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Abstract
The capability to reliably predict the behavior of reactive chemical
systems would allow rational a priori design of chemical reaction sys-
tems. Recent progress toward overcoming several technical obstacles
to predictive kinetics for homogeneous gas-phase systems is reviewed.
The focus is on (1) updates to the fundamental data model used in kinetic
modeling, (2) methods for solving large kinetic simulations efficiently
without relying on uncontrolled approximations, and (3) methods for
determining whether or not the model predictions are consistent with
experimental data. Appropriate handling and archiving of experimental
data from different sources, and of the many uncertainties in the data
embedded throughout the kinetic models, is a major challenge facing the
kinetics community as kinetics becomes a predictive science.
I. Introduction
Chemical kinetic modeling has been one of the pillars of chemical engineering
since the field was founded. In many respects, it is the aspect that distinguishes
chemical engineering from other fields of engineering. However, despite a huge
amount of work by thousands of researchers, we still have a very limited ability
to predict what will happen in a newly proposed reactive system, even in well-
characterized gas-phase systems with simple fluid mechanics. A number of
technical problems significantly impeded progress in kinetics during the 20th
century. Here we briefly review the history and the goals of chemical kinetic
modeling, and highlight a few of the technical areas where significant advances
have been made in the first years of the 21st century.
A. THE HISTORICAL APPLICATIONS OF KINETIC MODELING

1. Predictive vs. Postdictive Models

Chemical kinetic models play multiple roles. In the 20th century, these models
were most often used to assist in the interpretation of experimental data, and for
the interpolations used in process optimization and control. Kinetic models also
played an essential role in the process of generalizing new chemical knowledge
from experimental results. In both of these applications, a large amount of
experimental data were measured first and then kinetic models were used to
rationalize or interpolate between these experimental data. It would not be too
unfair to characterize most of this work as ‘‘postdictive’’, i.e. the modelers were
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not able to say anything interesting until after a considerable amount of
experimental work had been completed.

Of course, chemical kinetic models would be even more useful if they could
accurately predict the behavior of reacting systems under conditions signi-
ficantly different from those that have already been measured. If these extra-
polative predictions were accurate enough, chemical kinetic models could
become valuable tools in process and product design, and by reducing the need
to do so many experiments in order to gain a small amount of information, the
models could accelerate the pace of innovation. Reliable predictive kinetic
models would be particularly helpful in situations where it is impractical to do
the experiments, e.g. in the public policy arena, where a failed experiment could
be prohibitively costly, or in situations where the experiment is impossible
(e.g. predicting what happens in very slow or very fast processes).

In recent years, it has become possible to extrapolate accurately using detailed
chemical kinetic models to predict quantitatively the behavior of some rather
complicated chemical systems. The most famous examples of this success are the
detailed atmospheric chemistry models whose predictions underlie the Montreal
Protocol on ozone-depleting chemicals. However, these atmospheric chemistry
models were developed through a huge international effort over several decades,
based heavily on a large number of laboratory experiments. Much more rapid
and efficient methods of model development are required for detailed predic-
tive chemical kinetics to become a practical everyday design tool for chemical
engineering.
2. Technical Hurdles in the 20th Century

Several technical issues significantly hampered progress in chemical kinetic
modeling in the 20th century; among these were serious difficulties solving
kinetic simulations numerically, difficulties constructing and checking (and
peer-reviewing) large simulations, problems with estimating reaction rates when
thermochemistry and experimental data were missing, and problems checking
whether model predictions were consistent with experimental data.

First, significant numerical problems plagued the kinetic models. Almost
all chemical kinetic systems are intrinsically ‘‘stiff’’, with a large separation of
timescales between the most reactive and least reactive species in a mixture.
Although a number of clever approximations were used to circumvent this
problem, the situation was highly unsatisfactory (e.g. it was very difficult to
prove that the approximations were valid) until William Gear invented the first
algorithm capable of numerically solving stiff systems of differential equations
with error control in the 1970s (Gear, 1971). Also, most chemical kinetic
systems of interest to engineers involve a relatively large number of species,
which made them hard to handle until computers with significant core memory
became widely available �1980. The development of the CHEMKINs soft-
ware in the 1980s, which dealt with the most common data-handling issues and
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also incorporated a reliable stiff differential equation solver that evolved from
Gear’s algorithm, was a major step-forward in chemical kinetic modeling (Kee
et al., 1989). Toward the end of the last century, modelers benefited tremen-
dously from the rapid improvements in computer hardware and from major
advances in the capability to solve multidimensional, multi-species kinetic
simulations. But there are still many important reactor types whose simulations
are plagued by numerical issues and by hardware limitations; at present there
are only a handful of well-tested widely distributed solvers with error control,
and these solvers work only for specific idealized reactor types.

As the numerical solvers have become capable of solving rather complicated
chemical kinetic simulations, modelers have had to accept that we do not really
know the chemistry of most processes as well as one might hope, and in some
cases the reacting mixtures are so complicated that it is doubtful anyone could
write down all the reactions occurring, even if we did know all the chemistry.
(For complicated reactor geometries, there is a similar problem associated with
constructing a suitable mesh for solving the transport equations.) The problem
of complex chemistry was recognized even before CHEMKIN became widely
available, and has led to the development of dozens of automated mechanism-
construction programs over the past two decades (Blurock, 2004a, b; Broadbelt
et al., 1994; Chevalier et al., 1990; Chinnick et al., 1988; Dente et al., 1979;
DiMaio and Lignola, 1992; Hillewaert et al., 1988; Kojima, 1994; Matheu et al.,
2003a; Prickett and Mavrovouniotis, 1997a, b, c; Quann and Jaffe, 1992; Ranzi
et al., 1995; Tomlin et al., 1997; Warth et al., 2000; Zarth et al., 2002). These
programs have been successful in modeling some systems, but as discussed
below there are many significant unresolved technical issues which have pre-
vented these programs from having a broad impact on the field. A very im-
portant problem is that most of the model-construction software is not
sufficiently flexible; in particular, it is rather hard to add additional chemistry
and modify the rate parameters as knowledge improves. As a result, the soft-
ware can easily become obsolete. Also, it is very difficult to check or peer-review
large complicated simulations; this combined with the tendency for postdic-
tive modeling makes many researchers skeptical about the usefulness of large
simulations.

For most of the 20th century, the only solid basis for assigning a numerical
value to a rate parameter was experimental data. However, in most experi-
mental systems, the number of parameters determinable from the experimental
rate data is much less than the number of rate parameters needed in the chemi-
cal kinetic model. Benson (1976) and others proposed methods to estimate some
rate parameters, (primarily by analogy) to reactions whose rate constants had
been measured, but there were still a large number of reactions that could not be
estimated at all, and it was hard to know how confidently one could use the
analogy-based estimates. Of necessity, researchers developing large kinetic
models developed rules-of-thumb to estimate reaction rates for the reaction
families of greatest importance in the systems they were simulating, but this was
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necessarily very ad hoc in the absence of any data with which to check the
estimates. In the last decade of the 20th century, computation of reaction rates
(and thermochemistry) using quantum chemistry became feasible, making
it possible to check the accuracy of the analogy-based estimates. With the
quantum chemistry techniques available at that time, this was most feasible for
thermochemistry, and several researchers, notably Melius (Melius and
Allendorf, 2000; Zachariah and Melius, 1998) and Bozzelli (Lay and Bozzelli,
1997a, b; Lay et al., 1997) and their collaborators, used quantum chemical
calculations to significantly improve the quality of thermochemical (and some
rate) estimates used in combustion models. By the end of the 20th century,
similar techniques were being widely used to improve barrier height and
A-factor estimates, usually using transition state theory (Truhlar et al., 1996).
Sumathi and Green (2002) reviewed the state of the art in rate estimation for
large-scale kinetic modeling around the turn of the century.

Finally, there are multiple hurdles that made it difficult to appropriately
compare kinetic model predictions with experimental data in the 20th century,
and which still make it very difficult today. As discussed in Section IV below,
there are some numerical issues which make it hard to determine definitively
whether or not a model is consistent with a data set. If the model is consistent,
one should be able to refine the model parameters using the experimental data,
but this is numerically challenging when one is working with large-scale non-
linear kinetic simulations and large data sets. Response surface methods were
used successfully for this parameter refinement step toward the end of the 20th
century (Aghalayam et al., 2000; Frenklach et al., 1992).

A bigger problem than the numerical issues is the difficulty in coming up with
the data and the error bars needed to make a meaningful comparison between
the model and experiment. Very often one can no longer locate all the original
experimental data in order to make a comprehensive comparison, and even the
data one can find seldom comes with reliable error bars. Also, researchers rarely
compute the error bars in a large chemical kinetic model’s predictions. So,
although thousands of kinetic model vs. data comparisons were published in the
20th century, in most cases these plots are insufficient to determine conclusively
whether the model is really consistent with the data, and it would usually be
difficult-to-impossible to determine the error bars on any of the model para-
meters based on the published comparison.

With this history of difficulties in mind, in the next section we reconsider what
are the real goals of chemical kinetic modeling.
B. THE GOAL OF CHEMICAL KINETIC MODELING

The primary goal of chemical kinetic modeling is to make predictions: given
our current understanding of chemistry, what do we expect to happen in a
particular reacting mixture under specified reaction conditions? If desired, these
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model-construction through consistency testing.
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model predictions can then be quantitatively compared with experimental data,
to determine if the two are consistent, Fig. 1. If the model and the data are
inconsistent, at least one of them must be wrong, and we have identified an
interesting opportunity to learn something new. If the model and the data
are consistent within the error bars on each, then we say the model has been
validated (never proven), and the experimental data can be used to refine the
model parameters.

To the extent that we have confidence in the predictions of chemical kinetic
models, we could then use these models to design new products, processes, and
reactors to plan new experiments, to design model-based control systems and
safety systems, and to inform critical business and public policy decisions.
However, to develop the required level of confidence in the model predictions,
the loop in Fig. 1 must be functioning effectively.

In the present paper we focus on a few of the steps involved in the left side of
the loop shown in Fig. 1:
(1)
 Construction of predictive chemical kinetic models

(2)
 Efficient and accurate numerical solution of chemical kinetic simulations,

and

(3)
 Quantitative tests whether the model and data are consistent.
Each of these three steps is addressed in a separate section below.
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The right-hand half of the loop is, of course, equally important, and many of
the difficult issues involved in moving from experimental kinetics data to
chemical knowledge have been discussed in the literature by others (Feeley
et al., 2004; Feng and Rabitz, 2004; Milford et al., 1992; Shenvi et al., 2002;
Tomlin et al., 1997). The model should be tested for consistency against all
relevant data, but there are significant difficulties assembling all the data in a
form suitable for making this test, an issue being addressed by the PrIMe project
(http://www.primekinetics.org). Combining data from different experiments can
greatly increase the amount of information gained (Feeley et al., 2004). For
some nice recent examples of the practical value of combining different
data from different experiments, observe how the Active Tables approach has
revolutionized determinations of high-accuracy molecular thermochemistry
(Ruscic et al., 2004).
II. Construction of Predictive Chemical Kinetic Models
Constructing an accurate chemical kinetic model is quite a challenging task,
both because ‘‘Chemistry Knowledge’’ is very large and somewhat amorphous,
and because it often requires hundreds of differential equations and thousands
of numerical parameters (rate constants, molecular thermochemistry, etc.) to
accurately describe the details of the processes occurring in a reacting mixture.
Constructing these models by hand is a very time-consuming and error-prone
process, so over the past three decades many research groups have developed
software to automate the process of constructing chemical kinetic simulations
(Blurock, 2004a, b; Broadbelt et al., 1994; Chevalier et al., 1990; Dente et al.,
1979; Kojima, 1994; Matheu, 2003; Prickett and Mavrovouniotis, 1997a, b, c;
Quann and Jaffe, 1992; Tomlin et al., 1997; Warth et al., 2000; Zarth et al.,
2002).

