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ABSTRACT 
Recent advancements in material design have made adsorption a more energy-efficient alterna-
tive to traditional thermally driven separation processes. Accurate modelling of adsorption ther-
modynamics is crucial for designing and operating equilibrium-limited adsorption systems.  High-
quality open-source packages like PyIAST, PyGAPsare available for processing adsorption data in 
Python. They provide a robust set of features for processing and analysing isotherms. However, 
they have no support for automatic differentiation and are not targeted for performance. Lang-
muir.jl addresses these limitations by leveraging Julia's composable and differentiable program-
ming ecosystem. Langmuir.jl includes tools for processing adsorption thermodynamics data—
loading data, fitting isotherms with most often used models, predictive multicomponent adsorption 
through Ideal Adsorption Solution Theory (IAST) — and, importantly, enabling accurate derivative 
calculations through Julia's automatic differentiation libraries, without requiring extensive code 
adjustments. Furthermore, Langmuir.jl achieves two orders of magnitude faster IAST calculations 
compared to its Python counterpart, PyIAST.  
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INTRODUCTION 
The separation of fluid mixtures is subject of great 

attention to chemists and chemical engineers. Traditional 
methods such as distillation rely on the use of heat to 
partially vaporize and separate mixtures. Recent ad-
vancements in material design have made adsorption a 
more energy-efficient alternative to traditional thermally 
driven separation processes [1].   

Adsorption is a surface phenomenon that involves 
the transfer of a substance from a bulk phase of a fluid to 
the surface of a solid whilst desorption consists of the 
opposite process. To separate mixtures with this princi-
ple, the different affinity of substances (adsorbates) to a 
solid’s surface (adsorbent) is used as driving force. Affin-
ity is linked to the equilibrium concentrations between an 
adsorbent and adsorbate at a specific temperature. This 
link is achieved with the well-known adsorption iso-
therms that seeks to describe the equilibrium relation be-
tween bulk concentration, adsorbent concentration and 
temperature of a fluid or mixture.  

Isotherms are fundamental in adsorption as they can 
be used to describe equilibrium concentrations and to 
estimate derived quantities such as the Henry coefficient 
and isosteric heat of adsorption [2]. Classic adsorption 
isotherms include the Langmuir isotherm, initially devel-
oped for gas-phase adsorption on activated carbon, and 
the simple linear Henry's isotherm. The International Un-
ion of Pure and Applied Chemistry (IUPAC) categorizes 
isotherms into six types based on their shape [3]. With 
advancements in adsorbents and the discovery of new 
materials, new isotherms continue to be proposed easily 
surpassing 20 types today.  

When designing adsorption-based separation pro-
cesses, the typical workflow starts with material charac-
terization and single-component adsorption experi-
ments, as multicomponent adsorption data is challenging 
to obtain. Single-component data is then fitted to iso-
therms at different temperatures, enabling the estimation 
of quantities such as isosteric heat, multicomponent ad-
sorption, and Henry's coefficients, for example. Finally, 
the predictive capacities of the isotherm and derived 

https://doi.org/10.69997/sct.144752
mailto:vinicius.santana@ntnu.no.


 

Santana et al. / LAPSE:2025.0394 Syst Control Trans 4:1505-1511 (2025) 1506  

quantities are validated through breakthrough experi-
ments [4]. 

As the number of isotherms and available data grow 
with advancements in research and automation, manually 
performing this workflow becomes increasingly complex, 
error-prone, and time-consuming. Automating the pro-
cess with software provides a practical and efficient so-
lution. In the past years, efforts have been made to de-
velop tools that assist users in automating the workflow, 
enabling the exploration of a broader range of models 
and potentially enhancing predictive accuracy and pro-
cess design quality. 

While software design has been limited to experts in 
the past, the advent of high-level dynamically typed pro-
gramming languages such as Python, Julia and more 
have made software development possible to a broader 
range of professionals. In this trend, software for adsorp-
tion thermodynamics evolved from statically compiled 
languages to dynamically typed languages.  

