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Abstract — In this study, a new nonlinear soft sensor algorithm which combines the Elman neural network (ENN) and nonnegative 
garrote (NNG) is proposed to model time-series processes. The algorithm is a two-step solution approach in nature. In the first 
step, it employs the ENN to build a well-trained network for the process. Secondly, the NNG is incorporated into the ENN, and 
then conduct the accurate shrinkage of input weights of the ENN. A more accurate and more compact model will be presented 
after those redundant input variables are eliminated. The performance of the proposed approach is compared with other state-of–
art soft sensor approaches. The simulation results on a real industrial process show that the proposed algorithm presents better 
accuracy and more compact model than other advanced techniques. 
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I. INTRODUCTION 

There are a large number of real-time sensor and a few 
key quality variables in modern industrial processes. When 
quality variables are hard to measure due to technological 
limitations, large measurement delays, or high costs, soft 
sensor is an effective approach that can predict these key 
quality variables using easily measured sensors. A variety of 
soft-sensor algorithms and applications have been studied in 
different fields [1-3]. 

The development of soft sensors is challenging because 
there is usually a large number of candidate explanatory 
variables, highly nonlinearity and dynamic characteristics. 
Nonparametric models such as neural networks or support 
vector machines are often used to handle nonlinearity [2]. 
However, common neural networks may have less accuracy 
in the prediction and modeling of these dynamic processes 
with time delay [3]. Elman neural network (ENN) is a feed-
forward network with the addition of layer recurrent 
connections with tap delays, which creates an internal state 
of the network and allows it to exhibit dynamic temporal 
behavior. Ciarlini and Maniscalco (2008) developed a soft 
sensor to monitor environmental variables with Elman net. 
Jin (2012) applied recurrent Elman neural network to realize 
dynamic modeling of the boiler combustion process, and 
results validated the effectiveness of the approach.   

Another challenge for the development of soft sensor is 
the usually a large pool of candidate explanatory variables. 
Appropriate variable selection methods can eliminate 
redundant variables, reduce the complexity of the model, and 
present more accurate model. There are many variable 
selection techniques are applied in soft sensor development, 
such as stepwise linear regression, principal component 
analysis [4], elastic net, etc.  

In recently years, an effective variable selection 
algorithm, called nonnegative garrote (NNG) was proposed 
and widely used in linear variable selection and modeling [5-
7]. Sun et al. (2014) proposed an effective variable selection 
method for nonlinear industrial processes with NNG and 

neural network, called NNG-ANN. However, the NNG-
ANN did not consider the time-series characteristic of the 
processes, which is very common in industrial processes. 
This study focuses on the variable selection of ENN 
architectures that are good at modeling time-series processes, 
and the proposed approach is implemented to industrial 
processes to illustrate its effectiveness and advantages. The 
rest of this paper is organized as follows: Section 2 presents 
the basic theory of ENN and NNG. Section 3 presents the 
detailed description of the proposed algorithm. The proposed 
algorithm is applied to a debutanizer column for the butane 
prediction, and comparison results are given in Section 4. 
Section 5 gives some conclusive remarks [8, 9]. 

II. PRELIMINARY THEORIES OF NNG AND ENN 

A. Nonnegative garrote 

The NNG was proposed to solve variable selection for 
linear problems, which can present simpler regression 
models with better prediction accuracy than ordinary 
variable selection algorithms. Originally, the true model of 
NNG has the following form: 

y x        (1) 

where 1 2{ , , , }px x x x   denotes the p  input 

variables, and y  is output variable, 1 2{ , , , }p      

is the coefficient and   is the random error. Let n pX R  
denotes the input data matrix, in which each column 

represents a candidate input variable, and nY R  is a 

vector of the output variable. Let 1 2
ˆ ˆ ˆ ˆ{ , , , }p      

denote the ordinary least square (OLS) estimate, the NNG 
can be formulated as: 
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where s  is the garrote parameter. A new set of predictor 

coefficients, l


, can be obtained by: 

l l i  
 

                                (3) 

Furth more, the output variable y  can be predicted by 
the following equation: 
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If the garrote parameter s p , the constraint 
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  of equation (2) is inactive, which means 
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. When the garrote parameter s  decreases, 

more of the magnitude coefficients i  will tend to be zero. 

A solution path appears when s decreases from p  to zero. 
The prediction error can be defined as the mean square error 
in predicting y  for future examples that has never been used 
during model process. 