In brief, model-construction software works by applying reaction operators
to a set of molecules, to generate new product molecules. The reaction operators
break and make bonds following some pre-defined motif. Each time a
new chemical reaction is constructed by this process, the corresponding rate
parameters are estimated, drawing on some library of rate estimation para-
meters (e.g. Arrhenius parameters, or Evans–Polanyi parameters). The thermo-
chemistry of each species is also estimated, drawing on another library of
estimation parameters (e.g. Benson group values). Often there are some experi-
mental data which can be used instead of estimates, and these can be drawn
from another library. The reaction operators are then applied to the product
species to generate byproducts and so on iteratively.

Computer memory limitations usually require that one terminate the iterative
process before �106 reactions have been generated. Several criteria have been
used for terminating the model-construction process; this author prefers the

http://www.primekinetics.org
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rate-based species-selection method (Susnow et al., 1997). It should be noted
that different model-construction software will construct different models for
the same physical situation, both because different reactions/species will be
included in the models and also because different estimates are made for the
various rate and thermochemical parameters. Also model-construction software
will often build different models for the same reactant(s) reacting under dif-
ferent conditions, since very different reactions might dominate under different
conditions. Rather than having some gigantic model which includes everything
that could take place, real-world models are quite finite, and so have limited
ranges where they are accurate or valid.

Many of the technical issues involved in computer-aided model-construction
have previously been reviewed by Tomlin et al. (1997). Several researchers, most
notably Bozzelli, have extended Benson’s method for estimating molecular
thermochemistry using quantum chemistry (Lay and Bozzelli, 1997a, b; Lay
et al., 1995). Sumathi and Green (2002) have discussed how quantum chemistry
can supplement experiments in developing rate estimation. Matheu et al. have
shown how to automate the computation of rates of chemically-activated
(pressure-dependent) reactions (Matheu, 2003; Matheu et al., 2003a, b). Here
we focus on a few issues which have not been so thoroughly discussed in the
literature:
(1)
 The challenge of documenting large chemical kinetic simulations

(2)
 A data model for chemical reactions and molecular properties that facil-

itates extensibility.
A. THE CHALLENGE OF DOCUMENTING LARGE SIMULATIONS

Because the ‘‘Chemistry Knowledge’’ input, the procedure for developing the
correct list of differential equations corresponding to this input, and the esti-
mates of the numerical values of the rate and molecular parameters are all
known imperfectly, it is quite important that each aspect be carefully docu-
mented to facilitate scientific progress. Ideally, all the assumptions and simpli-
fications made along the way from ‘‘Chemistry Knowledge’’ through to
quantitative predictions, Fig. 1, should be clearly and precisely documented, so
each can be tested, and each number in both the inputs and the outputs should
be assigned an uncertainty band. (Ideally, the correlations between all these
uncertainties should also be documented, but this has seldom been done so far.)
Clarity about the assumptions and simplifications would facilitate identification
of the root causes why different models give different predictions, and why
predictions differ from experimental results. Clear understanding and docu-
mentation of the origins of these discrepancies will dramatically improve the
efficiency of the world-wide efforts to improve both chemical understanding and
kinetic modeling methodology.
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There is more than just scientific progress at stake. Predictions based on
chemical kinetic models are increasingly used to inform major policy and
business decisions, often with large impacts on society, so it is critical
that the uncertainties and assumptions associated with these predictions
be clearly enunciated and understood. Clarity about our current level of igno-
rance is essential both to avoid misleading decision makers and to facili-
tate future work to test the assumptions and reduce the uncertainties in the
predictions.
B. DATA MODELS FOR CHEMICAL KINETICS

Clarity in expressing information (including information about assumptions
and uncertainties) can be greatly facilitated by using a good ‘‘data model’’. A
‘‘data model’’ is a standard way of expressing information; it includes both the
format and the relationships between various data objects.

Currently, the most popular way to document a chemical kinetic model is to
list the reactions and corresponding rate parameters (typically in a CHEMKIN
format (Kee et al., 1989)), and separately to list the molecular parameters in-
cluding enthalpies and heat capacities (typically in a NASA polynomial format).

This popular data model, Fig. 2, has many positive aspects: it unambiguously
expresses all the information necessary to construct and solve the differential
equations, and it is flexible enough that it can be used for a broad range of
chemical systems.

However, the popular List-of-Reactions data model has several serious
deficiencies. First of all, it is difficult in this data model to adequately document
the origins of all the numerical parameters used in the simulation, and the
associated (usually highly correlated) uncertainties in these parameters. The
format is also not very user-friendly: it is almost impossible for a human to
check that all the numbers and reactions in a large kinetic model expressed in
this format are consistent and reasonable, much less correct. The conventional
List format does not allow for graphical representation of chemical structures,
leading to sometimes serious inconsistencies in naming conventions.

More fundamentally, the current data model does not provide any way to
document why some chemical reactions were included in the simulation, while
others were left out. Typically, a large number of assumptions about which
reactions/species are likely to be important (under the reaction conditions of
interest to the simulation’s author) are made by the person (or computer pro-
gram) who assembles the list of species and reactions, based on his or her (or its)
chemistry knowledge. Because the current data model does not provide any
convenient way to document these assumptions, most of these assumptions are
never documented at all, and this contributes to the impression that this in-
formation is not worth recording. The fact that it is usually very difficult to
uncover complete information about the assumptions behind a reaction list
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the List-of-Reactions are usually poorly documented.
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discourages careful review of the critical steps ‘‘upstream’’ of the CHEMKIN-
format file, Fig. 2.

It is important to realize that the CHEMKIN-format file really represents an
intermediate step in the process of predicting chemical behavior. For large
mechanisms, almost all of the parameter values in this data file are estimates
that come from some simple (but not always documented, or consistently ap-
plied) rate estimation rule. Similarly, almost all of the numbers in the molecular
property files are estimates and theoretical extrapolations. In large models, the
thousands of NASA coefficients in the thermo file are typically derived from a
much smaller set of Benson-type (Benson, 1976) group-additivity values. The
molecular transport parameters are typically estimated even more approxi-
mately by rough analogy. So, although the typical CHEMKIN-type file con-
tains thousands of numbers, the real information content is often much smaller:
the numerical values in the simulation could usually be represented much more
compactly in terms of group values and rate estimation parameters. Reducing
the number of numerical parameters would greatly facilitate the important (but
now rarely performed) task of comparing two competing kinetic models, to
understand why they give different predictions.

Here we propose a fundamentally different data model, Fig. 3, where the
crucial documentation lies upstream of the conventional List-of-Reactions. In
this data model, the estimation rules for the rates and thermochemistry are
the main data, supplemented by a set of numerical parameters for individual
species and reactions (whose accurate values are known from experiments or
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high-quality quantum calculations). This new data model overcomes many of
the objections to the List-of-Reactions data model it replaces. However, for this
data model to be successful, it is necessary that unambiguous procedures, with
clearly documented assumptions and tolerances, exist for converting the Esti-
mation Rules into the corresponding List-of-Reactions, and thence (as is done
currently) to Predictions. It is most convenient if these procedures can be per-
formed automatically, using a computer.
C. AUTOMATED CONSTRUCTION OF LISTS-OF-REACTIONS

The awkwardness of the List-of-Reactions data model became apparent to
many researchers modeling pyrolysis and combustion soon after CHEMKIN
was developed, and since the 1980s many software packages have been deve-
loped to automate the process of constructing the long lists of reactions
required, as reviewed by Tomlin et al. (1997). Many calculations have been
published demonstrating that automated mechanism-construction can be suc-
cessful. However, all of these software packages had significant flaws, many
have been abandoned, and to our knowledge none of this software has yet been
successfully distributed by its author to another research group.

To understand the problem, it is helpful to think about what the inputs are to
these computer programs, i.e. what does one need to know in order to construct
the appropriate List-of-Reactions chemistry model, and so correctly predict the
behavior of a reacting system?
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1. Fundamental Inputs for Chemical Kinetic Model-Construction

When one begins to construct a chemical kinetic model, there are several
different types of required ‘‘input’’ information, Fig. 4. Obviously, one needs
some specification of the initial concentrations of the reactants, and of the
reaction conditions (e.g. T, P, timescale) of interest. Normally one wants to
numerically solve the kinetic model to predict species and/or temperature pro-
files, so the inputs must also include some specification of numerical tolerances
on these outputs, and options for the differential equation solver. The most
complicated ‘‘input’’ information required to construct a kinetic model is the
chemistry: what species, reactions, or reaction types will be considered? How
will all the thermochemical and rate parameters be estimated?

A naı̈ve answer is that one should just assemble the list of all the known
species and all the known elementary-step reactions connecting them in the
literature, and use all the literature values for the rate and thermochemical
parameters. However, except in a very small number of very simple cases
(e.g. H2/O2 combustion) this naı̈ve approach is both inefficient and seriously
inaccurate. First of all, unselectively constructing a kinetic model out of a very
large set of reactions has the extremely undesirable effect of making it difficult
or impossible for a human to understand/check/peer-review the model. Also,
almost invariably, most of the reactions in any large compilation are unimpor-
tant under the specific reaction conditions of interest, so one is doing a lot more
work both in checking and in solving the large model than is necessary. But the
biggest problem is that in most branches of chemistry, only a very small fraction
FIG. 4. The inputs needed to construct a chemical kinetic simulation. The Chemistry Knowledge

underlying the model is embedded in the functional group database. This is the most important

input to any large kinetic model, but also the most challenging to obtain and to document.
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of the important elementary-step reactions have ever been studied at all. So
models constructed by just assembling a list of previously studied reactions from
the literature are almost always missing important reaction steps, and therefore
give seriously erroneous predictions.
2. Estimations and Generalizations

One might ask: how can one make sensible predictions when no data on one
or more of the important reaction steps can be found in the literature? The
answer is that chemists have abstracted a tremendous number of generalizations
from the limited number of experimental (and, recently, theoretical) studies that
have been performed on particular reactions. So when it is said that a particular
reaction is ‘‘well-understood’’, it is not meant that someone has actually meas-
ured that reaction’s rate to high precision under every possible reaction con-
dition; instead, it means that enough measurements and/or calculations have
been done on that reaction or perhaps on some similar reaction so that one can
reasonably generalize and confidently estimate any particular parameter that
is needed. Using generalizations has a tremendous advantage compared to
attempting to list every possible individual reaction: one generalization can be
used to estimate the parameters of hundreds or thousands of individual reac-
tions. In fact, most of the rate parameters in the existing large kinetic models are
actually estimates from generalizations, not from individual reaction experi-
ments or quantum calculations.

Most automated model-construction software uses only the conventional
List-of-Reactions data model. Since there is no established data model for gen-
eralized rate estimates, nor for documenting the rules that determine which
species and reactions are considered important, this information is typically not
treated as ‘‘data’’ at all—instead, much of it is hard-coded into the software.

