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e Prescribing uncertainty measures to rate expressions is crucial
for performing useful predictive combustion simulations

e Fixperimental measurement data are often unreported, informa-
tion is reported in the form of model parameters fit to the data
(e.g. rate constants, Arrhenius parameters) with error bars.
Loss of correlation information between Arrhenius parameters

e Approach: use maximum entropy arguments to construct sta-
tistical inference on the unreported data itselt using available
information as constraints. Estimate parameters (with joint
uncertainty) using this inferred data |1, 2|
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Shock tube experiments of Sajid et al [3]:

e [nvestigate thermal decomposition reaction:
HoOo + M — 20H + M (1)

e Measured signals are noisy laser absorption time series, trans-
formed to noisy HoOy mole fraction vs. time profiles using the
Beer-Lambert relation

e Shock tube conditions span temperatures of 930-1235 K, 1-2
atm

e Rate constant of target reaction (eq. 1) determined using
homogeneous reactor simulations using a calibration chemical
mechanism from Hong et al. [4]

e Raw data unreported, rate constants at design temperatures
are, with attached error measures (symmetric error bars)
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Consistent data

e The numerical solution of the parameter inference using
Markov chain Monte Carlo (MCMC) methods delivers samples
from the target parameter posterior PDF:
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e Similarly, inference on data delivers samples from the posterior
PDF on data conditioned on the reported statistics (typically
1000s of data instances are sampled):
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Data samples (i.e. hypothetical data sets) using a 1 std in-
terpretation of rate constant error bars (left) and 2 std

interpretation (right).  Single examples of data sets are
highlighted with solid lines
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Bayesian inference

e Assuming an additive Gaussian noise model for the unreported
noisy mole fraction vs. time data:

z (8, T5) = f (i, Tj; B) + o0&y (2)
where f is the output of the ODE system modeling the smooth
HoOs signal. The data points at all time (t) and temperature
(T) locations define a data set D. [ are uncertain model pa-
rameters (rate constants) and o is the standard deviation of
an additive noise model. The posterior distribution of D given
reported statistics S of the unreported data can be inverted:

p(S|D)m(D)
p(S) 3

e Consistency between proposed instances of D and S is enforced
at the M temperatures using an approximate likelihood func-
tion that penalizes discrepancy using a Gaussian penalty kernel:

Bayes’ law:

p(DI|S) =

M Sty — S\
b S
p(SD) o« [[ exp —@-( o ) ()
J

J=1

e To facilitate evaluation of eq. 4 the statistics of proposed data
Sp are evaluated from an associated parameter posterior PDF,
which is itself evaluated using a Bayesian inference on param-

eters A ={0,0}:
p(DA)m(A)

p(D)
using a likelihood function implied by the form of eq. 2:

p(AID) = (5)
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e As such the data inference algorithm explores a space of consis-
tent data by approximately enforcing agreement between the
statistics of hypothetical data with those of the the unreported
true data using a nested Bayesian inference procedure employ-
ing an outer inference on data with associated inner inferences
on parameters

MaxEnt posterior PDF's

e Can learn joint PDFs of Arrhenius parameters from discovered
hypothetical data employing Bayesian inference using data sets
at all temperatures, constructing PDF's averaged over all data
instances, complete with the previously missing correlation in-
formation
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Application - explosion limit curve

e Propagate uncertainty in a system of interest sensitive to HyOs
decomposition, e.g. the 3" explosion limit in Hy-Oy mixtures,

drawing samples from the joint Arrhenius parameter PDF
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Explosion limit Z-curve with 95% confidence interval near the
third limit for stoichiometric Ho-O9 mixtures sampling from
the correlated joint PDF computed using data inference (left)
compared to drawing samples from an equivalent uncorrelated
PDF (right), highlighting the over-prediction of uncertainty
when knowledge of the parameter correlation is lost. The
solid black curves are the Z-curve computed using the
nominal rate parameters determined by Sajid et al [3]| using
low pressure information only
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Comparison of predictions when fitting hypothetical data
using a different chemical mechanism [5] and using said
mechanism for predictive modeling. The dashed line is the
nominal explosion Z-curve using the Hong et al. mechanism
both to fit the Arrhenius parameters of reaction 1 to the data
and to predict the Z-curve, indicating significant discrepancy
between the two mechanisms.
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Conclusions and future work

e Demonstrate the application of a data inference procedure to
generate missing experimental data from combustion experi-
ments for the purposes of refitting the data in a Bayesian frame-
work to recover missing parameter correlation information

e Approach presents an objective framework for the assimilation
of evidence from different sources to constrain the uncertain
representation of a reaction of interest in the context of any
choice of chemical fitting model

e [ixtend to all reactions for a given fuel to construct unbiased
mechanisms incorporating both available and unreported data
by combining information at the data level
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