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Abstract: A modeling method of virtual gauging system based on kernel partial least squares (KPLS) was 
proposed. The C frame of a gauging system is only installed in the delivery side of a hot strip finishing mill, 
therefore serious delay will definitely occur, in order to reduce the delay effect, automatic gauge control (AGC) 
system of upstream finishing mill adopts indirect gauge measurement method by stretch formula, but because 
the stretch modulus is not easy to get, and stretch formula is only an approximate expression, this method does 
not effectively improve the quality of strip. KPLS is a promising regression method for tackling nonlinear 
problems. This paper adopts KPLS method for nonlinear feature extraction, Simulation and online results show 
that on the data sets employed KPLS achieves better results than PLS and some other KPLS, so a more accurate 
gauge value with less delay is provided for the AGC system of upstream finishing mill to get better gauge 
accuracy. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

The term “Gauging Systems” covers the 
equipment and methods used in the measurement  
of gauge deviation bandwidth. Initially, gauge 
measurement was by micrometer, however, to take a 
reading with any kind of accuracy means that the 
sheet has to be stationary. One of the first mechanical 
gauges was developed by Pratt & Whitney and 
named a “Flying Micrometer”. It rode on the edges  
of the sheet, touching both top and bottom surfaces. 
Similarly, Vollmer, in Germany, developed a contact 
gauge that used a high precision LVDT (linear 
variable differential transformer) to measure the 
thickness. Riding on the edge of the sheet is 
precarious and variations in shape and sheet vibration 
introduce errors into the contact gauge system. These 
may be dampened by the use of springs in the gauge 

mounting and mechanism, but at high speeds 
(>1000 ft/min or 300 m/min), the accuracy and 
longevity of the gauge are questionable. Plus there is 
a tendency for the gauge to mark the sheet on soft 
metals such as aluminum.  

Popular non-contact gauges use radiation 
absorption and use either x-ray or nuclear sources. 
These gauges have proven to be very reliable. Eddy 
current gauges have been used in the past, but their 
susceptibility to temperature variation and the fact 
that they were not as accurate as radiation gauges led 
to their disuse approximately 25 years ago.  
With modern temperature compensation technology, 
Eddy Current gauges could make a return in lower 
cost, lower accuracy applications.  

With radiation gauges, C frame design is very 
important. Coolant cannot be allowed to get into the 
electronics. The radiation source and detector must 
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be held in perfect alignment during the life of the 
gauge. Because of the installation requirements and 
the operation requirements, C frame must be installed 
in the delivery side of a hot strip finishing mill. 

 
 

2. Kernel Partial Least Squares 
 
Multivariate statistical analysis techniques, such 

as partial least square (PLS), have been used widely 
for process analysis and predicting product quality 
from experimental or historical data [1-2]. PLS is a 
dimensionality reduction technique that finds a set  
of latent variables through the projection of the 
process (X) and quality spaces (Y) on to new 
subspaces by maximizing the covariance between the 
two spaces [3]. PLS has been shown to be a powerful 
technique for process modeling in systems where the 
measurement data contain noise and variables have 
high dimensionality. Nevertheless, while the PLS is 
linear, it is inappropriate for describing the 
underlying data structure when dealing with complex 
chemical and physical systems with significant 
nonlinear characteristics. To tackle this issue, a 
nonlinear PLS technique, called kernel PLS (KPLS), 
was developed recently [4]. In KPLS, the original 
input data are nonlinearly transformed into a feature 
space of arbitrary dimensionality via nonlinear 
mapping, and then a linear PLS model is created  
in the feature space. Because of its ability to use 
different kernel functions, KPLS can handle a wide 
range of nonlinearities [5]. 

 
 

2.1. Partial Least Squares 

 
PLS is a robust multivariate regression algorithm 

based on principal component analysis (PCA) 
approach of breaking data matrices down into a series 
of abstract latent variables or principal components. 
PLS seeks to decompose both input X and output Y 
blocks and produces a relationship between the two 
sets of principal components. In PLS, the scaled 
matrices X and Y are decomposed into score vectors 
(t and u), loading vectors (P and Q), and residual 
error matrices (E and F) [6-8]. The PLS algorithm is 
as follows. 

