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 A B S T R A C T

This paper contributes to existing literature on fuel gas control by providing a feasible control solution with 
improved economic performance for an existing fuel gas control benchmark problem. Improved economic 
performance is achieved by implementing a non-linear model predictive controller (NMPC) that uses state 
estimates provided by a moving horizon estimator (MHE) and extended Kalman filter (EKF) for the fuel gas 
composition and flame speed index (FSI) to provide continuous inputs for the controller. Furthermore, the 
original fuel gas benchmark model is expanded to include consumer dynamics affecting fuel gas demand due 
to changes in the fuel gas heating value, making the model more representative of real industrial plants. 
The behaviour of an NMPC that neglects consumer dynamics (NMPC1) was compared against an NMPC that 
includes consumer dynamics (NMPC2).

The aim of the benchmark problem is to reduce the time-weighted average cost of fuel gas for three 46-hour 
cases, accounting for purchase costs and penalties for fuel gas specification violations. An optimal cost for each 
case is determined assuming ideal conditions and perfect control. The benchmark controller is a conventional 
multi-loop feedforward/feedback system and has an average cost for the three cases which is 38.5% higher 
than the optimal cost. The NMPC1 controller has an average cost which is 33.9% higher than the optimal cost 
and better than the benchmark controller.

A new benchmark scenario was developed which includes the consumer dynamics. For the new scenario, 
NMPC1 could not find a feasible solution, resulting in oscillations and specification violations. The oscillations 
would result in site-wide instabilities for all equipment using fuel gas. NMPC2 was able to keep the process 
stable during these scenarios and maintain all specifications. This shows the necessity to include consumer 
dynamics for effective fuel gas blending control.
1. Introduction

Fuel gas serves as a major energy source in most chemical indus-
trial plants. Typically, fuel gas consists of a blend of off-gases from 
downstream units. The off-gases are by-products or out-of-specification 
gas from downstream units which are flared if not used. If there is 
not a sufficient amount of off-gas to produce the necessary amount of 
fuel gas, additional gas such as Natural Gas (NG) must be purchased 
to make-up the deficiency. The optimisation objective of the fuel gas 
blending system is to use as much free off-gases as possible while 
maintaining various fuel gas quality specifications. Besides the obvious 
economic benefit, blending as much off-gases that are destined for 
flaring reduces total emissions as there is a reduction in burning of the 
purchased streams such as NG. Fuel gas blending control presents an 
interesting multivariable control opportunity due to the large number 
of consumers where small optimisation improvements can lead to 
significant environmental and financial benefits.
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The modelling and control of industrial gas networks and headers 
have received increasing attention in the literature [1–6]. As far as fuel 
gas blending control is concerned, Dreyer and Kotze [7] has an active 
patent on the control of fuel gas blending, which covers methods and 
systems of controlling both a quantity metric (e.g., header pressure) and 
at least one quality metric (e.g. calorific value) of a fuel gas system. The 
methods include using non-linear equations to estimate fuel gas quality 
as well as using non-linear control with an extended Kalman filter 
(EKF) to compensate for unmeasured disturbances and model–plant 
mismatch. Brooks et al. [8] used the patented methods and software 
described by [7] to optimise the fuel gas blending system of a 90 000-
bpd refinery in Cape Town, South Africa, as part of an overall Energy 
and Emissions Optimisation project.

Segers et al. [9] designed and installed a blending station to provide 
low cost blended natural gas to power plants in Odessa Texas. The plant 
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blends cheaper high nitrogen (N2) content (28%), low calorific value 
off-specification gas, with expensive high calorific value gas containing 
2% N2. The objective was to control the N2 content below the gas 
turbine specification limit of 15% by installing a real-time fuel gas 
calorific analyser and controlling the flow rates of the two feed streams 
to achieve the optimal blend.

Muller et al. [10] modelled and validated an industrial fuel gas 
system and evaluated various control techniques. Traditional model 
predictive control (MPC) with static gains was compared to an Iter-
ative MPC that updated the model gains every 10 min based on the 
developed first-principle non-linear models. Muller et al. [10] also 
evaluated implementing a real-time optimiser (RTO) in conjunction 
with the MPC. RTO involves using a non-linear steady-state optimiser 
to calculate optimal controlled variable (CV) targets and final manipu-
lated variable (MV) resting values for the MPC. RTO provided the best 
economic performance for the scenario evaluated by [10], followed by 
the Iterative MPC.

Ricker et al. [11] expanded on the fuel gas system developed 
by [10] to include measurement limitations similar to what would be 
encountered in a real industrial plant. The system was developed into 
a benchmark problem that features three cases, each case consisting of 
23 discrete events that occur over a 46-hour period. The benchmark so-
lution provided by [11] involves using a non-linear solver to determine 
the optimal ratios of each feed stream required to maintain the fuel gas 
specifications, accounting for the maximum available feed rate of each 
stream. A total flow controller in the form of a conventional multi-loop 
feedforward/feedback system was used to maintain the pressure.

The effects of consumer dynamics was neglected by [10,11]. They 
modelled the effects on the header pressure from all the feed streams 
using the same transfer function which is not representative of real 
industrial plants as fuel gas demand flow rate (𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

) is affected 
by the high heating value (HHV) of the fuel gas. The feed streams will 
cause different responses to 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 as the feed streams affect the 
HHV uniquely due to the difference in compositions. Sibiya et al. [12] 
modelled these effects using a furnace as consumer which is under 
Proportional-Integral (PI) feedback control together with a Smith pre-
dictor for dead-time compensation. They highlighted the effects of 
model–plant mismatch when using a linear MPC that neglects the 
consumer dynamics. Models linearised at nominal conditions were used 
to represent the fuel gas blending process.

Although the benchmark problem [11] was published more than 
a decade ago, there have been no published attempts to improve the 
performance. The main contribution of this paper is to provide a control 
solution which improves on the original controller tested on the bench-
mark problem. The control solution relies on providing continuous, 
accurate predictions of the fuel gas composition in the presence of 
measurement errors and limitations encountered in the benchmark 
problem, using an EKF and MHE. The composition predictions are then 
used in a non-linear MPC (NMPC) to control the fuel gas system.

Furthermore, this paper expands on the work done in [12] by 
incorporating consumer dynamics into the non-linear model used in 
the benchmark problem [11], making it more representative of a 
real industrial plant. The behaviour of two NMPCs is investigated, 
one that neglects consumer dynamics and another that includes the 
consumer dynamics in the controller state equations. It is shown that 
with limitations in the feed supply streams, the NPMC which considers 
the additional consumer dynamics is able to solve for a feasible and 
stable solution where all CVs are within limits. The NMPC which does 
not include consumer dynamics did not find a feasible solution and 
exhibited unstable oscillatory behaviour.

