
 

1 INTRODUCTION 
Nowadays, it is more complex for the structure of modern 
industrial process and mechanical equipment. It would be 
produced a chain reaction when once the fault occur. In 
addition, the bigger the scale of the process, the more 
difficult for the operator to find the cause of the problem 
and troubleshoot it in time. Therefore, it has important 
practical significance to research fault diagnosis and 
condition monitoring technology for chemical equipment 
and production process [1-2]. 
To work out the process monitoring and fault diagnosis 
problem, the process industry mainly adopts the following 
method for the moment. (1) Using single variable process 
control (SPC) or multivariate statistical process monitoring 
(MSPM) method for process monitoring. CUSUM 
(cumulative sum) [3] and EWMA (exponentially weighted 
moving-average) control charts [4] are commonly used 
methods of SPC. PCA (principal component analysis) 

[5-7], FDA (fisher discriminant analysis) [8-9] and PLS 
(partial least squares) [10-12] are the representative 
methods of the MSPM. A lot of process variables and the 
serious correlation between the variables lead to the 
disadvantages for the SPC, and make MSPM get a 
long-term development. (2) Qualitative expert system 
[13-14], quantitative multivariate statistical method [15-16] 
and clustering method [17-18] are adopted to solve the 
problem of fault diagnosis. The data driven technology of 
PCA, FDA, PLS and their extended methods, are both to 
use T2 and SPE statistics and their corresponding control 
limits to monitor the changes of process [19]. However, 
these methods are not to provide a kind of visual graphics to 
visualize the online process for process monitoring and 
fault diagnosis. It prompts the rapid application of SOM 
(self-organizing map) visualization method in the fault 
diagnosis field. 
SOM is a machine learning method which belongs to the 
category of the data driven fault diagnosis method. SOM 
has been widely used in the chemical process fault 

diagnosis since it clusters the process data sets effectively 
[20]. What’s more, SOM can deal with large quantities of 
high-dimensional data sets quickly and availably. The 
mapping result is easy to visualization. In this paper, the Iris 
data benchmark is firstly used to test the clustering results 
of SOM algorithm. Then, a case study of the Tennessee 
Eastman (TE) process is employed to illustrate the fault 
diagnosis and monitoring performance of the SOM-based 
visualization monitoring method. Grayscale of U matrix, 
hit histogram, distance matrix and label plan are used to 
show the effect of the SOM intuitively for clustering and 
fault diagnosis. At the same time, dynamic trajectory graph 
is used to monitor the dynamic change for industrial 
process. 

2 The SOM-based Visualization Monitoring 
and Fault Diagnosis 

2.1  The SOM network 

The SOM algorithm of neural network is put forward by 
professor Kohonen [21]. It can be used the topological 
structure to achieve dimension reduction mapping from a n- 
dimensional input space to a two- dimensional output 
space. The network structure of SOM is shown in Figure 1, 
which consists of input layer and output layer. The input 
layer is corresponding to a high-dimensional input vectors, 
and the output layer is made up of a series of orderly nodes 
on the two-dimensional grid. Through the weight vectors, 
the input nodes are connected to the output nodes. 
During the training step, we try to find and update the 
output layer unit which has the shortest distance between 
the input vector and the weight vector. It was named as best 
matching unit (BMU) [22]. The BMU is the best mapping 
for the input samples. 
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Fig 1. Network structure of SOM 

 
The “Mexican hat wavelet” function is shown as Figure 2, 
which explains the response mechanism of SOM. When 
input a certain mode, the BMU is as the center of the circle, 
the neighboring neurons show excitability feedback, while 
the neurons of distant neighbors show inhibitory feedback. 
Thereby, the weight vector of the neuron is corrected 
towards the direction of the input pattern. Once the input 
mode changes, the winning neuron of the output plane also 
shifts to others. 
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Fig 2. Mexican hat wavelet function 

 
Through this kind of response mechanism, a large number 
of training samples are input to the network and the weight 
vectors are adjusted constantly in order to keep the output 
layer reflect the original space distribution of sample data. 

