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ABSTRACT 
Sustainability is a thriving global topic of concern and following the advancement of technological 
progress and increased standards of living, the demands for energy, fuels, chemicals and other 
requirements have increased significantly. Methanol is one such chemical which has seen in-
creases in demand due to its importance as a precursor in the development of widely used chem-
icals such as formaldehyde. In order to gain insight into the reaction mechanisms driving the pro-
cess, it is beneficial to develop kinetic models that accurately describe the system for several 
reasons: (i) to develop process understanding; (ii) to facilitate control and optimisation; (iii) to re-
duce experimental burdens; and (iv) to expedite scale up and scale down of processes. Two com-
monly used kinetic reaction rate models are the power law and Langmuir-Hinshelwood expres-
sions, however the strong assumptions made when developing such models may limit their pre-
dictive performance through the introduction of inductive bias (i.e. model structural uncertainty). 
A solution to counter these drawbacks is known as hybrid modelling where, the inauguration of a 
data-driven component within the kinetic modelling framework allows for any complex, less un-
derstood kinetics to be instead learnt from historical data by a machine learning model. In order 
to identify the pros and cons associated with each kinetic and hybrid modelling strategy for chem-
ical reaction network modelling, a thorough comparison was made using syngas methanol pro-
duction as a case study. It was shown that hybrid models offered increased predictive accuracy, 
robust uncertainty quantifications, and improved generalisability under limited data availability. 
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INTRODUCTION 
Increases in global population and standards of liv-

ing have intensified the demand for bulk and specialty 
chemicals, however growing sustainability concerns and 
economic pressures necessitate further process design 
innovations, and for optimisation of current production 
facilities. In order to combat such issues, advanced mod-
elling techniques are required that describe bulk and spe-
cialty chemical reaction systems under industrial opera-
tion, allowing for the precise estimation of key process 
variables and reaction performance indicators. Typically, 
first principle based kinetic models are constructed in or-
der to represent the reaction network of interest due to 
their inherent interpretability and capacity for proving 
deep kinetic insight when used to discriminate between 
reaction mechanisms with two of the most popular 

applied strategies being the Langmuir-Hinshelwood and 
power law models. 

The Langmuir-Hinshelwood expression finds prom-
inent application within heterogeneous catalysis, specif-
ically for gas phase reactants on solid catalyst surfaces 
[1], however the model is also used for other catalytic re-
actions. In comparison, the power law model finds much 
broader application being employed within catalytic re-
actions [2], non-catalytic reactions [3], and within fields 
beyond kinetic modelling. Although kinetic models are in-
terpretable and may be used to offer kinetic insight, it is 
often the case that many chemical reactions are gov-
erned by complex underlying physics, so the identifica-
tion of a correct structure is challenging, typically re-
quired simplifications to be made which may be limiting 
and reduce generalisability. Because of this, model pa-
rameters will exhibit large uncertainties, preventing any 
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use for control and optimisation. 
To address the challenges inherent to kinetic mod-

eling, data driven models have gained significant atten-
tion within the literature in recent years. Machine learning 
based black-box models leverage the availability of ex-
tensive experimental datasets and do not require a de-
tailed understanding of the underlying reaction mecha-
nism, thus showing advantages in areas where complex 
phenomena are present. Machine learning has shown 
great potential in many fields such as (bio)chemical reac-
tion kinetics predictions [4] and soft-sensing, however 
they are known to be inhibited by various disadvantages 
including the requirement for large volumes of data and 
a lack of interpretability, which hinders their ability to pro-
vide mechanistic insights. 

In recent years, hybrid modelling has emerged as a 
potential solution to overcome the challenged associated 
with kinetic and data driven modelling through the com-
bination of a mechanistic backbone with data-driven 
knowledge. The mechanistic backbone leverages availa-
ble prior knowledge whilst the data-driven component 
accommodates for information not captured through the 
mechanistic structure. In this manner, the interpretability 
of the kinetic model is retained without the introduction 
of large inductive bias, and any available data can be ex-
ploited to quantify unknown kinetics that are not de-
scribed by the kinetic structure. The advantages of hy-
brid modelling are shown clearly with its successful ap-
plication in predicting complex reaction kinetics [5], 
boasting accurate predictions and robust uncertainty es-
timations. 