In our view, the main problem with existing software is that it is poorly
designed to deal with the true complexity of the real chemistry and the cor-
responding level of detail needed to represent it accurately, nor was it designed
to be easily modified to incorporate new or improved chemistry knowledge.
Because the chemistry has many details, and is imperfectly known, it is impera-
tive that the software be easily extensible, so that additional chemical detail can
be added as desired (preferably by the wide community of chemists). In this
way, the model predictions can be continuously improved, each time incorpo-
rating the latest Chemistry Knowledge. If a modeling package is not extensible
in this way, it will soon become obsolete.
D. A NEW DATA MODEL FOR CHEMICAL REACTIONS AND PROPERTIES

Here we propose replacing the conventional List-of-Reactions data model
with a data model that accurately represents the chemistry knowledge that goes
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into constructing a large simulation: a relatively small number of data on in-
dividual reactions which have been extensively studied in the literature plus a
relatively small number of generalized rate and thermo estimation procedures.
These inputs are used to estimate most of the thousands of parameters in the
kinetic differential equations. Despite early work along these lines by Blurock
(1995), this approach of treating the reaction-construction procedures
themselves as input data rather than as part of the software has not yet caught
on with the kinetics community. However, very recently several papers
have presented kinetics software based on this data model (Blurock, 2004a, b;
Ratkiewicz and Truong, 2006). It appears that the reaction mechanism gener-
ator (RMG) program described below will be the first software package en-
abling use of the new data model to become widely disseminated throughout the
kinetics community.

We have developed a convenient data format for storing the rate and
thermochemistry estimation parameters, as well as a graphical user interface
(GUI), which makes it much easier to improve the rate estimates, to add
additional reaction types, and to handle complicated functional groups. As we
have shown elsewhere (Song, 2004), one can devise transparent unambiguous
procedures, with clearly documented assumptions, for converting these estima-
tion rules into lists of reactions, and thence into differential equations and
quantitative predictions as is done currently. The new database format, GUI, and
algorithm for constructing the List-of-Reactions from our new tree-structured
rate estimation database allows us to achieve the design shown in Fig. 2.
1. Hierarchical Tree Structure for Functional Group Parameters

The information needed to compute both the molecular thermochemistry
and also the elementary-step rate parameters can typically be associated with
functional groups. To use these estimation approaches during mechanism-
construction, we need a reliable, efficient, and unambiguous method for rapidly
identifying which functional group values should be used for any given mol-
ecule. To maximize scientific progress, we must display the functional groups
and the numerical values we associate with each group in such a way that can be
easily used, understood, scrutinized, criticized, amended, and extended by other
researchers.

We have accomplished these goals by storing all the functional group defi-
nitions in a hierarchical tree database developed by R. Sumathi (Song, 2004). As
chemistry knowledge improves, the functional groups can be specified more
precisely, allowing distinctions between related functional groups.

For example, at the roughest level of approximation, all carbonyl carbons can
be treated as identical: they all have similar thermochemistry and all can under-
go certain types of reactions (e.g. they all can be formed by beta-scission re-
actions of the corresponding alkoxy radicals). However, if one looks at the
situation more carefully, the carbonyl groups in ketones, ketenes, aldehydes,



FIG. 5. Portion of a hierarchical functional group tree for classifying carbonyls. The slashed O

means any atom except oxygen.
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carboxylic acids, peroxyacids, and esters are all significantly different, Fig. 5.
Still finer levels of distinction than are shown in Fig. 5 would certainly be
justified chemically, e.g. unsaturated ketones certainly have different thermal
properties than dialkyl ketones.

The functional group tree databases are read both by RMG and by a GUI
developed by J. Robotham, Fig. 6. The RMG program performs substructure
searches on each molecule in the model, to identify the most specific (i.e. most
extended) functional group in the tree database that matches each portion of the
molecule. The thermochemistry of each molecule and radical is estimated using
Benson-type (Benson, 1976) group-additivity (one group value per non-terminal
atom), but the functional group hierarchical tree allows one to define much



FIG. 6. The graphical user interface (GUI) for displaying and modifying the functional group

trees used to estimate thermochemistry.
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more specific, complicated, and extended functional groups than are typically
used, for example the extended groups for computing the thermochemistry of
polycyclic aromatic hydrocarbons (Yu et al., 2004). In each functional group the
‘‘central atom’’ of the group must be indicated; this is the non-terminal atom
whose group thermochemistry is being estimated. In Fig. 5, the central atom is
always the C double bonded to the oxygen.

At present, the functional group trees are certainly incomplete. For example,
at present we only have reasonably comprehensive information on functional
groups made of C, H, and O atoms. There is a limited amount of thermo-
chemical (and detailed rate) information available in the literature on functional
groups involving halogens, N, P, and S, but this is not yet reflected in the
functional group trees. Very little generalized information is available for func-
tional groups involving other elements. For certain classes of compounds, such
as fused-ring compounds, there is some question about the correct method for
generalizing from the limited available information to estimate the thermo-
chemistry of never-studied species. It will be many decades before the functional
group trees will be at all complete. Hence, it is essential to design a functional
group tree structure which can easily incorporate new chemistry information.
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Users can conveniently view and modify the thermochemical group values, or
add new functional groups, using the GUI, Fig. 6. Most commonly, an expert
will subdivide an existing functional group into several more detailed functional
groups, each with distinct thermochemical parameters. The tree structure is
intuitively obvious to chemists, since it groups similar chemical entities together.
The tree structure of the database also facilitates efficient search for the best-
matching functional group in each molecule encountered while the computer is
building the reaction mechanism.

Following Bozzelli and Ritter (Lay et al., 1995; Ritter and Bozzelli, 1991), the
thermochemistry of free radicals is estimated by adding Hydrogen Bond Incre-
ments (HBI) to the energy of the corresponding stable molecule where an H has
capped the radical site. The HBI groups are also stored in a functional group tree.

It should be noted that there are some types of molecules where it is not clear
if the functional group tree approach is viable. For example, some transition
metal complexes have fluxional structures, so there can be some debate about
which atoms are bonded to each other. In biochemistry, non-bonded inter-
actions often have very large cumulative effects on the thermochemistry. For
multi-ring compounds and molecules with chiral centers, there are often several
distinct three-dimensional structures corresponding to the same connectivity
diagram, and these might each have discernibly different thermochemistry.
However, the functional group approach has been found to be quite effective
for a very large fraction of all molecules studied to date.

So far, we have compiled and tree-classified more than 700 functional groups
with estimates of their thermochemical group values. However, only about 110
of these group values have been carefully derived; the rest are mostly estimates
based on analogy. More technical details on the tree classification of functional
groups and the thermochemistry estimation procedure used in the RMG soft-
ware package are given at http://web.mit.edu/greengp/RMG and elsewhere
(Song, 2004).
2. Functional Group Trees for Reaction Rate Estimation

a. Functional group tree rate estimation: How it works. As with thermochem-
istry, functional groups can be used to classify chemical reactions in a way that
is easily extensible and easy for a human to understand. The functional group
concept also corresponds well to physical reality: at a microscopic level, the
barrier height for a chemical reaction is controlled primarily by the local struc-
ture close to the bonds that are being made and broken. For many reactions, the
Arrhenius A-factor is also strongly affected by the nearby functional groups.

However, this is considerably more complicated than for thermochemistry,
because most chemical reactions involve two functional groups, not just one,
and some types of reactions have a rather complex dependence on the exten-
ded molecular structure. When representing functional groups for chemical re-
actions, one usually needs to specify several special atoms rather than just one

http://web.mit.edu/greengp/RMG
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central atom: one must specify all the atoms whose bonding is changing in the
course of the reaction.

For each type of reaction, we have first specified the ‘‘Reaction Recipe’’,
which specifies which bonds are made and broken and which gives the num-
bering for the special ‘‘central’’ atoms. Then we have constructed functional
group trees for each of the functional groups involved, typically two functional
groups for a bimolecular reaction, one on each reactant.

In order to find the correct rate estimation parameters for a bimolecular
reaction, one must first find the best-match functional group A in one reactant,
using a substructure search algorithm very similar to that used to find thermo-
chemical group values. Then one must find the best-match functional group B in
the second reactant in a similar way. Then one can look up the rate estimation
parameters for this reaction type using A and B as the keys.

As a simple example, consider the addition of ethyl radical to the O end of the
carbonyl group in allyl acetate (CH3C(O)OCH2CHCH2). The Reaction Recipe
for radical-addition-to-double-bond is shown in Fig. 7.

This reaction will occur whenever one reactant has a radical center, and the
other reactant has a double bond. In the example, the first reactant, ethyl
radical, has a radical site, designated as atom 1 in the Reaction Recipe. The
second reactant, allyl acetate, has two double bonds. The program would first
select one of the double bonds, and then select one end of the double bond to be
atom 2 in the Reaction Recipe, Fig. 7. (After completing this reaction, the
computer will successively try all the other permutations.) Suppose the program
selected the CQO double bond, and selected the O atom to be atom number 2.
The carbonyl carbon would be designated atom number 3. Immediately, the
computer would perform the reaction operation as shown in Fig. 7, generating a
new product molecule, Reaction (1).

CH3CH2 þ CH3CðOÞOCH2CHCH2 ! CH3CðOEtÞOCH2CHCH2 (1)

If this product molecule did not yet exist in the reaction mechanism, the
computer would immediately classify all of its functional groups using the
thermochemical group value tree described above, to compute its thermo-
chemistry. (The product thermochemistry will certainly be needed to compute
the heat of reaction and the reverse reaction rate, and it might be needed to
compute the forward reaction rate also.)

Now the computer must identify the best rate estimation parameters for the
forward reaction. First the radical site in the first reactant, ethyl radical, will be
classified as ‘‘primary alkyl’’ using the functional group tree shown in Fig. 8.
FIG. 7. Reaction Recipe for radical addition to a double bond.



FIG. 8. Portion of one of the functional group trees for addition reactions: classification of site 1

(the radical center) in the Reaction Recipe shown in Fig. 7.
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Then, from the tree in Fig. 9 the O-ended double bond in allyl acetate would
be classified as an ‘‘ester O’’. Note the numbers 2 and 3 in this functional group
tree. These numbers indicate which O and C atoms in the functional group
participate directly in the reaction. (Of course the neighboring O and C atoms
affect the rate to some extent, even though they do not change their valence
bonding in this reaction.)



FIG. 9. Portion of the one of the functional group trees for addition reactions: classification of the

2–3 double bond in the Reaction Recipe shown in Fig. 7.
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The computer would then look in the rate estimation library for Radical
Addition reactions to find the rate parameters that correspond to ‘‘primary
alkyl+ester O’’. There it would find a set of numerical parameters Eo, a, A, n
with estimated uncertainties; one could then calculate the forward rate coefficient
for the reaction of interest using this Evans–Polanyi modified Arrhenius form:

kforward ¼ ATnexp
�ðEo þ aDHreactionÞ

RT

� �
(1)
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As discussed below, the kforward computed this way is only accurate in the
high-pressure-limit. The reverse rate would be computed from kforward using the
thermochemistry, for example if all the species are ideal gases:

kreverse ¼ kforward
RT

1atm

� �Dmoles

exp
DGreaction

RT

� �
(2)

where (Dmoles) ¼ change in number of moles in the reaction. Note that both the
forward and reverse rates depend exponentially on the enthalpy of the reaction,
so it is critical that the thermochemistry be computed accurately.

