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ABSTRACT 
Vacuum (pressure) swing adsorption (V(P)SA) has received considerable attention in the past dec-
ades. Existing studies typically estimate vacuum pump energy consumption using an approximate 
constant energy efficiency or an empirical energy efficiency correlation, leading to inaccurate rep-
resentation of realistic vacuum pump performance. In this paper an enhanced computational ap-
proach is proposed for simulation and optimisation of V(P)SA through simultaneous integration of 
realistic vacuum pump data and adsorption bed fluidisation limits. The computational results show 
that the developed prediction models accurately represent the actual performance curves of the 
vacuum pump. Incorporation of the vacuum pump prediction models and fluidisation constraints 
in V(P)SA optimisation leads to significantly different optimal solutions compared to when these 
factors are not considered. 

Keywords: Pressure swing adsorption, Process simulation, Optimization, Vacuum pump modelling, bed fluidi-
zation 

INTRODUCTION 
Vacuum (pressure) swing adsorption (V(P)SA) has 

received considerable attention for gas separation and 
purification in the past decades [1]. Mathematical model-
ling of V(P)SA involves description of the spatial and tem-
poral evolution of mass, momentum and energy, resulting 
in coupled stiff hyperbolic/parabolic partial differential 
equations (PDEs). Auxiliary nonlinear equations including 
gas adsorption isotherms and pressure drop correlations 
are also included to complement process dynamics [2]. 

In most existing V(P)SA models, a time-dependent 
pressure profile or a fixed flow rate is used in the bound-
ary conditions (BCs) at the vacuum pump end of the ad-
sorption bed to estimate the performance of a real vac-
uum pump. With these predefined BCs, the total energy 
consumption of the vacuum pump is then determined by 
dividing the isentropic gas compression work by an esti-
mated energy efficiency. It is reported that the vacuum 
pump can contribute at least 60% to the overall energy 
consumption in a VSA cycle for CO2 capture [3]. Hence, 
accurate estimation of the vacuum pump efficiency and 
quantification of its energy consumption are crucial for 
the economic analysis of the V(P)SA processes. 

Most existing computational studies on V(P)SA have 
assumed constant vacuum pump efficiency ranging from 
60% to 100% where the vacuum pump efficiency of 72% 
was most used [4]. However, 72% is a typical efficiency 
value for compressors, instead of vacuum pumps [5]. A 
low efficiency of 30% was reported [5]. All these have in-
dicated that the energy consumption of the vacuum 
pump could have been underestimated by at least a fac-
tor of two in many existing computational studies. 

Instead of assuming a constant vacuum pump effi-
ciency, an efficiency correlation has been developed to 
more accurately evaluate the vacuum pump performance. 
It has been observed that the efficiency tends to remain 
constant around 80% when the inlet pressure of the vac-
uum pump approaches 1 atm, whilst decreasing sharply 
to a very low value (e.g., below 20%) at lower pressures 
[6]. An empirical correlation was thus derived to relate 
the vacuum pump efficiency to the inlet pressure. How-
ever, their correlation fails to conform to the trend sug-
gested by the data points at higher pressures due to sig-
nificant deviations between data points and model pre-
dictions at high pressures. 

The adsorption bed fluidisation is another key factor 
that must be accounted for in designing and operating 
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the V(P)SA process. This is because bed fluidisation in-
curs rapid adsorbent attrition and eventually results in a 
substantial decrease in the separation performance [7]. 
Nevertheless, only a few have considered the impact of 
bed fluidisation. They considered the effects of bed flu-
idisation at specific stages in PSA simulation. However, 
bed fluidisation can occur at any point along the bed dur-
ing any step [8]. In other words, fluidisation may be ex-
perienced at certain points along the bed during certain 
steps in the above studies. 