IAST++ [5], for example, is an open-source C++ 
GUI-based software that can fit isotherm data to several 
models and use the Ideal Adsorbed Solution Theory 
(IAST) to estimate multicomponent isotherm. Ruptura [4] 
is also a free and open-source C++ software package for 
the simulation of gas adsorption breakthrough curves, 
mixture prediction using IAST-like methods, and fitting of 
isotherm models' adsorption isotherm data. While C++ is 
known for its speed and efficient memory management, 
code syntax is less attractive when compared to high-
level languages, which limits cross-collaboration, devel-
opment, and wider adoption. 

Recent advancements in high-level programming 
languages have led to the development of tools like 
pyIAST [5] and pyGAPS [6] in Python. PyIAST focuses 
primarily on providing code interface for initializing and 
fitting single-component isotherms that can be used for 
multicomponent prediction through IAST. 

In contrast, pyGAPS serves as a "General Adsorp-
tion Processing Suite" with a wider range of functionali-
ties. It supports manipulating, storing, visualizing, and 
processing adsorption isotherms. Its extended feature 
set includes specific surface area calculations, t- and s-
plots, model fitting, IAST calculations, and the estimation 
of isosteric heat of adsorption from isotherm data. 

While Python offers a straightforward and user-
friendly environment for software development, particu-
larly with its object-oriented syntax, it often falls short 
when performance and composability are critical. For in-
stance, the calculation of isosteric heat of adsorption can 
be performed automatically with exact derivatives, 
avoiding error approximations and tedious, error-prone 
derivatives, if automatic differentiation is utilized. How-
ever, integrating such functionality directly into tools like 
pyGAPs could require a significant development effort 
despite its modular nature. The effort could involve a 

potential port to a different backend such as JAX or man-
ually writing chain rules for complex operations not sup-
ported by numpy-compatible AD frameworks such as au-
tograd – derivatives of root-finding solvers and deriva-
tives of numerical integration routines, for example. 

 Such a lack of composability in Python often re-
stricts many packages to a specific backend, hindering 
the adoption and composition of emerging methods from 
different libraries. The Julia programming language is a 
language mainly targeted to scientific computing that is 
known for its composability. It is a fully featured language 
that can achieve C-like performance native code and, 
therefore, does not rely heavily on external libraries for 
numerical computations. Furthermore, it has first-class 
automatic differentiation support [7]. However, time-to-
first execution is a known drawback of JIT compilation in 
the Julia language. Furthermore, it is a much less popular 
language than Python, with less mature libraries and a 
smaller community.  

Taking full advantage of Julia's capabilities and its 
vibrant numerical ecosystem, we present Langmuir.jl: An 
efficient and composable Julia package for adsorption 
thermodynamics. Langmuir.jl is part of the Clapeyron-
Thermo project that includes the Clapeyron.jl - An Open-
Source Fluid Thermodynamics Toolkit in Julia [8] and 
GCIdentifier.jl – a package for automated group contribu-
tion (GC) identification [9]. 

The remainder of this article is organized as follows: 
in Section 2, the architecture of Langmuir.jl is explained, 
as are the isotherm model objects, supported models, 
core isotherm functions, derived properties, and the use 
of automatic differentiation. In Section 3, we present 
case studies of the library and a full workflow for working 
with adsorption isotherms.   

Adsorption Thermodynamics 
To clarify the code structure, it is helpful to briefly 

introduce the physical meaning and mathematical de-
scription of adsorption thermodynamics. This begins with 
the concept of single-component isotherms and extends 
to properties derived from their definition. These proper-
ties include the isosteric heat, Henry’s coefficient, and 
multicomponent adsorption modeled using the Ideal Ad-
sorbed Solution Theory (IAST).    

