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IDEA 2 CONCEPT
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R oncent = Current emission concepts are based on:

Artificial Neural

NN Cost-intensive sensors (No,-Sensor etc.)

SCR-Systems: Highly sophisticated modelling
e Map-based parameterization

DPF-Systems:
Virtual PM-Sensor

Conclusion = |dea:

= Using ANN instead of physic-based modelling

10.06.2010
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IDEA 2 CONCEPT
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Idea 2 Concept = Current Scenarios:

Artificial Neural

Networks (ANN) f SCR — Systems

S_CR-Systems:
[ O Sensor Substitution of NO,-Sensor (upstream SCR-catalyst) by ANN

DPF-Systems:
Virtual PM-Sensor
Conclusion ] DPF — Systems

Virtual PM-Sensor instead of soot raw emission model

and many more

10.06.2010
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SCHEMATIC DESCRIPTION OF A SIMPLE NEURAL NETWORK

Huber Group The neural network describes the interconnection of artificial neurons

Company Profile

Each neuron represents a simple arithmetic unit
B oneent The neural network forms a connectionist system
Artificial Neural —> Interaction of many interconnected single units
A neural network is able to learn by example — it is trained in a target-oriented
SCR-Systems: manner to fulfil its task
B C.-Sensor The aim is to use the association ability of the neural networks to be able to
DPF-Systems: determine a target variable, using the “knowledge” from real and not trained input

Networks (ANN)

Virtual PM-Sensor variables

Conclusion

X1 X2 X3

Neurons in a simple
neural network

10.06.2010
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LEARNING PROCESS

(H:gfnegaf]fyogfome Learning is to be understood as optimizing the weighted connections between
single neurons;

Idea 2 Concept The “knowledge” of a neural network is stored in its weighted connections

e Neural Supervised Iearning includes _on_e output vector per input vector, on which the

Networks (ANN) weighted connections are optimized

SCR-Systems: )(:I_3 sz X3 2

Virtual No,-Sensor

DPF-Systems: i l

Virtual PM-Sensor

Conclusion

Weighted connections
are trained

10.06.2010
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LEARNING PROCESS

(H:gf’negaf]fyogfome The aim of the learning process is to reduce the global error to a minimum
The error for a neuron with two weighted inputs can be displayed as error surface
B oneent The learning algorithm is expected to achieve the global error minimum

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor
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USE OF A TRAINED NETWORK

oD Input data under real operating conditions are generated to a new output inside the
Company Profile . . . . .
network structure by the trained weights and activation functions

Idea 2 Concept Each neuron describes a simple function (linear function, TanHyp...)

Artificial Neural

Networks (ANN) Xl X2 X3
SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion

After training
weights are fixed

10.06.2010
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EXAMPLE: NEURAL NETWORK STRUCTURE

Huber Group
Company Profile

Engine speed

Idea 2 Concept
Artificial Neural AII’ mass
Networks (ANN) -

Alr temp.

SCR-Systems:
Virtual No,-Sensor

DPF-Systems: |nput Iayel‘

Virtual PM-Sensor

Conclusion

Hidden layer

Output layer

10.06.2010
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. SCR — SYSTEM / SUBSTITUTION OF NO,-SENSORS

Huber Group
Company Profile

Idea 2 Concept Motivation:

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Result:

Conclusion

Reference:

10.06.2010

Cost reduction because the Pre-Cat-No,-Sensor becomes
redundant

Reduced calibration costs through the use of already
available test data

ECU or embedded code generating No,-concentrations in
real-time depending on the vehicle and operating conditions
by using a trained neural network

NO,-Sensor (e.g. Continental or NGK)
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CONVENTIONAL SCR-SYSTEM

Huber Group
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

1. NO,
Conclusion Sensor

AdBlue®
injector

10.06.2010
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SCR-SYSTEM WITH NEURAL NETWORK
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Idea 2 Concept

Artificial Neural
Networks (ANN) Neural

Network

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion

AdBlue®
injector

DOC/DPF

10.06.2010
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VIRTUAL NOy-SENSOR / DEVELOPMENT MILESTONES

Huber Group
Company Profile

Idea 2 Concept Determination ANN
= Optimal network structure for problem definition

Artificial Neural
Networks (ANN)

SCR-Systems: Adjustment of learning algorithm J

QRS 0 Sensor = Problem oriented learning algorithm

DPF-Systems:
Virtual PM-Sensor

Conclusion

Creation of suitable training data sets
= Methods for specific data sourcing from available test data

Integration of the trained network in an add-on control unit J
» Tests have been successfully completed

Validation of results J

10.06.2010
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SAMPLE DATA SETS FOR TRAINING

Huber Group
Company Profile

Idea 2 Concept BASIS 1

Artificial Neural » Composite data set (diverse routes: city, country road, highway ~ 4h)
Networks (ANN)

SCR-Systems:

