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Abstract  Presented is a multiple model soft sensing method based on Affinity Propagation (AP), Gaussian proc-
ess (GP) and Bayesian committee machine (BCM). AP clustering arithmetic is used to cluster training samples ac-
cording to their operating points. Then, the sub-models are estimated by Gaussian Process Regression (GPR). Fi-
nally, in order to get a global probabilistic prediction, Bayesian committee machine is used to combine the outputs 
of the sub-estimators. The proposed method has been applied to predict the light naphtha end point in hydrocracker 
fractionators. Practical applications indicate that it is useful for the online prediction of quality monitoring in chemi-
cal processes. 
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1  INTRODUCTION 

Soft sensors are prerequisite to the immeasurable 
quality indicator monitoring and control in chemical 
processes. The operating variables are held at the set 
point nearby when chemical process operating is at 
normal production state. Occasionally, the production 
needs switch work mode (or named operating point). 
In such case, the historical samples are clustered 
around different operating points. The usual approach 
in order to get a clear description of the production 
process character is to collect historical samples as 
many as possible. But samples near different work 
modes display dissimilar properties in disturbance 
range and nonlinear properties. So the single mode1 
for complex system does not work any longer, because 
it caused lower estimation precision and over-fitting 
problems [1]. 

To overcome the aforementioned difficulties, 
multiple model (MM) has been advocated by some 
researches for complex processes. Multiple model in-
volves several submodels and its global output is gen-
erated with the weighted sum of submodels outputs. 

Intuitively, MM approach follows the principle of 
divide and conquer. The framework of MM soft sen-
sor is illustrated in Fig. 1. The goal of a MM soft sen-
sor is to estimate a mapping :f →x y  in order to 
predict future samples. Sub-models are estimated with 
different nonlinear functions. Hence, MM consists of 
m sub-estimators, where m is usually determined a 
priori [2]. To improve the accuracy and robustness of 
MM, the global output of MM is a weighted sum of 
the sub-models outputs. Usually, the clustering method 
is carried out by k-means or fuzzy clustering method 
(FCM) [1, 3], and the modeling arithmetic is carried 
out through nonlinear  regression  method such as 

fuzzy Takagi-Sugeno (TS) modeling [2], artificial neu-
ral network (ANN) [3, 5], or support vector regression 
(SVR) [4, 6, 7]. 

However, the following drawback has appeared 
in practice. (1) The samples can not be effectively 
clustered to reflect the different work models. One of 
the main reason is that the second variables have the 
same weight factors in clustering model. The other 
reason is that the number of the sub-clusters is usually 
fixed by priori and the model can not track the move-
ment of work points. (2) The combining method based 
on fuzzy membership in FCM is not suitable in prac-
tice, because the weight factor should be based on the 
degree of prediction confidence. (3) The output is not 
a probabilistic distribution prediction. Currently, the 
sub-estimators are modeled by point estimation tech-
nique, such as TS, ANN and SVR, so we can not as-
sess the confidence and distribution of the prediction. 

In this article, a multiple model soft sensor 
method is proposed. Like traditional MM soft sensor, 
it also consists of three distinct steps. In the first step, 
with affinity propagation (AP) clustering method [8], 
the training samples are clustered in according to the 
different work modes. In the second step, sub-models 
are estimated with Gaussian process regression [9, 10] 
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Figure 1  Framework of multiple model soft sensor 
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which provides a probabilistic non-parametric model-
ing approach. And in the final step, Bayesian commit-
tee machine is used to combine the estimators of 
sub-models and generate the global probabilistic dis-
tribution prediction.  

2  AFFINITY PROPAGATION 

Clustering based on a measure of similarity is a 
crucial problem which appears throughout scientific 
data analysis. Recently, a powerful algorithm called 
affinity propagation (AP) based on message passing 
technique was published in Science by Frey and 
Dueck [8]. Affinity propagation has fast processing 
speed and can avoid many of the poor solutions which 
caused by unlucky initializations and hard decisions.  

2.1  Principle and algorithm of affinity propagation 

Affinity propagation is based on similarities s(i,k) 
(or n×n similarity matrix S for n data points) between 
pairs of data points, and simultaneously considers all 
the data points as potential cluster centers (called ex-
emplars). To find appropriate exemplars, AP accumu-
lates evidence “responsibility” r(i,k) from data point i 
for how well-suited point k is to serve as the exemplar 
for point i, and accumulates evidence “availability” 
a(i,k) from candidate exemplar point k for how appro-
priate it would be for point i to choose point k as a 
final cluster center. Based on evidence accumulation, 
AP searches for clusters through an iterative process 
until a high-quality set of exemplars and correspond-
ing clusters emerges. The algorithm is as follows: 

(1) Input: S, p, λ 
(2) Initialization: ( , ) 0r i k = , ( , ) 0a i k =  for all i, k 
(3) Responsibility updates: 

 old ( , ) ( , )r i k r i k=              (1) 
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(5) Iterative from step 3 and step 4 until a high- 

quality set of exemplars and corresponding clusters 
emerges. Then go to step 6. 