B. Elman neural network 

ENN is a widely used recurrent network that is capable 
of describing dynamic temporal behavior. This paper focuses 
on developing a variable selection method by combining the 
ENN with NNG. The ENN architecture employed in this 
study is a neural network with three-layers: an input layer, an 
output layer and a hidden layer, as shown in Fig.1. Each 
layer consists of multiple neurons which are connected to 
neurons in adjacent layers. 
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Fig.1: Architecture of the ENN 

In addition, there is a set of "context units" in ENN, 
which is different from ordinary feed forward networks. The 
connections from the hidden layer to these context units 
fixed with a weight of one, means that 1,ic i  . These 

context units can maintain a duplicate of the previous values 
of the hidden units, and then make it better in describing 
dynamic processes than feed forward networks.  

Assume that the input variables of the network are given 

by the candidate variables, 1 2{ , , , }px x x x  , ( )x k  

denotes the kth row of the input data matrix X . The hidden 

layer has q  nodes, represented as 1 2{ , , , }qh h h h  . The 

weight (i [1, ], j [1, ])ijw p q   denotes the input weight 

between the input variable ix  and the jth hidden neuron jh , 

while the bias of the jth neuron of the hidden layer is denoted 

by h
jb . For the kth input vector, the output signal of the jth 

neuron of the hidden layer, ( )h
jO k , can be given by 

1 1
( ) (( ( )) ( 1) )

p qh h h
j ij j j ji j

O k f w x k O k b
 

          (5) 

Let weight O
jw  represent the jth output weight between 

the hidden layer and the output layer. Ob  denotes the bias of 

the output layer. f  and g  represent the activation functions 

of the hidden layer and the output layer, respectively. ( )y k  
denotes the kth element of the output vector. The ENN can 
be formulated as: 
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q p qO h h O
j ij j j ji i j

y k g w f w x k O k b b
  

         
(6) 

II. DETAILED DESCRIPTION OF PROPOSED ALGORITHM 

A. Hybrid ENN with NNG 

In this paper, a new nonlinear variable selection 
algorithm is proposed to model the time series processes, 
labeled as ENN-NNG. The algorithm can be divided into 
two steps. In the first step, the algorithm utilizes the ENN to 
build a nonlinear model of the processes, in which all the 
input variables are included. And then, the algorithm 
executes shrinkage on the input weights of the trained 
network to obtain a compact model with less irrelative 
variables. The detailed description of the algorithm is shown 
as follows.  

At first, we integrate the NNG into the ENN in order to 
obtain model shrinkage and variable selection. Eq. (6) is 
reformulated by adding the parameter 

1 2{ , , , }p      in front of the input weights of ENN.  
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And then, Eq. (2) is also reformulated as: 
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This equation is a constrained nonlinear quadratic 
minimization problem, which can be solved by trust-region 
methods [10, 11]. After we get the solution of Eq. (6), the 
improved predictive model of ENN can be calculated by: 

1 1 1
( ) ( (( ( )) ( 1) ) )

q p qO h h O
j i ij j j ji i j

y k g w f w x k O k b b
  

      

   (9) 

B. Determination of parameters 

It can be seen from above the choice of parameter s  is a 
key component of the algorithm. If s  is too large, the 
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constraint of Eq. (8) will be very loose so that there is little 
shrinkage on the ENN. If s  is too small, the constraint of 
Eq. (8) will be very tight to make an over shrinkage on the 
network. Cross-validation is an advanced model validation 
method for determining the performance of the predictive 
model. In the paper, we use v-fold cross-validation to 
determine the value of s . The dataset { , }L X Y  is 

divided into v  subsets: 1 2{ , , , }vL L L L   Let 

v vL L L  , the training set is vL , and the validation set 

is vL . The ENN-NNG uses the dataset vL  to establish an 

appropriate model and the validation dataset vL  to calculate 

the validation value ( )vy . The procedure is repeated v times, 
until each of the v sub-datasets are validated exactly once. 
Following this, the v results can be averaged in order to 
obtain a single estimation. 

C. Computation flow 

In this paper, a new nonlinear variable selection 
algorithm is proposed to model the time series processes, 
labeled as ENN-NNG. The algorithm can be divided into 
two steps. In the first step, the algorithm utilizes the ENN to 
build a nonlinear model of the processes, in which all the 
input variables are included. And then, the algorithm 
executes shrinkage on the input weights of the trained 
network to obtain a compact model with less irrelative 
variables. The detailed description of the algorithm is shown 
as follows.  