To address the above research gaps, in this work we 
first employ the data-driven modelling approach [9,10] to 
develop prediction models for the pumping speed and 
power of the vacuum pump based on real performance 
curves. This approach enables accurate predictions of 
the vacuum pump's flow rate and energy consumption. 
We then develop a new, comprehensive V(P)SA mathe-
matical formulation with incorporation of the proposed 
vacuum pump performance models. This allows for an 
accurate evaluation of the V(P)SA process performance 
without relying on estimated vacuum pump energy effi-
ciency or pressure/flow rate BCs at the vacuum pump 
end of the adsorption bed. To determine the optimal op-
erating conditions and prevent bed fluidisation, we then 
construct a new optimisation problem that simultane-
ously incorporates the proposed V(P)SA model and the 
bed fluidisation constraints. To the best of our knowledge, 
this is the first work that considers simultaneously real 
vacuum pump performance data and bed fluidisation in 
V(P)SA optimisation. The capability of the developed 
V(P)SA model is illustrated through a case study. 

PROBLEM STATEMENT 
A PSA process operates cyclically with three funda-

mental steps, including pressurisation, high-pressure ad-
sorption, low-pressure regeneration. Some complemen-
tary steps such as pressure equalisation, rinse and purge 
are included to enhance process performance. An exam-
ple of the 4-step PSA cycle is illustrated in Figure 1. This 
cycle involves adsorption, blowdown, evacuation and 
feed pressurisation. The problem can be stated below: 
 Given: 

1. The number of adsorption bed, and bed 
configuration. 

2. Feed conditions such as flow rate, composition, 
temperature, and pressure. 

3. Adsorbent layers, physical properties of the 
adsorbent and the corresponding adsorption 
isotherms. 

4. Product purity and recovery requirements. 

 Determine: 

1. The time for each step. 

2. Operating conditions, such as operating pressures 
and feed flow velocity. 

For the illustrative example of the 4-step PSA cycle, 
the decision variables would be the time required for 
pressurisation, high-pressure adsorption, blowdown, and 
evaluation, the high adsorption pressure, the intermedi-
ate pressure, and the low pressure and the interstitial 
feed velocity. The degree of freedom is 8. 

Assumptions: 

 Gas phase follows ideal gas law. 

 Non-isothermal adsorption process. 

 The bulk flow pattern follows a plug flow model. 

 The adsorption equilibrium is described by a dual-
site Langmuir model with pure component 
isotherms dependent on gas phase concentration. 

 The mass transfer is described by a linear driving 
force (LDF) model where the mass transfer 
resistance is controlled by the molecular diffusion 
in the macropores. 

 The heat of adsorption of each gas component is 
constant. 

 Instantaneous heat transfer between bulk fluid and 
adsorbent. 

 Uniform bed with constant bed void fraction, 
particle porosity and particle size. 

 No radial gradients in concentration, temperature, 
or pressure. 

The objective is to minimise the energy penalty or 
cost. Other objectives such as minimize total annualised 
cost can also be employed. 

 
Figure 1. Example of a 4-step V(P)SA cycle. 

MATHEMATICAL FORMULATION FOR 
V(P)SA SIMULATION AND OPTIMISATION 
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Rigorous PSA model 
The dimensionless model equations for a general 

PSA process are provided as follows, 
𝜕𝜕𝑦𝑦𝑖𝑖
𝜕𝜕𝜕𝜕

= −𝑇𝑇�
𝑃𝑃�
𝜕𝜕
𝜕𝜕𝜕𝜕
�𝑦𝑦𝑖𝑖𝑃𝑃

�
𝑇𝑇�
𝑣̅𝑣� − 𝜓𝜓 𝑇𝑇�

𝑃𝑃�
𝜕𝜕𝑥𝑥𝑖𝑖
𝜕𝜕𝜕𝜕
− 𝑦𝑦𝑖𝑖

𝑃𝑃�
𝜕𝜕𝑃𝑃�
𝜕𝜕𝜕𝜕

+ 𝑦𝑦𝑖𝑖
𝑇𝑇�
𝜕𝜕𝑇𝑇�
𝜕𝜕𝜕𝜕

 (1) 