The functional group tree classification of reaction rate parameters is con-
ceptually related to an extension of the thermochemical group-additivity to
transition states. In conventional transition state theory, for ideal gases and
neglecting tunneling and recrossings, the reaction rate coefficient is given by:

kforward ¼
RT

1atm

� �Nreactants�1
kBT

h

� �
exp

Greactants � GTS

RT

� �
(3)

In automated model-construction programs, Greactants is normally estimated
using group-additivity (as discussed above), i.e. Greactants(T) ¼ SGgroup,n where
the program looks up the value of Ggroup(T) for each of the thermochemical
groups in the molecule. It is possible to estimate GTS in a similar way (Sumathi
& Green, 2002), if one first divides the transition state structure (i.e. the
geometry at the saddle point) into a ‘‘reacting’’ functional group which includes
all the bonds that are being made and broken, and ‘‘inert’’ functional groups:

GTSðTÞ ¼ GreactiveðTÞ þ SGgroup;n (4)

For the inert functional groups one can look up the same group values
Ggroup(T) as for any ordinary molecule; in Eq. (3) these will identically cancel
the corresponding terms in Greactants(T). The values for the reacting functional
groups are of course very different, but these group values can be computed
using quantum chemistry and then stored in the functional group trees for
reactions instead of the more conventional A, Ea, etc. In principle, it would be
more accurate to store Greactive(T) rather than forcing all rates to conform to the
modified Arrhenius form. However, with our current very imperfect knowledge
of transition states and uncertainties in measured rates there aren’t yet many
cases where we can discriminate between the rate models in Eq. (1) and in
Eqs. (3) and (4).

b. Difficulties with functional group rate estimates

1. Paucity of reliable data. A serious practical issue is that we do not yet
have enough information to make accurate rate estimates for every possible
combination of functional groups A+B. As noted above, we have identified
about 700 individual functional groups for estimating thermochemistry of
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molecules CxHyOz. We have identified about 30 distinct reaction types (with
different reaction recipes) that are important in gas-phase thermal chemistry of
C/H/O compounds; most of these involve more than one functional group. We
would need O(105) distinct sets of rate estimation parameters if we were to
consider rate estimation at the same level of chemistry detail as we did thermo-
chemistry (and surely if the thermochemistry varies with a change in the func-
tional group, the reaction rate will be affected as well). But we have very few
reliable data suitable for making these rate estimates. At present we are only
able to use truncated functional group trees (or equivalently, use the same rate
parameters for several similar functional groups) since we do not have estimates
of the effects of subtler variations in the functional groups. Fortunately, the
extensible tree structure makes it feasible to enlist the larger chemistry com-
munity in the task of converting ‘‘Chemistry Knowledge’’ into a more com-
prehensive listing of specific functional group-based rate estimation parameters
that can be used in quantitative kinetic models.

One of the reasons for the paucity of data is that for many reaction families it
is hard-to-impossible to set up an experiment that probes only the process we
want to measure. For example, in the gas phase, it might be difficult to observe
the reaction used as an example in Section II.D.2.a above, Reaction (1), for
a couple of reasons. First, there are several competing reaction pathways
(e.g. H-abstraction, addition to the CQC double bond instead of the CQO
double bond) leading to different products. Second, as discussed further below,
the product shown above may be so unstable that it cannot be detected, even if
the reaction is actually running at a fast rate. Often researchers will report the
rate for the sum of all the reactions, Reaction (2),

CH3CH2 þ CH3CðOÞOCH2CHCH2 ! Allproducts (2)

but it is difficult to use this information to derive rate estimation parameters for
Reaction (1). To some extent this difficulty can be alleviated by quantum
chemistry calculations, but if no experimental data are available to check
quantum chemistry calculations on a new type of reaction, there is always some
doubt about their reliability.

2. Chemical activation and fall-off. Gas-phase reactions that form an ener-
gized product cause particular difficulty in kinetic model-construction. For
example, in Reaction (1) the unstable product will be formed with excess energy
(due to the exothermicity of the bond-forming addition reaction), that it will
rapidly dissociate to ethyl acetate+allyl radical, Reaction (3).

CH3CðOEtÞOCH2CHCH2 ! CH3CðOÞOCH2CH3 þ CH2CHCH2 (3)

At the low pressures used in many laboratory kinetics experiments, the rate of
formation of allyl radicals by this two-step pathway will be much higher than
one would compute if one assumed that the energized intermediate CH3C
(OEt)OCH2CHCH2 was in thermal equilibrium with the bath gas; the rate for
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the apparently direct fast Reaction (4)

CH3CH2 þ CH3CðOÞOCH2CHCH2 ! CH3CðOÞOCH2CH3 þ CH2CHCH2

(4)

will strongly depend on the bath gas temperature, pressure, and composition.
This effect, where a reaction appears to go directly through several elementary
steps in a single step, is called ‘‘chemical activation’’. (If the energized product
does not fragment to form new species, but has a significant probability of
falling apart back to the reactants before being thermalized, the effect is called
‘‘fall-off’’.)

Chemical activation causes many problems. First of all, rates are now a
function of P (as well as T), adding another dimension to the rate estimation
functions. Also, chemically-activated rates depend on properties of the complete
adduct molecule, not just some of its functional groups. And, in order to com-
pute the chemically-activated rates, one must enumerate all the important
product channels, i.e. identify a large number (Matheu et al., 2003a, b) of
different reactions and products, which could be of completely different types.
As a result, each chemically-activated reaction has unique rate parameters, not
amenable to easy generalization. It would not be practical to compute or to
store the rate parameters for every conceivable chemically-activated reaction.

Our solution to these challenges is to have the computer compute the rate
parameters for the chemically-activated reactions on-the-fly as needed during
the model-construction process, using the algorithm of Matheu et al. (2003a).
The density of states is estimated from the heat capacity using the three-
frequency method devised by Bozzelli (Bozzelli et al., 1997) complemented by
the Stein–Rabinovitch method for convolving rotors with vibrations (Stein and
Rabinovitch, 1974, 1973). The micro-canonical rates k(E) are estimated using
the inverse Laplace transform method (Forst, 1973) or (often equivalently)
Quantum Rice-Rampsberger-Kassel (QRRK) (Dean, 1985). The master equa-
tions are solved approximately using the modified strong collision approxima-
tion as implemented in CHEMDIS (Chang et al., 2000). For more details, see
discussions by Matheu (2003).

In the database we only need to store high-pressure-limit (i.e. thermally-
equilibrated intermediates) rate estimation parameters for elementary-step
reactions; from this information, the molecular structure, and the thermo-
chemical parameters (Section II.D.1) one can compute the pressure-dependent
reaction rates. The elementary-step high-pressure-limit rate estimation para-
meters depend primarily on the local functional group structure, and so are very
well-suited to functional group tree classification.

3. Intramolecular reactions. Intramolecular reactions, such as intramole-
cular addition reactions and intramolecular H-abstraction reactions, introduce
serious complications. In these reactions, the reacting functional groups A and
B are both contained in the same molecule, tied together by a third functional



FIG. 10. A molecule undergoing an intramolecular addition (cyclization) reaction, indicating the

definitions of functional groups A, B, and C.
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group C, Fig. 10. In order to estimate the reaction rate, one must specify all
three functional groups, each of which can be comparable in complexity to the
functional groups used to describe thermochemical groups and bimolecular
reactions. So one can imagine a very large number of distinct types of intra-
molecular reactions with unique rate constants specified by the functional
groups involved (A, B, and C).

For the reaction illustrated in Fig. 10, groups A and B could be classified
using the trees shown in Figs. 8 and 9, but the tether group C requires a new
functional group tree, Fig. 11. In Fig. 11, the tether group is classified solely
based on the bonding arrangement inside the ring; in the future this tree should
be extended further to differentiate according to which atoms are at each node
in the tether, and to account for substituent effects.

Unfortunately, only a very small fraction of the many conceivable distinct
intramolecular reactions have been studied in the literature, due in part to
technical problems. Experimentally, it is often difficult to prepare a run on high
concentrations of thermalized molecules with a high-reactivity functional group
A close to another functional group B that reacts with A. It is therefore very
difficult to measure the (often rather high) rate at which this reaction occurs. To
make the reaction slow enough to measure, one can run it in the endothermic
direction—but then one needs a very efficient way to trap the product before it
converts exothermically back to the reactants.

Also, in gas-phase experiments, many of these reactions are pressure-
dependent, and special care must be taken in extrapolating the experimental
measurements to the high-pressure-limit. Quantum chemical calculations are
also rather difficult for most reactions of this type, since molecules that contain
three distinct functional groups A, B, and C necessarily include a rather large
number of heavy atoms. For this reason, so far relatively few high-level cal-
culations have been performed on these sorts of reactions.

At present, these types of reactions are represented using three different ex-
tensible functional group trees, one for each of the groups involved. In principle,



FIG. 11. A portion of a functional group tree for classifying tether functional groups, e.g. group C

in Fig. 10.
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this requires a much larger table of rate estimation parameters (keyed from A,
B, and C). However, due to lack of information, we and many others working
on these reactions often make untested separability assumptions, e.g. assuming
that the high-pressure-limit rate parameters for an intramolecular reaction
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involving groups (A, B, and C) can be computed using Eq. (5):

k ¼ kbimolecularðAþ BÞ �DCexp
�EC

RT

� �
(5)

where kbimolecular(A+B) is the rate we estimate for the bimolecular reaction
A+B (i.e. if the tether C was cut somewhere in the middle), EC is the estimated
ring-strain involved in bringing reactive sites close to each other when they are
connected by a tether C, and DC is an estimate of the ratio between a bimo-
lecular Arrhenius A factor and the corresponding intramolecular Arrhenius
A factor; this depends significantly on the structure of the tether C (due to
variations in the number loss of rotors in the transition state). By making the
separability assumption in Eq. (5), one only needs to add a simple table that
returns DC and EC given as a key a single tether group C. To move beyond this
separability approximation and account for interactions between functional
groups A, B, and C, one would need to extend to a much larger three-key table.
E. THE REACTION MECHANISM GENERATOR (RMG)

The new data model for chemical kinetics will work best if there is a repro-
ducible, deterministic, automated procedure for going from the fundamental
inputs (a library of the small number of known rate constants, and the hier-
archical tree of rate estimation parameters for all the other reactions) to the
desired outputs (e.g. predicted yield/selectivity profiles). Ideally, the software
that performs this automated procedure will not need to be altered if someone
changes an initial condition, a rate estimate, or even the structure of the
hierarchical tree—reducing the need to touch the source code of the software
dramatically reduces both the programming burden on the kineticist and the
likelihood of introducing a bug into the software. This design also has the
practical advantage that exactly the same software could be used by many
kineticists for many different problems, making it much easier to reproduce
work by another, while also reducing the difficulty of maintaining the software.

We have developed a software package, RMG, for exactly this purpose. The
software is designed to take the hierarchical database trees as its main input,
and to return a kinetic model as its main output. This kinetic model can be in
the conventional List-of-Reactions format suitable for use in CHEMKIN or
other integrators, or, if desired, the RMG program package can perform the
integration itself and return product yield/selectivity profiles.

RMG, which was implemented by Jing Song (2004), uses a version of the
rate-based model-construction algorithm described by Susnow et al. (1997), but
it treats non-thermalized chemically-activated reaction paths on an equal basis
with ordinary thermal reactions, as done by Matheu et al. (Matheu, 2003;
Matheu et al., 2003a, b). Byproducts and activated reaction intermediates are
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considered important species if their estimated instantaneous formation rates
ever exceed eJo(t)J, where Jo(t)J is the norm of the major species flux array
(Song et al., 2002) and e is the error tolerance. The concentrations needed to
compute the rates of change o(t) are estimated using the best mechanism avail-
able so far. The concentration estimates can be substantially in error early in the
process when the mechanism may be missing important reactions. However, this
procedure has been demonstrated to settle down and become quite stable and
robust after a modest number of iterations even for rather complex systems
(Matheu et al., 2003a). At convergence, all of the neglected byproducts are
formed at rates at least a factor of e lower than the rates of the important
reactions in the system.

Unlike most model-generation software described in the literature, RMG
correctly handles pressure and temperature variations; it does this by using
k(T,P) computed for the chemically-activated reactions at discrete (T,P) to de-
termine coefficients in a Chebyshev form (Venkatesh et al., 1997) suitable for
use in the differential equation solver.