The paper is organised as follows. Section 2 summarises the fuel 
gas blending process and models and presents the additional consumer 
dynamic models. Section 3 details the available measurements for the 
process. Section 4 explains the cost function used to evaluate the 
economic performance of the benchmark problem. Section 5 develops a 
state estimator for the fuel gas composition as well as flame speed index 
2 
Fig. 1. Process diagram of fuel gas header with purchase streams in blue and off-gases 
in red.

(FSI) to be used by the NMPC. Section 6 explains the NMPC design and 
tuning. Section 7 presents the NMPC results to the benchmark problem. 
Section 8 presents a new case that includes consumer dynamics and 
the results of two NMPCs in the presence of the consumer dynamics: 
NMPC1 which excludes the consumer dynamics versus NMPC2 which 
accounts for these. Section 9 concludes the paper.

2. Process overview

This section gives an overview of the fuel gas system and the process 
models developed by [10], and used in the fuel gas blending benchmark 
problem [11]. The consumer dynamics developed in [12] are also 
presented. Fig.  1 shows the process diagram of the system.

2.1. Process description

The fuel gas system blends six feed streams (𝐹𝑖), namely, NG (𝐹1), 
reformed gas (RG) (𝐹2), hydrogen (H2) (𝐹3), N2 (𝐹4), tail gas 1 (TG1) 
(𝐹5), and tail gas 2 (TG2) (𝐹6). The aim is to keep the header pressure 
(𝑦𝑃 ) within limits while maintaining the fuel gas specifications. These 
specifications are the fuel gas HHV (𝑦𝐻𝐻𝑉 ), the Wobbe Index (WI) 
(𝑦𝑊 𝐼 ), and FSI (𝑦𝐹𝑆𝐼 ). A header temperature measurement (𝑇𝑚) is 
available, but it is not controlled. Table  1 shows the fuel gas system 
operating ranges and costs.

NG and N2 are purchased make-up streams. NG is rich in hy-
drocarbons (methane (CH4) and heavier hydrocarbons (C+2 )) and is 
primarily used to keep the calorific value (𝑦𝐻𝐻𝑉 ) of the fuel gas above 
the minimum specification. NG comes from multiple sources and the 
stream composition changes in a stepwise manner when the industrial 
plant switches sources [10,11].

N2 has no calorific value and is typically used during high 𝑦𝐹𝑆𝐼
periods to maintain 𝑦𝐹𝑆𝐼  below the high limit. The N2 stream has a 
constant high composition purity (∼100%). RG is the synthesis gas 
intended to be used by downstream units to produce valuable products. 
NG, RG, and N  have costs associated with their usage.
2
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Table 1
Fuel gas operating range and stream costs.
 Min Max Unit Relative Cost

[Cost/kNm3]
 

Inputs (MVs)
 NG (𝐹1) 0 15 kNm3/h 0.678  
 RG (𝐹2) 0 20 kNm3/h 0.254  
 H2 (𝐹3) 0 5 kNm3/h 0  
 N2 (𝐹4) 0 5 kNm3/h 0.068  
 TG1 (𝐹5) 0 30 kNm3/h 0  
 TG2 (𝐹6) 0 30 kNm3/h 0  

Outputs (CVs)
 𝑦𝐻𝐻𝑉 16.5 18 MJ/Nm3 –  
 𝑦𝑊 𝐼 25 27 MJ/Nm3 –  
 𝑦𝐹𝑆𝐼 39 46 – –  
 𝑦𝑃 2 000 2 200 kPa –  

TG1 and TG2 are off-gases from downstream units within the indus-
trial plant that are flared if not blended in the fuel gas. The composition 
of TG1 and TG2 typically varies continuously which disturbs the pro-
cess. The H2 stream is excess hydrogen not used downstream and is 
bound for flaring. Its composition is constant (assumed 100% pure). 
These three streams have no direct costs when used within the fuel gas 
blending system. The availability of the three streams varies based on 
operations and can sometimes drop to zero. RG is typically used in the 
fuel gas system when TG1 and/or TG2 are unavailable.

The feed stream flow rates are MVs, and 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 is a measured dis-

turbance variable. 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 is dependent on downstream fuel gas con-

sumers within the industrial plant. These are typically furnaces, fired 
heaters and boilers [8,13]. In a real industrial plant, 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 is also 
affected by 𝑦𝐻𝐻𝑉 . If 𝑦𝐻𝐻𝑉  decreases, the consumers increase 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
to maintain the same fuel gas demand duty (𝑄𝐷𝑒𝑚𝑎𝑛𝑑) [11,12]. These 
dynamics are not present in the original benchmark problem [11].

The optimisation objective is to use as much off-gases as possible 
while maintaining the quality specifications and 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

. Increasing 
the use of off-gases results in the reduction of expensive make-up gas 
purchases and reductions in total gases flared across the plant.

2.2. Process models

The process models of the fuel gas system were developed and 
validated using data from an industrial plant by [10].

The system can be described using six states which are the moles of 
the six chemical components present in the fuel gas. These components 
are CH4, C+2 , H2, N2, carbon monoxide (CO) and carbon dioxide (CO2). 
The state equations based on the mass balance, assuming perfect mixing 
and no reactions, are [11] 
𝑑𝑁𝑗

𝑑𝑡
= 44.64

6
∑

𝑖=1

(

𝑦𝑗𝑖𝐹𝑖 − 𝑦𝑗𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

)

, (1)

where index 𝑖 refers to the six feed streams, index 𝑗 refers to the 
chemical components, and 𝑁𝑗 [kmol] is the molar amount of 𝑗 in the 
header. 𝐹𝑖 and 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 are measured in units of kNm3/h, and must be 
multiplied by 44.64 to convert from kNm3/h to kmol/h [10,11]. 𝑦𝑗𝑖 is 
the mole fraction of component 𝑗 in stream 𝑖. Table  2 gives the typical 
𝑦𝑗𝑖 values of each feed stream. 𝑦𝑗 is the mole fraction of component 𝑗
in the header calculated as 

𝑦𝑗 =
𝑁𝑗

𝑁𝑇
, (2)

where 𝑁𝑇  [kmol] is the total number of moles in the header (
∑6

𝑗=1 𝑁𝑗).
Using the ideal gas law, the pressure 𝑦𝑃  [kPa] of the fuel gas header 

is calculated as 

𝑦 =
𝑁𝑇𝑅𝑇𝑍 , (3)
𝑃 𝑉

3 
where 𝑉 = 100 m3 is the fuel gas header volume, 𝑍 is the compress-
ibility factor assumed to be 1.06, 𝑅 = 8.314 J/mol⋅K is the universal 
gas constant and 𝑇  [K] is the header temperature [11].