Isotherms 
Mathematically, the single component adsorption is 

a smooth, continuous function that defines the load-
ing/solid phase concentration 𝑞𝑞𝑖𝑖 of the component 𝑖𝑖 as a 
function of bulk concentration 𝑐𝑐𝑖𝑖 or pressure 𝑝𝑝𝑖𝑖 and tem-
perature [4]: 

𝑞𝑞𝑖𝑖 = 𝑓𝑓(𝑐𝑐𝑖𝑖, 𝑇𝑇)     (1) 

To compute the loading, both temperature and bulk 
concentration must be specified. While other combina-
tions of independent variables are theoretically valid - 
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such as using solid-phase concentration and tempera-
ture as inputs - such cases are less common and involve 
additional complexity. This approach requires inverting 
the function 𝑓𝑓, either analytically or by solving a root-
finding problem. 

The temperature dependence in the isotherm must 
account for the fact that adsorption is an exothermic pro-
cess. As temperature increases, the loading 𝑞𝑞𝑖𝑖 de-
creases. This dependency is typically modeled using pa-
rameters that explicitly incorporate the effect of temper-
ature in the affinity parameter, such as in Van't Hoff-like 
expressions or other temperature-dependent terms in 
the isotherm equation. The single-site Langmuir isotherm 
temperature dependency can be written as, for example: 

𝑞𝑞𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑝𝑝𝑖𝑖
1+𝐾𝐾𝑝𝑝𝑖𝑖

     (2) 

𝐾𝐾 = 𝐾𝐾0 𝑒𝑒𝑒𝑒𝑒𝑒 �−
𝐸𝐸
𝑅𝑅𝑅𝑅
�    (3) 

Henry’s Coefficient 
The Henry coefficient is the slope of the isotherm as 

the partial pressure tends to zero. Under this condition, 
adsorbate-adsorbate interactions are negligible, and ad-
sorption is linearly related to the affinity of the adsorbate 
at a given temperature. Mathematically, it is defined as: 

𝐻𝐻𝑖𝑖 =  𝜕𝜕𝑞𝑞𝑖𝑖
𝜕𝜕𝑝𝑝𝑖𝑖

|𝑝𝑝𝑖𝑖→0     (4) 

Numerically, the Henry coefficient can be deter-
mined in one of three ways. The first method involves 
manually deriving the isotherm and applying the limit 𝑝𝑝𝑖𝑖 →
0, which, while tedious and prone to human and numeri-
cal error, would result in an analytical expression. The 
second approach is automatic differentiation, which pro-
vides an accurate result without introducing numerical 
errors. Lastly, numerical differentiation offers a simpler 
alternative but can also introduce numerical errors. 

Isosteric Heat of Adsorption 
The isosteric heat of adsorption is defined as the 

differential change in energy when an infinitesimal num-
ber of molecules are transferred from the bulk to the ad-
sorbent surface at a fixed temperature, pressure and ad-
sorbent surface area.  However, a common way of esti-
mating this quantity is through the Clausius-Clapeyron 
equation which relates the isosteric heat to the tempera-
ture dependence of the adsorption isotherm [2] as fol-
lows: 

𝑞𝑞𝑠𝑠𝑠𝑠,𝑖𝑖 = 𝑇𝑇�𝑉𝑉𝑔𝑔 − 𝑉𝑉𝑎𝑎�
𝑑𝑑𝑝𝑝𝑖𝑖
𝑑𝑑𝑑𝑑

|𝑞𝑞𝑖𝑖,𝐴𝐴   (5) 

where 𝑉𝑉𝑔𝑔 is the molar volume of the bulk phase, 𝑉𝑉𝑎𝑎 is the 
molar volume of the adsorbed phase and 𝑞𝑞𝑠𝑠𝑠𝑠,𝑖𝑖 is the iso-
steric heat. If isotherm is explicit in the loading, one can 
write: 