At the heart of the RMG algorithm is the process of identifying all the
possible reactions of some species of interest with itself and all the species
included in the model so far, and estimating each reaction’s rate. Unlike most
previous mechanism generators, the RMG software handles this procedure in a
very general way: all the specifics about functional groups and reaction types, as
well as all the associated parameters, are external to the program, contained in
the tree databases. This has the huge advantage that nothing inside the RMG
program has to change when the chemistry information is updated: chemists
only need to modify the tree databases using the GUI, they do not need to do
any programming or re-compiling.
F. APPLICATIONS OF RMG

So far, RMG has been applied to several problems: the pyrolysis (steam-
cracking) of n-hexane (Van Geem et al., 2006), the laser-initiated oxidation of
neo-pentane (Petway, 2005), the supercritical water oxidation of methane
[http://web.mit.edu/cfgold/www/RMG/testcases.html], and the pyrolysis and
oxidation of butane (Song et al.). In each case, the software constructed models
involving O(100) species, and the model predictions were about as accurate as
one would expect given the factor of 2–3 uncertainties in the rate parameters
and equilibrium constants arising from the estimation techniques used to gen-
erate the model parameters.

As a simple example, consider the predicted yield vs. conversion data for
butane oxidation at 715K, Figs. 12 and 13, plotted on top of experimental data
points measured by Cernansky’s group at Drexel (Wilk et al., 1995). As is
typical, most of the discrepancies between the model predictions and the
experimental data can be safely attributed to the uncertainties in the rate

http://web.mit.edu/cfgold/www/RMG/testcases.html


FIG. 12. Model predictions vs. experimental measurements of Wilk et al. (1995) from butane

oxidation at 715K. The predicted yields are generally within a factor of two of the experimental

data, reflecting roughly factor of two uncertainties in rate constant estimates. As is typical, the

discrepancies are largest at high conversions, both because the errors in the parameters cumulate,

and because the model may be missing some reactions of the minor byproducts (Please see Color

Plate Section in the back of this book).
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constant estimates (and related uncertainties in the thermochemistry). However,
the discrepancy between the predicted and observed CO2 yields at very small
conversion is likely due to the fact that the model does not accurately reproduce
the true initial conditions (the model assumes instantaneous perfect mixing and
a perfectly isothermal reactor).

Many detailed chemical kinetic models show discrepancies at high conver-
sions similar to what is seen in Fig. 12, in large part due to the time-integrated
effects of even relatively small errors in the estimated rate parameters, and in
some cases also due to the omission of side reactions, which become important
as products build up.

Several other mechanism-generation computer programs have been deve-
loped which have shown comparable ability to generate predictions in good
accord with experimental data; for a couple of impressive recent examples
see Matheu’s models of methane (Matheu et al., 2003a) and ethane/ethene
pyrolysis (Matheu and Grenda, 2005a, b) and the Nancy group’s models for
oxidation of fuels in the gasoline range (Buda et al., 2006; Glaude et al., 2002).
The case of methane pyrolysis is particularly interesting as an example where the
mechanism-generation program immediately identified critical reaction steps
that the human experts had overlooked for more than 20 years (Matheu et al.,
2003a).



FIG. 13. Model predictions vs. experimental measurements of Wilk et al. (1995) for ethene,

propene, and CO2, same conditions as Fig. 12. The large discrepancy in the CO2 predictions at

the lowest conversions suggests that the model does not accurately represent the true boundary

conditions at the inlet (Please see Color Plate Section in the back of this book).
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The new RMG software combines high-accuracy chemistry estimation
methods (including methods for automatically identifying chemically-activated
reaction paths) with the extensible 21st century functional group tree data
model described above, so it is now much easier for users to add, modify, and
document the chemical assumptions that underlie the models than it was using
the previous generation of model-construction software, and the software does
not need to be modified or recompiled when new chemistry is added.

The RMG software, the rate and thermo estimation databases, and the GUI
for reading and modifying the functional group tree databases are all available
as open-source software at http://web.mit.edu/greengp/. It is hoped that experts
in all branches of chemical kinetics will contribute to improving and extending
the rate and molecular property estimates used by RMG.
III. Efficiently and Accurately Solving Large Kinetic Simulations
The methods described in Section II carry out the first step in Fig. 1, con-
structing a detailed chemical kinetic model from our current understanding of
chemistry. However, this step is only useful if we can numerically solve the
chemical kinetic simulation to obtain quantitative predictions. In many cases,
solving the model is even more challenging than constructing it.

http://web.mit.edu/greengp/
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Most real reacting systems are accurately described by a large system of
partial differential equations in (x, y, z, t); most commonly the spatial
coordinates are discretized so that one is actually solving equations like this at
each mesh point:

dYp

dt
¼ Yp

½Y � þ opðYpÞ (6)

where Y is the long array of state variables, Y are algebraic equations repre-
senting the transport between mesh point ‘‘p’’ and nearby mesh points, and op

the algebraic equations representing the rate of change of the state variables
occurring at mesh point p due to chemical reactions, i.e. the chemical source
terms. The differential equations Eq. (6) are usually supplemented by some
algebraic equations (e.g. boundary conditions, equations of state). While a few
of the state variables Y represent fluid dynamic variables such as momenta, for
even relatively simple reacting chemical systems the great majority of the state
variables are chemical species concentrations or mass fractions, and in most
systems of interest to reaction engineers the (usually very stiff) chemistry terms
consume most of the CPU time (Schwer et al., 2002).

Detailed chemical kinetic models are usually very stiff in time due to the large
separation of timescales between reactive intermediates and the more stable
major species. This is a serious problem for explicit methods and stochastic
methods, but stiff ordinary differential equation (ODE) systems describing up
to O(104) variables can be handled routinely using modern implicit solvers like
DASPK (Bernan et al., 1989) and VODE (Brown et al., 1989). However, spa-
tially inhomogeneous reacting systems often lead to stiff systems with many
more state variables, which cannot be efficiently solved with available off-
the-shelf black-box software. Two-dimensional and three-dimensional simula-
tions with large (>100 species) chemical kinetic models are almost impossible to
solve with existing software. This is unfortunate, since mechanism-generation
programs such as RMG described in Section II above regularly produce models
containing more than 100 chemical species.

There are many ways one can try to reduce the computational burden. Ide-
ally, one would find numerical methods which are guaranteed to retain accuracy
while speeding the calculations, and it would be best if the procedure were
completely automatic: i.e. it did not rely on the user to provide any special
information to the numerical routine. Unfortunately, often one is driven to
make physical approximations in order to make it feasible to reach a solution.
Common approximations of this type are the quasi-steady-state approximation
(QSSA), the use of reduced chemical kinetic models, and interpolation between
tabulated solutions of the differential equations (Chen, 1988; Peters and Rogg,
1993; Pope, 1997; Tonse et al., 1999). All of these methods were used effectively
in the 20th century for particular cases, but all of these approximated-chemistry
methods share a serious problem: it is hard to know how much error is
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introduced by making these approximations (unless one is able to solve the
simulation using the full chemistry model—in which case there may have been
no need to make the approximation). Because there is no bound on the error
introduced by reducing the chemistry this way, usually no one really knows how
much accuracy one is sacrificing in order to make the calculation feasible.

Below we present 21st century numerical solution methods suitable for large
chemical kinetic simulations. We present both a method that does not introduce
any approximations, and an automated model-reduction method that allows
rigorous error control in steady-state simulations.
A. FAST SOLUTION OF LARGE SYSTEMS OF CHEMISTRY EQUATIONS USING SPARSITY

Before making approximations to speed up a calculation or reduce its mem-
ory requirements, it is worthwhile to consider if there are CPU time or RAM
reducing alternatives that do not introduce any error. For large chemical kinetic
simulations, one is typically solving rather large systems of differential-algebraic
equations (DAEs), where the differential equation system is extremely stiff. The
most popular solvers for these types of problems are DASSL (Petzold, 1982),
DASAC (Caracotsios and Stewart, 1995), and DASSL’s successor DASPK
(Bernan et al., 1989). By time-profiling these types of solvers, one discovers that
most of the CPU time is consumed constructing the Jacobians needed to solve
stiff systems of chemistry equations.

The structure of these Jacobians depends on which variables one uses when
setting up the equations; for most obvious choices the chemistry Jacobians are
dense (i.e. more non-zero elements than zeroes in the Jacobian matrix). One can
always rewrite the equations, however, to give unstructured sparse Jacobians
(i.e. most of the elements in the matrix are identically zero) (Schwer et al., 2002).
With standard Jacobian-construction and solvers, it makes little difference
whether the Jacobian is dense or sparse. But if one uses software that takes
advantage of the sparsity, one can reduce both the memory requirements and
the CPU time required by a significant factor just by omitting all the entries
known to be zero. Determining which Jacobian entries are always zero requires
a lot of book-keeping in a large chemical kinetic system, but this book-keeping
can be done automatically using programs like DAEPACK, which analyze
FORTRAN programs symbolically (Schwer et al., 2002; Tolsma and Barton,
2000). Taking advantage of sparsity in homogeneous charge compression igni-
tion (HCCI) engine simulations with very large chemistry models can speed
up the calculations by a factor of 60, and reduce the memory requirements
enough that rather large calculations can be run on ordinary laptop computers
(Yelvington et al., 2004).

It is not hard to change the variables to make the Jacobian sparse, and it is
simple to run a simulation using DAEPACK rather than DASPK or VODE, to
see whether the sparsity-aware software is less demanding of computer
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resources than the conventional solvers. In our experience, if the chemistry
model involves more than �100 species, it is usually better to use the sparse
solver approach. For more details on how to use DAEPACK to analyze a
FORTRAN simulation and to handle the sparsity, see Schwer (Schwer et al.,
2002) and http://yoric.mit.edu/
B. USING REDUCED CHEMISTRY MODELS IN MULTIDIMENSIONAL SIMULATIONS

WITHOUT INTRODUCING ERROR

The CPU time required to solve large chemical kinetic simulations scales
approximately linearly with the number of chemical reactions and with the
number of finite volumes in the mesh, and approximately quadratically with the
number of chemical species. (The LU decomposition of the Jacobian performed
in most stiff solvers, which scales as N3, has a much smaller prefactor than the
N2 terms and usually takes negligible time compared to other steps in chemical
kinetic simulations (Schwer et al., 2002).) So for large chemical kinetic models
(102�103 species, 103�104 reactions) there is a significant potential to speed up
the calculation by replacing the large chemistry model with a smaller model
(fewer reactions, maybe also fewer species). This is particularly important in
multidimensional reacting-flow simulations, where it is not unusual for calcu-
lations to take weeks to converge even on very powerful computers. As men-
tioned above, there are many ways to approximate the chemistry: the challenge
is how to avoid losing accuracy when making these approximations.

It is relatively straightforward to bound the error in the transport and chem-
istry terms on the right-hand side of Eq. (6) caused by certain types of approxi-
mations to the Y and o operators, since Y and o are relatively simple algebraic
operators. Methods for bounding/controlling the errors associated with the size
of the mesh in the transport operator Y are very well-understood, and form the
basis of adaptive meshing technology (Berger and Oliger, 1984; MacNeice et al.,
2000). Methods for bounding the error in o made by using a reduced chemistry
model are discussed below in Section III.C. For the moment, let us suppose we
have constructed an approximation oapprox(Y) to the true o(Y), and that we can
set bounds on the deviation between these two chemistry source terms.

We would like to solve the approximate model, Eq. (7) rather than the full
model, Eq. (6) above, but we need to have some control over the error intro-
duced by this approximation.

dYp
approx

dt
¼ Yp

ðY approxÞ þ op
approxðY

p
approxÞ (7)

The difficulty is that Y(t) and Yapprox(t) can follow rather different trajec-
tories; while we can bound the error joapproxðY Þ � oðY Þj at a single point Y, it is
not so easy to bound the error joapproxðY approxðtÞÞ � oðY ðtÞÞj along the whole

http://yoric.mit.edu/
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trajectory. (Despite the difficulty, very recently Singer and Barton have deve-
loped a rigorous method to bound jY ðtÞ � Y approxðtÞj. So far this approach has
only been applied to problems with only relatively small number of state vari-
ables; making it viable for large-scale chemical kinetic simulation is a challenge
for the future.)