𝜕𝜕𝑃𝑃�
𝜕𝜕𝜕𝜕

= −𝑇𝑇� 𝜕𝜕
𝜕𝜕𝜕𝜕
�𝑃𝑃
�
𝑇𝑇�
𝑣̅𝑣� −  𝜓𝜓𝑇𝑇� ∑ 𝜕𝜕𝑥𝑥𝑖𝑖

𝜕𝜕𝜕𝜕
𝑛𝑛𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
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𝑇𝑇�
𝜕𝜕𝑇𝑇�
𝜕𝜕𝜕𝜕
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𝜕𝜕𝑇𝑇�
𝜕𝜕𝜕𝜕
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𝜕𝜕
𝜕𝜕𝜕𝜕
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𝜕𝜕𝑥𝑥𝑖𝑖
𝜕𝜕𝜕𝜕

𝑛𝑛𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑖𝑖 + ∑ �𝜎𝜎𝑖𝑖

𝜕𝜕𝑥𝑥𝑖𝑖
𝜕𝜕𝜕𝜕
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    (3) 

𝜕𝜕𝑥𝑥𝑖𝑖
𝜕𝜕𝜕𝜕
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1+∑ 𝑑𝑑𝑖𝑖𝑐𝑐𝑖𝑖

𝑛𝑛𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑖𝑖=1

   (5) 

−𝜕𝜕𝑃𝑃�
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Equation (1) is mass balance for each component. (2) 
is momentum balance equation. (3) is bed energy bal-
ance equation. (4) is linear driving force. (5) is adsorption 
isotherm equation. (6) is the Ergun equation for pressure 
drop. The boundary conditions for each cycle will be re-
ferred to [4]. 

We assume that the adsorption bed is connected di-
rectly to the vacuum pump with no pressure drop be-
tween them (see Figure 2). Given the same temperature, 
the outlet volumetric flow rate and pressure of the ad-
sorption bed are equal to the inlet volumetric flow rate 
and pressure of the vacuum pump, respectively, as spec-
ified by Eqs. (7) and (8). In Figure 4, 𝑍𝑍 = 0 represents the 
vacuum pump end of the adsorption bed, 𝑃𝑃𝑜𝑜𝑢𝑢𝑢𝑢,𝐵𝐵 and 𝑉𝑉𝑜𝑜𝑢𝑢𝑢𝑢,𝐵𝐵 
are the outlet pressure and volumetric flow rate of the 
bed, 𝑃𝑃𝑖𝑖𝑛𝑛,𝑉𝑉𝑉𝑉 and 𝑉𝑉𝑖𝑖𝑛𝑛,𝑉𝑉𝑉𝑉 are the inlet pressure and volumetric 
flow rate of the vacuum pump, and 𝑃𝑃𝑑𝑑𝑖𝑖𝑖𝑖 is the discharge 
pressure of the vacuum pump, which is assumed to be 
equal to the atmospheric pressure, 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 = 1 bar. 

𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 = 𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉    (7) 

𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 = 𝑉𝑉𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉    (8) 

 
Figure 2. Direct connection between the adsorption bed 
and a vacuum pump 

The inlet volumetric flow rate of the vacuum pump 
(𝑉𝑉𝑖𝑖𝑛𝑛,𝑉𝑉𝑉𝑉 ) must satisfy the vacuum pump pumping speed 
prediction model, as shown by Eq. (10), where 𝑓𝑓1�𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉� 
represents the best model developed. 

𝑉𝑉𝑖𝑖𝑛𝑛,𝑉𝑉𝑉𝑉 = 𝑓𝑓1�𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉�    (9) 

At the vacuum pump end, the outlet flow rate of the 
bed needs to satisfy the pressure drop correlation 
𝑓𝑓2�𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵�, as shown by Eq. (9), which is usually the Ergun 
equation [Eq. (6)] or Darcy’s law. 

𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 = 𝑓𝑓2�𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵�    (10) 

𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 and 𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉 can be computed by combining Eqs. 
(7)-(10). It should be noted that the pumping speed 
curves are normally measured at 298.15 K and 1 atm. 
Therefore, the volumetric flow rate must be converted to 
match the corresponding operating conditions.  