𝑞𝑞𝑠𝑠𝑠𝑠,𝑖𝑖 = −𝑇𝑇�𝑉𝑉𝑔𝑔 − 𝑉𝑉𝑎𝑎�
𝜕𝜕𝑞𝑞𝑖𝑖/𝜕𝜕𝜕𝜕|𝑝𝑝𝑖𝑖
𝜕𝜕𝑞𝑞𝑖𝑖/𝜕𝜕𝑝𝑝𝑖𝑖|𝑇𝑇

                                                            (2) 

Similarly to the Henry coefficient, derivatives play an 
important role in correctly estimating the isosteric heat. 
This is where the Julia language automatic differentiation 
support is essential. 

Reduced Grand Potential 
Similarly to vapor-liquid equilibrium and the defini-

tion of fugacity, adsorption equilibrium has an important 
quantity used in IAST calculations: the Reduced Grand 
Potential. It can be defined as: 

𝜓𝜓𝑖𝑖 = ∫ 𝑞𝑞𝑖𝑖(𝑇𝑇,𝑝𝑝𝑖𝑖)
𝑝𝑝𝑖𝑖

𝑃𝑃𝑖𝑖,0
0 𝑑𝑑𝑝𝑝𝑖𝑖     (3) 

where 𝑝𝑝𝑖𝑖 is the partial pressure, 𝑇𝑇 is the temperature, 𝑞𝑞𝑖𝑖 is 
the loading, 𝜓𝜓𝑖𝑖 is the grand potential. 

This can be obtained analytically for certain types of 
isotherms. When analytical expressions are not possible, 
it must be approximated numerically.  

Langmuir.jl Design and Interface 
 Julia programming adopts a distinct paradigm com-

pared to the object-oriented approach in Python, relying 
on composite types and multiple dispatch [7]. While a de-
tailed explanation is beyond the scope of this work, in 
simple terms, multiple dispatch selects the appropriate 
method or function to execute based on the input types. 

The source code of Langmuir.jl follows best prac-
tices in Julia programming and is divided into two main 
components, as illustrated in Figure 1.  

 
Figure 1. Langmuir.jl source-code structure 

The model component/folder holds all the files that 
define supported isotherm models’ composite types. 
Those types have all the parameters needed to define 
the isotherm completely through their fields. Below is an 
example of the definition of the Langmuir single-site 
model: 

 
@with_metadata struct LangmuirS1{T} <: Iso-
thermModel{T} 
    (M::T, (0.0, Inf), "saturation loading") 
    (K₀::T, (0.0, Inf), "affinity parameter")  
    (E::T, (-Inf, 0.0), "energy parameter") 
End 

 
The @with_metadata macro in Julia enhances exist-

ing code structures by enabling the addition of extra 
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inputs that generate additional code. In the example pro-
vided, `M` represents the saturation loading, `K₀` is the 
affinity parameter, and `E` is the energy parameter. The 
annotations, such as parentheses and additional charac-
ters beside each field, are processed by the macro to de-
fine bounds and provide explanatory information for each 
parameter. This allows the macro to display these details 
to the user, improving clarity and usability. 

The method component is subdivided into 4 sub-
components and files: fit.jl, iast.jl, isotherm_methods.jl 
and multicomponent.jl. isotherm_methods.jl holds func-
tions dispatched on isotherms to derive properties of in-
terest, such as the Henry coefficient or the spreading 
pressure. fit.jl holds the functions for fitting isotherms us-
ing a global optimization approach. iast.jl holds the rou-
tines for performing the nested-loop IAST and the Fas-
tIAS algorithms [10]. Finally, multicomponent.jl  has the 
API for unifying multicomponent adsorption prediction 
given the single component isotherms and bulk condi-
tions of temperature and partial pressures.  