For cases where explicit integration methods are viable, one could adjust the
time step to ensure that Yapprox(t) very closely tracks Y(t) (roughly speaking, to
ensure that jo� oapproxj

�Dt is small compared to other errors in the calcula-
tion). But for most large-scale chemical kinetic problems explicit integration
methods are not viable due to the stiffness, so this idea is not very appealing.

There is, however, one important class of reacting-flow simulations where
bounding the deviation between o(Y) and oapprox(Y) immediately allows one to
control the approximation error: steady-state simulations. For steady-states, the
left-hand side of Eq. (6) and Eq. (7) vanish, and one wants to ensure that the
solution Yapprox to the approximate equation

0 ¼ YðY approxÞ þ oapproxðY approxÞ (8)

is very similar to the (unknown) solution Y to the original equation:

0 ¼ YðY Þ þ oðY Þ (9)

If one has already found a converged solution to Eq. (8) so that

�tolapprox o YðY approxÞ þ oapproxðY approxÞ o tolapprox (10)

one can check whether Yapprox is an acceptable solution to the original equation
by a single function evaluation

�toltotaloYðY approxÞ þ oðY approxÞotoltotal (11)

where toltotal is the user-specified convergence criterion for a solution to be
considered acceptable. Note that Yapprox is probably not exactly the same so-
lution as one would find if one had solved Eq. (9) directly, but that by the user’s
error specification Eq. (11), Yapprox is a perfectly acceptable solution.

This approach is great if one finds that the approximate solution satisfies
Eq. (11). But one would prefer not to risk the possibility that after grinding a
large-scale steady-state reacting-flow simulation to convergence, a process that
could take months, one could discover that the solution obtained, Yapprox, does
not satisfy the user-specified error tolerance Eq. (11); at that point it would not
be clear how to proceed. Also, it would be helpful to know how to set the error
tolerances for the reduced model oapprox and the convergence criteria tolapprox in
order to be certain of finding an acceptable solution. One does not want to set
the tolerances too tight, otherwise one will waste CPU time, by using reduced
chemistry models that are larger than necessary, or by running the calculation
determining Yapprox to higher accuracy than is necessary.
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If one were able to guarantee that the reduced chemistry model reproduced
the full-chemistry source term within a tolerance e for all Y ’s in some range Y

��oo Yð Þ � oapprox Yð Þo� 8Y 2 Y (12)

and if the Yapprox found by solving the reduced-model computational fluid dyna-
mics (CFD) simulation in Eq. (8) numerically fell in the range, i.e. Yapprox AY,
then by adding Eqs. (10) and (12)

� tolapprox þ �
� �

oy Y approx

� �
þ o Y approx

� �
otolapprox þ � (13)

Comparison of Eqs. (13) and (11) reveals that if one ran the CFD calculation to
a computational to a convergence tolapprox ¼ toltotal � �, one could be certain
that the resulting Yapprox would be a satisfactory solution of the full chemistry
model, i.e. Eq. (11) would be satisfied. Methods for constructing reduced models
guaranteed to satisfy Eq. (13) over a known range of conditions are discussed in
detail in Section III.C below. The practical effectiveness of this overall error
control approach, once one has an approximate source term oapprox that satis-
fies Eq. (13) has recently been demonstrated for 1–d and 2–d steady laminar
flame simulations.

The challenge is to construct reduced chemistry models which are fast to
evaluate, yet which still satisfy the error tolerance Eq. (13). One effective ap-
proach to this is the Adaptive Chemistry method (Schwer et al., 2003a, b),
where different reduced chemistry models are used under different local reaction
conditions. For example, in the 1�d steady premixed flame studied by Oluwole
et al. (Oluwole et al., 2006), six different reduced chemistry models were used,
and the full chemistry model only had to be used at about 20% of the grid
points, Fig. 14.

This approach makes it easier to satisfy Eq. (13) using small chemistry mod-
els, but it requires a method to easily obtain a set of reduced models appropriate
for different conditions. In the next section, we present a method for con-
structing the various reduced models, and for identifying the range of reaction
conditions where each should be used.
C. CONSTRUCTING REDUCED CHEMISTRY MODELS SATISFYING ERROR BOUNDS

OVER RANGES

The algebraic equations in the chemistry operator o can be much more
complicated than the equations usually used for the transport operator Y, but it
is still possible to bound the error introduced by approximating o, by using
interval analysis. Interval analysis is a branch of mathematics that considers
how mathematical operations affect intervals (ranges) [Ylow,Yhigh] rather than
single points Y. For error control, one wants to rigorously bound the error



FIG. 14. Fraction of the grid points used by various models during a 1–d Adaptive Chemistry

simulation of a premixed stoichiometric methane–air flame. The full chemistry model is GRI-Mech

3.0. Reduced models were accurate at about 80% of the grid points.
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made by approximating o not just at a single point Y, but over entire ranges of
Y values that might be encountered by the solver in the process of solving Eq.
(8). This is particularly important since o is usually a highly nonconvex function
of Y, i.e. just because an approximation to o(Y) works well at certain points Y1,
Y2, etc., does not guarantee that the approximation will be accurate at other
points lying between Y1, Y2, etc. (Oluwole et al., 2006; Sirdeshpande et al.,
2001). Hence understanding the behavior of o and its approximations over
intervals [Ylow,Yhigh] is critical to achieve effective error control.

Interval analysis is trickier than ordinary mathematics, since in interval anal-
ysis some arithmetic operations give outputs which are overestimates of the true
range. In other words, if a function f(x) takes on values between fmin and fmax

for input values of x in the interval [xlow, xhigh], interval analysis may give you
an output range ½f �min; f

�
max�, where f �max4f max and/or f �minof min.

As a result, interval analysis tends to overestimate error bounds. However,
there are clever ways to reduce this overestimation, for example by appropri-
ately grouping terms. One of the best and most computationally efficient ways
to minimize overestimation of the bounds on the approximation error is to
replace terms f(Y) in o(Y) by their Taylor models, e.g. the first-order Taylor
model is given by Eq. (14):

f ðY Þ ¼ f ðY ðoÞÞ þ
X
n

@f

@Yn

� �
Y ðoÞ

Yn � Y ðoÞ
n

� �

þ
1

2

X
m;n

Ym � Y ðoÞ
m

� � @2f

@Ym@Yn

� �
z
Yn � Y ðoÞ

n

� �
ð14Þ
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In ordinary arithmetic one normally neglects the final term, making this an
approximation rather than a rigorous equality, since all one knows is the in-
terval in which z lies:

z 2 ½Y ðoÞ;Y � (15a)

But with interval analysis, it is no problem to rigorously compute a range that
is guaranteed to bound that final term in Eq. (14) over any specified range of Y.
The first terms are simple polynomials which can be bounded easily and ac-
curately using interval analysis. So, although we do not know the value of z, we
can still rigorously bound any function f(Y) over this range of Y as long as we
know its value and its first derivative evaluated at Y(o), and the algebraic form
of its second derivatives. The Taylor models themselves can be constructed
automatically by the computer using automatic differentiation (AD) techno-
logy, for example using the DAEPACK software to do all the book-keeping and
to compute all the derivatives (Tolsma and Barton, 2000). So with this approach
one can easily construct a fairly tight bound on the error made by straight-
forward approximations to o(Y) over any specified range [Ymin,Ymax].

1. Reaction Elimination via Optimization

A particularly simple method of approximating the chemical source term
o(Y) is ‘‘reaction elimination’’: all one does is delete reactions which are
numerically insignificant under the current reaction conditions. As shown by
Bhattacharjee et al. (2003), at any set of single point reaction condition(s), one
can rigorously identify the smallest possible set of reactions which reproduces
the rate at which species are made or consumed chemically, and the rate at
which heat is released due to chemical reactions, cumulatively o(Y), to within a
user-specified tolerance vector ‘‘tols’’, Eq. (16). Mathematically, the process of
finding the smallest possible model is a constrained interval optimization

minSzm (15b)

subject to the constraint

�tolsootrue � oapproxðZÞotols (16)

where Z is a vector of ones and zeros; if zm ¼ 1 reaction m is included in the
approximate model. Because both the function to be optimized and the con-
straint depend linearly on the optimization variables zm, it can be solved easily
to global optimality.

A free computer service that automatically performs this type of chemistry
model-reduction is available through the CMCS Web portal (http://
www.cmcs.org). This web software can also provide an interval where the re-
duced model is guaranteed to replicate the full model to within user-specified
tolerances, i.e. a range [Ylow,Yhigh] where the error constraint Eq. (16) is

http://www.cmcs.org
http://www.cmcs.org
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guaranteed to be satisfied (Oluwole et al., 2006). However, sometimes the in-
tervals returned by this software are inconvenient for use in reacting-flow simu-
lations (e.g. the computed range where a reduced model is guaranteed to be
accurate might be too narrow to be practically useful), and the range-computing
software is limited to models containing about 100 species.
2. Constructing Reduced Models with User-Specified Valid Ranges

For CFD reacting-flow simulation applications, instead of having the com-
puter it is often preferable to pre-specify a desired range of reaction conditions
[Ylow,Yhigh], and then have the computer find a reduced model which is guar-
anteed to be accurate over this range. To accomplish this, we replace the error
constraints Eq. (16) with Eqs. (17)

SmaxTaylorModelmð½Y low;Y high�Þ � ð1� zmÞotols m ¼ 1 . . .Nreactions

SminTaylorModelmð½Y low;Yhigh�Þ � ð1� zmÞ4� tols
(17)

where maxTaylorModelm is a guaranteed upper bound on om(Y) over the range
[Ylow,Yhigh] and minTaylorModelm([Ylow,Yhigh]) is a guaranteed lower bound on
om(Y). The two expressions in Eq. (17) thus represent guaranteed upper and
lower bounds, respectively, on each element of otrue � oapproxðZÞ over the range
[Ylow,Yhigh]. These bounds are computed automatically by interval analysis us-
ing DAEPACK (Tolsma and Barton, 2000).

The constraints Eqs. (17) are still linear in zm, so one can still find the global
optimum, i.e. the reduced model with the smallest number of reactions that
satisfies error constraints Eqs. (17). However, because applying interval analysis
to the Taylor Model of otrueðY Þ � oapproxðY Þ overestimates the deviation
between otrue and oapprox, Eqs. (17) are a tighter constraint than Eq. (16), and
the reduced model obtained will generally contain more reactions than that
obtained using the first formulation. However, despite the loss in speed up
due to the overestimate, this second approach is often much more convenient
in practice, and our Taylor Model software can handle very large reaction
mechanisms easily. For more technical details, see Oluwole et al. (Oluwole
et al., 2007).

An example: The temperature field computed for a partially-premixed radi-
ally-symmetric methane/air flame is shown in Fig. 15. This is the same
f ¼ 2.464 laminar flame simulated by Bennett et al. (2000). We used the
same 217 reaction full chemistry model used by Bennett et al. (2000) to compute
the temperature field shown on the left-hand side of Fig. 15. On the left-hand
side is shown the temperature field computed using the full chemistry model
everywhere. On the right-hand side is shown the temperature field computed by
the Adaptive Chemistry method using 13 different reduced models ranging in
size from zero reactions to 156 reactions. As guaranteed by the error control



FIG. 15. Computed temperature field for a radially-symmetric partially-premixed methane–air

laminar jet flame. The left-hand side shows the temperature field computed using the full chemistry

simulation, and the right-hand side shows the temperature field computed using a set of reduced

chemistry models that satisfy the error control constraints.
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equations above, the two sets of model predictions agree to within the specified
error tolerance.
IV. Are Model Predictions Consistent with Experimental Data?
Frequently, the next step after numerically solving a chemical kinetic simu-
lation is to compare the model predictions with some experimental data, to
check whether it is consistent with reality at least in one case. This is called
‘‘validating’’ the model. In the 20th century, it was a common practice to plot
chemical kinetic model predictions with some experimental data, without any
attempt to indicate the uncertainties in either. The reader then had to make his
or her own judgment about whether the model and the data were close enough
to be considered ‘‘consistent’’, or whether the data had disproved the model.