Virtual No,-Sensor BASIS 2
DPF-Systems: = BASIS 1 plus NEDC & FTP75 test cycles

Virtual PM-Sensor

Conclusion

BASIS 3
= NEDC & FTP75 Test cycles

10.06.2010



huberGroup P

SAMPLE DATA SETS / QUALITATIVE OVERLAP

Huber Group
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion BASIS 3
| BASIS 1 NEDC & FTP75

10.06.2010
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SAMPLE DATA SETS FOR VALIDATION

Huber Group
Company Profile

Idea 2 Concept VALID 1

Artificial Neural = A part of the training data set BASIS1 not used for training
Networks (ANN)

SCR-Systems:

Virtual No,-Sensor VALID 2

DPF-Systems: = Mixed single runs (city, country road, highway)

Virtual PM-Sensor

Conclusion

VALID 3
= NEDC Cycle

10.06.2010
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VALIDATION EXAMPLE / RESULTS OF MIXED DRIVE 1
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems: ‘
Virtual No,-Sensor ; NOx Sensor
‘ NOX ANN

DPF-Systems:
Virtual PM-Sensor

NOX [ppm]

Conclusion

1" l
1 T M it mi

{

— NOx Sensor
— NOx ANN

integrie

griert [%]

NOx_inte
Delta NOx

Time [s]
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion
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VALIDATION EXAMPLE / RESULTS OF MIXED DRIVE 1

}|R*=0.91
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VALIDATION EXAMPLE / RESULTS OF MIXED DRIVE 2

Huber Group
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor NOx Sensor
NOx ANN

DPF-Systems:
Virtual PM-Sensor

Conclusion

]

griert [%]

NOx_integriert [9

NOXx_intes

Delta
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VALIDATION EXAMPLE / RESULTS OF MIXED DRIVE 2
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e

[ppm]

Idea 2 Concept

NOx_ANN

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion
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INFLUENCE OVERLAP RATIO (VALIDATION TO TRAINING DATA)

Huber Group "
Company Profile Max. Delta NO,_integrated

N
(63}

Idea 2 Concept

Artificial Neural
Networks (ANN)

N
o

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Delta NO, integraedt [%]
o

Conclusion

increasing overlap =>

0
1 2 3 4 5 Example no.

Overlap:
low ,high* medium medium-high high — very high

... little amounts of data...

10.06.2010
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INTEGRATION OF A TRAINED NETWORK IN A CONTROL UNIT

Huber Group
Company Profile

Idea 2 Concept

it Neural Memory requirement << 100 Kbyte
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

Computing time depending on network structure << 100 ms
DPF-Systems: (with a 16bit-controller)

Virtual PM-Sensor

Conclusion

In modern automotive system environment (Tricore / 32bit) much faster

10.06.2010
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. VIRTUAL PM-SENSOR
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Company Profile

B oneent Motivation: Optimization of PM-regeneration without any complex and

error-prone soot model

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

D_PF-Systems:
Virtual PM-Sensor Intention:; Online determination of the PM-raw emissions

via ANN and implementation of this “Virtual PM-sensor” into
the DPF-regeneration strategy

Conclusion

Reference: Online measurement of PM with Dekati DMM230

10.06.2010
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CDPF-SYSTEM

Huber Group
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Idea 2 Concept

Artificial Neural Virtual
Networks (ANN)
PM-Sensor

SCR-Systems:
Virtual No,-Sensor ?
DPF-Systems:
Virtual PM-Sensor . .

Soot - Raw odel

CRT-model
Evaluation of regeneration

Conclusion

e

10.06.2010
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion

10.06.2010

VALIDATION / RESULTS FOR TRAIN: FTP75 — VALID: NEDC
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Idea 2 Concept

Artificial Neural
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VALIDATION / RESULTS FOR TRAIN: FTP75 — VALID: NEDC
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NEXT STEPS
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Idea 2 Concept

Artificial Neural
Networks (ANN)

SCR-Systems:
Virtual No,-Sensor

DPF-Systems:
Virtual PM-Sensor

Conclusion

PM-emission measurements in road tests
with DMM230

Development of a method to create training
data sets

Optimization of ANN-structure

Determination of learning algorithm

10.06.2010


../../Lokale Einstellungen/Temporary Internet Files/Lokale Einstellungen/Temporary Internet Files/OLK38/PM_turgay/Bilder PM_Messung/MVI_1813.avi

huberGroup P

CONCLUSION

Huber Group
Company Profile

B oneent ANN offer a large potential to substitute physical sensors

Artificial Neural
Networks (ANN)

SCR-Systems: Virtual sensors allow cost optimization concerning calibration efforts compared to
B C.-Sensor model-based solutions

DPF-Systems:
Virtual PM-Sensor

R liision ANN allow “mathematical solutions”, based on real test data, when multi-dimensional
systems are getting too complex or prone to error

Especially dynamical behaviour of ANN outperforms model-based approaches

10.06.2010
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