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a b s t r a c t   

Introducing Artificial Intelligence (AI) tools is one of the development trends in complex industrial systems 
in the industry 4.0 environment. Unique challenges in system operations need to be handled by effective 
operation support systems. The knowledge-based operation support systems are developing rapidly in 
recent years. The paper aims at highlighting the concerns of knowledge acquisition and representation in 
one of the knowledge-based methodologies, the Multilevel Flow Modelling (MFM). A procedure of 
knowledge acquisition and representation for building MFM models is proposed to aim at improving the 
overall model quality and consistency. An interface linking systems’ instrumentations to MFM functions are 
introduced. The new reasoning engine is used for MFM based real-time cause-consequence reasoning about 
dynamic plant situations. The model verification and validation, and the model performance evaluation 
analysis method are proposed. This paper also provides case studies that illustrate the effectiveness of 
intelligent operation support by applying MFM to an off-shore water injection system. It demonstrates that 
the procedure of knowledge acquisition and representation can facilitate the model builders, and ensure the 
quality of the models used for operation support. 

© 2021 The Author(s). Published by Elsevier B.V. on behalf of Institution of Chemical Engineers. 
CC_BY_4.0   

1. Introduction 

Good operators’ performance (Rasmussen, 1983) in the process 
industry is one of the key elements to keep the plant working in the 
normal operating range and preventing production losses. Introdu-
cing Artificial Intelligence (AI) tools is one of the development trends 
in process systems (Sage, 1991). Process systems are socio-technical 
systems supporting operators’ performance can be improved from 
two aspects: human and systems. From the human aspect, re-
searches focus on offline operators’ training with simulators and 
human factor analysis (Ahmad et al., 2016; Dalijono et al., 2005; 
Omidi et al., 2018). These studies aim to improve the human cog-
nitive capability for situation awareness (Endsley et al., 2003; 
Gordon, 1992; Naderpour et al., 2015). From the system aspect, re-
searches focus on advanced control technologies and smart sensors 
(Chang et al., 2011) and smart alarm systems design (Ahmed et al., 
2011; Wang et al., 2016, 2015a, 2015b). Yet unique challenges remain 

in the process operations in an industry 4.0 environment 
(Arunthavanathan et al., 2021; Khan et al., 2021; Yan et al., 2017). 

In an industry 4.0 environment, an intelligent plant operates 
using advanced sensors and information technologies. The con-
sequence is a large amount of data is generated and received by the 
operators. At the same time, there is a lack of an integrated frame-
work/platform which can interpret, store and update the informa-
tion and knowledge that is encoded in the plant-wide big data, 
preventing the information and knowledge to be used directly for 
operators’ decision-making in real-time. The decision-making tasks 
are knowledge-intensive and are presently not supported efficiently 
by existing IT technology used in the industries. SCADA (Supervisory 
Control and Data Acquisition) solutions and the current control room 
displays are developed from engineering documents under the as-
sumption that these documents provide the information and 
knowledge required for diagnosing malfunctions, making counter-
action or mitigation plans. The information captured in these 
documents is relevant for the plant operation, but are developed 
mainly for recording plant design and construction. It is not suffi-
cient for supporting operators to cope with complicated or un-
familiar operational situations. Only by understanding how the 
process, equipment, and control systems interact and influence the 
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system behaviour during disturbances can the operators determine 
opportunities for intervention. Cause-effect relations of the plant 
objectives and functions are seldom documented in a form that is 
effective and ready to use. However, they are essential for the op-
erators to achieve situation awareness (Naderpour et al., 2015) 
during plant upsets. Explicitly specified operational objectives for 
evaluating the consequences of any disturbance and selecting among 
alternative courses of action are also not directly obtainable in the 
control rooms. 

In 2016, the Danish Hydrocarbon Research and Technology 
Centre (DHRTC) at DTU (Technical University of Denmark) initiated a 
project aims at providing a real-time decision support solution for 
control room operators. The solution targets increasing production 
efficiency by reducing plant upsets and disturbances (Bek-Pedersen 
et al., 2019). Joining this effort, a software system called Kairos 
Control Room Assistant(CRA) is developed by the project partner 
Kairos Technology, based on the function modelling approach Mul-
tilevel Flow Modelling (MFM) and its reasoning software prototype 
developed by DTU (Lind, 2011). CRA targets increasing the oil pro-
duction by 5% once it is installed across the entire production system 
and integrated into a control and safety system on a platform. Fur-
thermore, the CRA is expected to reduce the environmental footprint 
as well as the risk of safety incidents. 

In the project, the MFM method and its capability for diagnosis 
are benchmarked with other methods such as the Signed Directed 
Graph (SDG) in Reinartz et al. (2019). MFM models of specific sys-
tems, e.g. water injection systems, are developed for the plant-wide 
online diagnosis and control room decision support. One of the 
lessons learnt from the project is that MFM model quality and 
consistency vary from different model builders if the MFM model 
must be built from scratch and no clear guideline is followed. The 
quality of MFM models influences their diagnosis performance 
greatly, subsequently influencing its decision support capability 
during potentially hazardous situations. In addition, model main-
tenance and version control are proven to be challenging during 
model building and validation, when the model must be constantly 
corrected according to new knowledge inputs, and the knowledge 
acquisition process is particularly difficult to record. None of the 
previous MFM literature explains how knowledge acquisition and 
representation process should be integrated into the model-building 
procedure and how it influences the model’s performance in op-
eration support, although the knowledge-learning feature of the 
MFM method is emphasized by Myllerup et al. (2019). 

This paper uses a water injection system in offshore fields to 
demonstrate knowledge acquisition and representation and link its 
performance to the intelligent operation support application. 
Building a proper MFM model for operators’ decision support is 
emphasized when following the proposed knowledge acquisition 
and representation procedure. Different operation scenarios are used 
to test the developed model in the case studies section. The learning 
process of building MFM models are salient for a better diagnosis so 
that the model can capture all the explanations under given sce-
narios. The originality and advantageous features of this study are 
specifically summarized below: 

I. The integrated procedure of knowledge acquisition and re-
presentation both for plant operation and safety perspectives 
based on engineering documents and standards is first proposed. 
Principles have been developed for choosing levels of means-end 
abstraction in MFM models based on design and operational 
objectives and plant topology. The advantages of such a model-
ling procedure for building MFM models are illustrated, and 
computer-aided modelling is demonstrated based on the mod-
elling principles. It helps model builders to build a high-quality 
MFM model efficiently. 

II. The principle and method of an interface linking between in-
strumentations and measurements and (states of) functions in 
MFM models are first elucidated. A new reasoning engine (ar-
chitecture and algorithms) developed for MFM based real-time 
cause-consequence reasoning about dynamic plant situations is 
applied in the study. The MFM model is evaluated for the online 
diagnosis aiming at real-time operational support.  

III. The performance evaluation analysis of the MFM model-based 
intelligent operation decision support based on the key perfor-
mance indicators (KPIs) is first proposed. The corresponding 
corrective actions are categorized and implemented for im-
proving the satisfaction level of the produced results from MFM 
models.  

IV. The ability of MFM to represent large systems has been verified 
using cases from oil and gas plants. The successful performance 
of the reasoning engine has been verified on realistic fault sce-
narios using cases from oil-gas plants. The verification included:  

i. The ability to derive root causes of events using multiple 
sensor inputs  

ii. The ability to respond timely to dynamic situations. 

The structure of this article is as follows: Section 2 introduces the 
MFM method, focusing on explaining the challenges and require-
ments of knowledge acquisition and representation for intelligent 
operation support. Section 3 proposes a procedure for knowledge 
acquisition and representation from both process perspectives and 
safety perspectives. Section 4 presents the model verification and 
validation, and model performance analysis. In Section 5, the mod-
elling procedure from Section 3 is applied for the modelling of a 
water injection system in offshore fields. Section 6 demonstrates the 
performance analysis of the water injection system model with a 
selection of different operation scenarios as case studies. Section 7 
offers the discussions and perspectives. The conclusions of the paper 
are summarized in Section 8. 

2. Knowledge acquisition and representation in the functional 
modelling framework 

2.1. MFM method and requirements for knowledge acquisition and 
modelling procedure 

The functional modelling paradigm for modelling complex sys-
tems has been around for many years, where the objectives and 
functions of complex systems are modelled (Goel, 2013; Irehvije 
et al., 1995). How and to what extent the system should be decom-
posed becomes a research focus. Abstraction Hierarchy (AH) for 
decomposing systems is developed and evolves (Lind, 2003; 
Rasmussen, 1985). The end-means relation is one of the core con-
cepts in AH. To make sense of the end-means relation, the causal 
aspect and the teleological aspect of the end-means relation should 
be distinguished and validated (Henriksen, 2019; Modarres, 1993; 
Nielsen et al., 2020; Valheim, 2019; Wu et al., 2015). 

Lind (1982) proposed the MFM method, a functional modelling 
method in terms of mass, energy and control flows (flow functions 
and control functions in structures) representing the systems’ 
knowledge on the abstraction levels of objectives (targets and ha-
zards), functions, behaviours and structures both in the end-means 
dimensions and parts-whole dimensions (Lind, 2017). The MFM 
language provides a formalized representation that supports rea-
soning about the causes and effects of disturbances and counter-
action planning. Reasoning with MFM models is based on cause- 
effect propagation through the function-function and function-ob-
jective relations (influence relations, means-end relations, and 
conditional relations). These cause-effect relations are generic and 
are independent of the specific system that is modelled, so are MFM 
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reasoning rules. Given a set of function states that observed from the 
system as input, the reasoning system can select cause-consequence 
paths based on all information and select the cause-effect paths that 
are consistent with the current situation. The basic concepts (ele-
mentary functions and relations) are shown in Fig. 1. 

The MFM method has become more mature both in the knowl-
edge representation aspects and in the causal reasoning aspects in 
recent years. However, there was no literature or written procedure 
on how the systems’ knowledge needed for building MFM models 
can be acquired and translated to the MFM representation. 

The lack of knowledge acquisition and modelling procedure may 
lead to low model quality and significantly influence the model’s 
performance in industrial applications, e.g. operation support. The 
following arguments promote the requirement for a detailed 
knowledge acquisition and representation procedure:  

1) The information needed for making MFM models can be found in 
engineering documents. However, there was no guidance on how 
to utilize them as the modelling inputs. 

2) As the MFM model is used for operation support, the in-
strumentations of the plant i.e. sensors and actuators are ne-
cessary to link to the MFM models. If the mapping between the 
instrumentations and the models are correct, the model can ea-
sily identify the faulty instrumentations given that no other 
evidence can support the abnormal events. In the existing lit-
erature, none explained such mapping relations between re-
levant MFM functions and instrumentations. 