If the uncertainty information is available, then one can make a much more
satisfactory quantitative comparison between the model predictions Mi (uncer-
tainty range ui) and the corresponding data Di (uncertainty range si), to
determine whether the two are truly consistent. The extent of deviation between
the model and the data scaled by the uncertainties is measured by w2, Eq. (18).

w2 ¼ S
ðDi �MiÞ

ðsi þ uiÞ

� �2
(18)
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From statistics, assuming normally distributed errors, the probability that the
data and the model would differ so much that w2>O is given by Eq. (19).

PðOÞ ¼
Z1

O

tm�1e�t=2

GðmÞ2m
dt (19)

where m ¼ (Ndata�Nadjustable)/2. If we have a pure prediction (no parameters
adjusted to improve the fit with the data) then m ¼ Ndata/2. If P(w

2)o0.1 that
means that there is less than 10% chance that the model and the data are
consistent. Or in other words, we can say with 90% confidence that the model
and the data are inconsistent, i.e. that the data disproved the model.
A. HOW TO PROVE INCONSISTENCY EVEN IF SOME PARAMETERS ARE HIGHLY

UNCERTAIN

The presumption of the approach above is that all the model parameters that
significantly affect the model predictions Mi are known with reasonable accu-
racy, so it is not completely unreasonable to assume that the errors in theMi are
normally distributed (although a normal distribution is only reasonable if the
model prediction could vary over the full range –N to +N; for bounded
quantities appropriately bounded distributions should be used). However, very
often some of the important model parameters are not well established from
prior work, so we do not know if their uncertainties are normally distributed. In
fact, often it would be most reasonable to use the experimental data to try to
determine these highly uncertain parameters x.

When experimental data is unavailable the critical question becomes: is there
any physically reasonable choice of these very uncertain parameters x that
makes the model and the data consistent? If not, we can be confident that the
model and the data are inconsistent, and if we trust the data and the estimated
error bars we can reasonably conclude that the data have disproved the model.
Mathematically, we are confident the model and the data are inconsistent if and
only if

max
x

Pðw2ðxÞÞo0:1 (20)

where

w2ðxÞ ¼ S
ðDi �MiðxÞÞ

2

ðsi þ uiðxÞÞ
2

(21)

MiðxÞ ¼ Mi½Y ðt; xÞ� (22)
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Where Y(t; x) is not known explicitly, but only implicitly as the solution of a
system of stiff differential or DAEs such as Eq. (7) which depend parametrically
on x, and x is confined to lie in its physically reasonable range. The functional
Mi that relates the recorded experimental measurement Mi to the underlying
species concentrations and other state variables could in principle be quite
complicated, but often it is linearly dependent on just a few of the species
concentrations at some time tmeasurement. As discussed in a later section, our
estimate of the error bar in the model prediction for a fixed x might depend on
x, that is why ui(x) is written in Eq. (21).

While this is conceptually simple, numerically it is very difficult to find the
global maximum of P, because of the fact that the dependence of Y on x is only
known implicitly through a complicated numerical procedure (solving the whole
simulation).

Note that if at any point we find any physically acceptable x which
causes P(w2(x))>0.1, then we know immediately that the model could be
consistent with the data, and there is then no need to continue to try to find
the global maximum of P. Once one has found any reasonable choice of
model parameters that makes the model consistent with the data, then one
should move onto questions about what ranges of parameters give predic-
tions consistent with the data, and how the experimental data can be used
to help refine and tighten the uncertainty ranges on the parameter values.
This parameter-refinement step is indicated in Fig. 1 and has been discussed
at length in the literature. It is complicated for nonlinear models with
many significantly uncertain correlated parameters, since the range of param-
eter values consistent with the experiment will generally have a rather complex,
often nonconvex, shape in a high-dimensional space. For a recent discussion
of how one can deal with the parameter correlations in practice, see Feeley
et al. (2004).

In the present work, we focus on the opposite case: if we cannot find any
choice of x, which makes the model consistent with the data, how do we prove
that the model and data are inconsistent? To prove this, we must establish that
all physically acceptable x’s give P(w2(x))o0.1, and for this we need to find or at
least set an upper bound on the global maximum of P over the entire range of x.
It is in general much more difficult to find guaranteed-globally-optimal maxima
than it is to find local maxima. Many of the most efficient methods for finding
global optima rely on knowing the explicit function you are trying to optimize.
But here the function we are trying to optimize is an integral involving the
solution of a complicated stiff system of nonlinear differential equations that
depend on the value of x.

In the 20th century there was no way known to solve this type of optimization
problem. However, very recently Singer and Barton (2006) have developed
a branch-and-bound algorithm that is guaranteed to find the global optimum
of P(w2(x)) for the important case where Y(t;x) is specified by a system of
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nonlinear ODEs (as an initial value problem).

dY

dt
¼ F ðY ; xÞ (23a)

Y ðt0Þ ¼ Y 0ðxÞ (23b)

M ¼ M½Y ðt; xÞ; x� (23c)

The numerical procedure used in Singer’s global dynamic optimization
code (GDOC) software involving establishing bounds on the algebraic equa-
tions on the right-hand sides of Eqs. 23a, 23b and 23c over the physically
reasonable range of the parameters x using interval analysis techniques similar
to those used in Section III above. Then one constructs linear systems of dif-
ferential equations that bound Y and P. Finally, one can systematically remove
regions of x space which probably cannot contain the maximum of P. As the
x space is subdivided, all the bounds tighten, until the procedure converges
to the true global minimum of w2(x) (which is the global maximum of P).
The details with proofs are presented elsewhere. A more concise explana-
tion aimed at kineticists, with some practical examples, has been published
recently. Practical kineticists interested in using the GDOC software to con-
vincingly disprove chemical kinetic models are welcome to download it from
http://yoric.mit.edu/

At present, the GDOC software can only handle problems with o6 highly
uncertain parameters x. It is hoped and expected that in the near future,
more efficient algorithms will be found for handling systems with many more
uncertain parameters, so that one could more easily determine, even in messy
real-world systems, whether the discrepancies one observes between model pre-
dictions and data really indicate that the model must be wrong, or just indicate
that one has not yet found the best values for the uncertain parameters.
B. HOW STANDARD OPERATING PRACTICE MUST CHANGE IN 21ST CENTURY

As discussed above, numerical tools now exist that make it possible to rig-
orously test whether chemical kinetic models and data are quantitatively con-
sistent for many important cases. There is good reason to expect that the
numerical methods will continue to improve rapidly, so that these quantitative
models vs. data tests will become possible for ever more complex experiments.
As discussed in Sections II and III, our capability to construct and solve com-
plex simulations is also improving rapidly.

However, it is far from certain that we will be able to access the experimental
data we need for these consistency checks (and for subsequent refinement of the
models and model parameters) in a useful format. Historically, the field of

http://yoric.mit.edu/


WILLIAM H. GREEN, JR.42
kinetics has not been consistent in requiring that complete sets of experimental
data be archived in the open literature, and in many journals error bars are
optional. Instead, researchers often report only fitting parameters that they
extracted from their experimental data using a model. The raw data is often lost
in a few years, when the researcher or student who measured it moves on to a
different position, and the media on which it is stored becomes obsolete. This
makes it very difficult to try to reconstruct what was actually observed; in the
common case where the model originally used to interpret the data had some
flaw this can make the literature report about the experimental measurement
almost useless.

The PrIMe project (http://www.primekinetics.org) is addressing these serious
problems by developing software tools to make it easier for experimentalists to
archive their measurements in an electronic format, so that it will be easier for
future researchers to use the data for consistency checks and to refine model
parameters.

In many respects, the situation is much worse in kinetic modeling than
in experimental work. One seldom sees any kind of uncertainty estimate on a
chemical kinetic model prediction, and as discussed extensively in Section II,
many models have been incompletely documented, in part due to their reliance
on a 20th century data model which made it inconvenient to document
uncertainties and information on the origin of rate/thermo/transport para-
meter estimates. Very commonly, estimated rate constants and thermochemical
parameters have been copied from prior reports (without error bars) without
any serious attempt to check their veracity. After this cycle repeats several
times, rough estimates made 50 years ago eventually become ‘‘firmly estab-
lished’’ because they have been repeated so often in the literature, not because
the numbers were ever really determined precisely. As a consequence, it
seems likely that most chemical kinetic models in the literature will be discar-
ded and replaced by new models as efficient reaction-mechanism-generation
software based on well-documented rate and thermochemical estimates
become widely deployed over the next few years: why bother to track
down all the poorly documented assumptions in prior modeling work,
when one can construct a brand new, possibly more complete, model-
based on the latest rate and thermochemical data and estimates in just a
few hours? This paradigm shift in kinetics will be most useful if it is accom-
panied by much more consistent treatment of uncertainty and uncertainty
propagation.
C. ESTIMATING ERROR BARS ON MODEL PREDICTIONS

In order to estimate the uncertainties in a model’s predictions (the ui in
Eq. (21)) for consistency checking, one must have estimates of the uncertainties
in the model’s input parameters. In the 20th century, model input uncertainties

http://www.primekinetics.org
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were usually converted into model prediction uncertainties using normalized
first-order sensitivity coefficients Sij, Eq. (24a). For ODEs and DAEs, first-order
sensitivities can be computed very efficiently at the same time the simulation is
solved (Maly and Petzold, 1996).

Sij ¼
@ðlnMiÞ

@ðln kjÞ
i ¼ 1 . . .Npredictions; j ¼ 1 . . . 2Nreactions (24a)

Knowing which of the Sij are large in magnitude can be very helpful to a
modeler, but Eq. (24a) requires some care. First, in systems where T and P are
not constant, one usually means the sensitivity with respect to the pre-
exponential factor in the rate constant, i.e. a uniform scaling of kj(T,P) at all
T,P (Kee et al., 1989).

More importantly, as written, the partial derivative implies that a single rate
constant is to be varied, holding all the others constant, and indeed this is the
way it is implemented in many sensitivity analysis routines. The index ‘‘j ’’ runs
out to 2Nreactions because each reaction has two rate constants, one for the
forward direction, and one for the reverse. However, in order for the model to
remain consistent with the laws of thermodynamics, the rate constant for the
reverse of reaction ‘‘j ’’ must vary simultaneously with the forward reaction,
since the two rate constants must maintain a detailed-balance ratio related
to the DGreaction, Eq. (2). This can be assured by specifying that the partial
derivative is taken only for the forward reaction, while holding the thermo-
chemistry fixed. Note that this also cuts the number of partial derivatives to
be computed in half. These sensitivities should then be supplemented with
sensitivities to the individual species’ thermochemistry as in Eq. (25); overall
the number of partial derivatives to be computed per model prediction Mi is
(Nreactions+Nspecies), not 2Nreactions.

