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Introducing a work flow for improving kinetic models: 
a case study using butanol
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Select a base model, and from it generate  
many alternative models by substituting 
parameters found in other models,  
one substitution per model.

Run each of the alternative models against all 
experimental data, using PyTeCK, to generate 
overall error metric for each alternative.

Rank parameter substitutions according to 
highest impact (positive or negative)  
on the error metric.

For the N most impactful parameters, follow the 
paper trail to determine the original source  
of the values, and decide which are most likely 
to be more accurate.

Construct a new model using  
all the selected substitutions.

Collate kinetic models from the literature, 
identifying the molecular structures  
to allow comparing between models.

Evaluate the final model against all available 
experimental data, using PyTeCK.
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Collect experimental data from the literature  
and convert to ChemKED format,  
including uncertainties when available.

We developed a tool based 
on the open-source Reaction 
Mechanism Generator (RMG) 
to help identify molecular 
structures of species in 
detailed kinetic models. 

Chemical Kinetics 
Experimental Data 
(ChemKED) [1]

• Human and machine 

readable

• Written in YAML

• For now, only shock 

tube data were 
included. More types 
are coming soon.

For this case study the base model was for butanol 
from LLNL [2]. We found 1600 possible substitutions:

• 300 reactions with one alternative rate

• 471 reactions with two alternative rates

• 65 species with one alternative thermo set

• 127 species with two alternative thermo sets
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detailed combustion 
models help us improve 
engine efficiency…

…and other 
kinetic models…

we propose a 
workflow…

…to get closer 
to the “truth”…

…using data 
from exper-
iments…

…but with 
thousands of 
estimated 
parameters…

…not just closer 
to the data!

…and design 
biofuels…

…they contain 
errors and 
inaccuracies.
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we detect 
discrepancies 
in models;…

…and validation 
data.

The workflow 
could lead 
to…

…a set of self-
consistent & 
honest models…

rank them by 
their impact on 
experimental 
targets;…

…via a critical 
evaluation of 
literature.

…via a critical 
evaluation of 
literature.

then resolve 
important 
disagreements…

Option 2 
• Baulch (1992) 

• Only 300-550K

• “Kinetic data on this reaction 

are very limited, and no 
products have been 
suggested”


• Tweaked in a 2003 PhD thesis 
to match a few flame speeds

Table 7: Reactions for which substitutions have the greatest effect of reducing error metric E

(see Table 8 for more details).

No. Reaction

293 HCCO + O2 ��*)�� CO2 + CO + H

187 CH + H2O ��*)�� H + CH2O

59 C2H + O ��*)�� CO + CH

1440 iC4H8 ��*)�� C3H5 + CH3

61 C2H + O2 ��*)�� CO2 + CH

180 CH + O2 ��*)�� CHO + O

391 CH3COCH3 ��*)�� CH3CO + CH3

1441 iC4H8 ��*)�� iC4H7 + H

189 CH3 + CH3 ��*)�� C2H6

1267 iC4H8 + H ��*)�� iC4H9

Reaction 293. The kinetics substitution which would improve the model per-

formance the most (decrease its error metric E) is reaction 293:

HCCO+O2 ��*)�� CO2 +CO+H .

The original model used the rate k = 4.78⇥ 1012
�

T
1K

��0.142
exp

⇣
�1.15 kcal/mol

RT

⌘
.

The source of this rate is Klippenstein, Miller, and Harding (2002) who used

electronic structure theory, RRKM theory, and master equation and trajectory

simulations to solve a mystery of prompt CO2 formation, and provided rate co-

efficients for 300–2500K. They used QCISD(T) and MP2 energies from B3LYP

geometries, then lowered the barrier by 3.2 kcal/mol to match room-temperature

experimental data, ending up with a good agreement with experiments.

The alternative rate for substitution is k = 6.0⇥ 1012 exp
⇣

�0.859 kcal/mol

RT

⌘
.

One model attributes the rate to Baulch et al. (1992) but the numbers [34,

p.713] do not quite match—the model is about four times faster. Baulch et al.

provide a rate for 300–550 K but warn that “Kinetic data on this reaction are

very limited, and no products have been suggested” and assigned a reliability
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Option 1 
• Klippenstein, Miller, and 

Harding (2002) 

• QCISD(T) and MP2 from 

B3LYP geometries

• Barrier lowered 3.2 kcal/

mol to match k298K

• RRKM and dynamics

• Matches experiments

The 25 most influential parameters on 
overall error metric E [3].

In this example we think Option 1 is closer 
to the truth, which agrees with the model 
authors, so no substitution is made.

Model performance did not change 
much in this case.

