
  

 

Abstract—Based on psychological experiments and 

psychophysical mechanisms, it is possible to acquire 

manufacturing workshop operator’s behavior and cognitive 

situations. A comprehensive optimization model for complex 

industrial processes is proposed by integrating expert operator’s 

behavior and electrophysiological characters. By using the 

proposed multiple layer modeling method includes process 

control, manufacturing and management factors, a 

human-in-the-loop control system can be created including the 

situation awareness of manufacturing process and workshop 

operator cognition. 

I. INTRODUCTION 

Complex industrial processes involve petrochemical 
production process, power system, manufacturing system, 
etc., which are important for national economy to enhance 
comprehensive national strength, stimulate domestic demand. 
There are two dimensions to analyze the complex industrial 
processes. One dimension includes process control system, 
manufacturing execution system, and enterprise resource 
planning layers; the other one means many separated and 
interconnected manufacturing units. It is important for 
product quality improvement and energy consumption saving 
to realize collaborative optimization of these two dimension 
processes. Human operators play critical roles for the 
collaborative operating and optimizing of the processes, and it 
is very important to analyze their behavior. Therefore, the 
establishment of dynamic hybrid model fused by various 
operator behavior and complex industrial processes is the 
foundation of complex industrial process optimal operation. 
The personnel including computer distributed control system 
operating, program scheduling personnel and enterprise 
management decision-making management. The personnel 
behavior into the category of optimization decision, to achieve 
closed loop control concept of “people in”. 

With the development of artificial intelligence and 
cognitive science since 1970s, artificial intelligence based 
modeling method for complex dynamic system control 
engineering has been paid more and more attention[1-4], and 
many human cognitive models for HCI (human-computer 
interaction) are proposed, such as MHP (Model Human 
Processor) [5, 6], SOAR (State Operator And Result) model 

 
 

[7,8], etc. Moreover, various expert systems are developed 
based on case-based reasoning and rule-based reasoning to 
assist the optimization and decision making of computer 
control systems [9-13]. However, traditional studies on 
artificial intelligence and expert systems mainly focus on the 
application of text language (mother tongue of human experts) 
to describe the expert's knowledge and experience, it is 
imperfect technology because the accuracy is not stable [14]. 
In fact, human behavior is controlled by their brain. So we 
may collect electrophysiological data from the expert brain to 
find expert knowledge directly, without the influence of native 
language differences.  

In 1990s, a concept of artificial societies or systems 
constructed by computers running with the real human 
societies or systems in parallel was presented [15]. Based on 
the artificial societies, the simulation calculation is employed 
to analyze the behavior of complex systems and to do 
computational experiments. A “computing center” is built, 
based on which various phenomena of real complicated 
systems can be “test”. Although the study has obtained some 
achievements [16-18], no unified theory and method has been 
proposed yet. 

The electrophysiological and behavior information of 
experts is collected during their professional activities, and 
based on these information, a optimization of 
decision-making model is created from the viewpoints of 
microscope, mesoscopic, and macroscopic layers. The model 
can be used to help fresh operators find a better solution for 
the management and control of complex industrial process.  

II. RESEARCH FRAMEWORK 

In this study, human operator’s behavior is involved in 

the optimization and decision making for the complex 

industrial processes. From the viewpoint of microscopic level, 

the psychophysical signals are acquired and analyzed for 

cognitive state assessment and an operation cognitive 

behavior based expert system is established; from the 

mesoscopic level, to build a dynamic adaptive HCI, operation 

behavior is monitored and analyzed online according to the 

physiological behavior model and expert system, and key 

variables are also used to predict operator’s mental workload; 

from the macroscopic level, a hybrid model including 

operators’ operating behavior and industrial process is created 

to guide the macroscopic optimization decision-making of 

complex industrial process. 

 The constructed multi-layer behavior model can be used 

to effectively reveal the internal relation mechanism of human 

physiological information, cognitive behavior process and 

operating behavior, and to systematically describe the human 
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behavior in the complex industrial process. Integrating with 

operator behavior model, the model based optimization and 

decision-making method can be more effective and accurate, 

as shown in Figure 1.  

III. PROPOSED METHODOLOGY 

There are four key techniques involved in this research 
descript as follows. 

A.  Physiological information acquisition and feature 

extraction 

 Brain information processing model  

When operators manipulate the running complex 
industrial process, their physical and cognitive states can be 
reflected by physiological signals. We will study how to detect 
operator’s physiological information, and then build brain 
information processing model including memories, 
knowledge base of operation procedures, processors, etc.  

 Feature extraction and space-time pattern analysis 

As Figure 2 shown, several signals including EEG 
(electroencephalogram), EOG (electroculogram), EMG 
(electromyogram) are fused with human behavior video data 
for precise cognitive situation assessment. Through signal 
time-frequency analysis, chaos analysis, support vector 
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machine (SVM) regression analysis and Bayesian 
classification, a physiological signal spatiotemporal model is 
built to simulate the operator’s professional activities. 