3) As mentioned above, MFM supports modelling levels of ab-
stractions both from the whole-parts dimension and end-means 
dimension. A principle for choosing the appropriate level of ab-
straction (i.e. level of decomposition of the end and the whole) is 
needed. This is also required for correctly linking the developed 
model to instrumentations as mentioned in the previous point. 

The challenges of modelling inputs and challenges for selecting 
abstraction level are elaborated in the next sub-sections. 

2.2. Challenges of modelling inputs 

The key challenges in knowledge acquisition from engineering 
documents relevant to MFM model building are to extract in-
formation about:  

• plant operational objectives,  

• plant functions, and 

• causal dependencies through end-means and whole-parts di-
mensions. 

The end-means analysis of plant operating objectives and func-
tions is required to identify the overall multilevel end-means 
structure of MFM models. This information can be extracted from 
the documentation of plant operation and procedures. Standards 
used by industry to name plant subsystems and equipment contain 
information about plant purposes and functions. The terms used 
represent principles of plant decomposition which have been agreed 
upon among industry sectors or used by a single company. The 
purpose of the standards is to provide common terminology and 
codes to label plant equipment and subsystems. They are used in 
engineering documents and to present information in control room 
displays. Information about plant functions is needed for matching 
the elementary function concepts in MFM (basic flow and control 
functions) to the level of functional abstraction in the standards 
often used by industry. The mapping between the two is not 
straightforward because the criteria for functional decomposition in 
MFM and the standards are different. The representations used in 
industry in Process Flow Diagram (PFD) and Piping and 
Instrumentation Diagram (P&ID) express the decomposition of the 
overall plant production objectives into chains of processing units 
connected by streams of material and energy. These processing units 
have functional connotations and are objects of the design process. 
However, the level of decomposition is often not adapted to the level 
of abstraction required for on-line diagnosis or planning. Note that 
the strict separation of function and structure in MFM is conflicting 
with industrial standards, where plant components or subsystems 
(i.e. structural elements) are often named according to their function 
by convention. Using the function of a subsystem to name it (e.g. 
heat exchanger) is convenient when equipment is always used for 
the same “standardized” purpose (i.e. having the same function). 
However, as stressed in MFM, functions represent what the com-
ponents do in the context of use. Equipment designed for a purpose 
may for example be used by an operator for another purpose that is 
not intended by the designer. The same equipment can also be used 
to serve several functions depending on the situation. It is also a 
practical problem that knowledge of design assumptions and ob-
jectives are not always made available by subsystem vendors who do 
not want to disclose information considered critical for their busi-
ness. This limits the possible level of detail of MFM models. 

2.3. Challenge for selecting abstraction level 

Levels of abstraction granularity in process modelling are im-
portant because it does not only define the boundary of models but 
also define the complexity and resource requirements for the models 
(Benjamin et al., 1998). The same principle also applies to building 
MFM models. As mentioned above, in MFM, decompositions of 
process systems are in four levels of abstraction: objectives, func-
tions, behaviours and structures both from process perspectives and 
control perspectives. Four levels of abstraction can be seen from 
three orientations: products-oriented (objectives), activities-or-
iented (functions and behaviours) and decisions-oriented (struc-
tures). The products-oriented objective explains what the outputs of 
the process and control is: to produce/maintain/suppress/destroy 
the material /energy. The activities-oriented function and behaviour 
explains how the outputs of the process and control are done. And 
the decisions-oriented structure explains where and by what the 
activities are to happen. 

The requirements for knowledge acquisition and representation 
are proposed from the three orientations in the context of applica-
tions in operation support. 

Fig. 1. Basic concepts in MFM.  
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I. Products-oriented requirements: 
i. Levels of abstraction in the models should allow causal rea-

soning on a level of detail compatible with operational pro-
cess and safety objectives,  

ii. The process sensors and indicators should be able to link to 
the corresponding objectives so that the states of the objec-
tives can be monitored and evaluated.  

I. Activities-oriented requirements:  
i. Levels of abstraction in the models should be compatible 

with engineering principles, and phenomena concepts,  
ii. The process sensors and indicators should be able to link to 

the corresponding functions so that the states of the func-
tions can be monitored and evaluated,  

iii. Levels of abstraction in the models should be a reflection of 
either a manual operation action based on the operational 
procedure or actions of the automated controllers.  

I. Decisions-oriented requirements:  
i. Levels of abstraction in the models should be compatible 

with operators’ perception and tasks,  
ii. Levels of abstraction should be meaningful for diagnosing 

and accessible for operators. 

As the ultimate purpose for knowledge acquisition and re-
presentation is to build a proper model, a modelling procedure is 

proposed from both the production perspective and the protection 
perspective. 

3. An integrated modeling procedure of knowledge acquisition 
and representation from both production perspective and 
protection perspective 

3.1. Knowledge acquisition from engineering documents and standards 

Information about plant purposes and functions is rarely documented 
in an explicit form or to the level of details required for MFM model 
building. MFM model builders usually need to extract information from 
two types of documents. One type of documents is the deliveries during 
plant and automation design, such as PFD, P&ID, Standard Operational 
Procedures (SOP), System Control Diagrams (SCD) and Process 
Descriptions, Cause-effect diagrams (CED). Another type of documents is 
safety standards which are the safety fundamentals, the safety require-
ments and the safety guides proposed by technical committees. 

These two types of documents are the MFM modelling inputs as 
shown in Fig. 2. The knowledge acquisition is used for modelling 
from both the production perspective and protection perspective in 
MFM. The knowledge acquisition produced results are:  

i. The objective tree and the end-means structure linking the 
system objectives (process objectives and safety objectives) and 
functions (process functions and safety functions). 

Fig. 2. The methods and tasks in the knowledge acquisition process.  
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ii. A function/stream diagram, an undesired events/ causes diagram 
and decomposed functions (process and safety) and streams. 

In the next subsection, how the information in the engineering 
documents and safety standards is used in the MFM model building 
process and what are the tasks involved in the knowledge acquisi-
tion process so that the above results can be produced in the process. 

3.2. Methods and tasks in the knowledge acquisition process 

To get the results in Section 3.1, the methods and tasks in the 
knowledge acquisition process are displayed in Fig. 2. Because the 
safety features of a process system are designed on top of the pro-
cess objectives and functions (Luyben et al., 1999), the tasks of 
identifying process objectives, streams and correlated functions are 
illustrated first. 

3.2.1. Methods and tasks for the process objectives and functions in the 
knowledge acquisition process 

The tasks of knowledge acquisition are interconnected but can be 
performed in the following sequence:  

A. Identify material, energy and information streams and build the 
function/stream diagram.  

B. Decompose functions and streams according to design intents 
and principles of process, and control design. 

C. Identify operational targets and hazards, decompose the objec-
tives into sub-objectives, and generate the objective tree.  

D. Associate functions and streams with the objective tree by using 
end-means analysis and produce the objective/function tree.  

A. Identify material, energy and information streams, and build the 
function/stream diagram 
Diagrams such as PFD or P&ID are used by the industry to re-
present the system as being composed of process units or func-
tions connected by material and energy streams. These types of 
diagrams are effective in communication between design teams 
and the operators. They explain the functions of the system ac-
cording to industrial standards. PFDs provide the information 
including process topology, stream information and equipment 
information. P&IDs provide the information needed by engineers 
to plan the construction of the plant. P&IDs also show the piping 
and equipment in the process flow with instrumentation and 
control devices. Therefore, the control information can be ex-
tracted from the P&IDs as well. 
The process description is technical writing that describes the 
functions of the operating systems that enable effective opera-
tion and maintenance. It provides narratives of process operation 
and how the plant is supposed to work. They focus less on the 
physical attributes of the mechanism and more on the function 
and how the parts work together to achieve the system purpose. 
Therefore, the working principles of the process can be under-
stood and extracted from process descriptions. 
SCD (e.g. in Norsok I-005) is a method for design and doc-
umentation of safety automation and control systems. It focuses 
on representing systems and functional relationships, not in-
dividual physical equipment. SCDs express the control logic. 
Therefore, the hierarchy control schemes both for process control 
and safety protection can be extracted from the SCDs. 
These documents mentioned above can be used for identifying 
material, energy and information streams and the systems’ 
functions. 
Function/stream diagrams represent plant subsystems and their 
interconnections by streams of material and energy, which 

influence the primary objectives of the plant. The subsystems 
connecting the streams can be seen as providing the functions 
devised by the plant designer to realize the stream interactions 
required for achieving the plant purpose. The functions of the 
subsystems can accordingly be expressed by their intended 
causal effect on the streams.  

B. Decompose functions and streams according to design intents 
and principles of process and control design 
The functions and streams in the MFM models are the elemen-
tary functions and decomposed streams. By parts-whole de-
composition dimension, they are on the same abstraction level 
from mass and energy perspectives. The principles for decom-
posing functions and streams are according to design intents and 
process and control design. The decomposed material, energy 
streams and the functions realized by streams interaction and the 
physical structure shall be recorded in tables.  

C. Identify operational targets, decompose the objectives into sub- 
objectives and generate the objective tree 

The modelling inputs for this step are SOPs, CEDs and Risk 
Assessment Reviews. SOPs are written procedures for the operation 
and control of the process and associated equipment with pre-
determined specifications to achieve the required output. Risk 
Assessment Reviews e.g. HAZOP studies examine the design and 
operation intentions. CEDs are presented in a form of a matrix, 
where the causes are listed in the left section while the effects are 
listed in the top section, and both are described in form of tag 
numbers of sensors with their descriptions. The marked intersection 
between both means that they are related as cause-effect. 

In the MFM method, objectives are related to the means for their 
achievement. There are four types of process objectives to consider 
in the context of industrial artefacts:  

1) to achieve a state,  
2) to perform a function (a transformation or a role),  
3) to enable another function by providing a condition for execution 

of the function (transformation or role), and  
4) to produce a physical object which can serve a role (object or 

agent) in another function. 

The role concept in MFM for details is explained in (Lind, 2010; 
Wu et al., 2020a, 2020b). In general, roles are regarded as the re-
presentation of relations between functions and structures. 

The above these four types of process objectives shall be dis-
tinguished when building the objective tree. 

Process objective terms are listed in Table 1 and control objec-
tives terms are listed in Table 2. 

The formulation of process objectives should be expressed in the 
following format:  

“material/commodity” + “is” + “verb”.  