2.2  The SOM visual tool for process monitoring and 
fault diagnosis 

Each neuron of SOM network output layer has a 
two-dimensional coordinates. We can obtain a 
third-dimensional coordinate for the neuron, which is 
called as the neuron's “U” value by calculating the 
Euclidean distance of weight vector between one neuron 
and its adjacent neurons. So that we can draw a distance 
matrix chart in a three-dimensional space. The grayscale of 
U matrix represents the size of the “U” value.  
SOM is a very good tool for high-dimensional data 
clustering using U matrix, histogram collision and other 
indexes to visual the data sets. In this paper, we use 
grayscale of U matrix, hit histogram, distance matrix and 
label plan to intuitively show the effect for clustering fault 
diagnosis. A dynamic trajectory graph is simultaneously 
used to monitor the dynamic change for industrial process. 

2.3   The SOM trained for  visualization monitoring 
and fault diagnosis 

Based on the above response mechanism of SOM, the 
concrete implementation steps are as follows. 
(1) Initialize the weight vector { }ijw , the initial values 

(0)η of learning rate ( )tη   and (0)gN  of neighborhood 
field ( )gN t , the total number of learning T. 
Where 1,2,...,i S= , 1,2,...,j R=  , S is the number of output 
neurons. ( )gN t refers to an area where the BMU of g as the 
center and includes a number of neighboring neurons.  
(2) Collect normal and fault condition data sets 

1 2( , ,..., )k k k
k RP p p p= as input mode and establish the process 

fault samples library. Here 1,2,...,k Q=  and Q is total 
number of learning samples, R is the sample dimension. 
(3) Mark the BMU label for each class fault samples in the 
library. Calculate the Euclid distance id  between the 
connection weight vector 1 2( , ,..., )i i iRW w w w=  and the input 
mode 1 2( , ,..., )k k k

k RP p p p=  as follows: 

2 1/2

1
[ ( ) ] , 1,2,...,

R
k

i j ij
j

d P w i S
=

= − =             (1)   

Find the minimum distance gd and determine the g-th 
neuron as the BMU. 

min[ ], 1, 2,...,g id d i S= =   
       

         
(2) 

 
 

(4) The fault samples are clustered according to the input 
mode. The connection weight vector ijw is adjusted. The 
revised formulas are as follows: 

( 1) ( ) ( )( ( )),k
ij ij j ijw t w t t p w t j gη+ = + − =            (3)  

( 1) ( ) ( ) / 2 ( ( )), ( )k
ij ij j ij gw t w T t p w t j N tη+ = + × − =   (4)  

( 1) ( ), ( )ij ij gw t w t j N t+ = ∉                     (5)  
(5) Provide another input samples to the input layer of the 
network. Then return to step (3) until the Q learning 
samples are all provided to the network. 
(6) Update ( )tη  and ( )gN t . 

( ) (0) (1 / )t t Tη η= × −                  (6)  

( ) (0) (1 / )g gN t N t T= × −                (7)  

(7) Increase the learning steps. Set t=t+1 and return to 
step (2) until t=T.  
We will obtain weight vector{ }ijw , learning rate ( )tη  and 
neighborhood field ( )gN t , which have been adjusted well 
through the SOM training model.  
(8) Input a testing mode 1 21 ( 1 , 1 ,..., 1 )k k k

k rP p p p=  to the 
SOM neural network, r is the testing sample dimension. 
Compare the clustering results of the test mode with the 
normal operation and the known faults in training sample 
library to demonstrate whether the test sample is in failure 
or what kind of fault it belongs to. 
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3 CASE STUDY  
It usually uses some real data set to verify the clustering and 
visualization capabilities of SOM, such as Iris, 
Breast-cancer, Wine and Zoo. In this paper, Iris data set and 
TE simulation process are utilized to review the clustering 
ability of SOM. Then, SOM is used to cluster several fault 
types and plot a dynamic trajectory graph to observe the 
online dynamic trajectory for the process. It is further 
validated the good performance of SOM visualization 
method for chemical process monitoring and fault 
diagnosis. 

3.1 The clustering results analysis for Iris data set 

Iris is a set of 4 attributes data. It includes 150 data samples 
and it is divided into three categories, each category has 50 
data samples. The first 40 samples are used for training, and 
the rest for testing. It is linear separable between the first 
class and the other two classes in Iris data set. However, it is 
linear inseparable between the second and the third class. 
Figure 3 give the clustering results based on SOM method 
for these three categories data. 
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Fig 3. Grayscale of U matrix 
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Fig 4. Distance matrix 

 
The gray distribution of U matrix, as shown in Figure 3, is 
used to represent the input vector clustering tendency. The 
gray area indicates a larger value of U matrix used to show 
a class boundary. Yet, the white area denotes a smaller 
value of U matrix used to display the clustering center. The 
boundary between the first class and the other two classes is 
particularly obvious shown in the grayscale of U matrix,. 
Figure 4 is corresponding to Figure 3, but displayed in a 
three-dimension space. The distance matrix value achieves 
to maximum in the vicinity of x=3, and it is the most 
obvious boundary in three kinds of Iris data set. 