CASE STUDY AND WORKFLOW 
This section presents a typical workflow for pro-

cessing and analyzing isotherm data. The data was ob-
tained from the work of Santana et al. (2024) [11] for an 
ethane-selective material in an ethane-ethylene mixture, 
and the results were also compared to what the authors 
obtained. All the codes for reproducing the results can be 
found in Langmuir.jl documentation at https://clapeyron-
thermo.github.io/Langmuir.jl/dev/tutorials/tutorial/. 

 First, the data is loaded, and then the experimental 
data is plotted to assess potential isotherms that can fit 
the data. Then, a model or a set of models is fitted to the 
data, and the fitting quality is evaluated through a metric 
and plotted on top of the experimental data. Once the 
isotherm is obtained, analysis can be performed, such as 
the isosteric heat of adsorption, Henry coefficient, and 
multicomponent adsorption estimation with IAST.   

Data loading 
 The data is assumed to be in a standard file format 

with comma-separated values and loaded into a Julia-
native type - an array. The array is then used to construct 
an isotherm data instance, an abstraction of the Lang-
muir.jl isotherm. Below is a code snippet. The data can be 
found at https://github.com/ClapeyronThermo/Lang-
muir.jl/tree/main/docs/src/tutorials/sample_data.  

 
using Plots, DelimitedFiles, Langmuir 
ethane_data_path = joinpath(@__DIR__, 

"sample_data/ethane_tpl_data.csv") 
ethylene_data_path = joinpath(@__DIR__, 

"sample_data/ethylene_tpl_data.csv") 
ethane_data = readdlm(ethane_data_path, 

',') 

P_ethane = ethane_data[:, 2]*1e5 
T_ethane = ethane_data[:, 1] 
l_ethane = ethane_data[:, 3] 
d_ethane = isotherm_data(P_ethane, 

l_ethane, T_ethane) 
Ts_ethane, lp_ethane = split_data_by_tem-

perature(d_ethane) 
 
The function split_data_by_temperature function 

uses the isotherm_data object and returns all the temper-
atures in an vector and a 3D array holding the loading and 
pressure for each temperature. By plotting the loading 
pressure pairs for two of the temperatures for both 
ethane and ethylene, we can visualize the isotherm in 
Figure 2. 

  
Figure 2. Experimental isotherm data for ethane and 
ethylene at 283.0 K and 323.0 K.   

It can be observed that the isotherms are s-shaped, 
i.e., the derivative of the loading with respect to the pres-
sure has a maximum. For example, in ethane at 283.00 K, 
the maximum derivative seems to take place for pres-
sures less than 1.25 × 105 Pa. This behavior is not cap-
tured by a single-site Langmuir isotherm. Therefore, a 
Quadratic isotherm was proposed in the reference man-
uscript and used in this workflow demonstration. 

Isotherm fitting 
To fit the quadratic or any other Isotherm in Lang-

muir.jl, one can first formulate the isotherm fitting prob-
lem by providing the isotherm type, the isotherm data 
wrapped into the isotherm_data object, a fitting criterion, 
an initial guess and lower and upper bounds for the pa-
rameters by using the IsothermFittingProblem abstrac-
tion syntax. If initial guesses and lower or upper bouds 
are not provided, they are defaulted according to each 
isotherm – more details found in the package’s documen-
tation. The code snippet below shows how to formulate 
the fitting problem for ethane using the mean squared er-
ror as the fitting criterion for loading-pressure data, for 
example. 