The context condition (e.g. gravity, density difference) should not 
appear in the objective tree. However, the condition to enable the 
higher hierarchical process function/objective should be included if 
it is relevant for operation and diagnosis. In MFM terminology, tar-
gets are states that are being promoted by the decisions of the 
process designer, or the actions of a control agent. To identify the 
targets, the coupling of streams and control needs to be mapped out.  

A. Associate functions and streams with the objective tree by using 
the end-means analysis and produce the objective/function tree 

The objectives should be further decomposed through the end- 
means dimension into functions and means. 
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3.2.2. Methods and tasks for the safety objectives and functions in the 
knowledge acquisition process 

Process safety systems are provided to prevent, detect, control or 
mitigate undesirable events in process equipment. When acquiring 
the knowledge in relation to the safety system, the tasks of knowl-
edge acquisition can be performed in the following sequence:  

A. Identify the undesired events and their causes and build the 
undesired events/causes diagram.  

B. Decompose safety functions and streams  
C. Identify operational hazards, decompose the safety objectives 

into sub-objectives and generate the safety objective tree  
D. Associate safety functions and streams with the objective tree by 

using end-means analysis and produce the safety objective/ 
function tree 

There are three options for the identification of process safety 
systems. The first option is to adopt the prescriptive approach spe-
cified in the safety standard (e.g. API RP 14C). In API RP 14C, a safety 
flow chart depicts the way undesirable events could result in per-
sonnel injury, pollution, or facility damage. For each functional 
component defined in API RP 14C, undesired events and causes are 
identified and recorded. The second option is to use the risk as-
sessment reviews, on which the process safety systems being pro-
vided was based (e.g. HAZOPs). The review results, including the 
cause-effect diagram, also covers potential emergency situations. 
Risk assessment reviews and the cause-effect diagram identify the 
undesired deviation scenarios, their causes and consequences, and 
the safeguards. They can also be used for operational hazards 
identification. The third option is to use the combination of the first 
two. The safety standard is defined for the general process systems, 
and the risk assessments reviews are customized for the specific 
analysed process systems. By combining the generic safety knowl-
edge and system-specific analysis, a more comprehensive 

knowledge covering can be achieved. In this study, the third option 
is used. The following subsections will elaborate on the tasks in 
detail.  

A. Identify the undesired events and their causes and build the 
undesired events/causes diagram 
In Section 3.2.1 the process functions are identified. The corre-
sponding process function element in the API RP 14C can be 
found. In API RP 14C, for each process function element, the types 
of undesired events are identified. The undesired events and 
causes can be analysed by using mass, energy and information 
flow concepts based on the safety analysis table in the API RP 14C.  

B. Decompose safety functions and streams 
Decomposition of safety functions is different from the decom-
position of process functions because the operational modes have 
to be identified first. This is because the same safety devices may 
be used to achieve different functions under different modes, 
therefore they have to be represented differently in MFM models. 
For example, a safety pressure valve should be closed during 
normal operating conditions as a part of the physical integrity 
(barrier function) and should be used as a pressure release path 
(transport function) in overpressure conditions. 
An operational mode can be defined on two different levels of 
abstraction: as a relation of an objective to a function, or as a 
relation of a function to a physical structure. On either abstrac-
tion level, modes can be viewed from two perspectives: as a 
selection of means to achieve a constant end, or as a selection of 
ends that can be achieved by the same means (Zhang, 2015). 
According to the layers of protection theory, when the operating 
condition of the equipment is in the state between normal and 
high or between low and normal, the protection layer of process 
design and basic process control system is in place to prevent 
abnormal situations as in protection mode 1. When the operating 
condition is in the state between high and high-high or between 

Table 1 
Action (verb) list for process objective formulation.       

No. Actions (verbs) Objectives form Functions form Description   

1 to provide is provided providing To make available for use  
2 to cool is cooled cooling To decrease temperature  
3 to separate is separated separating To divide into constituent or distinct elements  
4 to dry is dried drying Free from moisture or liquid; not wet or moist  
5 to absorb is absorbed absorbing Take in or soak up energy/mass by chemical or physical action  
6 to strip is striped stripping Remove all coverings from  
7 to filter is filtered filtering To remove unwanted material from a stream  
8 to remove is removed removing To get rid of energy or mass  
9 to heat is heated heating To increase temperature  

10 to condense is condensed condensing Change or cause to change from a gas or vapour to a liquid  
11 to evaporate is evaporated evaporating Turn from liquid into vapour  
12 to mix is mixed mixing Combine or put together to form one substance or mass  
13 to distribute is distributed distributing Give a share or a unit of something to each of the recipients  
14 to convert is converted converting Energy conversion or chemical conversion (reaction)  
15 to transport is transported transporting To move a stream between two locations  
16 to expand is expanded expanding Become or make larger or more extensive  
17 to compress is compressed compressing Flatten by pressure; squeeze or press  
18 to store is stored storing A quantity of something kept for use as needed  
19 to reduce is reduced reducing Make smaller or less in size, amount, or degree  
20 to increase is increased increasing Become or make greater in size, amount, or degree  
21 to receive is received receiving To get or be given something  
22 to recover is recovered recovering To get back something that was lost because of its values  
23 to produce is produced producing Produce something to cause a particular result or effect 

Table 2 
Action (verb) list for control objective formulation.       

No. Actions (verbs) Objectives form Functions form Description   

1 to maintain is maintained maintaining Keep (something) at the same level or rate    
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low and low-low, the safety functions of critical alarms and 
human intervention take care of the operating system as in 
protection mode 2. When the operating condition is in the state 
beyond high-high or below low-low, the safety functions of 
safety instrumented function and physical protection relief de-
vices play roles in the mitigation of abnormal situations as in 
protection mode 3. By using MFM, the protection modes are 
modelled in different operating conditions. Because the models 
are applied for operation support, before the system shut down, 
the safety objectives and functions for operational mode 2 is the 
focus. 
The safety functions for preventing and detecting undesired 
events in mode 2 can be analysed by using a safety flow chart. 
This is obtained by mapping the undesired events/causes dia-
gram with the function/stream diagram. The function/stream 
diagram is derived from the process analysis. Consequently, by 
modifying the general safety flow chart of the offshore produc-
tion facility described in API RP 14C for adapting it for any specific 
process.  

C. Identify operational hazards, decompose the safety objectives 
into sub-objectives and generate the safety objective tree 
Identification of operational hazards and building the safety ob-
jective tree follows the same principle as building the process 
objective tree. Here an example from APIRP 14C is used to de-
monstrate the decomposition. One of the top operational safety 
objectives (Objective 1) for all offshore systems is to prevent the 
release of hydrocarbons from the process and to minimize the 
adverse effects of such release if they occur. The sub-objectives 
are: 
Objective 1.1 to prevent undesirable events that could lead to a 
release of hydrocarbons 
Objective 1.2 shut in the process or affected part of the process to 

stop the flow of hydrocarbons to a leak or overflow if it occurs 
Objective 1.3 accumulate and recover hydrocarbon liquids and 
disperse gases that escape from the process 
Objective 1.4 prevent ignition of released hydrocarbons 
Objective 1.5 shut in the process in the event of a fire 
Objective 1.6 prevent undesired events that could cause the re-
lease of hydrocarbons from equipment other than that in which 
the event occurs. 
Among the six sub-objectives, Objective 1.1 is achieved by the 
safety functions of critical alarms and human intervention that 
take care of the operating system as in mode 2.  

D. Associate safety functions and streams with the objective tree by 
using end-means analysis and produce the safety objective/ 
function tree 

Hazard/Function analysis should be performed by associating 
safety functions and streams with the objective tree by using end- 
means analysis. As a result, the safety objective/function tree shall be 
produced. 

3.3. Methods and tasks in the knowledge representation process 

The model building for the process objectives and functions of 
any process system comprises three tasks which are described below 
in Fig. 3. 

Firstly, based on the design intention, the process and control 
functions and roles are assigned to subsystems or streams/sub- 
streams in physical structure and then, based on MFM concepts and 
theory, the MFM symbols are used to represent process and control 
functions. Then causal relations are identified in flow structures. 
They are related to the interactions between streams in the 

Fig. 3. The MFM model building process for the process aspect.  
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processing units and components. Finally, flow structures need to be 
connected according to the objective/function tree. 

The model building for the safety objectives and functions of any 
process system comprises three tasks which are described below in  
Fig. 4. Firstly, based on the design intention, the flow functions are 
assigned to subsystems or streams/sub-streams in the physical 
safety structure. Use MFM language to describe the physical struc-
ture from the safety point of view. Then, modify existing flow 
functions and causal relations according to the current protection 
mode in the flow structures. It is because functions implemented by 
the same physical structures may be different under different pro-
tection modes. Therefore, the existing flow functions and causal 
relations may require modification according to the current protec-
tion mode in the flow structures. Finally, based on the hazard/ 
function tree, the flow structures are connected by MFM end-means 
relations. 

The process example of knowledge acquisition and representa-
tion can be found in related articles (Wu et al., 2020a, 2020b). 

3.4. Linking instrumentations and measurements with MFM models 

The developed MFM models are used for operational support. 
Therefore, the monitored process variables/control signals should be 
connected with MFM models. The basic principles for connecting 
MFM functions with the monitored process variables/control signals 
are shown in Table 3. The states of the MFM functions can then be 
determined by the measured values of the process variables. 

Moreover, the MFM models should also be able to point out the 
counteraction for the operators. In many cases, the counteraction has 
to do with the automatic valves or manual valves that operators can 
access or the automatic valves. These control valves are often 
equipped with instruments for measuring the mass flow rate 

through the valve orifice. Some of the control valves also include 
instruments measuring the position of the valve stem connecting 
the valve to its motor. By manipulating the stem position of the 
control valve, the flow rate can be controlled, and the flowrate 
transmitter can be used if necessary to monitor the state of the mass 
transport. Therefore, it is necessary to separate the control functions 
of the valve (the valve stem manipulating the flow) and the process 
functions of the valve (transporting the stream). The separation 
clarifies how the two types of transmitters belong to two levels of 
abstraction in the model. 

The developed MFM models have to be consistent with the 
modelling system’s purpose and behaviours. In the next section, the 
model verification and validation (model V&V) and the model per-
formance analysis are elaborated in detail. The proposed modelling 
procedure is elaborated in Section 5 using the water injection system 
in offshore fields. 

Fig. 4. The MFM model building process for the safety aspect.  

Table 3 
Mapping process variables/control signals to MFM functions.     