(6) Making assignments:  
[ ]* arg max ( , ) ( , )i

k
c r i k a k i= +         (8) 

2.2  Parameter of affinity propagation 

There are three important parameters in AP: S, p, λ. 
Before the similarity S is calculated, the data x 

must be normalized with Eq. (9) to overcome the di-
mension effect of different second variables. 

*
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x x
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σ

−
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As the goal of soft sensor is to minimized 
squared error, each similarity s(i,k) is set to a negative 
squared error (Euclidean distance): 

( )2

1
( , )

p

ij kjj
j

x xs i k w
=

−= −∑         (10) 

wj is the weight factor of second variables. It can be 
estimated according to the important degree of second 
variables to work modes by technologist and adjust in 
practice. 

The preferences p (its initial value is negative) is 
used in diagonal of similarity matrix S and indicates 
the preference that data point i should be chosen as a 
cluster center, it influences the number of clusters. 
And usually a good choice is to set all the p(i) to the 
median of S (exclude its diagonal). However this 
choice can not lead to an optimal clustering solution in 
the new multiple model soft sensor method, so we set  

median( )β= ⋅p S             (11) 
β can be adjusted in according to special applications.  

In each iterative step, r and a are updated, and the 
damping factor [0,1]λ ∈  is set as default 0.5λ = . 

3  GAUSSIAN PROCESS REGRESSION 

The goal of soft sensor is to estimate a mapping 
:f →x y  in order to predict future samples. Con-

sider a input vectors 1[ , , ]n= ⋅ ⋅ ⋅X x x , q
i ∈x R  and the 

vector of output data T
1[ , , ]ny y= ⋅ ⋅ ⋅y , iy ∈R . Based 

on the data { , }=D X y , for the future input vector *x , 
we wish to find the prediction of the corresponding 
output *y . 

Gaussian process (GP) is a flexible, probabilistic 
and non-parametric model [8, 9]. From function view, 
GP is a collection of random variables which have a 
joint multivariate Gaussian distribution [9]. Gaussian 
process has a property that examination of a larger set 
of variables does not change the distribution of the 
smaller one [9]. So through the clustering method and 
GPR, we can implement the incremental learning and 
get probabilistic prediction. With the presented MM 
soft sensor, we can gain knowledge of the different work 
modes with the assumptions of the dissimilar property 
prior in disturbance range and nonlinear character. 

Assuming a relationship of the form ( )f= +y x ε  
between input x and output y, and assuming additive 
independent identically distributed Gaussian noise 

2~ 0, nσ⎡ ⎤⎣ ⎦ε , for a new test input *x , the predictive 
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distribution is ( )*, ,q X y xf  which is Gaussian, with 
mean Eq. (12), variance Eq. (13) and probability Eq. (14), 
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where ( )*,k X x  is the covariance vector between the 
test and training cases, ( ),K X X  is the covariance 
matrix for the training cases, and ( )* *,k x x  is the co-
variance between the test itself. According to Mercer’s 
theorem, the specification of the covariance function 
implies a distribution over functions. From the soft 
sensing view, we wish to specify the covariance that 
points with nearby inputs give rise to similar predic-
tions, so the squared exponential covariance function 
Eq. (15) is recommended, 
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The length-scale l, the signal variance 2
fσ , and the 

noise variance 2
nσ  play the role of hyperparameters. 

With GP model, most of the effort consists of tuning 
the parameters of covariance function. This is carried 
out by maximizing the log-likelihood Eq. (14) of 
training data with respect to all hyperparameters using 
matrix operations. 

4  BAYESIAN COMMITTEE MACHINE 

With AP clustering method, the data set is di-
vided into m sub-clusters { }1, , m= ⋅ ⋅ ⋅D D D  and m 
models are developed on the individual data sets with 
GPR. Then the predictions of the individual models 
would be combined using a weighting scheme with 
Bayesian committee machine [11, 12]. 

When applied to a set of query points qf , each of 
the m GPR estimator outputs a prediction ( )iqE Df  
Eq. (12) together with covariance ( )cov iq Df  Eq. (13). 
BCM combines the m estimators and calculates an 
approximation to the expected values ( )ˆ qE Df  and 
covariance ( )cov q Df  of the functional values at the 
query points: 
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Δi is the priori predictive density for qf  in Di. We 
recognize that the prediction of each module is 
weighted by the inverse covariance of its prediction. 
But note that we do not compute the covariance be-
tween the modules but the covariance between the qf  
query points. This means that predictive densities at 
all query points contribute to the prediction of the BCM 
at a given query point. Modules that are uncertain 
about their prediction are automatically weighted less 
than modules that are certain about their prediction.  

5  PERFORMANCE EVALUATION INDICATOR 

Generally, we use root mean square error [RMSE, 
Eq. (18)] as the indicator to evaluate the error of model. 
But they are impacted by the dimension value of the 
output y, so they are not suitable to estimate the 
tracking precision between the prediction and the 
measurement value. 

[ ]2MSE
1

( )
n

i i
i

R y f n
=

= −∑ x        (18) 

In order to overcome the effect of dimension, we intro-
duce a new indicators to evaluate tracking precision: 
relative variance tracking precision [13] (RVTP) Eq. (19). 

