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Abstract: In this paper, the method of detecting a runaway reaction in a batch process 

using artificial neural network (ANN) model is proposed. From the safety point of view, it 

is difficult to investigate what the causes of runaway reactions in the chemical plants are, 

besides as the consequences of the accident cannot be so well investigated. In this study, 

the parameters of temperature, pressure, and level of the reactor that influence a runaway 

reaction are studied. Based on historical data of the parameters (temperature, pressure, and 

level of the reactor) for normal and runaway reaction, the ANN model and simulation of 

Polyvinyl Chloride plant has been developed. Analysis of the learning and results of the 

ANN algorithm and simulation are presented and discussed. It is established that by using 

this approach, we can observe and compare what’s the dominant factor of the runaway 

reaction. Finally, we also can visualize the characteristic of runaway reaction so we can 

anticipate and isolate this kind of fault. 

Keywords: runaway reaction, artificial neural network, batch process, fault tree analysis 

1. Introduction 

The reliability of a chemical reactor installed in a plant depends on the capability of the 

control/ supervision system to estimate its state and to identify, in time, its operational 

malfunctions or failure modes. Specifically, if the loss of temperature control occurs (if the 

rate of heat generated by chemical reaction exceeds the rate of heat removed by the 

cooling system) causing a runaway or thermal excursion. Case studies have shown that 

runaway reactions are among the main causes of major accidents in the chemical process 

industry in Japan [1]. For example, there were 41 cases (12 %) of runaway reaction out of 

a total of 331 accidents in the chemical industries in Japan during the period 1988-1997. 

    Runaway is a thermally unstable reaction system that exhibits an uncontrolled 

accelerating rate of reaction leading to rapid increases in temperature and pressure [2]. 

This issue is becoming very important because of risk associated with them are very high 

[3]. In this paper, we present a method for detecting and identifying a runaway reaction by 

pattern-recognition method based on neural networks. As a demonstration of our strategy, 

we present a polymerization reactor Polyvinyl chloride (PVC) batch plant as a case model. 

Assessment of the hazardous condition, Loss of Containment (LOC), in the PVC batch 

plant using improved dynamic simulation is developed [4]. Next, runaway condition as 

one of the two causes of LOC, are covered in more details. We know that for many batch 

processes it is too difficult to develop an appropriate model. So, to overcome this 

difficulty in this case, we suggest the use of ANN.  

  



S. Ardi, H. Minowa and K. Suzuki 

 

368 

From the operational data, normal condition and abnormal condition, i.e., runaway 

reaction, we can build a ANN model that can detect condition of the system. Application 

of fault tree analysis is done to build knowledge of the process for this system that helps 

identify when a runaway will occur. 

    To accomplish this task, a neural network has to be trained, before it is able to detect 

and identify a runaway reaction. Further, the efficacy of neural networks to identify normal 

process conditions and runaway reaction has been demonstrated with the help of 

experimental results as well as with the simulation. 

Notation 

ANN artificial neural network 

FTA fault tree analysis 

LOC Loss of containment 

m,b Parameters of the correlation coefficient that corresponds to the slope and 

the y-intercept 

P (BE) probability of basic event 

P&ID piping and instrumentation diagram 

PVC polyvinyl chloride 

R parameters of the correlation coefficient between the outputs and targets 

SSM switching signal mode 

ST sensor of temperature 

SP sensor of pressure 

SV sensor of valve 

VCM vinyl chloride monomer 

2. Batch Process Overview 

2.1 General 

A batch process usually comprises several of steps of processing; and these tasks should 

be performed in the right order and at the right times. A specific process is carried with 

major tasks such as preparation, charging material, and react the material into expected 

products. As stated by ISA S88 (a world wide standard which has been applied for 

reference in batch plant design), the major tasks level should be followed by the smallest 

level of process level, such as open-close valve, heat, agitate, etc [5]. 