Another crucial benefit of hybrid modelling stems 
from their reliable uncertainty quantification, which is es-
pecially important when encountering complex 
bio(chemical) reactions where large process variability or 
historical dependencies may be present. Typically, ki-
netic models may suffer with large parameter uncertain-
ties and fail to account for historical dependencies, 
whereas data driven models may overfit when large 
batch to batch variability occurs, both of which prevent 
their application under such conditions. However, this is 
not true of hybrid modelling which has exhibited the ca-
pability to accurately describe process dynamics whilst 
maintaining narrow uncertainty ranges [6]. Even though 
the value of using hybrid modelling has been demon-
strated, little research has focused on investigating its 
use within the field of chemical reaction kinetics nor on 
the effects of the kinetic component on model perfor-
mance.  

Therefore, in this work we present a study to ex-
plore the application of hybrid models for predictive mod-
eling of chemical reaction kinetics. A key focus of this 
study is the role of the mechanistic backbone in hybrid 
model performance. Specifically, we investigate how the 
selection of different kinetic model structures influences 

the predictive accuracy and uncertainty quantification of 
hybrid models. To this end, two hybrid models were de-
veloped using the Langmuir-Hinshelwood and power-law 
rate expressions as their physical components, respec-
tively. To demonstrate the potential of hybrid models for 
industrial applications, the methanol synthesis reaction 
from syngas, coupled with the water-gas shift reaction 
was chosen as a case study. The reliability of the hybrid 
models was evaluated from their uncertainty estimations 
and predictions across a broad range of operating condi-
tions. Lastly, the study evaluated the potential of hybrid 
models to uncover new physical insights. 

Case study 
In this work, the case study is an industrial reaction 

system consisting of the water-gas shift reaction and 
syngas methanol synthesis reaction [7]. The reaction 
system was catalysed by a Cu/ZnO/Al2O3 catalyst, and 
the reactions were conducted within fixed-bed, integral-
operation microreactors. In total, 38 experiments were 
carried out, each containing the measurements of 5 
states (i.e. reactants and products) at 4 equidistant 
points along the reactor length. The experiments were 
conducted under varying feedstock conditions with 𝐶𝐶𝐶𝐶 to 
𝐶𝐶𝑂𝑂2 ratios of 3:3, 3:1, and 3:0.3; reaction temperatures of 
453 K, 463 K, 473 K, 483 K, and 493 K, and reaction 
pressures of 15 bar, 25 bar, 35 bar. Further details re-
garding the experimental setup and procedures are pro-
vided in [7]. The three possible reactions occurring under 
such conditions are shown in reactions 1, 2 and 3 below 

𝐶𝐶𝑂𝑂2 + H2 ⇌ 𝐶𝐶𝐶𝐶 + 𝐻𝐻2𝑂𝑂   (1) 

𝐶𝐶𝑂𝑂2 + 3H2 ⇌ 𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 + 𝐻𝐻2𝑂𝑂   (2) 

𝐶𝐶𝐶𝐶 + 2H2 ⇌ 𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂    (3) 

where reaction 1 is the reverse water gas shift (RWGS) 
reaction, and reactions 2 and 3 are methanol synthesis 
from 𝐶𝐶𝐶𝐶 and 𝐶𝐶𝑂𝑂2 respectively.  

In this study, it is assumed that CO serves as the 
primary source of carbon for methanol synthesis. Whilst 
it is also possible to assume 𝐶𝐶𝑂𝑂2 as the primary carbon 
source for producing methanol, this choice is not ex-
pected to impact model performance because the hybrid 
models, developed in this work, are designed to incorpo-
rate unknown process knowledge through their data-
driven components, enabling them to adapt and accu-
rately represent the underlying system dynamics. 