 
 

https://clapeyronthermo.github.io/Langmuir.jl/dev/tutorials/tutorial/
https://clapeyronthermo.github.io/Langmuir.jl/dev/tutorials/tutorial/
https://github.com/ClapeyronThermo/Langmuir.jl/tree/main/docs/src/tutorials/sample_data
https://github.com/ClapeyronThermo/Langmuir.jl/tree/main/docs/src/tutorials/sample_data
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prob_ethane = IsothermFittingProb-
lem(Quadratic{eltype(d_ethane)}, d_ethane, 
nothing, abs2, x0_ethane, lb_ethane, 
ub_ethane)  

 
Once the fitting problem is set, an optimizer must be 

selected for minimizing the objective function. In Lang-
muir.jl differential evolution, which is a global optimiza-
tion algorithm, is used through the library BlackBox-
Optim.jl. Below is a code snippet showing how to set up 
the optimizer and perform the fitting for ethane isotherm. 

alg = DEIsothermFittingSolver(max_steps = 
5000, population_size = 50, 

logspace = true, verbose = true) 
loss_fit_ethane, ethane_isotherm = 

fit(prob_ethane, alg) 
After running the fitting for both ethane and eth-

ylene and plotting the corresponding models’s loadings 
with experimental values, we obtained the results shown 
in Figure 3.  

The loadings for any model can be obtained by call-
ing the function loading as follows: 

loading(isotherm, p, T) 
where p is the pressure, T is the temperature and iso-
therm is an instance of the supported isotherm models. 

 
Figure 3. Quadratic isotherm fitting vs experimental data 
at 283.0 K and 323.0 K. 

From the fitting results, the isotherm parameters 
closely match those reported in the reference manu-
script. For example, the saturation loading parame-
ter was estimated at 3.68 in the manuscript, while it is 
3.64 in this analysis. However, the energy parameters 
exhibit a more significant discrepancy as it can be seen 
from Table 1 and Table 2. This discrepancy is due to a 
different framing of the optimization problem and differ-
ent optimization strategies. The reference manuscript 
imposes the same maximum loading capacity for both 
components and uses a local optimization method. In our 
case, no such constraint is set, and we use a global opti-
mizer. Finally, without calorimetric data, resolving the ac-
curacy of these values is challenging, as parameter iden-
tifiability is limited and suffers from degeneracy when re-
lying solely on loading data for fitting. 

Table 1. Estimated parameters using Langmuir.jl com-
pared to the ones obtained in Santana et al. (2024) [11] 
for ethane. 

 𝐾𝐾𝐴𝐴 𝐾𝐾𝐵𝐵 𝐸𝐸𝐴𝐴 
(kJ/mol) 

𝐸𝐸𝐵𝐵 
(k/mol) 

𝑀𝑀 

Lang-
muirjl 

2.51
× 10−7 

2.138
× 10−19 

−6.898 −47.789 3.64 

Refer-
ence 

3.214
× 10−8 

1.4237
× 10−14 

−12.19 −48.63 3.68 

Table 2. Estimated parameters using Langmuir.jl com-
pared to the ones obtained in Santana et al. (2024) [11] 
for ethylene. 

 𝐾𝐾𝐴𝐴 𝐾𝐾𝐵𝐵 𝐸𝐸𝐴𝐴 
(kJ/mol) 

𝐸𝐸𝐵𝐵 
(k/mol) 

𝑀𝑀 

Lang-
muirjl 

2.6
× 10−8 

7.13
× 10−19 

−11.79 −41.702 3.83 

Refer-
ence 

6.282
× 10−8 

8.275
× 10−14 

−9.40 −41.70 3.68 

Single component isosteric heat of 
adsorption using automatic differentiation 

The isosteric heat can be derived from the isotherm 
by using Equation 6. In Langmuir.jl, we leverage forward 
mode automatic differentiation and dual numbers algebra 
to obtain the derivatives using ForwardDiff.jl. The molar 
volume of the gas phase is defaulted to the ideal gas mo-
lar volume. For the quadratic isotherms, the isosteric heat 
varies with the amount adsorbed as it can be seen in Fig-
ure 4. Changes in temperature also affect the isosteric 
heat but is not depicted in the Figure. 

 
Figure 4. Estimated isosteric heat from isotherm vs 
loading for ethane and ethylene and 283.0 K.  