The gas properties for the fuel gas are calculated based on the molar 
compositions [10,11]. 𝑦𝐻𝐻𝑉  [MJ/Nm3] is calculated as 

𝑦𝐻𝐻𝑉 =
6
∑

𝑗=1
𝑦𝑗𝐻𝐻𝑉𝑗 , (4)

where 𝐻𝐻𝑉𝑗 [MJ/Nm3] is the HHV of component 𝑗 given in Table  3
[10]. 𝑦𝑊 𝐼  [MJ/Nm3] is calculated as 

𝑦𝑊 𝐼 =
𝑦𝐻𝐻𝑉
√

𝜌𝐹𝐺
, (5)

where 𝜌𝐹𝐺 is the specific gravity of the fuel gas, calculated as 

𝜌𝐹𝐺 =

∑6
𝑗=1 𝑦𝑗𝑀𝑊𝑗

𝑀𝑊𝑎𝑖𝑟
, (6)

where 𝑀𝑊𝑗 [kg/kmol] is the molar weight of component 𝑗, and 
𝑀𝑊𝑎𝑖𝑟 = 28.8 [kg/kmol] is the molar weight of air [10]. 𝑦𝐹𝑆𝐼  is 
calculated as 

𝑦𝐹𝑆𝐼 =

∑6
𝑗=1 𝑦𝑗𝑠𝑗

∑6
𝑗=1 𝑦𝑗𝐴𝑗 + 5(𝑦𝑁2

+ 𝑦𝐶𝑂) + 1
, (7)

where 𝑠𝑗 is the flame speed factor and 𝐴𝑗 is the molar stoichiometric 
air demand factor of component 𝑗. 𝑦𝑁2

 and 𝑦𝐶𝑂 are the mole fractions 
of N2 and CO2 respectively. N2 and CO2 are treated as inert gasses. The 
component characteristics are given in Table  3.

2.3. Consumer dynamics model

Detailed modelling of the fuel gas consumer dynamics is described 
in [12]. The dynamics are based on furnace behaviour under coil 
outlet temperature PI control with a Smith predictor for dead-time 
compensation. This model is chosen because furnaces and other fired 
heaters represent up to 90% of the fuel gas usage of a refinery [13]. 
The control objective is to control the temperature of a process outlet 
stream at a desired value by manipulating fuel gas demand going 
into the burners which will then vary the furnace duty to achieve the 
desired outlet temperature. 𝑦𝐻𝐻𝑉  is a disturbance to the furnace and 
influences the amount of 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 required to maintain the desired 
outlet temperature.

The changes in 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 due to consumer dynamics caused by 

changes in 𝑦𝐻𝐻𝑉  will have secondary effects on 𝑦𝑃 . Since all the 
different streams cause different effects to 𝑦𝐻𝐻𝑉 , the secondary ef-
fects will be different for all streams. Table  4 shows the models for 
changes in 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 for the six fuel gas feed streams linearised at the 
nominal fuel gas conditions [12]. Table  4 also shows the linearised 
𝑦𝑃  models from [10] which exclude the consumer dynamics (𝑦𝑃1) and 
those from [12] which include the consumer dynamics (𝑦𝑃2) at the 
nominal conditions. Sibiya et al. [12] showed that the largest consumer 
dynamics effects would be on the NG and N2 streams.

The relationship between 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 and 𝑦𝐻𝐻𝑉  can be derived from 

the furnace control scheme block diagram shown in [12]. After model 
order reduction, the relationship is given by 
𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

(𝑠)
𝑦𝐻𝐻𝑉 (𝑠)

= 𝑘
(1 + 0.45𝑠)

, (8)

where 𝑘 is the gain calculated based on the current 𝑦𝐻𝐻𝑉  and 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
. 

This model will be used in the controller implementation to represent 
the consumer dynamics.
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Table 2
Typical compositions (𝑦𝑖𝑗 ) and properties for the feed streams (𝐹𝑖).

 𝑗 NG (𝐹1) RG (𝐹2) H2 (𝐹3) N2 (𝐹4) TG1 (𝐹5) TG2 (𝐹6) 
 CH4 1 0.911 0.015 – – 0.055 0.15  
 C+

2 2 0.068 0.0 – – 0.01 0.01  
 H2 3 0.0 0.62 1 – 0.62 0.57  
 N2 4 0.015 0.005 – 1 0.025 0.06  
 CO 5 0.0 0.31 – – 0.26 0.13  
 CO2 6 0.006 0.05 – – 0.03 0.08  
  
 HHV
[MJ/Nm3]

43.02 11.78 12.10 0.0 13.96 15.39  

 WI
[MJ/Nm3]

52.62 17.87 45.73 0.0 21.60 22.92  
Table 3
Component characteristics.
 𝑗 𝐻𝐻𝑉𝑗 𝑊 𝐼𝑗 𝜌𝑗 𝑀𝑊𝑗 𝐴𝑗 𝑠𝑗  
 [MJ/Nm3] [MJ/Nm3] [kg/kmol]  
 CH4 1 37.78 50.72 0.557 16.04 9.55 148 
 C+

2 2 126.5 87.62 2.018 58.12 31.0 514 
 H2 3 12.10 45.88 0.069 2.02 2.39 339 
 N2 4 – – 0.973 28.02 – –  
 CO 5 11.97 12.17 0.968 28.01 2.39 61  
 CO2 6 – – 1.528 44.01 – –  
Table 4
Fuel streams to fuel gas demand models [10,12]. 𝑦𝑃 1 excludes consumer dynamics and 𝑦𝑃 2 includes consumer dynamics.
 NG (𝐹1) RG (𝐹2) H2 (𝐹3) N2 (𝐹4) TG1 (𝐹5) TG2 (𝐹6)  
 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

−1.5𝑒−2.25𝑠

0.905𝑠2+ 2.54𝑠 + 1
0.332𝑒−2.25𝑠

1.11𝑠2+ 3.04𝑠 + 1
0.332𝑒−2.25𝑠

0.97𝑠2+ 2.71𝑠 + 1
1𝑒−2.25𝑠

1.12𝑠2+ 3.05𝑠 + 1
0.223𝑒−2.25𝑠

0.992𝑠2+ 2.77𝑠 + 1
0.127𝑒−2.25𝑠

1.15𝑠2+ 3.09𝑠 + 1
 

 𝑦𝑃 1 18.67
𝑠

18.67
𝑠

18.67
𝑠

18.67
𝑠

18.67
𝑠

18.67
𝑠

 
 𝑦𝑃 2 46.8

𝑠(2.92𝑠+1)
12.7(4.52𝑠+1)
𝑠(1.1𝑠+1)2

12.7(4.35𝑠+1)
𝑠(1.09𝑠+1)(𝑠+1)