METHODOLOGY 
In this section, we will outline the development of 

two hybrid models based on different mechanistic back-
bones as shown in Figure 3. In previous literature, Lang-
muir-Hinshelwood kinetic structures have been pro-
posed to describe reactions 1-3, however due to their 
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complexity, these often lead to high errors under broad 
operating conditions, and high parameter uncertainties 
[7]. Thus, to remove inductive bias, we simplify the equa-
tions by lumping complex kinetics into few parameters to 
be learnt and estimated by a data-driven component.  

The second kinetic backbone adopts a power law 
structure as shown in Figure 3, however since the classi-
cal power law expression does not satisfy the thermody-
namic constraint at equilibrium conditions [2], a modifi-
cation has been made. This will ensure that, under equi-
librium, the ratio of forward to reverse reaction rate con-
stants are directly equal to the ratio of products to reac-
tants raised to their stoichiometric coefficients. 

Due to the complexity of the reaction network under 
a broad operating range, it is to be expected that some 
kinetic parameters may contain lumped information and 
therefore effectively be functions of the operating condi-
tions and input states. Therefore, to construct an accu-
rate and generalisable hybrid model, it is necessary to 
determine the minimum number of parameters that are 
dependent on reaction conditions which will be subse-
quently estimated by the data-driven component. To ac-
complish this, all parameters were initially assumed con-
dition dependent and parameter estimation, using a mod-
ified least squares expression, was conducted to classify 
parameters as condition-dependent or condition-invari-
ant. 

A hybrid model was then constructed, using an arti-
ficial neural network (ANN), to estimate the identified 
condition dependent parameters given their respective 
operating conditions as shown in Figure 1. The input fea-
tures to the ANN include 𝑃𝑃𝑇𝑇 ,𝑃𝑃𝐶𝐶𝐶𝐶,𝑃𝑃𝐶𝐶𝐶𝐶2 ,𝑃𝑃𝐻𝐻2 , 𝑃𝑃𝐶𝐶𝐶𝐶

𝑃𝑃𝐶𝐶𝐶𝐶2
, 𝑃𝑃𝐶𝐶𝐶𝐶+𝑃𝑃𝐶𝐶𝐶𝐶2

𝑃𝑃𝐻𝐻2
 and 

𝑇𝑇 where 𝑃𝑃𝑥𝑥 refers to the partial pressure of species 𝑥𝑥, 𝑃𝑃𝑇𝑇 
is the total operating pressure, and 𝑇𝑇 is the temperature 
of the experiment. To ensure high-quality solutions, 
Bayesian optimisation was employed for hyperparameter 
optimisation for the ANN. 

 
Figure 1. Schematic of the hybrid modelling framework 
using the Langmuir-Hinshelwood mechanistic backbone. 
The red highlights indicate condition dependent 
parameters estimated by the ANN. 

In this study, the uncertainty of the hybrid model 
stems predominantly from the condition varying parame-
ters, and hence the ANN’s predictions. This is because, 

during parameter estimation, it was found that the condi-
tion invariant parameters show little change across all ex-
periments. Thus, it is paramount that the uncertainty of 
the ANN is estimated. To accomplish this, a bootstrap-
ping framework was employed to generate a number of 
ANN’s which, when integrated with the mechanistic 
backbone to attain the corresponding hybrid models, can 
be used to generate a mean prediction and its respective 
standard deviation as shown in Figure 2. 

 
Figure 2. Schematic of the bootstrapping framework to 
estimate the hybrid models uncertainty where 𝑁𝑁 refers to 
the number of hybrid models constructed. The red 
highlights indicate condition dependent parameters 
estimated by the ANN. 