Given 𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵, the outlet interstitial velocity of the ad-
sorption bed 𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 can be computed: 

𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜, B = 𝑉𝑉𝑜𝑜𝑢𝑢𝑢𝑢,𝐵𝐵

𝜀𝜀𝜀𝜀
    (11) 

where 𝜀𝜀 is the adsorption bed void fraction, and A is the 
cross-section area of the column. 

We define 𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡,𝑉𝑉𝑉𝑉  as the total power required by 
the vacuum pump, which can be evaluated by the power 
prediction model, 𝑓𝑓3�𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉�, as shown by Eq. (12). 

𝑃𝑃𝑊𝑊𝑡𝑡𝑜𝑜𝑜𝑜,𝑉𝑉𝑃𝑃 = 𝑓𝑓3�𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉�    (12) 

The instantaneous isentropic gas compression 
power (𝑃𝑃𝑊𝑊𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠,𝑉𝑉𝑉𝑉) can be evaluated using Eq. (13). 

𝑃𝑃𝑊𝑊𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠,𝑉𝑉𝑉𝑉 = 𝜅𝜅
𝜅𝜅−1

𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉 ∙ 𝜀𝜀 ∙ 𝜋𝜋 ∙ 𝑟𝑟𝑖𝑖𝑖𝑖2 ∙ 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜,𝐵𝐵 ��
𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑
𝑃𝑃𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉

�
𝜅𝜅−1
𝜅𝜅
− 1�

       (13) 

where 𝜅𝜅 represents the gas isentropic constant, and 
𝑟𝑟𝑖𝑖𝑖𝑖 is the inner radius of the column. 

The instantaneous vacuum pump efficiency, 𝜂𝜂𝑉𝑉𝑃𝑃, is 
therefore defined as the ratio of the isentropic gas com-
pression power to the total vacuum pump power. 

𝜂𝜂𝑉𝑉𝑃𝑃(%) = 𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑉𝑉𝑉𝑉

𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡,𝑉𝑉𝑉𝑉
× 100%   (14) 

Based on the instantaneous values from Eqs. (13) 
and (14), Eqs. (15) and (16) are used to compute the total 
energy consumption and the time-averaged efficiency of 
the vacuum pump: 

𝐸𝐸𝑡𝑡𝑜𝑜𝑜𝑜,𝑉𝑉𝑃𝑃 = ∫ 𝑃𝑃𝑊𝑊𝑡𝑡𝑜𝑜𝑜𝑜,𝑉𝑉𝑃𝑃
𝑡𝑡𝑓𝑓
𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖

𝑑𝑑𝑑𝑑   (15) 

𝜂𝜂𝑎𝑎𝑎𝑎𝑎𝑎,𝑉𝑉𝑃𝑃(%) = 1
𝑡𝑡𝑓𝑓−𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖

∫ 𝜂𝜂𝑉𝑉𝑃𝑃
𝑡𝑡𝑓𝑓
𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖

𝑑𝑑𝑑𝑑   (16) 

where 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖 and 𝑡𝑡𝑓𝑓 represent the initial and final time points 
between which the vacuum pump operates, 𝐸𝐸𝑡𝑡𝑜𝑜𝑜𝑜,𝑉𝑉𝑃𝑃 is the 
total vacuum pump energy consumption, and 𝜂𝜂𝑎𝑎𝑎𝑎𝑎𝑎,𝑉𝑉𝑃𝑃  is 

Z = 0
Pout,B Vout,B

Pdis = Patm

Vin,VP

Pin,VP
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the time-averaged efficiency of the vacuum pump over 
the period between 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖 and 𝑡𝑡𝑓𝑓, respectively. 

Adsorption Bed Fluidisation 
The adsorption bed fluidisation is characterised by 

the approach to fluidisation (ATF): 

𝐴𝐴𝐴𝐴𝐴𝐴 =
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕�𝑚𝑚𝑚𝑚𝑚𝑚.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

    (17) 

where 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

 denotes the pressure gradient at a specific 

location in the bed, and 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
𝑚𝑚𝑚𝑚𝑚𝑚.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

 is the minimum fluidi-

sation pressure gradient in the upflow direction. 

−𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
𝑚𝑚𝑚𝑚𝑚𝑚.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

= �𝜌𝜌𝑔𝑔 − 𝜌𝜌𝑠𝑠� ∙ (1 − 𝜀𝜀) ∙ 𝑔𝑔  (18) 

where 𝜌𝜌𝑔𝑔 and 𝜌𝜌𝑠𝑠are the density of gas and adsorbent, re-
spectively; ε is the bed void fraction; g is the gravitational 
constant. Eq. (18) essentially states that bed fluidisation 
occurs when the upward force exerted on a section of 
the bed offsets its gravity due to the pressure drop. 

To prevent the onset of fluidisation, the ATF value 
should be limited within some values in the upflow and 
downflow operations, respectively. 

𝐴𝐴𝐴𝐴𝐴𝐴𝑢𝑢𝑢𝑢 ≤ 𝜃𝜃𝑢𝑢𝑢𝑢     (19) 

𝐴𝐴𝐴𝐴𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≤ 𝜃𝜃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑    (20) 

where 𝐴𝐴𝐴𝐴𝐴𝐴𝑢𝑢𝑢𝑢 and 𝐴𝐴𝐴𝐴𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 represent the ATF value in the 
upflow and downflow directions, respectively. 

Additional constraints 
The following constraints are imposed in addition to 

the V(P)SA model. First, the required product purity and 
recovery must be satisfied. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  ≥     𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡   (21) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ≥ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡    (22) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑔𝑔𝑔𝑔𝑔𝑔 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

=

𝜀𝜀𝜀𝜀
𝑅𝑅 ∫

𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜 ∙ 𝑦𝑦𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 ∙ 𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜
𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑𝑑𝑑𝑡𝑡𝑝𝑝
0

𝜀𝜀𝜀𝜀
𝑅𝑅 ∫ 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜 ∙ 𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜

𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜
𝑑𝑑𝑑𝑑𝑡𝑡𝑝𝑝

0

 
(23) 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 

=  
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑔𝑔𝑔𝑔𝑔𝑔 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑔𝑔𝑔𝑔𝑔𝑔 𝑓𝑓𝑓𝑓𝑓𝑓

=

𝜀𝜀𝜀𝜀
𝑅𝑅 ∫ 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜 ∙ 𝑦𝑦𝑖𝑖 ∙ 𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜

𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜
𝑑𝑑𝑑𝑑𝑡𝑡𝑝𝑝

0

𝜀𝜀𝜀𝜀
𝑅𝑅 ∑ ∫

𝑣𝑣𝑓𝑓
𝑗𝑗 ∙ 𝑦𝑦𝑓𝑓,𝑖𝑖

𝑗𝑗 ∙ 𝑃𝑃𝑓𝑓
𝑗𝑗

𝑇𝑇𝑓𝑓
𝑗𝑗 𝑑𝑑𝑑𝑑𝑡𝑡𝑓𝑓

0
𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑗𝑗=1

 
(24) 

where 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡  and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡  are are the purity and 
recovery of the target gas, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡 

denote the required purity and recovery. 
We also constrain the bed length-to-diameter ratio 

(𝐿𝐿 𝐷𝐷⁄ ) to either a fixed value or within specified bounds. 
The lower and upper bounds are imposed for all de-

cision variables, generally represented by a vector 𝐱𝐱. 