106
(3.03𝑠+1)(0.21𝑠+1)

14.7(3.09𝑠+1)
𝑠(0.96𝑠+1)(0.85𝑠+1)

16.5(2.14𝑠+1)
𝑠(0.77𝑠+1)(0.73𝑠+1)

 

Table 5
Summary of available measurements in the benchmark problem [11].
 Description Unit Sample

Interval (s)
Delay (s) 𝜎  

 𝐹𝑖,𝑚𝑎𝑥 Feed stream maximum availability kNm3/h 20 0 0  
 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

Fuel gas demand flow rate kNm3/h 20 0 0.9  
 𝑇𝑚 Header temperature K 20 0 0  
 𝑦𝑃 Header pressure kPa 20 0 5  
 𝑦𝐻𝐻𝑉 Fuel gas high heating value MJ/Nm3 20 20 0.07 
 𝑦𝑊 𝐼 Fuel gas Wobbe index MJ/Nm3 20 60 0.07 
 𝑦𝐹𝑆𝐼 Fuel gas flame speed index – 600 120 0.07 
 𝑦𝑖𝑠 Mole fraction for stream indicated by 𝑖𝑠 mol% 600 120 0  
 𝑖𝑠 Spectrometer stream status indicator – 120 0 0  
3. Measurements

The measurements on the benchmark problem [11] are representa-
tive of what would be encountered on an industrial plant. All measure-
ments, except the mass spectrometer analyser, have a sampling period 
of 20 seconds. All flows, 𝑦𝑃 , and 𝑇𝑚 measurements have negligible 
dead-time. 𝑦𝐻𝐻𝑉  and 𝑦𝑊 𝐼  have dead-times of 20 seconds and 1 minute 
respectively.

A single mass spectrometer is used to measure the five streams 
that have varying compositions (NG, RG, TG1, TG2 and Fuel gas) in 
Fig.  1. (In other words, it measures 𝑦𝑖𝑗 for the NG, RG, TG1 and TG2 
streams, and 𝑦𝑗 for the fuel gas stream.) Each stream takes 2 min to 
analyse. Therefore, the sampling period for each stream is 10 minutes 
and the measurement will be 2 minutes delayed. The analyser has a 
status indicator 𝑖𝑠 to indicate which stream has the latest available 
measurement. There is a 0.001 probability that a bad measurement 
can occur [11]. If a bad measurement does occur, 𝑖𝑠 shows a negative 
number. 𝑦𝐹𝑆𝐼  is calculated based on the mass spectrometer; therefore, 
it only updates every 10 min.

The analyser cannot give the exact composition of the C+2  com-
ponent and only gives the total C+ fraction. Because the actual C+
2 2

4 
is time-varying, the measured 𝑦𝐻𝐻𝑉  and 𝑦𝑊 𝐼  can differ from those 
calculated using the analyser composition.

All measurements have systematic calibration errors and noise ap-
proximated using the standard deviation 𝜎 of each signal when at 
steady-state. Table  5 summarises the measurements.

4. Economic performance evaluation formula

The economic objective of the fuel gas system is to minimise the cost 
of gas purchasing while maintaining the demand and specifications. 
The instantaneous cost (𝐶), therefore, is a combination of two parts: 
the cost of the streams per demand (𝐶𝑐) and the penalty incurred for 
specification violations (𝐶𝛿) [11], 

𝐶 = 𝐶𝑐 + 𝐶𝛿 . (9)

Detailed explanation and equations to calculate the costs are given 
in [11]. The performance metric for each case is taken as the averaged 
cost 𝐶̄ over the 46-hour case period. 𝐶̄ at a discrete time instant 𝑡𝑘 > 0
is taken as 

𝐶̄(𝑡 ) =

∑𝑘
𝑗=1 𝐶(𝑡𝑗 )

. (10)
𝑘 𝑘



M.D. Sibiya et al. Journal of Process Control 154 (2025) 103527 
Fig. 2. Flowchart of fuel gas estimator implementation with input variables in red and estimated variables in blue.
Ricker et al. [11] provides optimal costs (𝐶𝑂𝑝𝑡𝑖𝑚𝑎𝑙) for each of the 
three benchmark test cases. The optimal costs were calculated under 
ideal conditions (accurate, noise-free and continuous measurements of 
all gas compositions and specifications). Small constraint violations 
were not penalised when calculating the optimal costs. 𝐶𝑂𝑝𝑡𝑖𝑚𝑎𝑙 rep-
resents the best possible costs that could be achieved with perfect 
control.

5. Fuel gas composition estimator

To improve the performance of any control scheme that relies on the 
composition of the fuel gas, a continuous measurement of the composi-
tion is beneficial. Since the fuel gas composition is only updated every 
10 min (assuming a bad status indication does not occur), an estimator 
can be used to provide continuous estimates of the fuel gas moles (𝑁̂𝑗) 
and composition (𝑦̂𝑗).

5.1. Estimator selection

Given accurate measurements of 𝐹𝑖, 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 and 𝑦𝑗𝑖, the fuel gas 

composition can be continuously estimated using (1), (2) and a state 
estimator such as an extended Kalman filter (EKF). Bias updates could 
then be made to the estimates every 10 min when the fuel gas analyser 
updates.

The biggest challenge with implementing a fuel gas composition es-
timator for the benchmark fuel gas system is the presence of calibration 
errors (𝜖𝐹𝑖 ) on the flow rate measurements. This is an important issue in 
blending applications and prevents accurate prediction of compositions 
using mass balance due to the actual 𝐹𝑖 of each stream (𝐹𝑖𝑎𝑐𝑡𝑢𝑎𝑙 ) not 
being known. The calibration errors on the flow rates of the benchmark 
system are representative of industrial plants, unknown, and different 
for each case [11]. The calibration errors are additive and 𝐹𝑖𝑎𝑐𝑡𝑢𝑎𝑙  is 
given as 
𝐹𝑖𝑎𝑐𝑡𝑢𝑎𝑙 = 𝐹𝑖 + 𝜖𝐹𝑖 . (11)

The 𝐹𝑖𝑎𝑐𝑡𝑢𝑎𝑙  measurements differ from the controller outputs and are 
not available for use in the implementation of the control solution. 
5 
Using just an EKF to predict the fuel gas composition fails due to 
the presence of the calibration errors. To overcome this limitation, a 
moving horizon estimator (MHE) was implemented together with an 
EKF. The MHE is used every 10 min to estimate the calibration errors 
and provide these estimates to the EKF, which runs every 20 s to better 
predict the fuel gas composition.