RESULTS AND DISCUSSION 

Results of the Langmuir-Hinshelwood based 
hybrid model 

In the methanol synthesis reaction case study, hy-
drogen was always provided in excess thus exhibiting 
hydrogen partial pressure 100-10000 times greater than 
those of other species. As a result of the excess hydro-
gen, its consumption and production throughout the pro-
cess is negligible (i.e., there are little changes in 𝑃𝑃𝐻𝐻2). 
Consequently, after parameter estimation was con-
ducted, it was found that further model reduction is re-
quired from the Equations shown in Figure 3. More spe-
cifically, 𝐾𝐾𝐻𝐻2,1 and 𝐾𝐾𝐻𝐻2,1 were estimated to be zero, and the 
products 𝑘𝑘1𝑃𝑃𝐻𝐻2 and 𝑘𝑘2𝑃𝑃𝐻𝐻2 needed to be lumped as one ap-
parent kinetic constant to overcome identifiability issues. 
Additionally, 𝐾𝐾𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 ∙ 𝑃𝑃𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 and 𝐾𝐾𝐻𝐻2𝑂𝑂 ∙ 𝑃𝑃𝐻𝐻2𝑂𝑂 ≪ 1, and 𝐾𝐾𝐶𝐶𝑂𝑂2 ∙
𝑃𝑃𝐶𝐶𝑂𝑂2, 𝐾𝐾𝐶𝐶𝐶𝐶,1 ∙ 𝑃𝑃𝐶𝐶𝐶𝐶,  𝐾𝐾𝐶𝐶𝐶𝐶,2 ∙ 𝑃𝑃𝐶𝐶𝐶𝐶 ≫ 1, thus either dominating or 
having a negligible effect on the denominator of the ki-
netic model. 

After model reduction, the Langmuir-Hinshelwood 
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expression devolved into a basic power law structure as  
seen in Figure 1, where the apparent rate constants con-
tain lumped kinetics, and will therefore be estimated by 
an ANN. As described in the methodology, the condition 
dependent parameters were identified as 𝑘𝑘1, 𝑘𝑘−1, and 𝑘𝑘2 
where 𝑘𝑘1 and 𝑘𝑘2 are functions of 𝑃𝑃𝐻𝐻2 because of any 𝐻𝐻2 
effects being combined into them, and 𝑘𝑘−1 is a function 
of 𝑃𝑃𝐶𝐶𝐶𝐶:𝑃𝑃𝐶𝐶𝑂𝑂2 which is intuitive as it describes the forward 
water gas shift reaction where 𝐶𝐶𝐶𝐶 and 𝐶𝐶𝑂𝑂2 are influential. 

The results of the parameter estimation were then 
used to train the ANN such that the hybrid model can 
make its predictions on unseen data. In order to quantify 
the uncertainty predictions of all models, we use the rel-
ative percentage uncertainty (RPU) calculated as shown 
in Equation 4: 

𝑅𝑅𝑅𝑅𝑅𝑅% = 100
𝑁𝑁
∙ ∑ 𝑋𝑋𝑈𝑈𝑈𝑈,𝑛𝑛−𝑋𝑋𝐿𝐿𝐿𝐿,𝑛𝑛

𝑋𝑋𝑛𝑛
𝑁𝑁
𝑛𝑛=1    (4) 

where 𝑋𝑋𝑛𝑛,  𝑋𝑋𝑈𝑈𝑈𝑈,𝑛𝑛 and 𝑋𝑋𝐿𝐿𝐿𝐿,𝑛𝑛 are the nominal, upper bounds 
and lower bound predictions of species 𝑋𝑋 at experiment 
𝑛𝑛. 

 In total 16 training experiments were used and 22 
testing experiments yielding percentage errors of 3.6% 
and 9.5%, respectively and an average testing RPU of 
17%. The hybrid model prediction and uncertainty bounds 
are shown in Figure 4. 

 
Figure 4. Plots showing the uncertainty and testing 
predictions of the Langmuir-Hinshelwood based hybrid 
model. (a) shows the predictions for 𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 and 𝐻𝐻2𝑂𝑂 and 
(b) shows the predictions for 𝐶𝐶𝐶𝐶 and 𝐶𝐶𝑂𝑂2. The scatter 
points and dotted lines refer to measured data and 
predictions, respectively. 