Basic functions 
in MFM 

Categories based on object/ 
agent linked with the basic 
functions 

Process variables/control 
signals  

Mass storage Liquid mass storage Level 
Gas mass storage Pressure 

Energy storage Heat energy storage Temperature 
Work energy storage Pressure 

Mass transport Mass transport Flowrate/flowrate control 
valve position 

Gas transport Pressure control valve 
position 

Energy transport Heat energy transport Vibration/Temperature 
Work energy transport Pressure difference 
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4. Model V&V and model performance analysis 

4.1. Model V&V 

Model Validation is a problem relevant to all types of models 
(Yang et al., 2012). 

The purpose of model validation is in general to ensure that a 
model is a proper representation of the object of modelling. Since 
representations are always made for a purpose (e.g. to highlight 
particular aspects of a phenomenon relevant for understanding or 
explaining a specific problem), the validation needs to take into 
account the modelling type and purpose, including its granularity. 
Validation is also dependent on the availability of information that 
can be used to test that the model can fulfil its purpose. The method 
of validation is accordingly dependent on the type of model, its in-
tended use and the information available for testing the model. 

Models can only be invalidated, and the purpose of a validation 
procedure is to gain confidence in a model by repeated attempts to 
invalidate it. For most practical purposes, the cost (time and effort) 
of repeated attempts to invalidate a theory or a model is prohibitive 
and a model which is sufficiently accurate for its purpose is often 
acceptable. 

The purpose of model verification is to ensure that the model is 
complying with the background theory (concepts, laws or logic 
principles) used and the intentions of its development. A model can 
be valid by being able to predict a given set of empirical data from 
the process, without being theoretically sound. However, com-
pliance with a background theory is often required because it en-
sures that the model is capable of making predictions, which are not 

covered by data used for validation. This robustness property is 
desirable because complete validation is not possible in general. 
Therefore, the MFM model verification is included as a part of the 
validation procedure to ensure model quality by using the basic 
principles of MFM theory. 

For MFM models, a practical validation procedure is to assess 
whether the model is in sufficient agreement with observed data, 
prior knowledge and serves its purpose. MFM represents the in-
tentions of plant design and operation. This type of knowledge can 
be expressed using knowledge of physical phenomena, but the basic 
principles used for building the models, as mentioned in Section 2, 
are not based on physics alone, but principles of design and opera-
tion. The relations between objectives and functions indicated by 
MFM models express intentions that cannot be identified from ob-
servations using knowledge of physics. They should be derived by 
interpreting the system as a system of actions. These different as-
pects of MFM models need to be validated against different sources 
of information. The general validation diagram is shown in Fig. 5. 

In this study, the operational knowledge is validated against 
experts (process engineers and operators) knowledge by using in-
terviews and questionnaires, the physical response of the model is 
validated by historical data and physical system, i.e. a water injection 
system, and the incident analysis and report is used for validation of 
physics knowledge and models application purpose. This part of 
model validation is elaborated in (Wu et al., 2015). In this paper, 
further validation of the MFM model against the MFM reasoning 
result is illustrated. 

As mentioned in Section 2.1, MFM relations are generic, causal 
influences in MFM models can be analysed using the same set of 

Fig. 5. Validation methods for MFM models.  
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inference rules independent from any particular modelled subject. 
Taking the MFM model and abnormal function states as input, the 
MFM reasoning system can track all functions that can cause the 
abnormal states and their potential consequences through different 
levels of modelling abstractions. Since the inference rules are generic 
and defined based on the first principle knowledge (both physical 
and operational) in MFM methodology, the reasoning result can be 
used to validate an MFM model, comparing the represented causal 
interactions in the model with causal interactions in the physical 
system. 

MFM reasoning rule can be used both for offline and online 
analysis. For online analysis, the developed MFM model need to be 
configured, to link to the process variables. A data interface needs to 
be developed, so all the process variables linked to the MFM model 
should be monitored. When any of the process variables go beyond 
the defined thresholds, the value needs to be translated into an 
abnormal function state. Taking the automatically translated func-
tion states as input, the reasoning system can perform the same 
cause-effect analysis as offline analysis. 

Fig. 6 shows the components of the reasoning system. In 
Section 6, the MFM reasoning system is used to demonstrate the 
model performance evaluation analysis. 

4.2. Model performance evaluation analysis 

The performance evaluation analysis of the MFM model-based 
intelligent operation decision support based on the key performance 
indicators (KPIs) is proposed. 

KPIs are selected based on the requirements for knowledge ac-
quisition and representation for operation support as mentioned in  
Section 2.3, and are measurable. But they are not relevant for the 
user interface design of the operation support system. By following 
the knowledge acquisition and representation procedure proposed 
in this paper, the satisfaction level on each KPI of the developed 
MFM models shall increase. The measurements and corresponding 
corrective actions are categorized and listed in Table 4, and in  
Section 6, the corrective actions are implemented for improving the 
satisfaction level of the produced results from MFM models. The 
overall goal of the model performance evaluation analysis is to en-
sure the good performance of MFM models for operation support. 
KPIs are the following:  

A. Right selection of abstraction level 
A1. Process objectives and safety objectives are correct and 
complete, and can be evaluated by instrumentations and mea-
surements 
A2. The function decompositions are consistent with the process 
objectives and safety objectives 
A3. There is a physical structure or disposition at the lowest 
decomposition level to correspond to the supporting functions 
one by one  

B. The correct interface linking between instrumentations and 
measurements and (states of) functions 
B1. All of the instrumentations and measurements are selected 
correctly 
B2. The instrumentations and measurements are linked with the 
correct corresponding functions 
B3. The alarm limits of the instrumentations and measurements 
that trigger the cause analysis are consistent with the real 
systems  

C. Model verification and validation 
C1. The models comply with the basic semantics of MFM meth-
odology 
C2. All of the correct possible causes are found for any given 
abnormal situation within the modelling boundaries 
C3. The correct root cause is ranked high in the list of possible 
causes 

D. The model produced results are expressed in the way that op-
erators can understand 

D1. Labels of the MFM functions and objectives are readable. 
D2. Labels reflect the information related to the specified mod-

elling systems and are consistent with operators’ perception. 
In the next section, the modelling procedure is applied to the 

water injection system of an industrial offshore oil and gas platform. 

5. Modelling of the water injection system in offshore fields 

Water injection or water flooding refers to the method in the oil 
industry where water is injected into the reservoir. There are two 
purposes of water injection: firstly, it is to support the reservoir 
pressure to maintain production; secondly, it is to sweep oil from the 
reservoir to the producing wells. In the presented system, the source 
of injected water is seawater. 

Fig. 6. MFM rule-based reasoning system for causal analysis.  
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5.1. Process system 

In recent years, in order to reduce the use of chemical scavengers, 
a type of seawater injection system is designed with the inclusion of 
a Minox deoxygenation unit. The system diagram is shown in Fig. 7. 
Seawater is pumped from the sea by the seawater lift pumps to the 
fine filter, and further transported to the Minox Deoxygenation 
system. Deaerated water collects at the bottom of the 2nd separator 
and flows to the suction of the water injection booster pumps. The 

water injection booster pumps feed the injection pumps which raise 
the water pressure sufficiently for injection into the reservoir. In 
addition to the requirements for water injection, service water is 
also required for storage, cooling and utility systems. In this section, 
the Minox deoxygenation system is used for illustration of how the 
knowledge acquisition for building MFM models and knowledge 
representations are achieved by following the procedure proposed in  
Section 3. The main equipment in the Minox deoxygenation system 
is listed below. 

Fig. 7. A type of seawater injection system and the Minox deoxygenation system is highlighted with the dotted line.  

Table 4 
The Metrics and Measurements of each KPI and corrective actions for increasing the satisfaction level on each KPI of the developed MFM models.      

KPIs Metrics Measurements Corrective actions  

A1 The list of process and safety objectives are 
acknowledged by process engineers and 
operators 

Alignments with process description and manual check 
objective/function tree with process engineers and operators in 
workshops 

Revise the objective-function tree 
Revise the targets and hazards in MFM 
models 

A2 System functionalities are acknowledged by 
process engineers and operators 

Manual check objective-function tree, function-stream diagram 
and the safety flow chart with process engineers and operators 

Revise the objective-function tree 
Revise the function-stream diagram and the 
safety flow chart 
Revise the flow structures in MFM models 

A3 The physical structures or dispositions can be 
found in P&IDs 

Manual check and comparisons with elements in P&IDs Revise the elementary functions in flow 
structures in MFM models 

B1 The selected instruments and measurements 
are found in the SCADA system 

Access to SCADA system remotely and manual check the tag 
number and existence of each selected instruments and 
measurements, which are double checked and acknowledged 
by operators 

Revise the label of the corresponding function 
in MFM models 

B2 The linking between instruments and 
measurements and MFM functions follow the 
rules inTable 3 

Manual check the linking between instruments and 
measurements and MFM functions if it is abided by the rules 
inTable 3 

Revise the linking MFM functions (Nielsen 
et al., 2020) 

B3 The triggered values are verified based on the 
SCADA system and updated production list 

Weekly manual check corresponding to the week production 
plan and information in SCADA system 

Revise the triggered value in the interface 
between instruments and measurements and 
MFM models 

C1 The model verification complies with the MFM 
semantic rules 

Automatic check by clicking built-in syntax check button in the 
model builder 

Revise the elementary functions and relation 
connections in MFM models 

C2 Casual validations are acknowledged by 
process engineers and operators 

Scenarios testing (details refer to Discussion and Perspectives 
Section) 

Revise the objective-function tree 
Revise the causal relation and end-means 
relations in MFM models 

C3 The top root cause is acknowledged by 
operators 

Manual check the available instrumentations and 
measurements for confirming the root cause for the specific 
scenario, which are acknowledged by operators in scenarios 
testing 

Add additional instrumentations and 
measurements in MFM models 

D1 Labels of MFM objectives and functions are 
verified by operators 

The labels (text description) are verified by operators in 
scenarios testing 

Revise labels of MFM objectives and functions 
in MFM models 

D2 The tag of process variables linking with MFM 
functions and the tag of equipment are 
verified by using SCADA system 

Manual check the tag of process variables and of equipment by 
remotely access to the SCADA system 

Revise labels of MFM objectives and functions 
in MFM models    
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5.1.1. Mixer 
The mixer mixes seawater with stripping gas to obtain the best 

possible displacement of the oxygen in the water with nitrogen from 
the stripping gas. 

5.1.2. Separator 
The separator separates the dissolved oxygen and stripping gas 

(nitrogen) from the seawater. 

5.1.3. Heat exchanger, electrical heater and start-up heater 
The heat exchanger and electrical heater are to pre-heat the ni-

trogen stream. To start the catalytic reaction, the process needs a 
temperature of about 80 °C. Therefore a start-up heater is side- 
mounted unto the deoxidizer. This start-up heater heats the catalytic 
bed before and during start-up. This pre-heater is turned off when 
the plant is running under normal conditions. 