The EKF calculates 𝑁̂𝑗 based on estimated 𝜖𝐹𝑖  ( ̂𝜖𝐹𝑖 ) values. The EKF 
uses ̂𝜖𝐹𝑖  together with the 𝐹𝑖 signals from the controller to calculate 
𝐹𝑖𝑎𝑐𝑡𝑢𝑎𝑙 , which is then used in place of 𝐹𝑖 in (1) to estimate the fuel gas 
composition. The MHE uses 𝑁𝑀𝐻𝐸 previous analyser updates together 
with the EKF estimations to update ̂𝜖𝐹𝑖 . ̂𝜖𝐹𝑖  is obtained by minimising 
the squared sum of the estimate errors from the past measurements 
(arrival cost). Fig.  2 shows a flowchart of the estimator implementation.

Various methods to compute the arrival cost in the MHE framework 
have been studied, such as Kalman filters for linear systems [14] and 
extended Kalman filters for non-linear systems [15]. Other methods 
to compute the arrival cost include unscented Kalman filtering [16], 
sampling based filters [17], particle filters [18], nonlinear program-
ming (NLP) sensitivity [19], adaptive estimation methods [20] and 
a recursive approach [21]. For this study, the EKF method provided 
satisfactory results.

5.2. Estimator implementation

The estimator is divided into two steps: an estimation step that 
calculates 𝑁̂𝑗 at every execution interval (20 s) using an EKF, and an 
update step that biases 𝑁̂𝑗 on the EKF and updates ̂𝜖𝐹𝑖  using the MHE 
every 10 min when new fuel gas analyser values become available.

5.2.1. Estimation step
For the estimation step, a state-space model of 𝑁𝑗 for the EKF was 

obtained by linearising (1) around the nominal operating point and 
discretising (1) using Euler’s method with a step-size of 2 s. For the 
model, the states are 𝑥𝑗 = 𝑁𝑗 , the inputs are 𝐮 =

[

𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
, 𝐹𝑖

]𝑇
, and 

the parameters are 𝐩 =
[

𝑦𝑗𝑖, ̂𝜖𝐹𝑖
]𝑇
. ̂𝜖𝐹𝑖  is initialised as [0, 0, 0, 0, 0, 0]𝑇

and subsequently updated with the MHE when the mass spectrometer 



M.D. Sibiya et al. Journal of Process Control 154 (2025) 103527 
Fig. 3. Comparison of estimated states against actual and measured states.
measurements of 𝑦𝑗𝑖 becomes available every 10 min. The full state 
vector is measured. The initial states are calculated at the nominal 
values of the benchmark as [14.73, 1.01, 47.81, 4.52, 9.66, 5.97]𝑇 .

5.2.2. Update step
The fuel gas analyser measures the mole fraction 𝑦𝑗 in mol%, 

whereas the MHE provides the state estimates (𝑁̂𝑗) as kmol. The molar 
amount 𝑁𝑗 can be calculated using (3) such that: 

𝑁𝑗𝑐𝑎𝑙𝑐 = 𝑦𝑗𝑁𝑇 = 𝑦𝑗
𝑦𝑃 𝑉
𝑅𝑇𝑚𝑍

. (12)

𝑁𝑗𝑐𝑎𝑙𝑐  is then used during the EKF and MHE update step.
The MHE problem is formulated as: 

min
𝜖𝐹𝑖

𝐽𝑀𝐻𝐸 (13)

subject to, 

𝑁̂𝑗 (𝑡𝑘−𝑖|𝑘) ≥ 0, ∀ 𝑖 = 0, 1,… , 𝑁𝑀𝐻𝐸 , (14a)

− 1 ≤ 𝜖𝐹𝑖 ≤ 1, (14b)

where 

𝐽𝑀𝐻𝐸 = ‖

‖

‖

𝛥𝜖𝐹𝑖 (𝑡𝑘)
‖

‖

‖

2
𝑊𝜖𝐹𝑖

+
𝑁𝑀𝐻𝐸
∑

𝑖=0

‖

‖

‖

𝑁̂𝑗𝑑𝑒𝑙𝑎𝑦𝑒𝑑 (𝑡𝑘−𝑖|𝑘) −𝑁𝑗𝑐𝑎𝑙𝑐 (𝑡𝑘−𝑖|𝑘)
‖

‖

‖

2
𝑊𝑌 .

(15)

𝑁𝑀𝐻𝐸 is the estimation horizon which is the number of previous 
measured values to use when estimating ̂𝜖𝐹𝑖 . 𝑁𝑀𝐻𝐸 was taken as 
20. 𝑁̂𝑗𝑑𝑒𝑙𝑎𝑦𝑒𝑑  is 𝑁̂𝑗 from 2 min prior to the analyser update, since the 
analyser update is only available after a 2 min delay. The time between 
each sampling interval 𝑡𝑘 is 10 min. 𝛥𝜖𝐹𝑖  is the change in 𝜖𝐹𝑖  from the 
previous estimates. 𝑊 ̂𝜖𝐹𝑖

 and 𝑊𝑌  are weighting matrices. 𝑊 ̂𝜖𝐹𝑖
 was set 

as 0 and 𝑊𝑌  was set as 𝐼6×6.

5.3. Composition state estimation results

Fig.  3 shows the results of the estimator against the actual 𝑁𝑗 for the 
first 10 h of case 1 of the benchmark problem. The estimates initially 
start with a larger deviation to the actual 𝑁𝑗 , which is due to the 
presence of the calibration errors in the flow measurements. As more 
measurements become available and the MHE is able to better predict 
̂𝜖𝐹𝑖 , the estimates become more accurate until they closely match the 
actual 𝑁 .
𝑗

6 
5.4. FSI estimation

𝑦𝐹𝑆𝐼  has a 10 min update interval as it is based on the fuel gas 
analyser readings. To provide a continuous measurement for improved 
control, the estimated fuel gas compositions together with (7) is used 
to provide a continuous estimate of 𝑦𝐹𝑆𝐼  (𝑦̂𝐹𝑆𝐼 ).

The controller will have 𝑦̂𝐹𝑆𝐼  as the CV rather than the less fre-
quently available 𝑦𝐹𝑆𝐼 . 𝑦̂𝐹𝑆𝐼  does not need to be biased using the actual 
𝑦𝐹𝑆𝐼  since the composition estimates used to calculate 𝑦̂𝐹𝑆𝐼  are already 
biased using the analyser measurements (Section 5.2.2).

