and keywords to accomplish classification task

« Evaluated the performance of three foundation models: BERT, RoBERTa and
T5

» Future work:
« fine-tuning the foundation models

* Increase the number of words in the dataset

University of Stuttgart, IAS 1/20/2016 19
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