𝐱𝐱𝑙𝑙𝑙𝑙 ≤ 𝐱𝐱 ≤ 𝐱𝐱𝑢𝑢𝑢𝑢    (25) 

where 𝐱𝐱 is a vector of all decision variables, 𝐱𝐱𝑙𝑙𝑙𝑙 and 𝐱𝐱𝑢𝑢𝑢𝑢 
are the lower and upper bounds. The V(P)SA optimisation 
problem (denoted as P) is defined as follows: 

𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜𝑜𝑜
𝑠𝑠. 𝑡𝑡. PSA model equations 1 − 6

Eqs. 7 − 11, or estimated vacuum pump efficiency
Equations 12− 24
𝐿𝐿/𝐷𝐷 = 𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  𝑜𝑜𝑜𝑜 𝑅𝑅𝑙𝑙𝑙𝑙 ≤ 𝐿𝐿/𝐷𝐷 ≤ 𝑅𝑅𝑢𝑢𝑢𝑢

Boundary conditions in [4]
𝐱𝐱𝑙𝑙𝑙𝑙 ≤ 𝐱𝐱 ≤ 𝐱𝐱𝑢𝑢𝑢𝑢

 

where 𝑜𝑜𝑜𝑜𝑜𝑜  is the objective function, which usually de-
notes the total cost. Genetic algorithm (GA) in MATLAB is 
used to solve the optimisation problem P with a popula-
tion size of 24 times of the number of decision variables 
and a maximum generation of 50 [3]. 

It should be noted that the V(P)SA model P enables 
computation of the instantaneous outlet gas velocity and 
pressure of the adsorption bed on the vacuum pump end. 
As a result, an estimated boundary condition, such as a 
constant flow rate or a predefined pressure profile, is not 
required. It enables accurate evaluation of the vacuum 
pump pumping speed and energy consumption, from 
which the vacuum pump efficiency is determined post-
simulation. This contrasts with the common approaches 
where predefined estimations of the necessary BCs and 
vacuum pump efficiency are required in previous studies.  

RESULTS AND DISCUSSION 

Performance Prediction Models of Vacuum 
Pumps 

After reviewing a large number of vacuum pump 
vendor manuals, ten vacuum pump performance curves 
are identified, which account for a broad range of the 
pumping speed. The ten vacuum pumps are given below, 

 Leybold DRYVAC DV 800 screw vacuum pump 

 Leybold LEYVAC LV 140 screw vacuum pump (50 
Hz) 

 Leybold LEYVAC LV 140 screw vacuum pump (60 
Hz) 

 Zhaohan 2BE1 202 liquid ring pump (790 RPM) 

 Zhaohan 2BE1 202 liquid ring pump (880 RPM) 

 Edwards EDS 300 dry screw vacuum pump 

 Edwards EDS 480 dry screw vacuum pump 
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 Edwards nXDS20i dry scroll vacuum pump 

 Edwards nXDS15i dry scroll vacuum pump 

 Edwards nXDS10i dry scroll vacuum pump 

Data points are extracted from each performance 
curve using WebPlotDigitizer to establish the prediction 
models of vacuum pump pumping speed and power (i.e., 
eqs. 10 and 12) using the data-driven approach [9,10]. 
The training and test results for pumping speed are pro-
vided in Table 1. It is quantitatively shown that each per-
formance model demonstrates close agreement with the 
data, as indicated by the low RMSE values and coefficient 
of determination (R²) values near 1. 

Table 1. Training and test results 

Pump 
Pumping speed 

Training Test 
R RMSE R RMSE 

DV      
 Hz     
Hz     
 
RPM     

 
RPM     

EDS      
EDS      
nXDS

i     

nXDS
i     

nXDS
i     

VPSA Optimization Results 
We take the VSA cycle from [3] to illustrate the pro-

cess optimisation results by simultaneously considering 
the vacuum pump performance prediction models and 
the fluidisation constraints. The VSA cycle is illustrated in 
Figure 1. The feed gas mixture, consisting of 20% CO2 and 
80% N2, enters the bed at 313.15 K. Parameters such as 
the adsorbent physical properties, adsorption isotherms, 
column configuration are adapted from [3]. The objective 
function is CO2 capture cost from [3]. 