The computation flow of the proposed ENN-NNG can be 
described as follows: 

Step 1. Train a neural network with the training dataset 
{ , }X Y    

Step 2. Introduce the magnitude parameter 

1 2{ , , , }p      into the current neural network, and 

obtain Eq. (7), where p  is the number of input variables. 

Step 3. Determine the value of the parameter s  using v-
fold cross-validation. 

Step 4. Solve Eq. (8) and obtain 1 2
ˆ ˆ ˆ ˆ{ , , , }p     . 

Replace   with ̂ , and obtain the new neural network with 
Eq. (9) .  

Step 5. Output the results.  

III. SIMULATION RESULTS 

A. Experimental settings 

The section presents the simulation results and to 
illustrate the effectiveness of the proposed algorithm. The 
performance of the algorithm is compared with two state-of-
art algorithms: ENN and NNG-ANN [13]. All these 
algorithms are conducted in the same experiment setting. 
They take the same neural network structure, which has a 
hidden layer with the hyperbolic tangent activation function 
and an output layer with the linear activation function. The 

neural networks are trained by the standard back-propagation 
(BP) algorithm. The simulation results are reported in terms 
of the following statistics: 

(1)  Model size (M.S): the number of input variables in 
the final model. A lower M.S. value indicates better 
efficiency of the variable selection algorithm. 

(2) Coefficient of determination (
2R ): the square of the 

sample correlation coefficient between the outcomes and 
their predicted values. 

(3) Prediction mean square error (PMSE): the mean 
square error between the predicted and desired output, which 
is based on a test dataset that is never used during the overall 
modeling process. 

B. Application to debutanizer column 
A debutanizer column is a kind of fractional distillation 

unit that can separate butane from natural gas in the oil 
refinery industry. This distillation process of the debutanizer 
heats the liquid to hot steam, and then condenses the hot 
steam back to liquids to separate the liquid into a set of 
fractions that have different boiling points. Ordinarily, the 
debutanizer remove the butane and propane and after the 
process is finished, the nature gas is almost pure methane. 
During the process, the content of butane is very important 
for the quality of product. However, the real-time 
measurement of the butane content is very hard. Therefore, 
it’s necessary to develop an effective real-time soft sensor to 
estimate the butane content of the process. In order to predict 
the butane content, there are seven sensors are installed in 
the process, marked as yellow circle in the brief diagram of 
the debutanizer column [15], shown as Fig.2. All these input 
variables are listed in Tab.1.  

 

TAB.1: CANDIDATE VARIABLES FOR THE BUTANE CONTENT PREDICTION 

Input Variable ID Description 

1x TI-040 Top Temperature 

2x PRC-011 Top Pressure 

3x FRC-015 Reflux Flow 

4x FRC-018 Flow to Next Process

5x TRC-004 6th Tray Temperature

6x TI-036 Bottom Temperature 1

7x TI-037 Bottom Temperature 2

 
There are 2394 samples that are taken at the interval of 

15 minutes. The dataset are divided into two parts: the 
training dataset (1197 samples) and testing dataset (1197 
samples). According to the plant expert [14], the time delay 
of the process is in the range of 20-60 minutes. Hence, the 
input variables are expanded 
to

1 2 1 1{ ( ), ( ), , ( ), ( 1), , ( 1), , ( 4), , ( 4)}p p px x t x t x t x t x t x t x t       

, in which ( )ix t j  means the value of ix  at the time 
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t j . The total input variables are increased from 7 to 35 
and then make the process more complex.  

 
Fig.2: A brief diagram of the debutanizer column 

Tab.2 presents the average simulation performance of the 
butane content prediction with these three algorithms after 
100 runs. It can be seen from the table that the ENN-NNG 
has obvious superiorities over other algorithms in model 
accuracy and mode size. The simulation results demonstrate 
that the ENN-NNG can presents more compact and more 
precise model than other approaches.  

