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1. A statistical approach : Worst case emissions cycle for on road
emissions robustness enhancement

2. Machine Learning approach : Virtual NOx sensor for onboard NOx
monitoring/ Physical sensor replacement



Worst Case Emission Cycle development for BS6.2




Methodology to Build Confidence in Meeting IRDE Emissions

\E:) Introduction- Overall Process

2 ) Random IRDE Cycle Generation

3 ) Worst Case Cycle Generation

Statistical analysis : Confidence level in meeting CF




Overall Process

* A Process to Establish confidence & robustness on meeting Emission criteria IRDE .
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35 Random Cycles Generation
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* To Generate “Worst Case RDE” drive Cycles suitable for use on Dynamometer.
« Worse case cycle contains the Highest Engine out Nox Emissions & Lowest after treatment Efficiency/ AFT temperature ,Hence
the combination is Highest tail pipe Emission.

/ Worst case cycle Generation Methodology

|ldentify Worst Engine Out
NOx manoeuvre

[ Tool: MATLAB

On road test St BT s Smoothen IRDE Boundary

data | Velocity/Gear shift Compliance
Identify Worst

Temperature manoeuvre
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{Cycle Validation on dyno}
Generating Mini trips




Mini Trip Generation

[ Identify NOx peaks at Engine Out ] [

Identify Temperature mini Trip ]
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Worst Case Cycle(WCC): Validation IRDE Boundary Conditions

BOUNDARY CONDITIONS LmIT TEST RESULTS . . . i
TOTALTEST DURATION %0 o M * Worst case Cycle meeting the all trip dynamics & Boundary conditions of

Phase-1 57.1 Indian real drive cycle (IRDE)
TRIP DURATION SHARE Phase-2 313

Phase-3 233

TRIP DURATION SHARE TRIP DISTANCE SHARE

TOTAL DISTANCE Phase-3

Phase-1 | 24% - 4% (Min 16km) st Shase.3 Phase-1
TRIP DISTANCE SHARE Phase-2 | 23% - 43% (Min 16km) 34.75 2078

Phase-3 | 23% - 43% (Min 16km)
Time for V>75 KMPH At least 5min Phase-2 Phase-1
MAX SPEED 24.42 59.01
% TIME FOR MORE THAN ALLOWED MAX SPEED 3%
AVERAGE SPEED Phase-2

Phase-1 | 15-30kmph 34.47
Average Speed Phase Wise Phase-2

Phase-3
DURATION OF SPEED > 75 KMPH At least 5min 35 0.25

Phase-1 | 150 - 30 _ - 0.2 A 0.20
NO. OF ACCLN POINTS Phase-2 | 150 g 25 .- 7 . Ns A 045

Phase-3 | 100 N 20 - £ 015 ks ' A 0.14

£ - "A 1335 E ~
NO. OF VEH STOPS >10 SEC <15 _ A =i < 04 ~ o
DURATIO OF LONGEST STOP 5min e == & ~ o
w 10 A 936 0.05 = -
TOTAL STOP DURATION % of PHASE 1 6% - 30% = S~a
TIME FOR VEH SPEED BELOW 20 KMPH 20min . 0 =~
ALTITUDE GAIN FOR URBAN, m 1200m/100km 0 <0 100 150 0 20 40 60 80 oo 120 140
AVG SPEED [KMPH)

ALTITUDE GAIN IN TOTAL, m 1200m/100km AVG SPEED (KMPH)
DELTA /END ALTITUDE, m 100m




Cycle Statistics-Overall

Tailpipe Emissions WCC cycle Vs Random cycles

Emissions

Random cycles

Random cycle

WCC cycle

W(C Cycle Emissions shows higher cycles Nox compared to all random cycles.




Cycle Statistics-Overall

Probability Distribution
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Machine Learning : Virtual Nox Modelling
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* Purpose
e After-Treatment Device Management (LNT, SCR etc.)
* Diagnosis After-Treatment Systems:
* Plausibility check and functional diagnosis

DOC SCRoF ufSCR
DEF NO, Sensor
Sensor Opﬂ

NOx Sensor NO, Sensor

Injecto T

Ein
EEnd

Mixer

UEGO

APrigp
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Problem statement
N
W/

Zirconia NOx Sensor

e Physical sensor

e Overtime measurement
degradation

e Light-off temp requirement

e Cost
e Maintenance
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Virtual NOx sensor
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e Accurate measurement over
time

e Cost effective

e Real time predictions

e Adaptable with varied
driving conditions



Virtual NOx sensor modelling strategies

02 pump cell NO sensing cell
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Theoretical
modelling- Derived

from physics

e -
Electrical systems

||+ Ohm’s Law
¢ Kirchhoff’s Law

Zirconia electrolyte

(Hydrodynamics

Oxidation catalyst

|__| e Bernoulli’s Law
e Conservation law

G

(Thermodynamics

¢ |deal gas Law
e Entropy

Calibration/testing effort

Modelling complexity

Accuracy

Computational effort >
Real time applicability

OJICIOOXN

n-D Lockup Table

Map Based
modelling

tiﬁcial Intelligence

~

Map based
|| calibration (EGR on,
EGR off)

Correction
coefficients are

— calibration
dependent

-~

| e Corelating 1 /O of data

modelling
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Machine learning
Deep learning

(Training based
modelling

to find relation

-

Artificial NN ™

\ ) 2.\ 0°

o+ RMSE: 128, 87 ppen

* R2score:91.63%
* Cumulstive Error: 118 %
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Methodology

* Extensive data collection and model training
* Dedicated data collection at different Temperature, altitude and driving conditions

®
Cold data Altitude data
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Methodology
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ML model and optimization

*  Model:
* Neural network (NN)

BIAS

* Optimizer:
» ASHA (Asynchronous Successive Halving
Algorithm)

e Advantages of using ASHA

* Automated & Efficient Hyperparameter Optimization —

* Better Model performance compared to Bayesian
optimization

Tailpipe
NOx

O00O0

Input features

Hidden layers
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Model validation

:-: . e .
S Er%gme Nox actual vs Prediction [Nnrmlallz%d] Model prediction in transient
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* Normalized Cumulative data is within 1% error range

* Model prediction in transient is good compared to actual NOx
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Model performance on untrained cycles

WLTC Hot | Engine Nox actual vs Prediction [Normalized]

2000 — 1 e —1 * In cumulative terms, Actual and Predicted
redicte Sensor NOx (aWakeup) .
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Process so far

/ Achieved: \
e Good accuracy on the test data
NOX modelling  ICI-ERRAVE] Nextstep? -
using Python Validation ,:ggmore driving condition in the test
- /
/ Achieved: N\
iedlele v e Good accuracy on the test data
5 s | Altitude data * Model was heavy for real time
Python Deep sdded prediction
learning Next step?
\. Shallow NN -
: : . /Next step? \
Vel i e Code size  Implementation on the ECU
MATLAB compatible * More detailed training dataset
(ShaIIow NN) with ECU * Impact of Humidity on NOx
e Cold start and high speed

k conditions /
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Thank you for your attention!
Q&A
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