We compare the optimisation results by using a con-
stant efficiency of 72%, the efficiency correlation from [6], 
and the developed V(P)SA model involving vacuum pump 
performance models, respectively. The constant effi-
ciency of 72% is used in case 1, whilst the correlation from 
[6] is used in case 2. The developed V(P)SA model is 
used in case 3. The objective is to minimise the CO2 cap-
ture cost [3]. The purity and recovery of product CO2 are 
required to be at least 0.95 and 0.90, respectively. The 
length-to-diameter ratio is fixed at 3 [3]. 

Table 2. Optimisation results for cases 1-4 with fluidisa-
tion constraints 

Case     
Vacuum pump efficiency % – – % 
Operating conditions     
Fixed variables     
Length-to-diameter ratio (–)     
Decision variables     
Adsorption time (s)     
Pressurisation time (s)     
Blowdown outlet velocity (m 
s−)   –  

Evacuation outlet velocity (m 
s−)   –  

Intermediate pressure (bar)     
Low pressure (bar)     
Feed velocity (m s−)     
Column length (m)     
Dependent variables     
Maximum feed pressure (bar)     
Blowdown time (s)     
Evacuation time (s)     
Blowdown outlet velocity (m 
s−) – –  – 

Evacuation outlet velocity (m 
s−) – –  – 

Train configuration     
No of columns per train (–)     
No of parallel trains (–)     

Total adsorbent volume (m) 
 


 


 


 

Process performance     
Purity (%)     
Recovery (%)     
Productivity (mol m− s−)     
Overall power consumption 
(MWe) 

    

Overall time-averaged effi-
ciency (%) –   – 

Approach to fluidisation (ATF)     
Upflow     
Maximum adsorption ATF     
Maximum blowdown ATF     
Downflow     
Maximum evacuation ATF     
Maximum pressurisation ATF     

CO capture cost (€/tCO avoided)   
  

 
The optimisation results for cases 1-3 are provided 

in Table 2. When the constant efficiency of 72% and the 
efficiency correlation from [6] are used (i.e., cases 1-2), 



 

Liao et al. / LAPSE:2025.0347 Syst Control Trans 4:1214-1220 (2025) 1219  

the resulting vacuum pressure 𝑃𝑃𝐿𝐿  is 0.02 bar and the 
evacuation time is significantly longer than the blowdown 
time. These results correspond to the fact that deep vac-
uum and long evacuation are necessary to satisfy purity 
and recovery requirements. the lowest CO2 capture cost 
of 60.93 €/tCO2, avoided is achieved in case 1 with the 
constant efficiency of 72%. The cost in case 2 is 69.56 
€/tCO2, avoided, which is 14% higher than that in case 1. 
The CO2 capture cost in case 3 is 131.23 €/tCO2, avoided, 
which is the highest cost among these three cases. This 
is primarily due to the low outlet interstitial velocity in the 
blowdown and evacuation steps when using the DV 800 
vacuum pump. The low flow rate eventually leads to 
longer blowdown and evacuation, which greatly in-
creases the number of columns required to process the 
same amount of feed gas, resulting in a higher column 
cost and fixed operating cost. 

We use the time-averaged efficiency of 36% ob-
tained from case 3 as a constant efficiency to further il-
lustrate the importance and effectiveness of incorporat-
ing the proposed vacuum pump performance models. 
The illustration is created as case 4. The optimisation re-
sults for case 4 are also provided in Table 2. The CO2 
capture cost is 74.86 €/tCO2, avoided in case 4, which is 
43% lower than 131.23 €/tCO2, avoided in case 3. This 
indicates that the CO2 capture cost can be significantly 
underestimated even when a well-estimated efficiency 
value is used. From Table 2, it is shown that the maximal 
ATF values in all cases have been constrained within the 
critical thresholds (i.e., 0.8 in the upflow and 1.8 in the 
downflow) at the final optimal solutions. The maximal ATF 
values in the pressurisation step remain the highest, as a 
sufficiently low 𝑃𝑃𝐿𝐿  is essential for satisfying both purity 
and recovery requirements. 