5.1.4. Deoxidizer 
Deoxidizer is to convert all the oxygen in the stripping gas loop to 

CO2 and water. 

5.1.5. Air blower 
The air blower circulates the flow in the stripping gas loop. 

5.2. Injection water quality control and chemical treatment 

A water injection system in service requires routine monitoring 
to ensure an effective injection program. Types of chemical treat-
ment in the Minox deoxygenation system are as follows: 

5.2.1. O2 scavenger 
The two-stage deoxygenation process only reduces the dissolved 

oxygen concentration to a certain level. The remaining residual 
dissolved oxygen is then reduced to virtually “zero” by the injection 
of a chemical oxygen scavenger into the 2nd separator. Usually, li-
quid ammonium bisulphite is used for this purpose which will also 
react with any residual chlorine present. This extra demand must be 
considered when determining the oxygen scavenger dosing rate. The 
excess amount of dosage rate is applied to react with any oxygen 
ingress downstream of the 2nd separator. Application of ammonium 
bisulphite will cause a slight PH drop in the seawater as small 
quantities of acid are liberated on reaction with the dissolved 
oxygen. 

5.2.2. Stripping gas (Nitrogen) 
The stripping gas is nitrogen. It flows counter-counterly from 

stage to stage. 

5.2.3. Top-up air 
The top-up air is to compensate for the lost stripping gas because 

the reaction products from the deoxidizer are water vapour and 
carbon dioxide and all the produced carbon dioxide together with 
some nitrogen will dissolve in the water. 

5.2.4. Methanol 
Methanol is used to react with the gas in the deoxidizer. 

5.3. Process objectives and functions in the knowledge acquisition 
process 

Diagrams such as PFD or P&ID contain the type of information 
shown in Fig. 7 and are used by the industry to represent the system 
as being composed of process units or functions connected by ma-
terial and energy streams. These types of diagrams are effective in 

communication between design teams and the operators. They ex-
plain the functions of the system according to industrial standards. 
In this paper, Fig. 7 is used as a combined and simplified version of 
the industrial PFD for demonstration purposes. The utility systems 
are not shown in Fig. 7. They are top-up air and nitrogen providing 
systems, the methanol storage tank, methanol pump (one stands by) 
and oxygen scavenger pump. The control philosophy is described in 
the operation manual and illustrated below. The instruments and 
measurements are listed in Table 5. They serve as the initial system 
documentation used to build the MFM model for process perspec-
tive. The seawater chemical injection package considers the che-
mical treatment mentioned in Section 5.2. The flow of the oxygen 
scavenger to be injected is manually adjusted to match the flow of 
injection water. 

Fig. 7 shows that the Minox deoxygenation consists of two 
mixers, two separators, and a stripping gas loop. The stripping gas is 
regenerated in the stripping gas regeneration system. That is after 
stripping the oxygen from the water, the contaminated stripping gas 
passes through a mist eliminator at the top of the separator and is 
transported from the 2nd separator and back to the inlet of the 1st 
mixer by the blower (one stands by). The nitrogen stream from the 
1st separator passes through a mist eliminator and is preheated by 
the heat exchanger prior to being purified by a catalytic reaction 
with methanol vapour in the deoxidizer. The residual oxygen is 
further reduced by the use of the oxygen scavenger to achieve the 
residual oxygen content’s requirement. 

The control systems are explained below: 

5.3.1. Pressure 
To maintain the pressure in the system at a constant level a 

pressure control valve on the 2nd Separator is installed to purge the 
system with Top-up Air. In addition, one pressure control valve on 
the 2nd Separator bleeds off pressure if the pressure is too high. 

5.3.2. Level 
Constant seawater levels in the separators are achieved by the 

use of regulating valves upstream of each separator. 

5.3.3. Temperature 
To maintain a constant gas temperature at the inlet to the 

deoxidizer, a regulating valve downstream of the deoxidizer recycles 
the correct amount of warm gas back through the heat exchanger. A 
temperature transmitter situated at the top of the deoxidizer sends 
the control signal to this valve and to the methanol dosing unit. The 
temperature transmitter situated at the bottom of the deoxidizer 
sends control signals to the start-up heater. The start-up heater can 
also be manually controlled. And the other temperature transmitter 
situated at the bottom sends signals to the shutdown system. The 
methanol pump will be shut down if the outlet temperature exceeds 
the high-high limit. 

5.3.4. Warning and Alarm signals 
Alarms from the pressure, temperature or level indicators can 

trip the system. Warnings will be given at an early stage, as soon as 
any of the parameters is outside normal working limits. 

5.3.5. Blower 
The blower speed controller signal shall be based on the total 

Minox plant water flow. Both blowers are installed with an internal 
temperature transmitter for protection and an internal Pressure 
Safety Valve, from discharge to suction. 

J. Wu, M. Lind, X. Zhang et al. Process Safety and Environmental Protection 155 (2021) xxx–xxx 

12 



5.3.6. Identify material, energy and information streams and build the 
function/stream diagram 

The streams shown in Fig. 7 are tightly connected with the 
overall process objectives in process plants since their purpose is to 
produce material or energy streams with specified properties. Ac-
cordingly, the subsystems connecting the streams are the means 
provided by the designer to support the stream interactions required 
to achieve the plant objectives. The functions of these subsystems 
can be expressed by their intended effect on the streams. The ma-
terial, energy and information streams for the Minox deoxygenation 
system are shown in Fig. 8. 

It is the result of extraction analysis of material, energy and in-
formation streams. The mass stream, energy stream and information 
flow (related to the process control systems) are represented by the 
arrows and highlighted with different colours. 

5.3.7. Function/objective analysis 
The overall goal of the Minox deoxygenation system is to ensure 

the desired seawater injection quality and quantity. The decom-
position of the overall goal of the process is:  

1) To ensure the desired seawater injection quality,  
2) To ensure the desired seawater injection quantity. 

To achieve the overall goal and sub-goals, the overall objective 
and sub-objectives should be met. The overall objective is the sea-
water is transported the downstream at required flow and quality. 
The sub-objectives are:  

1) The dissolved oxygen is removed from the seawater,  
2) The desired volume of seawater is transported from the seawater 

filter to the booster pump. 

The whole-part decomposition of the first sub-objectives is 
shown in the middle of Fig. 9, they are the dissolved oxygen is 
stripped from the seawater, and the dissolved oxygen is reacted with 
the oxygen scavenger. These objectives are further decomposed 
through the end-means dimension into abstract functions and 
means. The detailed functions decomposition of the stripping the 
seawater, chemical deaerating the seawater and transporting the 
decided volume of seawater to the sea are shown respectively in  
Figs. 10–12. 

5.4. Safety objectives and functions in the knowledge acquisition 
process 

5.4.1. Identify the undesired events and their causes 
The water injection system, according to API RP 14C, belongs to 

the following functional components ontology: other pumps on-
tology, pipelines ontology, pressure vessel ontology, and others on-
tology. Since the others ontologies are not specified and analysed for 
safety analysis in the standard, the undesired events and their causes 
for the Minox deoxygenation system in the water injection process 
have to be supplemented by the functional description provided by 
vendors. As indicated in the P&IDs and the functional description, 
the alarm conditions (high/low) for the whole process in operational 
mode 2 are listed in Table 5. 

Table 5 
Instrumentations and measurements in the Minox deoxygenation system.       

Instrumentations and measurements description Low limit High limit Units Labels in models  

Level control valve for the 1st separator   % LY01 
Seawater level of the 1st separator  1330  1850 mm LC04 
Pressure of the 1st separator  1.6  3 bar PC07 
Seawater oxygen content after the 1st separator   5 vol% AT09 
Discharge pressure of the 1st separator  1  3 bar PT09 
Oxygen Discharge flow of the 1st separator   m³ /h FT09 
Outlet temperature of the K.O. drum   100 °C TT06 
Outlet temperature (Process side) of the heat exchanger   45 °C TT09 
Seawater Outlet temperature of the heat exchanger  90  300 °C TT03 
Top temperature of the Deoxidizer  80  180 °C TT01 
Bottom temperature of the Deoxidizer  160  255 °C TT02 
Outlet temperature of the Deoxidizer   290 °C TT07 
Level of Methanol storage tank  100  4150 mm LT01 
Methanol pump 1 Motor Power    PM01 
Methanol pump 2 Motor Power    PM02 
Methanol pump discharge flow  0.2  1.5 L/min FIV02 
Methanol pump discharge pressure  0.5  7 bar PT63 
Seawater oxygen content after the Deoxidizer   50 ppm AT11 
Methanol concentration after the Deoxidizer   2500 ppm AT12 
Outlet temperature (Utility side) of the heat exchanger   °C TT08 
Compressor Air control valve    XCV04 
Backup air control valve    XCV05 
Level control valve for the 2nd separator   % LY02 
Regenerated nitrogen control valve to the 2nd mixer    XCV10 
Seawater level of the 2nd separator  1450  2100 mm LC04 
Pressure of the 2nd separator  0.8  2 bar PC07 
Pressure control valve for the discharge pressure of the 2nd separator   % PY08 
Discharge flow to sea from the 2nd separator   m3/h FIV02 
Discharge flow control to sea from the 2nd separator   % FY03 
Oxygen scavenger flowrate  3.5  13.5 L/h FC04 
Discharge pressure of the oxygen scavenger pump  0.5  9 bar PT62 
Oxygen scavenger Motor 1    PM04 
Oxygen scavenger Motor 2    PM05 
Blower 1 Motor Power    BM07 
Blower 2 Motor Power    BM08 
Blower 1 outlet temperature   117 °C TT05 
Blower 2 outlet temperature   120 °C TT04 
Blower differential pressure    PDT01 
Flow control valve for the Blower 1    XCV09 
Flow control valve for the Blower 2    XCV07 
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Since in Section 3.2.2, there is an illustration of how the in-
formation from safety standards is used to identify undesired events 
and causes, here the deoxidizer is used as an example for demon-
strating how we can use information from the functional description 
to identify the undesired events and their causes. 