Fig.  4 shows 𝑦̂𝐹𝑆𝐼  against the actual 𝑦𝐹𝑆𝐼  for case 1 of the bench-
mark [11]. Similar to the state estimates, 𝑦̂𝐹𝑆𝐼  starts with a large 
deviation but becomes more accurate as more measurements become 
available to better estimate ̂𝜖𝐹𝑖  and the states. The close match between 
𝑦̂𝐹𝑆𝐼  and 𝑦𝐹𝑆𝐼  shows that the controller can use the estimates to 
maintain the 𝑦𝐹𝑆𝐼  specification. The actual 𝑦𝐹𝑆𝐼  will still be used for 
the performance evaluation in the benchmark.

6. NMPC design

This section describes the development of the NMPC that uses the 
measurements discussed in Section 3, and the estimates discussed in 
Section 5 to control the fuel gas system. NMPC was chosen because the 
fuel gas system is non-linear, and the process gains for all specifications 
change depending on the current composition of the fuel gas header 
and the feed streams.

6.1. NMPC model state function

The NMPC model is based on the models described in Section 2.2. 
No offset-free mechanism is implemented in this article.

6.1.1. NMPC model state function variables
The state 𝐱, input 𝐮, and the output 𝐲 vectors are defined as:

𝐱 = [𝑁̂1, 𝑁̂2, 𝑁̂3, 𝑁̂4, 𝑁̂5, 𝑁̂6]𝑇 , (16a)

𝐮 = [𝐹1, 𝐹2, 𝐹3, 𝐹4, 𝐹5, 𝐹6]𝑇 , (16b)

𝐲 = [𝑦𝐻𝐻𝑉 , 𝑦𝑊 𝐼 , 𝑦̂𝐹𝑆𝐼 , 𝑦𝑃 ]𝑇 . (16c)

The upper limits of the inputs are changed online during run time by 
using the available 𝐹𝑖,𝑚𝑎𝑥 signals.

NG, RG, TG1, TG2 compositions and 𝑇𝑚 are considered as parameters 
and updated during the controller run time by directly using their 
measurements when they become available as described in Section 3. 
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Fig. 4. Comparison of estimated FSI against actual FSI.
The N2 and H2 feed streams are assumed as pure components with a 
constant composition of 100%. The parameter vector 𝐩 is defined as 

𝐩 = [𝑦1𝑗 , 𝑦2𝑗 , 𝑦5𝑗 , 𝑦6𝑗 , 𝑇𝑚]𝑇 . (17)

6.1.2. NMPC cost function
The NMPC problem is formulated as: 

min
𝐮(𝑘+1|𝑘),…,𝐮(𝑁𝑐+1|𝑘)

𝐽𝑁𝑀𝑃𝐶 (18)

subject to: 

𝐱 ∈ R𝑁𝑥×𝑁𝑝 , 𝐱 ≥ 0; (19a)

𝐲 ∈ R𝑁𝑦×𝑁𝑝 , 𝐲 ≤ 𝐲 ≤ 𝐲̄; (19b)

𝐮 ∈ R𝑁𝑢×𝑁𝑐 , 𝐮 ≤ 𝐮 ≤ 𝐮̄; (19c)

𝜟𝐮 ∈ R𝑁𝑢×𝑁𝑐 , 𝛥𝐮 ≤ 𝜟𝐮 ≤ 𝛥𝐮̄; (19d)

𝐱(𝑘 + 𝑖 + 1|𝑘) = 𝑓𝑘
(

𝐱(𝑘 + 𝑖|𝑘),𝐮(𝑘 + 𝑖|𝑘),𝐩(𝑘 + 𝑖|𝑘)
)

, (19e)

𝐲(𝑘 + 𝑖|𝑘) = 𝑔𝑘
(

𝐱(𝑘 + 𝑖|𝑘),𝐩(𝑘 + 𝑖|𝑘)
)

, ∀𝑖 = 1, 2,… , 𝑁𝑝. (19f)

where 

𝐽𝑁𝑀𝑃𝐶 =
𝑁𝑃
∑

𝑖=1
‖𝐲(𝑘 + 𝑖|𝑘) − 𝐫𝐲(𝑘 + 𝑖)‖2𝐖𝐏 +

𝑁𝐶
∑

𝑖=1

(

‖𝜟𝐮(𝑘 + 𝑖|𝑘)‖2𝐖𝐂 + ‖𝐮(𝑘 + 𝑖|𝑘) − 𝐫𝐮(𝑘 + 𝑖)‖2𝐖𝐋

)

.

(20)

𝑁𝑃  is the prediction horizon and 𝑁𝐶 is the control horizon. (1) is 
used to calculate the states (𝑓𝑘) and (3) to (7) are used to calculate 
the outputs (𝑔𝑘). 𝐖𝐏, 𝐖𝐂, and 𝐖𝐋 are weighting matrices for the 
output reference error, input move sizes and input deviations from their 
references respectively. The references 𝐫𝐲 and 𝐫𝐮 are the desired output 
and input trajectories respectively. 𝐲 and 𝐲̄ are the output low and high 
limits, 𝐮 and 𝐮̄ are the input low and high limits, and 𝛥𝐮 and 𝜟𝐮̄ are 
the change in input low and high limits. The NMPC follows a receding 
horizon approach.

6.2. NMPC tuning

This section details the tuning used for the NMPC. The controller 
is implemented using the MATLAB MPC toolbox [22]. The final NMPC 
tuning parameters are given in Table  6. The controller sampling time 
(𝑇𝑠) was chosen as 20 s, and 𝑁𝑃  was chosen as 15 samples (5 min). 
𝑁𝐶 was chosen with blocking implemented at intervals [1 1 2 3 5 
3] which means that the controller only calculates moves for the 1st, 
2nd, 4th, 7th, 12th and 15th (last) interval in the predicted horizon. 
Blocking ensures the controller is robust and does not make aggressive 
moves [22].
7 
Table 6
Final NMPC variable tuning parameters.
 Min Max Scale

Factor
Weight Rate

Weight
 

Inputs (MVs)
 NG 0 15 30 67.8 5  
 RG 0 20 30 25.4 5  
 H2 0 5 30 0 5  
 N2 0 5 30 6.8 5  
 TG1 0 30 30 0 5  
 TG2 0 30 30 0 5  

Outputs (CVs)
 𝑦𝐻𝐻𝑉 16.5 18 1.5 10 –  
 𝑦𝑊 𝐼 25 27 2 10 –  
 𝑦𝐹𝑆𝐼 39 46 7 10 –  
 𝑦𝑃 2 000 2 200 200 15 –  

No 𝛥𝑢 limits are implemented to give the controller freedom. To 
reduce excessive MV movements observed during the benchmark cases, 
𝐖𝐂 is chosen as, 
𝐖𝐂 = 𝐒−1𝐔 5𝐈𝟔×𝟔 (21)

where 𝐒−1𝐔  is the diagonal MV scaling matrix MATLAB uses to scale the 
MVs. The scaling for all MVs is given as 30, which corresponds with 
the largest range for the TG1 and TG2 streams.