We also compare the optimisation results without 
consideration of adsorption bed fluidisation, which are 
presented in Table 3. By comparing results in Tables 2 
and 3, the duration of each step has been significantly 
extended to achieve lower ATF values. Notably, the ad-
sorption time is 350, 348, 356 and 364 s for cases 1-4, 
respectively, which has been increased by 130% for case 
3, and at least 160% for cases 1-2 and 4. The pressurisa-
tion time, which is an additional decision variable, in-
creases less significantly from a fixed value of 30 s in Ta-
ble 3 to ~60 s in Table 2, due to a slightly larger differ-
ence between 𝑃𝑃𝐼𝐼  and 𝑃𝑃𝐿𝐿 . To maintain a small pressure 
drop across the bed and reduce the fluidisation level dur-
ing the adsorption step, the feed velocity in Table 2 be-
comes almost half of that in Table 3 (i.e., 0.48 vs. 1.08 m 
s−1 for case 1, 0.50 vs. 1.04 m s−1 for case 2, 0.50 vs. 1.05 
m s−1 for case 3 and 0.50 vs. 0.99 m s−1 for case 4), which 
in turn increases the number of parallel trains and the 
amount of the adsorbent required, leading to higher col-
umn and adsorbent costs. As a result, the optimal CO2 
capture costs for cases 1-4 are increased by at least 16% 

compared those in Table 3. These results show that in-
corporating fluidisation constraints into PSA optimisation 
leads to substantial differences in the optimal solution, 
indicating a significant impact on PSA design. 

Table 3. Optimisation results for cases 1-4 without fluid-
isation constraints 

Case     
Vacuum pump efficiency % – – % 
Operating conditions     
Fixed variables     
Length-to-diameter ratio (–)     
Decision variables     
Adsorption time (s)     
Blowdown outlet velocity (m s−)   –  
Evacuation outlet velocity (m s−)   –  
Intermediate pressure (bar)     
Low pressure (bar)     
Feed velocity (m s−)     
Column length (m)     
Dependent variables     
Maximum feed pressure (bar)     
Blowdown time (s)     
Evacuation time (s)     
Blowdown outlet velocity (m s−) – –  – 
Evacuation outlet velocity (m s−) – –  – 

Train configuration     
Number of columns per train (–)     
Number of parallel trains (–)     
Total adsorbent volume (m)     
Process performance     
Purity (%)     
Recovery (%)     
Productivity (mol m− s−)     
Overall power consumption 
(MWe) 

    

Overall time-averaged efficiency 
(%) –   – 

Approach to fluidisation (ATF)     
Upflow     
Maximum adsorption ATF     
Maximum blowdown ATF     
Downflow     
Maximum evacuation ATF     
Maximum pressurisation ATF     
VSA capture cost (€/tCO avoided)     

CONCLUSION 
In this work, we developed an enhanced computa-

tional approach for simulation and optimisation of the 
vacuum (pressure) swing adsorption (V(P)SA) by incor-
porating both the realistic vacuum pump performance 
prediction models and adsorption bed fluidisation con-
straints. The computational results demonstrated that 
the predictions from the developed performance predic-
tion models closely matched the vacuum pump data. The 
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developed V(P)SA model did not assume an estimated 
energy efficiency or predefined pressure/flow rate 
boundary conditions for the vacuum pump. The vacuum 
pump efficiency typically falls in the range of 20% to 40%. 
This is consistent with the efficiency of 30% reported in 
a pilot study. When an estimated vacuum pump efficiency 
was applied, the optimal CO2 capture cost was underes-
timated by at least 42%. It was found that bed fluidisation 
occurs when using a large rate of change in the pressure 
boundary conditions, or a vacuum pump with an exces-
sively high pumping speed. Incorporating the vacuum 
pump performance prediction models and accounting for 
bed fluidisation constraints have a significant impact on 
V(P)SA optimisation outcomes, with the optimal solution 
varying considerably under different conditions. Future 
research will integrate vacuum pump performance pre-
diction models into industrial-scale V(P)SA simulations to 
further evaluate the effectiveness of the proposed com-
putational approach. 
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