It can be seen that the data-driven component has 
correctly learnt missing information from the simplified 
mechanistic backbone leading to the hybrid model pos-
sessing high accuracies. Furthermore, the similar testing 
and training performance indicates a high level of gener-
alisability displaying the potential of hybrid modelling for 
use in chemical reaction kinetics prediction. 

Although the Langmuir-Hinshelwood based hybrid 
model exhibits good predictive accuracy and uncertainty 
quantifications, it is limited due to it not conforming to 
well known physics and equilibrium constraints. It is 
known that kinetic constants are solely functions of tem-
perature typically expressed using an exponential rela-
tionship, however it was discovered that, because of the 
lumped kinetics in the apparent rate constants of the 

 
Figure 3: Thermodynamics inspired power law and simplified Langmuir-Hinshelwood models for the given reaction 
network where 𝑃𝑃𝑗𝑗, 𝐾𝐾𝑗𝑗, and 𝛼𝛼 are the partial pressure, adsorption equilibrium constants, and reaction orders of 
species 𝑗𝑗, and 𝑘𝑘𝑖𝑖 and 𝑘𝑘−𝑖𝑖 are the forward and reverse reaction rate constants for reaction 𝑖𝑖. The red highlights 
indicate key process parameters that are modelled using a data-driven component.  
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simplified kinetic model, the exponential temperature de-
pendency was not observed. An example can be seen in 
the values of 𝑘𝑘1 where, at temperatures of 453K, 463K, 
473K, 483K and 493K, the lumped kinetic constants val-
ues are 0.004, 0.0047, 0.0027, 0.012, and 0.005 bar kg-

1, respectively.  
A second limitation derives from the definition of the 

reaction equilibrium constant where, under equilibrium 
conditions, the ratio of forward to reverse rate constants 
should be equal to the ratio of products to reactants 
raised to their stoichiometric coefficients. As can be seen 
in Equations 5 and 6, this constraint does not hold true. 
This inconsistency limits the interpretability and insight 
that the Langmuir-Hinshelwood based hybrid model may 
offer, especially under equilibrium conditions.  

 𝑘𝑘1
𝑘𝑘−1

= 𝑃𝑃𝐻𝐻2𝑂𝑂
1

     (5) 

𝑘𝑘2
𝑘𝑘−2

= 𝑃𝑃𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂
1

     (6) 

Results of the power law based hybrid model 
Using the same methodology as for the Langmuir-

Hinshelwood based hybrid model construction, parame-
ter estimation was first used to classify condition de-
pendent and condition invariant parameters using the 
thermodynamics inspired power law defined in Figure 3. 
Due to the excessive quantities of 𝐻𝐻2 present in the sys-
tem, 𝛼𝛼𝐻𝐻2,1and 𝛼𝛼𝐻𝐻2,2 = 0 showing that 𝐻𝐻2 has no effect on 
the forward reactions but instead inhibits the reverse re-
actions. 

The exponents, 𝛼𝛼𝐶𝐶𝐶𝐶,1, 𝛼𝛼𝐶𝐶𝐶𝐶,2 and 𝛼𝛼𝐶𝐶𝑂𝑂2 were found to 
be equal to 1, which can be reasoned by the large mag-
nitudes of 𝑃𝑃𝐶𝐶𝐶𝐶 and 𝑃𝑃𝐶𝐶𝑂𝑂2 in comparison to 𝑃𝑃𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 and 𝑃𝑃𝐻𝐻2𝑂𝑂, 
thus any changes are less influential. Therefore, the only 
condition dependent exponents were 𝛼𝛼𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 and 𝛼𝛼𝐻𝐻2𝑂𝑂. 
𝛼𝛼𝐻𝐻2𝑂𝑂 took negative values becoming less negative as 
temperature increased indicating that the role of water 
changes from inhibiting reaction 𝑟𝑟1 (RWGS) to promoting 
the reverse reaction.  