In the functional description documents, there is the key fol-
lowing text passage: 

“The deoxidizer is a smaller vertical vessel with an electrical 
start-up heater side mounted into it. Inlet and Outlet washing noz-
zles have also been included for washing of the catalyst. The catalyst 
bed consists of aluminium pellets coated with 0.2% Pd and is com-
plete with a support grid. The function of the deoxidizer is to convert 
all the oxygen in the stripping gas loop to CO2 and water. Proper 
addition of methanol upstream the deoxidizer is essential for ob-
taining the full conversion of oxygen inside the deoxidizer. If the 
reaction is not running properly, the stripping gas will still contain 
significant amounts of oxygen before it is mixed with seawater in the 
second stage separator, and the oxygen content in the seawater 
downstream the Minox unit will consequently increase. When the 
catalyst is fresh and the Minox operation is running properly, the 

oxygen conversion in the deoxidizer will be a minimum 99.5%, and 
the expected oxygen concentration in the stripping gas downstream 
the Minox unit will be less than 25 ppm. 

The different design and operating parameters are:  

• Design pressure: 14.9 barg  

• Design temperature: −10/ 375 °C  

• Operating pressure: 1.54 barg  

• Operating temperature: 135–257 °C” 

And the operational issue is also described in the document as 
following: “If the oxygen analyser after the deoxidizer shows a 
continuous oxygen concentration above 100 ppm for more than 3 
days of stable operation, the performance of the deoxidizer should 
be investigated. Stable operation means that the stripping gas flow 
rate is stable and the oxygen concentration at the deoxidizer inlet is 
stable.” 

Therefore, with the knowledge extract from the text-based 
document (some are not described above) about the deoxidizer, the 
undesired event and causes, and possible counteractions are 

Fig. 9. The overall objective-function tree of the Minox deoxygenation system on high levels.  

Fig. 8. The function/stream diagram of the Minox deoxygenation system.  
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summarized in Table 6. The example of the high oxygen content 
(after the deoxidizer) undesired event/causes diagram is shown in  
Fig. 13. It is used in Section 5.5.3 for knowledge representation in 
building MFM models. 

5.4.2. Decompose safety functions and streams 
The safety functions for preventing and detecting undesired 

events in mode 2 are analysed for the deoxidizer in the Minox 
deoxygenation system. The safety functions and streams for the high 
oxygen (after the deoxidizer) undesired event as an example is de-
picted in Fig. 14. 

Fig. 14 is obtained by mapping the undesired event/causes dia-
gram shown in Fig. 13 with the function/stream diagram in Fig. 8. 

5.4.3. Identify operational hazards end end-means analysis 
The operational hazards are illustrated in Table 6 and Fig. 15. 
Hazard/Function analysis should be performed by associating 

safety functions and streams with the objective tree by using end- 
means analysis. As a result, the safety objective/function tree is 
produced. The safety objective/function tree for the high oxygen 
(after the deoxidizer) in the Minox deoxygenation system as an 

example is shown in Fig. 15. Results produced in Sections 5.3 and 5.4 
are used for building the MFM model of the system. 

5.5. Knowledge representation by using MFM language 

The Minox deoxygenation system is complex, thus the overall 
MFM model is large accordingly. Thereby, three partial MFM models 
are explained in detail, focusing on three different knowledge in-
puts: the process objective-function tree, process function/stream 
diagram, safety knowledge respectively. The highlighted elementary 
functions in models are where the instrumentation and measure-
ments information (Table 5) is connected. The overall model is 
provided in the appendix for an overview of the models. 

5.5.1. Using process objective-function tree for knowledge 
representation 

In this section, the MFM model of dissolved oxygen is removed 
by using an oxygen scavenger is explained from the process objec-
tive-function dimension by using the process objective-function tree 
as the modelling input. The process objective-function tree for this 
part is extracted and together with the corresponding MFM models 
are shown in Fig. 16. 

Fig. 10. The detailed functions decomposition of the stripping the seawater.  

Fig. 11. The detailed functions decomposition of the chemical deaerating the seawater.  
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There are 3 mass flow structures (in blue) and 5 energy flow 
structures (in pink). The mass flow structure labelled “Minox: 
Oxygen” models the oxygen mass balance for the 2-stage Minox 
system, the mass flow structure labelled “Minox: OxygenAfterStag2″ 
models the oxygen mass balance for the chemical deaeration by 
using the oxygen scavenger and the mass flow structure labelled 
“Minox: OxygenScavenger” models the oxygen scavenger flow. The 
energy flow structures model how the oxygen scavenger dosing 
pump works from the energy balance perspective. The means-end 
relations from the useful energy of the dosing pump labelled 
“ScaPumpElConv” to the oxygen scavenger flow labelled “FC04″, and 
to the removed oxygen labelled “RemovedOxygen” representing the 
means-end relation between “providing the oxygen scavenger by 
oxygen scavenger dosing pump” and “chemical deaerating the 

Fig. 12. The detailed functions decomposition of transporting the decided volume of seawater to the sea.  

Table 6 
The undesired events, causes, and possible counteractions of the deoxidizer.     

Undesired events Root causes Counteractions  

The value of the oxygen analyser after the deoxidizer is high Insufficient methanol addition Check the methanol analyser, if it is below 200 ppm 
Insufficient gas temperature at the 
deoxidizer inlet 

Check the deoxidizer inlet temperature, if it is above 140 °C, if no, 
then check the control of the electric heater 

Check the validity of the analyser Check the analyser if its service is performed within the last 6 
months 

Liquid carry-over in the 1st 
separator 

Wash the deoxidizer if there is no washing operation within the 
last 12 months 

Catalyst is not working Check if the catalyst is replaced within the last 5 years 
The value of the methanol analyser is high, and the value of the 

oxygen analyser after the deoxidizer is low 
Methanol is added too much Ensure the analysers are giving trustworthy results 

Decrease the methanol flow rate 
The value of the methanol analyser is low, and the value of the 

oxygen analyser after the deoxidizer is high 
Methanol is added too little Ensure the analysers are giving trustworthy results 

Increase the methanol flow rate 
Top temperature of the Deoxidizer is high Too much gas temperature at the 

deoxidizer inlet 
Ensure the sensor is giving the trustworthy result 
Check the control of the electric heater 

Liquid carry-over from the 
upstream 

Drain the K.O. Drum 

Top temperature of the Deoxidizer is low Insufficient gas temperature at the 
deoxidizer inlet 

Ensure the sensor is giving the trustworthy result 
Check the control of the electric heater 

Bottom temperature of the Deoxidizer is high Too much gas temperature at the 
deoxidizer inlet 

Ensure the sensor is giving the trustworthy result 
Check the control of the electric heater 

Bottom temperature of the Deoxidizer is low Insufficient gas temperature at the 
deoxidizer inlet 

Ensure the sensor is giving the trustworthy result 
Check the control of the electric heater 

Catalyst is not working Check if the catalyst is replaced within the last 5 years 
Liquid carry-over in the 1st 
separator 

Wash the deoxidizer if there is no washing operation within the 
last 12 months 

Outlet temperature of the Deoxidizer is high Too much gas temperature at the 
deoxidizer inlet 

Ensure the sensor is giving the trustworthy result 
Check the control of the electric heater 

Fig. 13. The high oxygen content (after the deoxidizer) undesired event/causes 
diagram. 
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seawater”. In this way, the relations of process objectives and 
functions are expressed in MFM models. 

5.5.2. Using process function/stream diagram for knowledge 
representation 

In this section, the MFM model of seawater balance in the Minox 
deoxygenation system is built and explained by using the process 
function/stream diagram as the modelling input. The process func-
tion/stream diagram for this part is extracted and together with the 
corresponding MFM models are shown in Fig. 17. The model only 

focuses on the seawater mass balance perspective. The recirculation 
of seawater for carrying the oxygen scavenger is not included here. 

The mass flow structure labelled “Minox: SeaWater” models the 
seawater mass balance in the Minox deoxygenation system, map-
ping with the mass streams information in the process function/ 
stream diagram. The two control flow structures represent the level 
controls of the two separators, mapping with the control informa-
tion in the process function/stream diagram. The mass flow struc-
ture labelled “K.O. Drum Water” represents the seawater mass 
balance in the K.O. drum. In detail, the seawater vapour from the 1st 
Separator is partly stored in the K.O drum and partly to the heat 

Fig. 14. The safety functions and streams for the high oxygen (after the deoxidizer) undesired event.  

Fig. 15. The safety objective/function tree for the system’s pressure in the Minox deoxygenation system.  

J. Wu, M. Lind, X. Zhang et al. Process Safety and Environmental Protection 155 (2021) xxx–xxx 

17 



exchanger downstream. It shows that the process function/stream 
diagram supports modelling consistently and efficiently. 

5.5.3. Using the knowledge acquisition of the safety aspect for 
knowledge representation 

In this section, the MFM model of the deoxidizer is built and 
verified by using the knowledge of the safety aspect as the modelling 
input. The undesired event/cause for this part is in Fig. 13. The safety 
function and streams are in Fig. 14. 

The safety objective and function tree is in Fig. 15. The MFM 
model is shown in Fig. 18. To make the model completed for getting 
proper cause reasoning result for the high oxygen content (after the 
deoxidizer) undesired event, the part of the seawater mass balance 
model is integrated into the model. The undesired event is re-
presented by a hazard labelled “High oxygen cont. af deox” linking 
with a transport function labelled “AT11″ which represents the 
oxygen content after the deoxidizer. The energy flow structures at 
the bottom represent how methanol pumps work from the energy 
perspective. The useful pumping work drives the methanol flow 
from the methanol storage tank into the deoxidizer, which is re-
presented by the mass flow structure labelled “Minox Deoxydiser 
methanol”. The mass flow structure labelled “Deoxydiser Catalyst” 
represents the catalyst that is into the deoxidizer, where a part is 

reacted and the rest is unreacted. The heat balance in the deoxidizer 
is represented by the energy flow structure on the top. 

The causes for the high oxygen content (after the deoxidizer) 
undesired event are highlighted in Fig. 18. And the text explanation 
for each cause is shown in Table 7. They are consistent with the 
causes displayed in Fig. 14. 

6. Case studies: operation support analysis based on MFM models 
of water injection systems in offshore fields 

The MFM models in Section 5 and other MFM models of the 
seawater injection systems are applied for the real-time operation 
support for the water injection systems on a specified offshore 
platform in the North Sea. And the model performance evaluation 
analysis of the developed MFM models is carried out in Section 6 by 
using the methods mentioned in Section 4. The simplified functional 
block diagram of the water injection systems are shown in Fig. 19 
(Due to confidentiality reasons, the system label shown in Fig. 19 is 
not the real label). The operation support is carried out by installing 
Kairos CRA in Center Control Room (CCR) on the offshore platform. 
Kairos CRA continuously receives data from the SCADA system, 
which is used as the input to the MFM models of the water injection 
systems, and based on the real-time MFM rule-based reasoning 

Fig. 16. An MFM model of the chemical deaeration of the seawater by using oxygen scavenger.  
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engine, the abnormal events are online diagnosed. Model builders 
can access CRA remotely and observe the diagnosis. By commu-
nication with operators in CCR daily, the diagnosis is examined and 
verified. The cases CRA can detect the root cause successfully based 
on the developed MFM model is shown in Table 8. However, in some 
situations, CRA is not able to diagnose the root causes due to the 
MFM model quality. Section 6.1 analyzes how the model perfor-
mance can be improved for better-diagnosing results for the ab-
normal events in those situations. Section 6.2 analyzes how the 
MFM-based diagnosis can improve the system’s inherent safety.  
Section 6.3 investigate the possibility of combining other techniques 
to alert operators in certain situations in advance. Since the MFM 
models are developed based on the proposed modelling procedure, 
it also demonstrates the effectiveness of the procedure. 