To optimise the economic cost of fuel gas, 𝐫𝐮 and 𝐖𝐋 are chosen as, 

𝐫𝐮 = [0, 0, 5, 0, 30, 30]𝑇 , (22a)

𝐖𝐋 = 𝐒−1𝐔 diag (67.8, 25.4, 0, 6.8, 0, 0) . (22b)

The MVs associated with NG, RG and N2 are given targets of 0 to 
minimise them and weights of 67.8, 25.4 and 6.8, respectively, in 
proportion to their relative costs provided in Table  1. The MV high 
limit values are changed online based on the benchmark 𝐹𝑖,𝑚𝑎𝑥 signals.

For the CVs, 𝐫𝐲 and 𝐖𝐏 are chosen as, 
𝐫𝐲 = [17.25, 26, 42.5, 2100]𝑇 , (23a)

𝐖𝐏 = 𝐒−1𝐘 diag(10, 10, 10, 15). (23b)

where 𝐒−1𝐘  is the diagonal CV scaling matrix. The scaling factor was 
taken as the range for each CV. Since the control objective of the fuel 
gas blending benchmark is to keep the CVs within the limits and not 
setpoint control, 𝐫𝐲 is chosen as the middle values of the CV ranges. 
All CVs have the same weights, except for 𝑦𝑃 , which is given a larger 
weight so that the controller moves the pressure away from the low 
limit towards the midpoint.

As can be expected, NMPC tuning parameters influences the con-
troller behaviour and performance, specifically the achieved cost. The 
final parameters presented in the article were obtained through trial-
and-error and yielded the best overall results. Potentially better tuning 
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parameters can be obtained to improve the final cost, but the current 
parameters give a satisfactory performance across all the different 
cases.

A stability analysis of the closed-loop system is considered out-
side the scope of this study. In an industrial plant there is gener-
ally a fall-back local controller which takes over should the NMPC 
misbehaves.

7. Benchmark results

The NMPC is applied to the three benchmark cases defined in [11]. 
Each benchmark case is 46 h long and has 23 unique discrete upsets, 
each occurring every 2 h. The feed streams gas compositions vary grad-
ually over time, and each case has different biases for the feed streams 
flow measurements. Neither the simulated plant or the controller model 
include consumer dynamics. In this section, the results of the NMPC are 
presented for case 1 of the benchmark. Table  7 presents a summary of 
the results for all the three cases.

7.1. Case 1 performance

Figs.  5 and 6 show the response of the controller for the first bench-
mark case. The last row of Fig.  6 shows the instantaneous economic cost 
and time-weighted average cost. The optimal costs, as provided in the 
benchmark results, are plotted as dotted green lines. As expected, 𝐶
and 𝐶̄ in Fig.  6 for both the NMPC and the optimal solution increases 
when there is a reduction of TG1 and TG2 availability.

Fig.  6 shows that the controller generally keeps the CVs within 
limits while also being close to 𝐶𝑂𝑝𝑡𝑖𝑚𝑎𝑙. 𝑦𝑊 𝐼  is on or below the low 
specification limit of 25 for extended periods. 𝑦𝐻𝐻𝑉  is also frequently 
on or above the high specification limit. There are also a few instances 
when 𝑦𝐹𝑆𝐼  and 𝑦𝑃  violate their limits.

Unlike 𝐶𝑂𝑝𝑡𝑖𝑚𝑎𝑙, the NMPC cost 𝐶 has spikes when it violates the 
specification limits, especially between 10–20 and 34–46 h. The spikes 
in 𝐶 are mostly due to violations of the 𝑦𝑊 𝐼  and 𝑦𝐻𝐻𝑉  limits at those 
times. The limits could be adjusted for the CVs but this would affect 
the optimal solution that the controller calculates and could ultimately 
result in reduced performance in other scenarios.
8 
7.2. Summary of all benchmark cases

Table  7 shows the final 𝐶̄ as well as the contribution of 𝐶̄𝛿 to the 
final 𝐶̄ for each of the cases. For case 1, 𝐶̄𝛿 contributes 15.3% to the 
total 𝐶̄ of 0.1132. 𝐶̄ for case 1 is 45.1% higher than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙. This 
is a big improvement from the benchmark controller, which is 70.6% 
higher than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙.

Although the controller provided a significant improvement for 
case 1, case 2 had a poorer performance and case 3 had a fairly 
similar performance to the benchmark controller. The response of the 
controller for case 2 and 3 are not shown due to space limitations. For 
case 2, 𝐶̄𝛿 contributes 8.9% to the total cost 𝐶̄ of 0.1128. 𝐶̄ for case 2 
is 29.7% higher than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙. This is a decrease in performance from 
the benchmark controller, which is 19.1% higher than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙.

For case 3, 𝐶̄𝛿 contributes 3.5% to the total cost 𝐶̄ of 0.0941. 𝐶̄
for case 3 is 27.2% higher than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙. This is a slight increase in 
performance from the benchmark controller, which is 27.6% higher 
than 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙.

Overall, the NMPC performs better than the benchmark controller, 
achieving an average cost that is 33.9% higher than the average 
𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙, whereas the benchmark controller is 38.5% higher than the 
average 𝐶̄𝑂𝑝𝑡𝑖𝑚𝑎𝑙.

8. Fuel gas consumer dynamics

As discussed in Section 2.1, the benchmark problem does not in-
clude consumer dynamics. To evaluate the NMPC performance in the 
presence of consumer dynamics, the consumer model described in 
Section 2.3 was added to the benchmark model. The NMPC used in 
Section 7 for the benchmark problem (NMPC1) is compared to an NMPC 
that accounts for the effects of consumer dynamics in its state function 
(NMPC2).