 
Fig 5. hit histogram(left) and label plan(right) for Iris 

 
The SOM training results of hit histogram and label plan 
are shown as Figure 5(left) and (right). The size of the 
hexagon denotes the number of data samples projected to 
the output neurons. SOM can clearly separate the three 
categories of Iris data, which even can separate the two 
class samples of linear inseparable. The 98% correct rate is 
reached. Then, the trained network model of SOM is used 
to test. Figure 6 is the testing result of the last 10 samples 
for Iris. Three kinds of Iris data are clustered very well. It is 
demonstrated that SOM is a very good visualization tool for 
clustering different data set.  

 
Fig 6. The SOM testing result for Iris 

 

3.2 The monitoring and fault diagnosis results analysis 
for TE process 

Tennessee Eastman (TE) process, a realistic simulation 
program of a chemical plant by Downs and Vogel [23], is a 
benchmark for control and monitoring studies.  

 
Fig 7. The TE process flow chart 

 
The whole process consists of five main parts including 
separator, reactor, compressor, condenser and stripper as 
shown in Figure 7. It contains eight components, where gas 
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composition of A, C, D, E and inert component B are fed 
into the reactor. Liquid product G and H are products, and 
chemical reactions are as follows [23].  

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

( ) ( ) ( )
3 ( ) 2 ( )

A g C g D g G liq
A g C g E g H liq

A g E g F liq
D g F liq

+ + →
+ + →

+ →
→

 

TE process has 41 measurement variables, 12 manipulated 
variables and 21 preset faults. We use all measurement 
variables XMEAS(1)~XMEAS(41), 11 manipulated 
variables XMV(1)~XMV(11), only IDV(0) and five faults 
to verify the simulation result for SOM-based visualization 
method.  IDV(0) is normal process and others are five  
faults of different abnormal operating conditions which 
seen in Table 1. 

Table1. Fault types  

symbol process variables type 
IDV(0) normal ---- 
IDV(1) A/C feed ratio, B is constant step 
IDV(2) B component, A/C feed ratio is 

constant 
step 

IDV(4) reactor cooling water flow step 
IDV(6) A feed loss step 
IDV(10) C inlet temperature random variable 

3.2.1 IDV(0), IDV(1) and IDV(2) 

Firstly, we collect 80 samples of normal condition IDV(0), 
IDV(1) and IDV(2) from the TE simulation process, 
respectively. Secondly, the three training set are used to 
establish SOM network. The results are shown in Figure 8 
and 9 to illustrate the performance of SOM-based method. 
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Fig 8. Grayscale of U matrix for IDV(0), IDV(1) and IDV(2) 
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Fig 9. Distance matrix for IDV(0), IDV(1) and IDV(2) 

 
From Figure 8 and Figure 9, one realizes that the darker part 
of Figure 8 is corresponding with the bigger height values 

of distance matrix. The training results show that the input 
data are divided into three regions. To be more intuitive to 
show the clustering result of input data, we propose the 
labels plan to the mapping result of SOM network, although 
the SOM network is an unsupervised method.  The results 
are shown in Figure 10. 

 
Fig 10. hit histogram(left) and label plan(right) for IDV(0), IDV(1) and 
IDV(2) 

 
In the histogram, IDV(0), IDV(1)  and IDV(2) is 
recognized by red, green and pink projection. The mapping 
results can clearly show that the output plane neurons are 
divided into three categories both in the hit histogram and 
the label plan. Moreover, the results have the 100% 
clustering accuracy, which means that this method can 
separate the normal operation condition and fault classes 
effectively. 
The next is about the test results. The weights of network 
are fixed when the SOM network is trained well. Then we 
use the network to test the effectiveness of online process 
monitoring. We choose 10 test samples as the input of SOM 
network from each type of IDV(0), IDV(1) and IDV(2). 
Figure 11 shows the mapping result from input data to the 
output neurons and their dynamic motion curve. 