Multicomponent adsorption with IAST 
After obtaining the individual isotherms’ parameters 

for both components, a next step is to use these two iso-
therms combined to predict the loading in the adsorbent 
given a mixture of the two components at a certain tem-
perature, pressure and composition. One of the possibles 
ways to perform such calculations is through the IAST 
method. To perform IAST calculations in Langmuir, the 
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two isotherms can first be wrapped into an abstraction 
named IASTModels where information about the two or 
more isotherms can be stored and accessed easily: 

Isotherms = IASTModels(ethane_isotherm, 
ethylene_isotherm) 

The loading can be estimated using a similar syntax 
to the one used for single component isotherm: 

loading(isotherms, p, T, y) 
The only difference is that an extra argument (y) 

must correspond to each component's mole fraction.  

Benchmarking IAST – PyIAST and Langmuir.jl 
To compare the efficiency of our proposed solution 

in Julia with existing Python solutions, a benchmarking 
test was run to solve an IAST problem in PyIAST and 
Langmuir.jl, considering the isotherms for ethane and 
ethylene described above. The IAST problem consists of 
estimating the solid phase composition of ethane and 
ethylene given a pressure of 101325.0 Pa, temperature of 
323K, and equimolar bulk concentration. The isotherms 
are quadratic parametrized according to Table 1 and Ta-
ble 2 in Langmuir.jl. Since PyIAST does not support tem-
perature dependency in the parameters, isotherms were 
fitted to both components at 323.0K and used for running 
IAST. Therefore, the parameters obtained are not the 
same as those obtained in Langmuir.jl, but they are close.   

PyIAST version 1.4.3 using Python 3.11.5 and Lang-
muir.jl 0.1.1 with Julia 1.10.7 were used. The calculations 
were run on a laptop with an Intel i5-1250P 1.7 GHz pro-
cessor and 16 GB of RAM. PyIAST utilizes scipy.root root-
finding solver Levenberg-Marquardt (LM) with default 
tolerances not shown in the documentation. Langmuir.jl 
has a built-in implementation of nested loop and FastIAS, 
as described above. Tolerances (relative and absolute) in 
Langmuir.jl were set to 1x10-7. To benchmark PyIAST, the 
Python library time was used, and the same code ran 
10000 times. To benchmark Langmuir.jl, the @benchmark 
macro in BenchmarkTools.jl library was also used with 
10000 samples. The mean and standard deviation of run 
times are displayed on Table 3. The Table shows that 
Langmuir.jl achieves two orders of magnitude faster cal-
culations for this benchmarking problem.  

Table 3. Benchmarking of Langmuir.jl and PyIAST (the 
lower, the better). 

Tool / Solver Mean run time 
(µs) 

Standard Devi-
ation (µs) 

PyIAST/LM   
Langmuirjl 
/Nested loop 

  

Langmuirjl 
/FastIAS 

  

 

CONCLUSIONS AND FUTURE WORK 
This work introduces Langmuir.jl, an open-source 

Julia library for adsorption thermodynamics. To the best 
of the author's knowledge, it is the first package in Julia 
to offer such tools. Langmuir.jl benefits from Julia's mod-
ern scientific computing environment, known for its user-
friendly syntax, efficiency and robust support for differ-
entiable programming. Automatic differentiation, a core 
feature of Julia, is particularly advantageous for thermo-
dynamics, where derivatives play a critical role, ensuring 
maintainability and extensibility. Compared with PyIAST, 
Langmuir.jl presents two orders of magnitude faster cal-
culations in the IAST problem. However, it is placed in a 
less popular programming language and has fewer fea-
tures than PyGAPs, for example. Future developments 
aim to integrate property calculations, such as loading 
and isosteric heat, into breakthrough curve simulations, 
similar to the functionality provided by Ruptura software. 

 DIGITAL SUPPLEMENTARY MATERIAL 
The source code and documentation for Langmuir.jl 

can be found at https://github.com/Clapeyron-
Thermo/Langmuir.jl/tree/main.  
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