Further insight can be gained from the values of the 
reaction order of 𝐶𝐶𝐶𝐶. Since the exponents, 𝛼𝛼𝐶𝐶𝐶𝐶,1, 𝛼𝛼𝐶𝐶𝐶𝐶,2 =
1, from Figure 3 we can see that, as a product of the re-
verse water gas shift reaction, 𝐶𝐶𝐶𝐶 facilitates the forward 
reaction. This can be explained by the fact that the use 
of 𝐶𝐶𝐶𝐶 may remove adsorbed oxygen on the Cu catalyst 
which would ordinarily passivate it. Therefore, any metal-
lic sites that would typically be unavailable for 𝐶𝐶𝑂𝑂2 acti-
vation, are now available. An alternative explanation is 
that the 𝐶𝐶𝐶𝐶 may act to remove water from the reaction 
network which is beneficial because, on a Cu based cat-
alyst, water can inhibit the methanol synthesis reaction 
from 𝐶𝐶𝑂𝑂2 to 𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂. 

All reaction rate constants within the power law 
model were found to be condition dependent being solely 
functions of temperature. Additionally, the trends of the 

rate constants with respect to temperature all followed 
the Arrhenius expression as shown in Figure 5. This pro-
vides additional confidence into the power law based hy-
brid model as the results appear to conform to the under-
lying physics present without any constraints to enforce 
this and thus, the results are more likely to hold physical 
significance.  

 
Figure 5. Plots showing the rate constants at different 
temperatures. The scatter points and lines represent the 
estimated parameter values and the values through 
fitting an arrhenius curve, respectively. 

The results of parameter estimation were then used 
to train the ANN component in order to correlate the op-
erating conditions and input states to the condition de-
pendent parameters. The completed power law based 
hybrid model yielded average fitting and testing errors of 
3.7% and 6.7%, respectively and an average relative per-
centage uncertainty of 13.0%. The similar training and 
testing performance proves the developed model is gen-
eralisable, whilst also boasting low prediction errors 
across a broad range of operating conditions. The hybrid 
model prediction and uncertainty bounds are shown in 
Figure 6. 

 
Figure 6. Plots showing the uncertainty and testing 
predictions of the power law based hybrid model. (a) 
shows the predictions for 𝐶𝐶𝐻𝐻3𝑂𝑂𝑂𝑂 and 𝐻𝐻2𝑂𝑂 and (b) shows 
the predictions for 𝐶𝐶𝐶𝐶 and 𝐶𝐶𝑂𝑂2.  

The fitting and testing results for both the power law 
based and Langmuir-Hinshelwood based hybrid model 
are similar with a slight increase in performance for the 
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former as well as a slight decrease in overfitting. The 
same conclusion can be drawn about uncertainty where 
both hybrid structures provide robust estimations that 
cover the majority of measured datapoints. However, the 
Langmuir-Hinshelwood based hybrid model holds less in-
terpretability as the apparent kinetic constants are func-
tions of the operating conditions and states whereas, it is 
widely known that the rate constants should be functions 
solely of temperature. This phenomenon has been suc-
cessfully described by the power law based hybrid 
model, meaning that the results are more likely to hold 
physical significance. Additionally, we can gain kinetic 
understanding from the reaction orders of the power law 
structure. 

CONCLUSION 
This study highlights the potential of hybrid model-

ing to address the limitations of traditional kinetic and 
data-driven approaches for complex chemical reaction 
systems. By combining mechanistic insights with the 
adaptability of data-driven models, the hybrid models 
developed provided interpretable structures with high 
predictive accuracy, and reliable uncertainty estimates 
without the requirement for large quantities of experi-
mental data.  

Two hybrid models based on Langmuir-Hinshel-
wood and power law rate expressions were constructed, 
demonstrating the flexibility of this approach, with the 
power law based model offering additional kinetic in-
sights. These findings underscore the promise of hybrid 
modeling for industrial applications, particularly in pro-
cess control and optimisation, where accuracy and un-
certainty quantification are critical. Overall, this work em-
phasises the value of hybrid modeling in advancing our 
modelling capabilities and understanding in reaction en-
gineering, especially for systems with incomplete mech-
anistic knowledge. 
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