TABLE 2: STATISTICAL RESULTS FOR BUTANE CONTENT PREDICTIONS 

ENN-NNG NNG-ANN ENN 
PMSE 0.021 0.035 0.052 

2R  
98.1% 96.3% 94.7% 

M.S. 7.5 9.1 35 
 
Fig.3 presents the ENN-NNG predicted and real butane 

content of testing data. Obviously, the proposed ENN-NNG 
can successfully track the dynamics of debutanizer column, 
which demonstrates the validity of the approach.  
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Fig.3: The ENN-NNG predicted and real butane content of testing data 

IV. CONCLUSION 

The paper developed a nonlinear soft sensor algorithm 
for the multivariate time-series processes by combining the 
ENN with ANN. At first, the proposed approach utilizes the 

ENN to train a network for the time-series process, in which 
all the input variables are included. Then, it uses the NNG to 
perform variable selection by shrinking the input weights of 
the well-trained ENN. During the shrinkage process, the 
input variables whose input weights are zero will be 
eliminated. The shrinkage parameter of NNG is determined 
by cross-validation method. A more precise and more 
compact network structure is built by the accurate shrinkage 
of NNG. The proposed approach is applied to a debutanizer 
column for the butane prediction, and comparison results 
show its superiorities over other algorithms in model 
accuracy and mode size. 

REFERENCES 
[1] Bolf, N., G. Galinec and M. Ivandić, 2009. Soft sensors for kerosene 

properties estimation and control in crude distillation unit, Chem. 
Biochem. Eng. Q., vol. 23,pp: 277-286. 

[2] Breiman, L., Better subset regression using the nonnegative garrote, 
Technometrics, vol.37, pp: 373-384, 1995. 

[3] Ciarlini, P. and U. Maniscalco, Wavelets and Elman Neural Networks 
for monitoring environmental variables, J. Comput. Appl. Math., 
221,pp: 302-309, 2008. 

[4] Cortes, C. and V. Vapnik, 1995. Support-vector networks, Mach. 
Learn., vol.20,pp: 273-297. 

[5] Elman, J. L., Finding structure in time, Cognitive science, vol.14,pp: 
179-211,1990. 

[6] Fortuna, L., S. Graziani and M. G. Xibilia, Soft sensors for product 
quality monitoring in debutanizer distillation columns, Control Eng. 
Pract., vol.13,pp: 499-508,2005. 

[7] Jin, X.Z. and L. Li, 2012. Elman neural network in the soft sensor 
modelling for the unburned carbon in fly ash from utility boilers, 
Proceedings of 2012 International Conference on Machine Learning 
and Cybernetics, July 15-17, 2012, Xian, Shaanxi, China, pp: 444-
447. 

[8] Ma, M.D., J.W. Ko, S.J. Wang, M.F. Wu, S.S. Jang and S.S. Shieh, et 
al., 2009. Development of adaptive soft sensor based on statistical 
identification of key variables, Control Eng. Pract., 17,pp: 1026-1034.  

[9] Pan, C.C., J. Bai, G.K. Yang, D. S.H. Wong and S.S. Jang, 2012. An 
inferential modeling method using enumerative PLS based 
nonnegative garrote regression, J. Process Contr., 22,pp: 1637-1646. 

[10] Song, F.X., Z.W. Guo and D.Y. Mei, 2010. Feature selection using 
principal component analysis. Proceedings of the IEEE International 
Conference on System Science, Engineering Design and 
Manufacturing Informatization, November 12-14, 2010. Yichang, 
China, Vol. 1, pp: 27-30. 

[11] Sun, K., J. Liu, J.L. Kang, S.S. Jang, D. S.H. Wong and D.S. Chen, 
2014. Development of a variable selection method for soft sensor 
using artificial neural network and nonnegative garrote, J. Process 
Contr., 24,pp: 1068-1075. 

[12] Waltz, R. A., J. L. Morales, J. Nocedal and D. Orban, 2006. An 
interior algorithm for nonlinear optimization that combines line 
search and trust region steps, Math. Program., vol.107,pp: 391-408. 

[13] Yan, W., 2012. Toward automatic time-series forecasting using 
neural networks, IEEE T. Neur. Net. Lear.,vol. 23,pp: 1028-1039.   

[14] Yuan, Y.X., 1990. On a subproblem of trust region algorithms for 
constrained optimization, Math. Program., vol.47,pp: 53-63. 

[15] Zou, H. and T. Hastie, 2005. Regularization and variable selection via 
the elastic net, Journal of the Royal Statistical Society: Series B 
(Statistical Methodology), vol.67,pp: 301-320. 

 