8.1. Including consumer dynamics in the NMPC model

The state vector in (16a) is amended to include 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
 as a state: 

𝐱 = [𝑁̂1, 𝑁̂2, 𝑁̂3, 𝑁̂4, 𝑁̂5, 𝑁̂6, 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑
]𝑇 . The consumer dynamics model 

was given as (8) in Section 2.3.
Fig. 5. NMPC MVs for benchmark case 1.
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Fig. 6. NMPC CVs and costs for benchmark case 1.
Table 7
Comparison of final NMPC economic performance against benchmark results [11]. 𝐶̄ (% higher than optimal cost), 𝐶̄𝛿 (% contribution to total 
cost).
 NMPC Benchmarka Optimala 
 Case 1 𝐶̄ 0.1132 (45.1%) 0.1331 (70.6%) 0.078  
 𝐶̄𝛿 0.0173 (15.3%) 0.0316 (23.7%) 0  
 Case 2 𝐶̄ 0.1128 (29.7%) 0.1036 (19.1%) 0.087  
 𝐶̄𝛿 0.0100 (8.9%) 0.0048 (4.6%) 0  
 Case 3 𝐶̄ 0.0941 (27.2%) 0.0944 (27.6%) 0.074  
 𝐶̄𝛿 0.0033 (3.5%) 0.0074 (7.8%) 0  
 Average 𝐶̄ 0.1067 (33.9%) 0.1104 (38.5%) 0.0797  
 𝐶̄𝛿 0.0102 (9.6%) 0.0146 (13.2%) 0  
a Results reported in [11].
8.2. Case 4: Including consumer dynamics

The cases presented in the benchmark do not provide scenarios 
where the effects of consumer dynamics would affect the controller 
performance. As shown by [12], the largest model–plant mismatches 
relate to the models involving the NG and N2 streams. Therefore, the 
largest difference would be noticed when there is a limitation of the 
other streams and the controller is forced to use NG and N2 to meet 
𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 and maintain specifications.
The case below is created to show scenarios that would require 

the use of NG and N2. The case starts at the nominal plant conditions 
with all streams available. The following events then take place at the 
specified times:

• 2 h: TG2 availability drops from 30 to 19 kNm3/h.
• 4 h: RG and TG1 availability drops to 0 kNm3/h.
• 6 h: TG1 availability increases to 16.5 kNm3/h.
• 8 h: TG2 availability drops to 0 kNm3/h.
• 10 h: RG availability increases to 16 kNm3/h.
• 12 h: TG1 availability drops to 0 kNm3/h.
• 14 h: All streams are available at maximum capacity.

The above listed events represent scenarios where just enough RG, 
TG  or TG  would be available to make up the bulk of the fuel gas, 
1 2

9 
and the controller maximises H2, but must still use more NG and N2 to 
meet demand. The lack of fuel gas supply or increase in demand is a 
common occurrence in an industrial plant when some of the units that 
provide off-gasses are not available and the fuel gas demand cannot be 
met without using more expensive streams.

8.3. Case 4 results

Figs.  7 and 8 shows the response of NMPC1 and NMPC2 for the 
consumer dynamics case. Both NMPCs behave similarly if there is 
enough availability of RG, TG1 and/or TG2. However, once there is a 
large offset between supply and demand, NMPC1 aims to use more of 
the less expensive N2 than NG to meet the demand. Since N2 has no 
heating value, this action will also increase 𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 [12], causing 𝑦𝑃
to further drop and the controller to use more N2. The control actions 
of NMPC1 ultimately result in instability through oscillations as the 
controller is not able to maintain the pressure and the specifications 
within the required limits. NMPC2 which accounts for consumer dy-
namics correctly uses more of the expensive NG and is able to meet 
𝐹𝐹𝐺𝐷𝑒𝑚𝑎𝑛𝑑

 and reach a feasible solution which maintains all the fuel gas 
specifications within limits.

Table  8 shows the final 𝐶̄ for case 4 as well as the contributions 
of 𝐶̄𝑐 and 𝐶̄𝛿 to the final 𝐶̄. NMPC1 has a total cost of 1.8831 which is 
significantly higher than the total cost of NMPC  of 0.1044. The cost 𝐶̄ , 
2 𝛿
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Fig. 7. NMPC1 vs. NMPC2 MVs during scenarios of limited feed streams.
Fig. 8. NMPC1 vs. NMPC2 CVs and costs during scenarios of limited feed streams.
which indicates specification violations, contributes 94.4% of the total 
cost for NMPC1 compared to 0% for NMPC2. This is because NMPC2
was able to maintain the CVs within their limits.

The excessive oscillations on the fuel gas heating value and other 
specifications caused by NMPC1 will result in all equipment that use 
fuel gas in the plant to also oscillate. Furthermore, oscillations in the 
fuel gas controller causes factory-wide instabilities that could feed back 
into the fuel gas and amplify the problem even more. The oscillat-
ing behaviour can also result in operators typically switching off the 
controller more frequently and adjusting the available streams flow 
rates manually or using the base-layer control schemes. Switching off 
10 
the controller results in sub-optimal operations considering costs and 
specification violations.

9. Conclusion

An NMPC was built for the fuel gas blending benchmark problem 
given by [11]. The NMPC uses an accurate continuous fuel gas header 
composition estimator designed using an EKF and MHE for the system. 
The estimated composition was used as states for the NMPC and 
to provide a continuous estimation for 𝑦𝐹𝑆𝐼 . The state equation for 
the estimator was the mass balance equation of the header, and the 
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Table 8
Comparison of NMPC1 vs. NMPC2 results. 𝐶̄𝛿 (% contribution to total cost).
 NMPC1 NMPC2 
 Case 4 𝐶̄ 1.8831 0.1044 
 𝐶̄𝑐 0.1049 0.1044 
 𝐶̄𝛿 1.7775 (94.4%) 0 (0%) 

estimations are updated every 10 min when a new analyser update 
becomes available.

The aim of the NMPC was to achieve improved performance com-
pared to the benchmark controller. Overall, the NMPC achieved a cost 
33.9% higher than the averaged optimal cost, whereas the benchmark 
controller achieved a cost 38.5% higher. The improved performance 
is largely a contribution from the first case since case 2 provided a 
poorer performance and case 3 provided a slightly better performance 
compared to the benchmark controller.

Consumer dynamics were added to the non-linear fuel gas model to 
make it more representative of a real process. A new case which has 
scenarios that force the controller to make a trade-off between using 
more of either NG or N2 was investigated which would occur if there 
is limited off-gas supply or a large increase in fuel gas demand. The 
lack of fuel gas supply or increase in demand represents a common 
occurrence in industrial plants, especially when some of the units that 
provide off-gasses are not available and the fuel gas demand cannot be 
met without using more expensive streams.

It was shown that if the NMPC excludes consumer dynamics in 
the state function (NMPC1), it could become unstable and result in 
oscillations and large specification violations during these periods. 
These oscillations would typically result in factory-wide instabilities 
as all equipment that use fuel gas would also oscillate. NMPC2 which 
accounts for consumer dynamics provided stable control during these 
periods. For the new case, NMPC1 achieved a total cost of 1.8831, 
of which 94.4% of the total cost was due to specification violations. 
NMPC2 achieved a total cost of 0.1044 of which the penalty due to 
specification violations was 0%. Future work can include investigating 
offset-free mechanisms [23–25] on NMPC1 to handle the consumer 
dynamics mismatches.
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