B. Optimization decision model 

 Knowledge acquisition and optimization 

Figure 3 shows how to realize the physical characteristics 

of operator knowledge acquisition method and technology 

based on the traditional expert system technology. 

Physiological knowledge acquisition plans is as follows: 

Firstly, user input signal of EEG (correlation dimension, 

Lyapunov index and complexity, etc.), EOG (peak-to-peak 

value, etc.), EMG (peak-to-peak value and zero crossing, 

etc.), etc. to the system; Secondly, system checks whether the 

input is correct with detection module, if not, alert user 

correction; Thirdly, the right knowledge into the base.  
We can describe operator experience and determine 

decision making of expert system according to the shape when 
complex engineering system is in running state.  

 Inference rules 

On the basis of establish electrophysiological signals 

probability density function group, and probability density 

function distribution in a narrow range as the starting point of 

the decision variables, Study how to adopt the method of 

production rules and calculation model combining to form the 

corresponding reasoning mechanism of human expert 

knowledge summary. Establish production rules set by IF 

(condition) THEN (conclusion) described, thus the formation 

of an expert system based on physiological signals. In 

addition, how to increase new calculation model for module is 

studied. 

 Optimal fusion of expert systems 

In this part, firstly, research how to increase "knowledge 
base" (physical) of operator physiological information on the 
basis of the traditional expert system, added and optimal 
expert experience which difficult to describe to new 
knowledge base. Secondly, Study of how to extract 
information and decision information, to build knowledge 
base (physical). Thirdly, using probability density function 
shape, based on b-spline neural network and stochastic 
differential equation related Study how to establish the 
relationship model between information and decision-making 
information study. Finally, research integration, optimize of 

new system and traditional expert system based on the genetic 
algorithm. The weigh in Figure. 3 as solution for the problem, 
and ideal production index as objective function. 

C. Adaptive HCL 

Operator’s mental load influences on operation effect 
when they are at the runtime of completion a series of HCI in 
complex industrial process. Therefore at mesoscopic level, 
starting from operators physiological signals, study adaptive 
HCI mode. The research in this part includes:  

 Cognitive behavior modeling 

Study how to build a cognitive model based on 

physiological information and cognitive theory of operators,. 

The model will be aware processor, identification analysis 

system, prediction, inference and decision system, higher 

cognitive functions such as learning and memory. 

 Adaptive HCI based on mental workload Prediction 

On the basis of traditional adaptive HCI, study how to 
develop a application solutions comprehensive four factors of 
users, tasks, system model and psychological load forecast as 
shown in Figure 4. Through statistical analysis, fuzzy 
classification and SVM classification, research user model 
includes user information extraction, processing, and formal 
to support adaptive reasoning. Effective and feasible adaptive 
reasoning method is put forward, user model and interactive 
mode can be reasonable matching. 
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such as discrete and continuous state in parallel, nonlinearity 
and uncertainty. With the theory of hybrid system oriented to 
complex industrial process modeling, mainly includes: 

 Agent based behavior modeling method 

According to the operator behavior characteristics in the 
processes, namely, in the process of production, the operator 
need to comprehensive judgment current production 
operation (e.g., product quality, yield, efficiency, energy and 
material consumption, pollution emissions), then make 
corresponding operation. The operator's behavior also needs 
high real time capability, timely decisively to deal with 
emergency. Based on research of microscopic and 
mesoscopic level, set up the Agent structure function module 
of perception, reasoning, decision-making and rules, research 
Agent behavior model with characteristics of autonomy, 
real-time, autonomy and intelligent. In order to achieve the 
reasonable allocation and optimization of the process 
resource, motivation and constraint operation, individual 
behavior decision model under enterprise code of conduct will 
be established, combine with the whole process and job 
management behavior norms  

 Relationship model of operational behavior - control 
variables - production targets 

At macro level, industrial process model contains the main 
operating variables according to the whole production 
process. Based on the theory of hybrid system, research 
interaction relationships of mutual restriction and mapping 
between multi-layer behavior model and industrial production 
process model of interaction, after the relationship model 
built, operation of employee behavior influences on 
production index will be achieve quantitative analysis. Using 
computing experiment design, Sensitivity analysis and 
evaluation method was carried out on the operation behavior 
and production goals, research practice method for sensitivity 
analysis and calculation for the production target. On the 
basis, put forward suitable control strategy.  

IV. CONCLUSION 

The multiple layer model based method integrating with the 

physiological information of expert operators is proposed for 

optimization control of the complex industrial processes. By 

using expert system integrated with the physiological 

characteristics of human operators at microscopic level,, the 

of implicit knowledge can be extracted. Based on the 

evaluation and improvement of HCI system at mesoscopic 

level, operation tasks of industrial processes can be 

dynamically adapted to meet the requirements of mental load, 

which is useful to compensate human’s limited cognitive 

ability. By applying the comprehensive optimization model, 

the influence of human behavior on production quality, 

efficiency, and energy consumption can be quantitatively 

analyzed at macroscopic level, and finally, it is helpful for 

complex industrial processes to adapt to environment changes 

and interference and to obtain high production quality and 

efficiency. 
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