A batch operation needs manual intervention from the operator, since the processes 

change when tasks are executed based on the related recipe. The amount of materials is 

charged and is mixed in a reactor leading to an exothermic reaction. The process is closely 

followed according to the time and schedule. A failure in scheduling influences the 

abnormality in the whole process. The timetable of PVC batch process is shown in Table 

1, which shows the nature of batch processing that an operation has to perform in a given 

slot of time. Generally, any shift from one operation to operation changes the behaviour 

and characteristic of the process. If an abnormal condition occurs, it may contribute to 

hazardous situation. Therefore, full attention must be given in managing the batch process. 

2.2 Batch Plant Piping and Instrumentation Diagram (P&ID) 

Actually, a PVC batch plant converts the vinyl chloride monomer (VCM) into 

polyvinyl chloride (PVC) product. Batch process starts with the cleaning of the 

reactor using controlled amount of de-mineralized water, surfactants and other 
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additives. After that, a measured amount VCM is charged and by further charging 

some initiator to reactor, starts the polymerization and the steam is also passed 

through the reactor jacket to heat the reactor up to about 327 K. 

Table 1: PVC Batch Process Timetable 

Charging Finishing 
    Operation 

 

Material/ 

Equipment 

Preparation 
Charge Sub 

material 

Start 

Agitation 

Charge 

Material 

Heat 

Up 
Catalyst 

Reaction 

Product 
Finish 

Agitation 

Cleaning water          

Agitator          

De-mineralized 

water 

         

Dispersant          

VCM          

Initiator          

Steam          

Cooling water          

Product           

 

As result of the polymerization, heat is generated and an exothermic reaction occurs due to 

breaking of the double bond in the VCM chemical structure. Therefore, the heat must be 

removed from the reactor and steam is replaced by cooling water to keep the temperature 

stable, usually, around 333 K. Agitator in reactor maintains the contents well mixed and 

after 8 hours of the process, the pressure decreases and VCM has been converted [6]. 

The general framework of modelling in ISA S88 consists of physical, procedural, 

process, and recipe model for batch plant. ISA S88 model elaborates the relationship for 

the model and describes process objective in batch plant. Procedural model combines the 

physical entities to carry out the process. Process objective can be achieved by 

implementing detailed procedure on the specific equipment. Safety designer should 

consider the entire model framework to construct safety objective. This is the consequence 

of safety design due to ISA S88, which does not provide fully safety aspects in batch 

process. The relationship of model in ISA S88 can be seen in Fig. 1. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Procedural model and physical equipment mapping to achieve process objective 
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Figure 1 presents the relationship among the models, the lowest level (phase, 

equipment module, and process action) that has important role in performing safety 

aspects in plant operation. Phase level is dealing with process-oriented tasks, some 

examples of phases can be: add material, heat up, and agitate. 

At phase level, an equipment module level or a unit level must execute the instructions. 

The Equipment modules cover the equipments for performing one or more specific 

functions and an equipment module may be made up of control modules or other 

equipment modules. An additional problem is the state of the operation usually changes as 

a result of the changes in scheduling when executing a batch task. Therefore, it is required 

to assess the phase level using the fault propagation method that evaluates safety objects in 

phase level using performance based failure analysis. 

 

3. Methodology 

3.1 ANNs Tool for Fault Diagnosis in Batch Process 

At present, the use of pattern recognition methods based on neural networks and the use of 

statistical techniques as tools for fault diagnosis, especially in batch process, is still in 

development stage [7, 8, 9, 10, and 11]. The ANNs method has many useful applications 

in fault diagnosis area, especially in handling the non-linear and undetermined processes. 

This method can also be made to learn the diagnosis of the training data and can make an 

adaptation during the usage. In this paper, we use the experimental data of temperatures 

for a PVC batch reactor for developing the ANNs model. Figure 2 presents the steps for 

building the ANNs model. It is reasonable to use the data of temperature and pressure for 

building the ANN model [12]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Steps for Building the ANN Model 
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3.2 Detection and Identification of Runaway Reaction 

The runaway reaction is generally accepted to occur in stages, viz.,  

Detection – to ascertain, if a runaway has occurred? 