In this case, we most often agreed with the 
model authors, and made only a few 
substitutions.
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Fig. 1. Demonstration of genetic algorithm events. 
We used the Python-based tool DEAP (Distributed Evolutionary 

Algorithms in Python) [28] to run the genetic algorithm, and Can- 
tera [23] to evaluate the ignition delay times. The initial popula- 
tion contains 100 randomly generated individuals; the crossover 
probability between two individuals was set to 0.8, and the mu- 
tation probability for one individual was set to 0.2. The number 
of individuals to select for the next generation was µ= 100 and the 
number of offspring to produce at each generation was λ= 200. We 
used the genetic algorithm called (µ + λ) , meaning the next gen- 
eration of individuals are selected from the pool of both parent 
and offspring populations. Selection was done using tournaments 
of size three. There was an 80% chance that an offspring would be 
generated by single-point crossover from two parents ( Fig. 1 a), and 
a 20% chance that an offspring would be generated by mutating a 
single random gene from one parent ( Fig. 1 b). 

The optimization was run for 500 generations when varying 
just kinetics or just thermodynamics, but when varying all pa- 
rameters the optimization had not converged after 500 and so it 
was run for 10 0 0 generations. At the end of the optimization, the 
fastest and slowest models (at 10 0 0 K and 10 bar) were then run 
through the full PyTeCK comparison against all the experimental 
data. 

To further explore the extremes that could be reached while 
allowing all parameters to be changed, we performed additional 
optimizations with different objectives: to find the extrema (max- 
imum and minimum) of ignition delay at 1500 K and 43 atm, and 
to find the extrema of the average slope in the ignition delay curve 
between 900 K and 1500 K at 43 atm, i.e., to maximize and mini- 
mize !log τ(900 K , 43 atm ) − log τ( 1500 K , 43 atm ) ". 
3. Results and discussion 

The original model by Sarathy et al. [9] has an overall error 
metric (see Eq. (1) ) of E = 107.76 6 69 representing the error over all 
475 data points for all experimental conditions ( Tables 1 –4 ). Two- 
thirds of the 1606 individual variations change this value by less 
than 0.01 and half of them by less than 0.001. However, some vari- 
ants decreased the error by as much as −9.4 to 98.36 or increased 
it by + 14.7 to 122.51. These outliers lead to a sharp histogram of E 
values when the x -axis is scaled to show the full range, as shown 
in Fig. 2 ; the inset plots show greater detail. 

Table 5 lists the 25 substitutions that most change the error. 
Five of these 25 variants are thermodynamic parameters and 20 
are kinetics parameters. Table 6 shows details of the thermody- 
namic changes. Although often a date is included, most published 
models omit or strip comments from their thermochemistry data 
files, making it difficult to establish where the parameters came 
from. In most cases the thermochemical parameters in the orig- 
inal model match those in Burcat’s database with updates from 
the Active Thermochemical Tables [29] or some subsequent ver- 

Table 5  
Most influential parameter substitutions on overall error metric, listed 
in descending order of | #E |. 

Type Reaction or Variant E #E 
species no. no. 

Thermochemistry 190 1 122.514 14.747 
Kinetics 293 2 98.359 −9.408 
Kinetics 187 2 98.420 −9.347 
Kinetics 59 1 98.422 −9.344 
Thermochemistry 224 1 98.430 −9.337 
Thermochemistry 190 2 116.494 8.728 
Kinetics 187 1 102.222 −5.545 
Kinetics 1440 1 102.276 −5.490 
Kinetics 61 1 102.319 −5.447 
Kinetics 291 1 113.119 5.353 
Kinetics 180 1 102.707 −5.059 
Kinetics 272 1 112.315 4.548 
Kinetics 272 2 112.085 4.318 
Kinetics 391 2 104.632 −3.134 
Thermochemistry 90 1 104.744 −3.023 
Kinetics 1441 1 105.343 −2.424 
Kinetics 535 1 110.085 2.318 
Kinetics 391 1 105.461 −2.305 
Kinetics 535 2 110.008 2.241 
Kinetics 189 2 105.700 −2.067 
Kinetics 1267 1 105.714 −2.053 
Kinetics 1441 2 105.767 −1.999 
Thermochemistry 107 1 109.659 1.892 
Kinetics 168 2 105.950 −1.817 
Kinetics 321 2 109.583 1.816 

Table 6  
Thermochemical parameters for which substitutions most impact E . 