6.1. Improving model performance for better-diagnosing results for the 
abnormal event 

There was a water injection train trip on Platform 1B on 12/12/ 
2020 (where the red arrow in Fig. 21). It resulted in a water injection 
loss of approximately 8558 m3. Based on the MFM diagnosis using 
the deoxidizer’s bottom temperature sensor (TT02), which gradually 
increased with time and once it crossed the limit, all the possible 
root causes are listed in Fig. 20. When the data trend was extracted 
(Fig. 21) and operators were interviewed, there is an additional 
sensor (HE3566) that monitors the work status of the start-up heater 

in the deoxidizer. And according to system documentation, the start- 
up heater is supposed to be used only during the start-up of the 
process. However, it is also used during normal operation to propel 
the reaction over the deactivated catalyst by control room operators. 
It means the real root cause is the operators forgot to turn off the 
start-up heater after they intentionally turn on the heater to improve 
the deoxidizer performance. The start-up heater is manually con-
trolled when it is used during normal operation. This lead to high 
temperature when the heater was turned on for 40 min instead of 
the originally intended 15 min. The high temperature led to an ESD 
trip resulting in the shutting down of the whole train. The un-
planned shut down also affected the operational status of other 
operation trains due to sudden changes in the pressure in the 
manifold. 

The operators shall not be blamed to use the start-up heater 
outside its designed purpose. The liquid carrying over from the up-
stream of the deoxidiser as listed in the causes can degrade the 
catalyst performance. To improve the catalyst performance, an ad-
ditional heat source is needed. However, since this practical opera-
tion issue is not documented, the knowledge is not included in the 
MFM model. As a result, the energy input function and a manual 
control flow of the start-up heater are added in the function-stream 
diagram and the corresponding process and control function is 
added in the objective-function tree. A potential hazard of the start- 
up heater is on is added in the hazard-function tree and the safety 
function for suppressing such an undesired event is added in the 

Fig. 17. An MFM model of seawater mass balance in the Minox deoxygenation system.  
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Fig. 18. An MFM model of the deoxidizer （energy flow structures representing pressure is excluded).  

Table 7 
The causes for the high oxygen content (after the deoxidizer) undesired event produced from the MFM model in Fig. 18.     

No. Causes produced from the MFM model Text description   

1 Contaminated nitrogen high The stripping gas oxygen content at the deoxidizer inlet is high  
2 Deoxydiser Catalyst low Insufficient catalyst  
3 Methanol inlet low Insufficient methanol  
4 MethanolDosingPumpEILoss high Methanol dosing pump energy loss is high  
5 DrumLiquid Carryover breach Liquid carryover from the K.O drum  
6 after K.O Drum low The K.O drum outlet flow rate is low, which means it requires drainage  
7 WaterDroplets high The seawater carry over from the 1st separator  
8 DeoxydiseHeat loss high The heat loss from the deoxidizer is high  
9 Metpmp: power supply low Insufficient power supply to the methanol dosing pump  

10 inlet heat to HE low Inlet heat to the deoxidizer is low  
11 WaterVapour high The water vapour to the deoxidizer is high  
12 HE low Insufficient heat generation of the electric heater 

Fig. 19. The simplified functional block diagram of the water injection systems, the highlighted block with the dotted line is the Minox deoxygenation system explained in  
Section 5. 
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undesired events/causes diagram. The HE3566 sensor is added in the 
instrumentation and measurements interface with MFM models. All 
of the above revisions for knowledge acquisition are reflected in the 
revised MFM models around the heat balance part of the deoxidizer. 
It is shown in Fig. 22. Based on the revised model, the diagnosis 
result of the abnormal event is shown in Fig. 23. The accuracy of the 
diagnosing result is improved and similar events can be handled by 
the revised model. The possible counteractions of operators can be 
to change to standby motor, reduce water flowrate to the Minox 
deoxygenation system or add more oxygen scavenger to the 2nd 
separator if the water flowrate needs to be kept. 

6.2. Improving the system’s inherent safety by using MFM-based 
diagnosis 

On 06/12/2020, the nitrogen blower in the Minox deoxygenation 
system on Platform 1B was tripped due to high temperature in the 
internal components of the motor. This resulted in 17 days of water 

injection loss. In the end, the blower broke down completely. CRA 
did not detect any deviations. However, by extracting the data 
shown in Fig. 24, abnormal behaviours are found in the speed of the 
nitrogen blower’s motor. Before the system was tripped, the sea-
water flow and nitrogen gas flow was constant in the normal op-
eration capability range, However, the speed signal of the motor 
experienced steps change and increased. It means that the blower 
had to work harder to provide normal gas flow, and the winding 
temperature increased beyond the limit, which triggered the ESD 
trip based on the temperature protection. 

If the winding temperature indicator was linked to the MFM 
model and is used in the control room, this incident could be de-
tected by the model and the operators 6 days before the system trip. 
The diagnosing result using the winding temperature indicator 
(TT71) is shown in Fig. 25. It gives the opportunity to improve the 
plant’s control room interface. In this way, the MFM model can 
provide feedback not only for plant operation but also for improving 
the control room design. 

Table 8 
Successful cases for detecting root causes by using CRA.     

Initiating events (root causes) Consequences Corrective actions  

A choke valve set point mismatch Reduced water injection rate Massaging chock valve and the water injection loss was avoided 
Low oxygen scavenger flow to the deaerator 

on platform 2 
High oxygen content in the injected water The connection error from the oxygen scavenger supply was corrected 

Low deaerator vacuum on platform 2 Excessive use of Oxygen scavenger Since the root cause lasted for too long time, and a maintenance activity 
was triggered to achieve optimum conditions 

High differential pressure across coarse filter 
on platform 2 

Insensitivity to other potential causes but 
high sea state 

It turned out to be a design issue that the filter can not particle flows at 
rough seas    

Fig. 20. MFM-based diagnosing for the high bottom temperature of the deoxidizer event by CRA before the model is revised.  
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6.3. The possibility of combining other techniques to alert operators in 
certain situations in advance 

On 13/12/2020, a surge in current resulted in a breakdown of a 
lift pump (P-5304) and the power generation system on Platform 1, 
leading to 10 days of water injection loss and equipment breakdown. 
On Platform 1, there are five seawater lift pumps, out of which, few 
need to be operational for supplying water for water injection and 
the rest are on standby. The system diagram is shown in Fig. 26. 

In this scenario, power to lift pump PM5304.24 (kW) is used to 
trigger the MFM analysis. The sudden drop in power consumption is 
detected two minutes before breakdown based on real data shown 
in Fig. 27. In this case the MFM model can provide the control room 
operators with two minutes to react, making it possible to save the 
power generations system. The diagnosis result is in Fig. 28. 

There is another signal available PM5302.22 (current) shown in  
Fig. 27. Marked by black circles, the first part of the signal is shown 
as normal. In the second part, the data become smoother and flatter. 
Before the power failure, this current to the pump peaked at least 
20 min before the breakdown. If this signal was used interpreted and 
used with the MFM model, it could provide 20 min to the control 
room operators to check the pump and a possibility of preventing 
the shutdown and equipment damage. After the model is revised 
and connected with the current signal, the MFM diagnosis result 
(selected consequences) is shown in Fig. 29. 

When the historical data of the current measurements is ex-
amined, the second part of PM5302.22 data pattern can be observed 
repeatedly. However, it is not always lead to pump breakdown. Still, 
it is considered worthwhile for monitoring this signal as there could 
be a reason for such a data pattern. Technology such as deep learning 
can help detect related data pattern, which may provide the possi-
bility for alerting operators in advance. Currently, MFM models are 
only linked with the process variables. Electrical issues are not in-
vestigated by the model. If the modelling scope is extended to cover 
the electrical systems, more electrical signals might be able to 
configured with MFM models and providing additional support to 
the control room operators. 

7. Discussion and perspectives 

From the case study results, some discussion points of the 
knowledge acquisition and representation for MFM-based operation 
support are highlighted. 

7.1. Knowledge-based systems and MFM 

When the functional concepts (e.g. objective, function, structure 
etc.) are defined in MFM, they are considered in a means-ends fra-
mework. These concepts may be categorized into five knowledge 
types from top down (ends to means) as shown in Table 9. 

Fig. 21. Signal trends over time in December 2020, bottom temperature of deoxidizer (black), heater operational status (red), and water flow through injection pump (blue).  

Fig. 22. The revised part of the MFM models of the deoxidizer.  
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Knowledge type 5 is called the intentional or the purpose knowl-
edge. Knowledge type 4 is associated with system functional 
knowledge. Knowledge type 3 is the relations between means and 
ends, including objectives and function relations, function and 
function structure relations, and function and physical structure 
relations. Knowledge type 2 is the state dependency relations. 
Knowledge type 1 is related to the structural knowledge. The model 
verification and validation method of the 5 types knowledge were 
illustrated in Section 4. 

It can be seen that among knowledge-based system (KBS) mod-
elling methods, MFM defines clear semantics based on the action 
theory, modelling different types of knowledge as shown in Table 9, 
and supports cause-consequence analysis. Almost every KBS mod-
elling method claims that the quality of developed models highly 
depends on domain experts, however, it is not deniable that it also 
depends on the nature of the methods. Among them, apart from 
MFM, there are other KBS modelling methods, such as Integration 
Definition for Function Modeling (IDEF0), knowledge-based module 

Fig. 23. MFM-based diagnosing for the high bottom temperature of the deoxidizer event by CRA after the model is revised.  