1. Randomly initialize u (can set u equal to any 
column of Y). 

2. Calculate w by w = XTu. 
3. Calculate t = Xw, normalize t by t ← t/||t||. 
4. Calculate c = YTt, where c is a weight vector. 
5. Calculate u = Yc and normalize u by  

u ← u/||u||. 
6. Repeat steps 2-4 until convergence. 
7. Deflate X and Y matrices as follows: 
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Consider data matrices X = [x1, ... , xP]∈Rn×N and 
Y = [y1, … , yQ] ∈  Rn×M, where n is the number  
of samples , N is the number of input variables and M 
is the number of response variables. The PLS 
decomposition of X and Y results in the following: 
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2.2. Kernel Partial Least Squares 
 

In general, PLS fails to separate the nonlinearly 
mixed source due to its intrinsic linearity. When the 
variations are nonlinear, the data can be mapped into 
a higher-dimensional space in which they vary 
linearly. The higher-dimensional space is referred  
to as the feature space (F). KPLS is formulated in this 
feature space to extend linear PLS to its nonlinear 
kernel form [9]. 

Assume a nonlinear transformation of the input 
variables N

iix 1}{ =  into a feature space F, i.e. Φ:  

xi∈RN → Φ(xi)∈F. Our goal is to construct a linear 
PLS regression model in F. Effectively it means that 
we can obtain a nonlinear regression model in the 
space of the original input variables. Denote Φ as 
(N×M) matrix of regressors where the i-th row is the 
vector Φ(xi). Depending on the nonlinear 
transformation Φ(·), the feature space can by high-
dimensional, even may be infinite dimensional when 
the Gaussian kernel function is used. In practice we 
are working only with N observations and we have  
to restrict ourselves to finding the solution of the 
linear regression problem in the span of the points 

N
iix 1)}({ =Φ  [4]. The KPLS algorithm can be directly 

derived from the PLS algorithm by modifying some 
steps of PLS procedure so as to use the matrix Φ  
of mapped input data instead [4, 9]. Good 
generalization properties of the KPLS model can be 
achieved by appropriate estimation of the regression 
coefficient in F and by the selection of an appropriate 
kernel function. The KPLS algorithm is as follows. 

1. Randomly initialize u (can set u equal to any 
column of Y). 

2. Calculate t =ΦΦTu=Ku, set t ← t/||t||. 
3. Calculate c = YTt, where c is a weight vector. 
4. Calculate u = Yc and normalize u by  

          u ← u/||u||. 
5. Repeat steps 2-4 until convergence. 
6. Deflate K and Y matrices as follows: 
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Applying the so-called “kernel trick”, i.e. the fact 

that ΦT(xi)Φ(xj) = K(xi, xj), we can see that ΦΦT 
represents the (N×N) kernel Gram matrix K of the 
cross dot products between all mapped input data 
points N

iix 1)}({ =Φ  [4]. 
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3. Models and Applications 
 
3.1. Process Models 
 

A hot strip tandem finishing mill takes in a bar  
of metal at a temperature of 1100 oC with 30 mm 
thickness, for mild steel, and puts it through a series 
of rolling stands, typically decreasing its average 
thickness by a factor of ten to 3 mm. As the width 
does not change much, there is a corresponding 
increase in length. Product quality depends primarily 
on strip thickness tolerances on the rolling direction, 

and the main factor of the strip thickness deviation is 
entry thickness fluctuations, entry temperature 
fluctuations, and roll gap adjustment. In the rolling 
process, the AGC system automatically adjusts roll 
gap to eliminate the effects of these disturbances. 
However, due to hot tandem rolling is only equipped 
with gauging system in the finishing mill delivery 
side, information detected by gauging system is 
generally only used for monitoring AGC to adjust 
downstream finishing mill, otherwise drastic 
thickness oscillation will occur due to the large delay. 

 
 

 
 

Fig. 1. A typical hot strip mill layout. 
 
 

Good control performance requires predictive 
models of the process (e.g. deformation and 
temperature models) and dynamic models of the mill 
machines and sensors. Some aspects of these models 
are reviewed here. 

a) Process models. 
In Fig. 2, H is the roll gap entry thickness, h is the 

roll gap delivery gauge, q is the horizontal force  
on the strip element, τ is the tangential friction force 
on the strip element, P is the radial roll pressure force 
of the strip element, x is the distance from the  
gap exit. 

 
 

H h

p(x)±τ(x)

±τ(x) p(x)

q(x+dx) q(x)

 
 

Fig. 2. Roll force modeling principles. 
 