No. Molecule Original source Variant source #E 
190 (Var1) iC 4 H 8 Burcat (2009) [30] THERM [31] + 14.747 
224 iC 3 H 5 OH Unknown; possibly THERM THERM [31] –9.337 
190 (Var2) iC 4 H 8 Burcat (2009) [30] Burcat (1983) [29] + 8.728 
90 C 3 H 6 Burcat (20 0 0) [29] Unknown (1986) −3.023 
107 nC 3 H7O 2 Burcat (2010) [30] THERM [31] + 1.892 

sion of the extended database now maintained online [30] . Many 
of the variants commonly in use were estimated using the THERM 
software [31] which is based on Benson’s group additivity method 
[32] . 

Table 7 lists the 10 reactions corresponding to the 12 kinetic 
substitutions that most decrease the overall error metric. Table 8 
shows details of those substitutions: the #E , the parameter val- 
ues, and the source of those values, as best as we can determine. 
Although many researchers follow the helpful practice of includ- 
ing comments in their Chemkin files indicating where they think a 
value came from, most often these point to another model which 
in turn got it from somewhere else. Tables 9 and 10 show the 

Most parameters have small effect; 
red line indicates performance of 
baseline model [3].
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a b s t r a c t 
Side-by-side comparison of detailed kinetic models using a new tool to aid recognition of species struc- 
tures reveals significant discrepancies in the published rates of many reactions and thermochemistry of 
many species. We present a first automated assessment of the impact of these varying parameters on 
observable quantities of interest—in this case, autoignition delay—using literature experimental data. A 
recent kinetic model for the isomers of butanol was imported into a common database. Individual re- 
action rate and thermodynamic parameters of species were varied using values encountered in com- 
bustion models from recent literature. The effects of over 1600 alternative parameters were considered. 
Separately, experimental data were collected from recent publications and converted into the standard 
YAML-based ChemKED format. The Cantera-based model validation tool, PyTeCK, was used to automati- 
cally simulate autoignition using the generated models and experimental data, to judge the performance 
of the models. Taken individually, most of the parameter substitutions have little effect on the overall 
model performance, although a handful have quite large effects, and are investigated more thoroughly. 
Additionally, models varying multiple parameters simultaneously were evolved using a genetic algorithm 
to give fastest and slowest autoignition delay times, showing that changes exceeding a factor of 10 in ig- 
nition delay time are possible by cherry-picking from only accepted, published parameters. All data and 
software used in this study are available openly. 

© 2017 The Combustion Institute. Published by Elsevier Inc. All rights reserved. 
1. Introduction 

Detailed kinetic models over a range of temperatures and pres- 
sures are essential for predicting the behavior of new fuels. Ki- 
netic combustion models of complicated fuels contain thousands of 
species and elementary reactions which are described by thermo- 
dynamic and rate parameters. Many of these parameters are cal- 
culated with semi-empirical methods, estimated, sometimes just 
guessed, and quite often changed or “tweaked” to alter some global 
observable. This leads to discrepancies in rates and thermodynamic 
parameters for the same reaction or species in different models. 
The work presented aims to determine how these discrepancies af- 
fect the performance of a model. 

Side-by-side comparison of detailed kinetic models reveals sig- 
nificant discrepancies in the published rates of many reactions and 
thermochemistry of many species. For example, in the supplemen- 
tary data of the 2016 Combustion Symposium proceedings, of 2600 
reactions we have identified in two or more models, 15% disagree 

∗ Corresponding author. 
E-mail address: r.west@northeastern.edu (R.H. West). 

by over an order of magnitude at 10 0 0 K, and some by 31 or- 
ders of magnitude; of the species we found in two or more mod- 
els, 4% of standard enthalpy of formation values span more than 
50 kJ/mols. Chen et al. [1] recently used an automated tool to show 
that many published models have rate coefficients exceeding the 
collision limit by several orders magnitude. However, the impact 
of these variations on observable quantities of interest—such as au- 
toignition delay—has not yet been assessed. Each published model 
has usually been “validated” with and often trained, optimized, or 
tweaked to match a given set of experimental data. Many reaction 
rates have been chosen only as part of a whole model and only to 
match a limited set of experimental data, although they are then 
frequently used in other models. 

Pioneering work by Frenklach et al. [2] advanced the systematic 
treatment of kinetic parameter uncertainty in combustion model- 
ing. Other notable contributions include those by Wang and Sheen 
[3] , Turányi et al. [4] , and Tomlin and Turányi [5] , whose reviews, 
books, and chapters provide a thorough and clear overview of local 
and global uncertainty analysis in this field. 