Identification – where exactly is the fault? 

For our case study, we have selected a model plant of PVC batch, as shown in Fig. 3. 

From this model plant, a batch dynamic simulator has been developed and from this we 

obtained the process variable data on temperature, pressure, and level of the reactor. Next, 

this data is used for detection and identification of process fault in case of a runaway 

reaction. The focus of this paper is on recognizing condition of the temperature normal 

and abnormal (runaway reaction) inside the reactor. The experimental results of the 

temperatures inside the reactor, for normal and abnormal reactions are shown in Fig. 4. In 

Figure 4, the temperature inside the reactor has been divided into three zones, i.e., 

charging, heat-up, and reaction tasks. During the reaction step, the temperature is 

maintained between 50 
0
C and 60

0
C by charging the cooling water. We have observed that 

the temperature inside the reactor will start deviating when the process transits from heat-

up phase to reaction phase. This temperature deviation shows the possibility of a runaway 

reaction. 

    A reactor model must contain all the information pertaining to detection; first, if the 

batch operation is going beyond the normal limits of temperature and pressure. If an 

abnormal situation is encountered (i.e., runaway reaction), the system must identify the 

fault. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Batch Reactor of PVC Plant Diagram 
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Figure 4: Experimental Results of the Temperature inside the Reactor: Normal and Runaway 

Reactions 

Once we get the ANN model, we develop the simulation based on the plant model and 3 

parameters (temperature, pressure, and level of reactor) obtained are shown as in Fig. 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5: Development Method for Detection of Runaway Reaction in a Polyvinyl Chloride Batch 

Process using Artificial Neural Networks 

3.3 Fault Tree Analysis (FTA) for investigating the causes of runaway reaction. 

From the reactor model, we can use fault tree analysis (FTA) to estimate the incident 

frequencies. FTA can also be used to investigate the causes of undesired consequence. 

Figure 6 presents the chart of FTA for investigating the causes of runaway reaction in case 

of a PVC batch reactor.  

From Figure 5, we observe that, 

P(G2) = P(G4) AND P(G5), where 

(i) P(G4) = ((P(BE1) AND SSM2) OR (P(BE2) AND SSM2)); 

(ii) P(G5) = ((P(BE31…3n) AND P(BE41…4n) AND SSM2 AND SSM2) OR 

(P(BE51…5n) AND SSM2)). 

Switching signal mode (SSM) contributes to the change of batch status. 

From this, we know that the cooling water line is one of the critical parts of the reaction; it 

maintains the temperature around 60 
0
C. If temperature in the reactor jacket is detected to 

be increasing, then the cooling water will be charged automatically to the reactor. Failure 

of the cooling water can generate hazardous situation such as runaway reaction and 

sometimes may lead to an explosion. 

SIMULATION

By Simulink (MATLAB)

Inputs Outputs

Temperatures

Model Plant

(PVC Batch Reactor)

Parameters:

> Temperatures

> Pressure

> Level

Detection: 

Normal or Runaway reaction

ANN Model
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Figure 6: FTA Based on Qualitative Analysis [4] 

4. Results and Analysis 

The first step of supervision method based on neural network is the application of the 

historical data obtained from the experiments. Obviously, the historical data contains 

information about two conditions, viz., normal and runaway conditions. As a next step, we 

apply fault tree analysis to obtain a knowledge base for the ANN model; so that the ANN 

model can detect and identify the abnormal condition. Finally, this model can help can 

provide us an early warning and also detect and identify the runaway reaction. 

An artificial neural network is composed of computational processing elements 

operating with weighted connections. We use feed forward multilayer perceptron network 

and the back-propagation training algorithm. The neural network approach (Back-

propagation with Levenberg-Marquardt technique) has been employed using MATLAB 

[13]. 