 
Fig 11. The dynamic trajectory graph for IDV(0), IDV(1) and IDV(2) 

 
From the dynamic trajectory graph, we can observe the 
whole evolution route from normal to fault state. At first, all 
the observation samples are mapping in the “N” area where 
the normal condition is. Then the new BMU are mapped 
and the track is extended with the passage of time. The blue 
trajectory shifts from the normal region “N” to region “F1” 
and from “F1” to “F2”. Therefore, we can get a real-time 
monitoring scene for industrial process by following this 
graph, and the occurrence of abnormal condition is detected 
on the monitor graph. Dynamic trajectory graph is mainly 
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used to verify the capacity of the SOM based method for 
clustering different process fault types and fault diagnosis.  
3.2.2 IDV(0), IDV(1), IDV(2) and IDV(6) 
In this section, the diagnosis results of SOM are checked 
for multiple fault types. From the TE simulation platform, 
we collect 80 samples of IDV(0), IDV(1) IDV(2)and 
IDV(6) respectively, and the training samples are used to 
establish SOM network. 
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Fig 12. Grayscale of U matrix for IDV(0), IDV(1), IDV(2) and IDV(6) 
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Fig 13. Distance matrix for IDV(0), IDV(1) , IDV(2) and IDV(6) 

 
Figure 12 and Figure 13 show that dark color divided the 
input data sets into five types. Then, we draw the hit 
histogram and the label plan as shown in Figure 14.   

 
Fig 14. Hit histogram(left) and label plan(right) for IDV(0), IDV(1), 
IDV(2) and IDV(6) 
 
The input data sets are divided into 4 types shown in the hit 
histogram and label plan. What’s more, from the clustering 
results, the SOM training model show 100% clustering 
accuracy that means this method can separate the normal 
operation condition and fault classes effectively. However, 
it is noting that SOM method can make mistake if we focus 
on a type visual graph only such as grayscale graph. 
Because the training data sets are four types but the 

grayscale shows five types. Thus, different visual graphs 
should be combining with each other to obtain the correct 
classification of process data sets availably. 
The dynamic trajectory graph of each 10 test samples is 
shown in Figure 15. We note that a “F6” sample enters the 
“N” area, and five samples of “F1” are at the border 
between “F1” and “N” areas. But the input data sets of 
industry process are clearly divided into four classes from 
the view of the whole mapping result, and the process 
dynamic trajectory is from “N” to “F1”, then “F1” to “F2”, 
finally “F2” to “F6”. 

 
Fig 15. The dynamic trajectory graph for IDV(0), IDV(1), IDV(2) and 
IDV(6) 

 

3.2.3 IDV(0), IDV(4) and IDV(10) 

In this section, a different training set are tested for 
generalization. First, we collect 80 training samples of 
IDV(0), IDV(4) and IDV(10) from the TE simulation 
platform to establish SOM network, respectively. The 
mapping results of hit histogram and the intuitive label plan 
are shown in Figure 16. 

 
Fig 16. Hit histogram(left) and label plan(right) for IDV(0), IDV(4) and 
IDV(10) 
 
From Figure 16, SOM network cannot distinguish fault 
data with the normal state. Why can appear such result
The fault types of IDV(1), IDV(2) and IDV(6) are easy to 
diagnose relatively because more than half the number of 
the process variables are deviated from their normal 
operation threshold obviously once the fault happens. 
However, they will only cause subtle changes for process 
variables if IDV(4) and IDV(10) happen, and the SOM 
based method is invalid. Therefore, it is difficult to detect 
these different types of faults. This is a disadvantage for 
SOM and further improvement and research should be 
focused on it. 
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4 CONCLUSIONS 
The SOM-based visualization monitoring and fault 
diagnosis for chemical process is presented in this paper. 
The detailed training steps are described or concluded. The 
effectiveness of SOM is proved by simulation results of Iris 
and TE process for process monitoring and fault diagnosis. 
Several visual graphs of SOM are used for clustering 
multiple fault types: the grayscale of U matrix, distance 
matrix, hit histogram, label plan and the dynamic trajectory. 
But the improvement of SOM based method is necessary 
for some faults which can cause subtle changes of process 
variables. SOM has great potential advantage as a powerful 
visualization tool, which is worth for further research in 
process monitoring and fault diagnosis. 
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