Recent advances include treatment of correlations between 
uncertain parameters derived from a common rate rule [6] and 
the use of multi-scale informatics [7] to propagate uncertainties 

https://doi.org/10.1016/j.combustflame.2017.11.018 
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ABSTRACT: Fundamental experimental measurements of quantities such as ignition delay
times, laminar flame speeds, and species profiles (among others) serve important roles in
understanding fuel chemistry and validating chemical kinetic models. However, despite both
the importance and abundance of such information in the literature, the community lacks a
widely adopted standard format for this data. This impedes both sharing and wide use by the
community. Here we introduce a new chemical kinetics experimental data format, ChemKED
and the related Python-based package for validating and working with ChemKED-formatted files
called PyKED. We also review past and related efforts and motivate the need for a new solution.
ChemKED currently supports the representation of autoignition delay time measurements
from shock tubes and rapid compression machines. ChemKED-formatted files contain all of the
information needed to simulate experimental data points, including the uncertainty of the data.
ChemKED is based on the YAML data serialization language and is intended as a human- and
machine-readable standard for easy creation and automated use. Development of ChemKED
and PyKED occurs openly on GitHub under the BSD 3-clause license, and contributions from
the community are welcome. Plans for future development include support for experimental
data from laminar flame, jet-stirred reactor, and speciation measurements. C⃝ 2018 Wiley
Periodicals, Inc. Int J Chem Kinet 50: 135–148, 2018
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INTRODUCTION

Fundamental combustion experiments provide vital
data for understanding fuel chemistry and validating
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a b s t r a c t

Alcohols, such as butanol, are a class of molecules that have been proposed as a bio-derived alternative or
blending agent for conventional petroleum derived fuels. The structural isomer in traditional ‘‘bio-buta-
nol’’ fuel is 1-butanol, but newer conversion technologies produce iso-butanol and 2-butanol as fuels.
Biological pathways to higher molecular weight alcohols have also been identified. In order to better
understand the combustion chemistry of linear and branched alcohols, this study presents a comprehen-
sive chemical kinetic model for all the four isomers of butanol (e.g., 1-, 2-, iso- and tert-butanol). The pro-
posed model includes detailed high-temperature and low-temperature reaction pathways with reaction
rates assigned to describe the unique oxidation features of linear and branched alcohols. Experimental
validation targets for the model include low pressure premixed flat flame species profiles obtained using
molecular beam mass spectrometry (MBMS), premixed laminar flame velocity, rapid compression
machine and shock tube ignition delay, and jet-stirred reactor species profiles. The agreement with these
various data sets spanning a wide range of temperatures and pressures is reasonably good. The validated
chemical kinetic model is used to elucidate the dominant reaction pathways at the various pressures and
temperatures studied. At low-temperature conditions, the reaction of 1-hydroxybutyl with O2 was
important in controlling the reactivity of the system, and for correctly predicting C4 aldehyde profiles
in low pressure premixed flames and jet-stirred reactors. Enol–keto isomerization reactions assisted by
radicals and formic acid were also found to be important in converting enols to aldehydes and ketones
under certain conditions. Structural features of the four different butanol isomers leading to differences
in the combustion properties of each isomer are thoroughly discussed.

! 2011 The Combustion Institute. Published by Elsevier Inc. All rights reserved.

1. Introduction

The production of butanol from biomass feedstock (i.e., bio-
butanol) is not novel. Jones and Woods [1] provide a detailed his-
tory of bio-butanol production via fermentation prior to 1986.
Louis Pasteur first documented the fermentation of sugars to
1-butanol in 1861, although the yields he achieved were not
sufficient for commercialization. In the early 1900s, a German born
chemist, Chaim Weizmann, was attempting to produce butanol for
synthetic rubber production, and discovered that the Clostridium
acetobutylicum organism was capable of converting large amounts
of sugars into a mixture of acetone–butanol–ethanol (ABE) in the
molar ratio of 3:6:1. This biological fermentation process reached

large commercial scales in the 1930s and 1940s. After World
War 2, there was a rapid decline in ABE production from biomass
for two reasons; the cost of biomass feedstock rose sharply and
petroleum derived solvents became more cost effective.

More recently, there has been renewed interest in biological fer-
mentation of starches and sugars to produce fuels. In an effort to
produce biofuels with better fuel properties and environmental
performance than conventional bio-ethanol, researcher scientists
and entrepreneurs have invested significant resources in bio-buta-
nol production. Butanol has a higher energy density than ethanol
and is less polar, so it can be more easily blended with hydrocarbon
fuels like gasoline both in on-board transportation fuelling systems
and in fuel pipelines. Nigam and Singh [2] briefly reviewed the re-
cent activities in bio-butanol research and indicated that biological
pathways exists for the production of 1-butanol, iso-butanol, and
2-butanol. The fourth isomer of butanol, tert-butanol, is a

0010-2180/$ - see front matter ! 2011 The Combustion Institute. Published by Elsevier Inc. All rights reserved.
doi:10.1016/j.combustflame.2011.12.017
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