Fig. 24. Signal trends around the blower, the speed of the motor (yellow), gas flow rate (red), the differential pressure across the blower (black), gas temperature (green) and 
water flow through injection pump (blue). 
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(KBM). IDEF0 is a graphical model and is composed of two primary 
modelling components, functions (represented by boxes), and data 
and objects that interrelated those functions (represented by ar-
rows). The modelling inconsistency often occurs because the inter-
faces between functions in IDEF0 are not precisely defined, and 
hence are subject to individual interpretations. It also tends to ab-
stract a sequence of activities following time sequences, which also 
means that the activities that happen at a later time can hardly in-
fluence back on the previous activities. The purpose of the KBM 
network essentially is to combine different types of knowledge: 
mechanistic, heuristic and knowledge hidden in process data (big 
data) for process modelling. However, in nature, it is trying to make 
sense of state dependency relation and predicts the process behavior 
based on existing measurements. The other types of knowledge in-
dicated by Table 9 are not integrated. Therefore, it is not likely to 
interpret scenarios thoroughly. 

7.2. MFM model building 

The MFM model building can be supported by knowledge-based 
systems technology. With the development of KBS technology, one 
of the aspects of modelling (knowledge base building) automation is 
to promote the reusability and shareability of knowledge-based 
components based on domain knowledge and concrete facts (Motta, 
1999). Therefore, the conventional manual model from scratch 
without using reusable knowledge-based components does not 
meet the modelling automation development trend demands for 
life-cycle processes. Because modelling automation requires fewer 
manual efforts in a structured way to ensure high model building 

efficiency and model update on time to ensure model-process con-
sistency. In this study, Fig. 19 shows that there are certain similar 
functional components among the three water injection trains, such 
as filtration, deaeration, pumping. The reusable functional patterns 
by following the modelling procedure are used in this study for re-
ducing modelling efforts for modelling such complex systems. To 
ensure the quality and consistency of MFM model building and ex-
tend the usability of MFM models to other industries, MFM model 
library development is an ongoing activity including the theoretical 
development of MFM methodology and the software development 
of supportive functions in the model building tool. 

7.3. MFM model performance for real-time operation support 

It demonstrates that the MFM method can be applied for real- 
time operation support. Also, it is the first time a detailed MFM 
model of a Minox deoxygenation system in the specific real offshore 
oil and gas production field has been presented in the literature. The 
possibility offered by the MFM dynamic reasoning rule-based op-
eration support could track causes and consequences through the 
whole system level and the ranking of the causes are facilitated by 
the information of instrumentations and measurements. Learning 
lessons and experience of MFM model performance for real-time 
operation support are highlighted here. 

First, only validated, consistent, and good enough MFM models 
can yield a good diagnosis for the abnormal events. This means that 
insufficient support for knowledge acquisition and representation 
for building MFM models may lead to the failure of such achieve-
ments. Insufficient support includes lacking process knowledge, 

Fig. 25. The diagnosing result by using CRA if the winding temperature indicator is installed.  

Fig. 26. Process and instrumentation diagram of the lift pumps system on Platform 1.  
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lacking modelling method support, non-updated system informa-
tion. Lacking process knowledge can be advanced by collecting re-
levant documents and good communication with process engineers 
and operators. The system information can be updated by checking 
with operators on a daily basis. The modelling procedure presented 
here provides a systematic and structural method so it can support 
modelling builders to follow certain steps in the process of building 
models, and even if the satisfaction level is not high enough in the 
end, the modellers still can look back to find what is missing or what 
is wrong during the modelling process. Thereby, the modelling 
procedure assists model builders to carry out building MFM models 
and provides quality of the models and enables diagnosing of ab-
normal events for more complex systems and complex scenarios. 

In addition, the accuracy of the diagnosing result depends on the 
modelling boundary and system design. In some cases, the root 
causes of the abnormal events are located outside of the modelling 
scope. The root causes could be weather-related factors, and the 
process equipment outside the modelling boundary among others. 
Such a challenge can be solved by extending models of the whole 
spectrum of plant operation and tagging such causes to alert op-
erators. In other cases, the system design does not allow MFM 
models can detect such deviation due to lacking instrumentations 
and measurements or hidden failure patterns as shown in Sections 
6.2 and 6.3. In these situations, it either requires system modifica-
tions for engineering decision support or combines the deep 
learning technology to identify such hidden failure patterns to give 
input for the MFM-based operation support system afterwards. 

Second, the instrumentations and measurements are the key 
interfaces linking with MFM models. The principle and method 
presented in the paper give the idea of how the system’s behaviour 
can be reflected in its function. Sometimes, such linking cannot be a 
direct one-to-one mapping, it may also require calculations based on 
multiple variables. Also, in this paper, only process variables, they 
are temperature, pressure, power, flowrate, level, valve position, 
analysers are used as instrumentations and measurements. 
However, if the MFM models are needed to identify the electrical 
and mechanical failure causes, condition monitoring information 
should be attached to the models. It does not only require the take in 

that information in the models but also requires modelling method 
development for analyzing mechanical components failure. 

Third, the measurements of KPIs can be assessed by operators, 
and process engineers. Some of the assessments can be assisted by 
computers along with the model development and implementation 
process. Initially, the result of the objective/function tree and func-
tion/stream diagrams in relation to knowledge acquisition are 
modified and improved in a workshop together with operators and 
process engineers. During the workshop, facilitated by the diagrams, 
generic knowledge (e.g. from other plants) and specific knowledge of 
the modelled plant are shared and communicated. Based on the 
modified diagrams, the MFM model is built and verified by using an 
MFM syntax check to ensure the knowledge acquired is translated to 
MFM language properly. Then test scenarios are designed by op-
erators and process engineers for abnormal scenarios testing to 
verify that explicit design knowledge of the plant’s functions, ob-
jectives, and goals are captured. These scenarios testing is facilitated 
by a software tool called Scenario Marker, using the same MFM 
reasoning rules for causal reasoning to check whether the model 
includes representations of all causal dependencies for each of the 
designed scenarios. Afterwards, historical data are used to generate 
event-based testing scenarios to ensure the model can capture all 
changes implemented in the plant which affect system behaviors 
and plant operation. This step also helps to check whether in-
strumentations are configured with the model correctly. In the end, 
the model is implemented and connected to the real plant and run 
real-time data via standard OPC UA interface. Since the MFM model 
is built based on the developed objective/function tree, in further 
research, the reverse process is investigated, so the objective/func-
tion decomposition can be automatically extracted. In this way, one 
may compare the model generated objective decomposition with the 
input objective/function tree, to further support the model ver-
ification and validation. Another model validation tool that is being 
developed currently can establish an instrumentation/root cause 
matrix. The matrix support reviewing whether the model captures 
the expected response of the instrumentations and how well dif-
ferent root causes can be discerned based on available measure-
ments (Kirchhübel et al., 2019; Nielsen et al., 2020). Following these 

Fig. 27. Signal trends on motor (PM-5304): current measurement is in red, and power consumption is in black.  
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steps, the model accuracy and performance are improved for op-
erational support to ensure process safety. 

7.4. Industrial use case 

The aforementioned university-industry collaboration project 
boosted the technology readiness level (TRL) and new research op-
portunities and industry and application domains are opened up. 
This research is a result of a university-industry collaboration team 
of three companies and 24 scientists and engineers doing research 
and development into the monitoring, control and supervisory 
control of oil and gas production. The TRL of the MFM-based solution 
for operators decision support is evaluated and acknowledged at 

Level 4 at current. It is now easy and safe to model a new plant or 
system based on the plant information because model builders are 
following the knowledge acquisition and representation procedure. 
Along with the development of the model building, the modelling 
method is applied for more different systems on oil and gas plat-
form, and some of the models are saved as library elements and 
available for use and revisions for new specific systems. Therefore, 
the normal time to build a main process model for a medium off-
shore installation is now reduced to 8–12 working weeks. At the 
meantime, the industry has opened up access to the systems on the 
platform. This also gives us the opportunity to new industry and 
application domains, e.g. verifying the initial design. With the po-
tential capability to model all the systems in one common modelling 

Fig. 28. The CRA diagnosis result by using the power consumption signal.  

J. Wu, M. Lind, X. Zhang et al. Process Safety and Environmental Protection 155 (2021) xxx–xxx 

26 



language, regardless of discipline, the process-, electrical-, and me-
chanical systems can be potentially represented in the same twin for 
improved reasoning. 

Finally, it is noted that the aim of the MFM-based online opera-
tion support technology is not to replace the positions of operators. 
The insights and experiences of operators are still very much valu-
able for the system to be operated safely. Rather it is meant to 
provide a decision support tool for improving operators’ situation 
awareness because system operation tasks are demanding highly 
intensive attention in a short response time. In the Covid-19 situa-
tion, the workload of the operators is dramatically increasing due to 
a lack of attendance. Besides at times, certain process working pat-
terns are dominating operators’ brains. However, since the MFM- 
based operation support system is also a knowledge-based system, 
the knowledge of operators can be saved and updated in the MFM 

Fig. 29. The CRA diagnosis result by using both the current signal and the power consumption signal.  

Table 9 
Knowledge types in MFM models.    

Types Knowledge categories   

5 Intentional knowledge  
4 System functionality knowledge  
3 Means-ends relations  
2 Casual state dependency relations  
1 Structural knowledge 
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models. This point is also demonstrated in the case study. Thereby, 
such a tool could also be used for new operators training. 

8. Conclusions 

A procedure of knowledge acquisition and representation for 
building MFM models for operation support has been proposed. In 
knowledge representation, the principle and method of an interface 
linking between instrumentations and measurements and (states of) 
functions in MFM models have been introduced. A new reasoning 
engine is developed for MFM based real-time cause-consequence 
reasoning about dynamic plant situations. And then the model ver-
ification and validation, and the performance evaluation analysis 
method of the MFM model-based intelligent operation decision 
support have been proposed. The knowledge acquisition and re-
presentation modelling procedure, the dynamic reasoning engine 
and model performance evaluation analysis are successfully applied 
for a realistic water injection system in offshore fields. The appli-
cation cases for operation support provide a reasonable basis for 
demonstrating the knowledge acquisition and representation pro-
cess for building good MFM models. It demonstrates that the pro-
cedure of knowledge acquisition and representation can facilitate 
the model builders, and ensure the quality of the models used for 
operational support. And the dynamic reasoning capabilities are 
verified. 

The MFM-based knowledge system for operation support fa-
cilitated by a rule-based reasoning engine produces a causes list for a 

given abnormal event based on online instrumentations and mea-
surements information as evidence and the more supporting evi-
dence, the higher the cause is ranked. If the diagnosis results do not 
meet the operation support requirement, model builders can track 
back to the produced results during each step in the knowledge 
acquisition and representation process for building MFM models and 
revise, consequently, the produced MFM models satisfaction level 
for operation support is increased. This ensures the quality of diag-
nosis results from the MFM-based knowledge system for operation 
support, and operators’ confidence in using the system for their daily 
basis work is increased accordingly. 
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