Sij ¼
@ðlnMiÞ

@ðln kjÞ
i ¼ 1 . . .Npredictions; j ¼ 1 . . .Nreactions ðforward directions onlyÞ

(24b)

Sim ¼
@ðlnMiÞ

@ðDHf ðspecies mÞÞ
i ¼ 1 . . .Npredictions; m ¼ 1 . . .Nspecies (25)

If one (optimistically) believes the boundary conditions, initial conditions,
and other molecular properties (e.g. transport properties, heat capacities) have
all been specified very precisely, and one thinks the uncertainties in the rate
constants and the enthalpies are not highly correlated, one might then estimate
the uncertainty in prediction Mi by Eq. (26).

dMi ¼ ui � ½SjS�
ijðd ln kjÞj

2 þ SjS�
imdDHf ðspecies mÞj2�1=2 (26)
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If one believes that the uncertainties in rate constants and thermo are highly
correlated, a more conservative (pessimistic) estimate would be

dMi ¼ ui � SjS�
ijðd ln kjÞj þ SjS�

imdDHf ðspecies mÞj (27)

1. Moving Beyond First-Order Sensitivity Analysis

Of course, Eq. (24b) and Eq. (25) are only the first derivatives, and Eqs. (26)
and (27) are just low-order approximations to ui; for cases where the first de-
rivative Sij is small or where the uncertainties dln(kj) and dDHf are large, one
must consider higher-order effects (Li et al., 2002; Phenix et al., 1998;
Vuilleumier et al., 1997). Many of the methods of including the higher-order
effects, including Monte Carlo simulations, can be computationally expensive if
the original kinetic simulation is hard to solve, but these calculations are cer-
tainly not impossible with modern computers, particularly if one only wants to
consider the effects of large variations in a few key parameters. Certain quan-
tities involving second-order sensitivities can be computed efficiently even for
very large systems using adjoint methods (Oezyurt and Barton, 2005). But in the
near future, for most cases involving large simulations, we expect that the rou-
tine first approximation to the error will be something like Eq. (26) or Eq. (27).
In a limited number of important cases, e.g. when an apparent discrepancy has
been identified, a more accurate method for uncertainty propagation, and a
careful scrutiny of the most important estimated input uncertainties dln(kj) and
dDHf(species m), will be required.

2. Correlated Uncertainties in Model Input Parameters

Often the uncertainties in the rate constants are highly correlated. For ex-
ample, in large kinetic models, most of the rate constants are derived from a
small number of functional group-based estimates, such as Evans–Polanyi
parameters (Eq. (1)), some of which are significantly uncertain. In these cases, it
would make sense to vary the Evans–Polanyi parameters, and so adjust the
whole group of related rate constants, rather than allowing each rate constant to
vary separately from all of the rest. For example, the high-pressure-limit rate for
pent-2-yl radical addition to butadiene is not known very precisely, it could be
uncertain by a factor of 10 in certain temperature ranges, but it almost certainly
must be within a factor of two of the high-pressure-limit rate for but-2-yl+
butadiene, because of the similarity between the functional groups involved.
Similarly, many of the enthalpy values used in large kinetic models are very
highly correlated, many of them coming from group-additivity estimates using
the group values published more than 30 years ago in Benson’s book (Benson,
1976). It would be very reasonable as a first approximation to vary the group
values rather than varying the thermochemistry of all the individual species
independently. However, to our knowledge, no one has yet produced software
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that makes it convenient to compute how these correlated uncertainties in the
inputs to large kinetic models affect the model predictions.

3. Model Truncation Error

Model predictions can also be inaccurate due to the incompleteness of the
chemical model, e.g. if some reactions or species were incorrectly omitted from
the mechanism. If the missing species or reactions are completely missing from
the database used by the model-construction software, there is no easy way to
detect them (though perhaps a human expert might notice the omission in the
tree databases described in Section II). There is certainly chemistry which is not
well understood, even in the well-studied thermal gas-phase chemistry of small
organic molecules; for example some of the important reactions of peroxyl
radicals are still unclear (Taatjes, 2006), the true reaction path for CH+N2 was
only recently identified (Moskaleva and Lin, 2000), and recently some reactions
that occur over ridges rather than saddle points have been identified (Townsend
et al., 2004). It will be some time before there is a community consensus on how
to correctly generalize from some of these observations.

It is also possible that reactions or species might be omitted from the model
even if the chemistry is well-understood and was correctly included in the dat-
abases, for example if the species-selection tolerances were not set tightly
enough during model-construction. Song et al. (2002) have discussed methods
for trying to detect and avoid this type of omission. It should be possible to
improve this approach using interval analysis techniques (Oluwole et al., 2007;
Oluwole et al., 2006); perhaps it is possible to rigorously bound the error in the
model predictions due to the finite error tolerance in species-selection, at least
for certain types of simulations.

4. Other Sources of Error in Model Predictions

Finally, the model predictions always include some error because the simu-
lation never exactly models the physical situation in the experiment, and be-
cause of numerical errors in solving the simulations. Both types of errors can be
very important, even dominant, though in many systems these errors are smaller
than the uncertainties in the chemistry model. It is very difficult to deal with the
distressingly common problem that the model does not match the physical
experimental situation; at present only human experts can address this problem
(e.g. by numerically tests which demonstrate that including more experimental
details does not materially change the simulation predictions). On the other
hand, most of the numerical errors that arise when solving the simulations can
be rigorously addressed through correctly designed algorithms and software.

At present, black-box programs for solving initial value problems typically
maintain fairly rigorous automatic control of the numerical errors. However,
for multidimensional reacting-flow simulations (boundary value problems),
error control is usually not automated, relying on the user performing the
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correct checks to try to ensure that the calculation has actually converged to
something close to the true solution. Schwer et al. (2003b) show how a relatively
straightforward calculation can converge to an unphysical ‘‘solution’’. Many
algorithms use low-order upwinding, but this introduces ‘‘numerical diffusion’’
which can lead to significantly erroneous conclusions in some cases; this issue is
often difficult to deal with because removing the upwinding approximation can
make the simulations numerically unstable. A major effort is needed to upgrade
the numerical solvers for multidimensional reacting-flows and to incorporate
error control, to make it easier to ensure that numerical errors are not signi-
ficantly perturbing the simulation results, and to increase our confidence that
two different researchers will arrive at the same converged solution if they start
with the same reacting-flow equations. After this is achieved, we would then
be in a better state to rationally decide which algorithms are really the most
efficient and robust for solving different types of reacting-flow simulations.
V. Summary and Outlook
In this article, we have presented an overview of predictive chemical kinetics,
a very broad field which is rapidly advancing in many ways. This manu-
script also discusses some recent technical progress addressing a few of the
sub-problems that must be overcome before predictive chemical kinetics can
completely fulfill its potential:
(1)
 making the automated chemical mechanism-construction more extensible

(2)
 speeding multidimensional reacting-flow simulations involving complex

chemistry, while maintaining rigorous error control

(3)
 conclusively determining whether or not model predictions are consistent

with experimental data, when both are uncertain.
While there has been very significant recent progress on all three sub-
problems, as discussed in Sections II, III, and IV, clearly much remains to be
done before the iterative predict-measure-learn loop shown in Fig. 1 can func-
tion smoothly for most systems of interest to chemical engineers. For example,
Section II describes a good method for storing and updating chemical in-
formation, but these data trees will need to be significantly expanded before
predictive chemical kinetics will be usefully accurate for most systems. Similarly,
in Section III we present a promising method for faster, error-controlled
reacting-flow simulations, but this method is limited to steady-state processes,
and these computations are still extremely difficult. Section IV discusses a
method for performing rigorous consistency checks, but this method presumes
that one has access to a lot of data and error bars on both data and model
predictions that are usually not available at present. The overall message is that
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predictive chemical kinetics looks very promising in the early 21st century, but
very significant efforts, including changes in the day-to-day functioning of the
kinetics community, will be required in order to achieve this promise.

This manuscript certainly does not address all of the challenges to the ad-
vance of predictive chemical kinetics; for example it focuses only on homoge-
neous systems, and it is not even a complete review of efforts on any of the three
sub-problems discussed in detail. However, this overview will hopefully be
helpful to researchers trying to comprehend this broad and somewhat frag-
mented area of chemical engineering research, a field that will grow rapidly in
the 21st century, both in technical capability and in practical importance.
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NOMENCLATURE

w2 weighted sum of squares of deviations between
model and experiment

a Evans–Polanyi slope
n temperature exponent
P probability that one would measure data giving

such a low w2 value if the model were true
O cut-off in w2 for a model to acceptably fit the data
Z integer array indicating which reactions are kept or

deleted
T [Q]Kelvin temperature
P [Q]atm pressure
t [Q]sec time
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Eo [Q]kJ/mole Evans–Polanyi barrier for hypothetical isothermic
reaction

k [Q]sec�1 or [Q]liter/
mole-second

Rate constant (unimolecular or bimolecular)

A [Q](units of k)/
(Kelvin)n

modified-Arrhenius prefactor

Ea [Q]kJ/mole activation energy
R [Q]J/mole-Kelvin gas constant
kB [Q]J/Kelvin Boltzmann’s constant
h [Q]Js Planck’s constant
G [Q]kJ/mole Gibb’s free energy
H [Q]kJ/mole enthalpy
Y [Q]mole/s rate of change in species due to transport
o [Q]mole/s rate of change in species due to chemical reaction

Y, o are generalized to include change in other
state variables as well as species.

Y the state variables in a CFD simulation
D the array of measured data values
M the array of model predictions for these data
s uncertainties in D

u uncertainties in M

x adjustable parameters in a model
F function returning rate of change of Y
M functional for computing M from Y

S normalized sensitivity of model predictions M
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PLATE 1. Model predictions vs. experimental measurements of Wilk et al. (1995) from butane

oxidation at 715K. The predicted yields are generally within a factor of two of the experimental

data, reflecting roughly factor of two uncertainties in rate constant estimates. As is typical, the

discrepancies are largest at high conversions, both because the errors in the parameters cumulate,

and because the model may be missing some reactions of the minor byproducts (For Black and

White version, see page 28).

PLATE 2. Model predictions vs. experimental measurements of Wilk et al. (1995) for ethene,

propene, and CO2, same conditions as Fig. 12. The large discrepancy in the CO2 predictions at

the lowest conversions suggests that the model does not accurately represent the true boundary

conditions at the inlet (For Black and White version, see page 29).


	Predictive Kinetics: A New Approach for the 21st Century
	Introduction
	The Historical Applications of Kinetic Modeling
	Predictive vs. Postdictive Models
	Technical Hurdles in the 20th Century

	The Goal of Chemical Kinetic Modeling

	Construction of Predictive Chemical Kinetic Models
	The Challenge of Documenting Large Simulations
	Data Models for Chemical Kinetics
	Automated Construction of Lists-of-Reactions
	Fundamental Inputs for Chemical Kinetic Model-Construction
	Estimations and Generalizations

	A New Data Model for Chemical Reactions and Properties
	Hierarchical Tree Structure for Functional Group Parameters
	Functional Group Trees for Reaction Rate Estimation
	Functional group tree rate estimation: How it works
	Difficulties with functional group rate estimates
	Paucity of reliable data
	Chemical activation and fall-off
	Intramolecular reactions



	The Reaction Mechanism Generator (RMG)
	Applications of RMG

	Efficiently and Accurately Solving Large Kinetic Simulations
	Fast Solution of Large Systems of Chemistry Equations Using Sparsity
	Using Reduced Chemistry Models in Multidimensional Simulations without Introducing Error
	Constructing Reduced Chemistry Models Satisfying Error Bounds Over Ranges
	Reaction Elimination via Optimization
	Constructing Reduced Models with User-Specified Valid Ranges


	Are Model Predictions Consistent with Experimental Data?
	How to Prove Inconsistency Even if some Parameters are Highly Uncertain
	How Standard Operating Practice Must Change in 21st Century
	Estimating Error Bars on Model Predictions
	Moving Beyond First-Order Sensitivity Analysis
	Correlated Uncertainties in Model Input Parameters
	Model Truncation Error
	Other Sources of Error in Model Predictions


	Summary and Outlook
	Acknowledgments