The details of the training and optimization process are shown below: 

• Neural network inputs is 1 

• The hidden layers are 10  

• The output layer has 2 linear neurons (for normal and runaway conditions) 

• Sum of temperatures data is about 12700 

• The networks are trained using Levenberg-Marquardt optimization algorithm 

• The activation function is the ‘logsig’ 

• Numbers of epochs trained are 52 and 88 
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The performance of a trained network has been measured as shown in Fig. 7 and Fig. 

8. The performance of a trained network can be measured by the errors on the training, 

validation, and test sets. One option is to perform a regression analysis between the 

network response and the corresponding targets. The network output and the 

corresponding targets are passed to post training analysis (postreg). It returns three 

parameters: m, b, and R-value. The first two, m and b, correspond to the slope and the y-

intercept of the best linear regression relating targets to network outputs. If they were a 

perfect fit (outputs exactly equal to targets), the slope would be 1, and the-intercept would 

be 0. The third variable (R-value) returned by postreg is the correlation coefficient 

between the outputs and targets. It is a measure of how well the variation in the output 

explained by the targets. If this number is equal to 1, then there is a perfect correlation 

between targets and outputs. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Post-training Analysis for Normal Condition: (1, 10, 1), 75 epochs. Parameters of 

Corresponding Targets: m = 0.9994; b = 0.0240; R = 0.9998 

    We have tried some cases that can describe the normal status or runaway reaction, as 

is shown in Table 2. From the 10 cases that we present, there are 7 cases for normal 

conditions and 3 cases for runaway conditions. The cases present the conditions of 

temperature sensor, flow sensor, pressure sensor, level sensor, and agitator. We have 

observed that for runaway cases, while the temperature were raised over the normal value 

(about 50 
0
C – 60 

0
C), then the pressure too in reactor was raised. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 8: Post-training Analysis for Runaway Condition: (1, 10, 1), 64 epochs. 

Parameters of Corresponding Targets: m = 0.9994; b = 0.0143; R = 0.999 
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Table 2: Some Cases of Normal and Runaway Conditions 

Case Taxonomy Time (s) 
Temp. 

(0C) 
Flow Pressure Level Agitator Status 

C1 Reaction 3600.0 10.7 Normal Normal Normal Normal Normal 

C2 Reaction 7200.0 33.2 Normal Normal Normal Normal Normal 

C3 Reaction 10800.0 53.4 Normal Normal Normal Normal Normal 

C4 Reaction 14400.0 56.6 Normal Normal Normal Normal Normal 

C5 Reaction 18000.0 55.1 Normal Normal Normal Normal Normal 

C6 Reaction 21600.0 55.4 Normal Normal Normal Normal Normal 

C7 Reaction 25200.0 55.6 Normal Normal Normal Normal Normal 

C8 Reaction 3120.0 70.0 Normal High Normal Normal Runaway1 

C9 Reaction 7200.0 70.0 Normal High Normal Fail Runaway2 

C10 Reaction 18000.0 70.0 High High Normal Normal Runaway3 

 

From our simulation, we have observed that the parameters of temperature, pressure, and 

level of the reactor have influenced the runaway reaction. We noted that the level 

parameter appeared to have normal condition, as is shown in Table 3. 

Table 3: The parameters Condition of Runaway Reaction 

Time 

(s) 

Temperature 

( 0C) 
Pressure (psig) Level 

3.6247222 59.99 99.92 Normal 

3.7283333 65.02 98.45 Normal 

3.7827778 70.22 99.80 Normal 

3.8241667 80.04 99.45 Normal 

 

5. Conclusions 

We have presented the application of neural networks to detect runaway reaction in a 

batch process. The efficiency of trained network has been measured by parameters m, b, 

and R, respectively for normal and runaway conditions. For investigating the causes 

leading to undesired consequence (abnormal condition) and where this occurs, we have 

used fault tree analysis. The prediction accuracy can be improved by using some cases 

with different conditions of equipment and sensor. Finally, we can also observe the 

characteristic of runaway reaction therefore the fault propagation and isolation can be 

done. For the future study, the ANN simulation can be used as useful tool in monitoring 

runaway reaction for batch process (in this case is PVC plant). 
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