2 2
VTP error property1R σ σ= −         (19) 

where 2
errorσ  is the variance between the model pre-

diction and the measurement value, and 2
propertyσ  is the 

variance of the measurement value. RVTP indicator 
can reflect whether the soft sensor can also remain 
with enough precision when the value of the meas-
urement changes. When the RVTP value is less than 
zero, the precision of soft sensor is very low and the 
use of this soft sensor will bring interference to the 
process. The more RVTP approach one, the more accu-
rate soft sensor tracks the real process. 

6  CASE STUDIES 

6.1  Simulation and analysis 

The case study considered is the real-time predic-
tion of the butane concentration (C4) in the bottom flow 
of a debutanizer column, on the basis of a set of avail-
able measurements ( { }1 2 3 4 5 6 7, , , , , , ,D x x x x x x x y= ). 
It was first introduced in [14] and the data is available 
at the book website [15]. To simulate the offline meas-
urement by artificial laboratory, the training data (598 
samples) is sampled from the whole dataset (2394 
samples) with an interval of four samples, and the left 
of the data is collected as test data (1796 samples). 
The simulation result can be seen in Table 1. 

In AP+GP+BCM method, the AP clustering weight 
factor in Eq. (10) is set to [1.59, 1.52, 0.98, 0.33, 0.63, 
0.78, 0.31] and weight factor β in Eq. (11) is set to 65. 
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Table 1  Simulation result 

Method Sub-model number RMSE RVTP 

*y y=  1 0 1 

*y y=  1 0.159 0 

PLS 1 0.149 0.0266 

k-means+PLS 2 0.135 0.151 

 3 0.148 0.0806 

 4 0.144 0.109 

 5 0.184 0.0633−  

GP 1 0.139 0.134 

k-means+GP 2 0.105 0.343 

 3 0.104 0.358 

 4 0.111 0.321 

 5 0.105 0.257 

AP+GP+BCM 3 0.0935 0.414 

Partial least squares (PLS) and k-means PLS 
method are observed. They have lower accuracy than 
those of nonlinear models, implying that nonlinear meth-
ods are better than linear one for debutanizer column. 

Noting the k-means method, most of them have 
better performance than the global model. It means that 
multi-model methods outperform single global model. 
The performance of k-means methods are determined 
by the number of clusters which is set a priori. 

See the AP+GP+BCM method proposed in this 
article. It gives a Gaussian distribution prediction and 
shows the best performance. The clustering distance 
weighted factor is determined by their relativity to the 
work modes and the number of sub-models is deter-
mined automatically.  

6.2  Application and results 

In hydrocracker fractionators process, the im-
measurable quality indicator is the light naphtha end 

point (95% distillation range) and should be strictly 
monitored and controlled. The end point can be of-
fered by artificial laboratory per eight hours. Its pre-
diction is one of the most difficult tasks in industrial 
process field. We apply the proposed MM soft sensor 
to estimate it. 

According to mechanism analysis and experience 
in practice, we choose ten second variables: feed tem-
perature, feed flow rate, temperature of the fractionator 
top, reflux ratio of the fractionator top, temperature of 
the reflux jar on the fractionator top, temperature of cut 
point of heavy naphtha, temperature of cut point of die-
sel, temperature of the middle reflux, flow rate of the 
middle reflux and temperature of the fractionator bottom. 
The output variable is the end point of light naphtha.  

Data collected in plant database is generally cor-
rupted by the presence of outliers and noise, and the 
data inconsistent with the majority of recorded data 
can greatly affect the performance of data driven soft 
sensor design. Here, we used three steps to prepare the 
data for soft sensor. First, the strategy of 3σ edit rule 
[14] is used to detect outliers. In 3σ edit rule, the nor-
malized distance di is computed: 

 
median( )i

i
x

x
d

σ
−

=
x

           (20) 

and data are assumed to follow a normal distribution, 
so that the probability that the absolute value of di is 
greater than 3 is approximately 0.27% and an observa-
tion xi is considered an outlier when id  is greater 
than this threshold. Second, data reconciliation [16] is 
used to the input and output flow variables. And third, 
a five minute smooth filter is used to smooth the signal. 

The application result can be seen in Fig. 2. With 
the multiple model soft sensor based on AP, GPR and 
BCM, we obtain not only the prediction value but also 
the prediction variance with confidence. In other 
words, we get a Gaussian distribution prediction with 
confidence. The result shows that the multi-model soft 
sensor method has a good tracking precision per-
formance and can guide production better. 

 
Figure 2  Applications result of multiple model soft sensor based on AP+GP+BCM 

 predictive variance;  predictive output; ◆ measured output 
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7  CONCLUSIONS 

In this article, a multiple model soft sensor algo-
rithm is proposed. The algorithm is comprised of three 
steps. First, AP clustering arithmetic is used to cluster 
the training samples according to different work 
modes. Second, GPR is used to build a nonlinear 
model for each sub cluster and gives Gaussian distri-
bution predictions. Third, the Gaussian predictions are 
combined by Bayesian committee machine. The 
simulation results show that it is superior to the soft 
sensor based on sliding window or traditional multiple 
model soft sensor.  
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