 
A typical and basic modeling task is that 

associated with setting up the roll gaps in a mill. 
Fig. 2 illustrates the problem: given entry gauge H, 
where should the roll gap S be set to give a delivery 
gauge h? The difficulty arises because the large 
deformation forces required to reduce the strip gauge 

from H to h cause the stand frame holding the rolls to 
stretch, and mill rolls to bend and flatten. The result 
is the delivery gauge as a function of force P.  
In simplified form this can be expressed as: 

 
)(PfSh +=  (4) 

 
The term f(P) is the mill stretch. 
Given the deformation force, the required gap 

setting can be calculated. Of course, during the set-up 
calculation, no measured force is available so, to pre-
set the gap correctly, a model is also required  
to predict the deformation force [10]: 

 
,...),,,( TWHhPP =  (5) 

 
For a particular strip, enter gauge H, delivery 

gauge h, width W and temperature T are the main 
factors determining the force. There are other 
significant factors but, for simplicity, these  
are omitted. 

b) Machine models. 
Models of the behavior of the stands, drives, 

capsules, etc., are also required. Drive and capsule 
models are dynamic and usually defined accurately. 
But, for example, the model of stand deflection under 
load needed to predict the elastic deformation of a 
complex structure (as shown in the previous section, 
this model is essential to setting the stand gap for a 
piece) is partly derived from experiments done on the 
mill, and, therefore, is subject to uncertainties of the 
same nature as for the process models. 

c) Comprehensive model. 
The delivery gauge h depends on the position S  

of the capsule and the mill stretch. The stretch 
formula can be derived as follows [11]: 
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where h is the delivery gauge, S is the roll gap, P is 
the roll force, P0 is the kiss force, C is mill modulus, 
O and G are gauge compensation caused by film 
bearing variation, roller thermal crown and wear. 

With the parameters in stretch formula, S and P 
are measured values, P0 is the manual set constant, C 
is the parameter related to strip width and mill 
housing characteristics, O is the parameter related to 
roll force and motor speed, G is the parameter related 
to entry temperature, entry gauge, delivery gauge, 
roll force, bending force, motor speed, strip tension, 
roll material, etc. Because C, O, G is hard to 
calculate, conventional AGC uses roll-width modulus 
C0 instead of real-time modulus C, and uses 
simplified empirical formula to calculate the value of 
O, G, etc. Because the rolling conditions are 
changing all the time, a gauge deviation will 
inevitably occur with this method, the maximum 
value may reach 0.2 mm, and the finished strip 
precision index above 90 % within the range of  
0.05 mm is generally required, so an extremely 
sophisticated algorithms are developed to fulfill the 
task of dynamic thickness control, however, the 
philosophy and the principles for tuning AGC control 
gains become very complicated and difficult to the 
operators in the case of improving the quality for 
specific product and process. 

The amount that the mill stretches is not actually 
linear as suggested in the above stretch formula. The 
amount of stretch is a combination of stretch in the 
mill housing and deflection in the roll stack. The mill 
housing stretch is typically non-linear at low forces 
and becomes nearly linear with force at high forces. 
Roll stack deflection includes bending of the roll 
necks and flattening of rolls at the point of contact 
with the strip and between backup roll and work roll. 
Stack deflection is typically linear with force but 
varies significantly as the strip width changes. Fig. 3 
attempts to show the relationships between gap 
position, mill stretch and strip gauge. 

 
 

 
 

Fig. 3. Mill stretch characteristics. 
 
 

3.2. Regression Model Design 
 

Conventional gauge control concepts cannot 
completely compensate the effects of various 

disturbances resulting from the rolling process. 
Considering that slowly changing factors 
(mechanical wear, thermal expansion, etc.) of the two 
adjacent strips basically remain unchanged, we use 
the data of the previous strip to train KPLS 
regression models and the KPLS parameters, which 
are used for the gauge prediction of the next strip, 
thus the compensation for these slowly changing 
factors is skipped. 

Considering the main factors affecting the gauge, 
we select process variables as follows: 
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where v is the rolling speed, t is the time after bite. 
Then X and Y are the matrixes of (n×7) and (n×1) 
respectively, and where n stands for the sample size.  

The effects of the different regression methods 
are compared by using the actual data recorded by 
process data acquisition (PDA) tool as samples. The 
sampling period of PDA tool is 40 ms and sample 
size n is about 1800. Then two adjacent strips are 
selected randomly, and the data of the previous strip 
is used to train KPLS regression models and the 
KPLS parameters, which are used for the gauge 
prediction of the next strip.  

Then a data analysis is made by principal 
component analysis (PCA), PLS, Kernel PCA 
(KPCA), KPLS respectively, where the principal 
component number of PCA and KPCA is selected as 
4, and the kernel function is selected as radius basis 
function (RBF), Polynomial function and Tanh 
function. 

The RBF kernel is defined as, 
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2
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where exp is the short for the exponential function,  
and σ = 0.05.  

The Polynomial kernel is defined as, 
 

dbyxayxK ))(((),( +⋅= , (9) 

 
where a = 1, b = 0.5, d = 2. 

The Tanh kernel is defined as, 
 

))((tanh(),( byxayxK +⋅= , (10) 
 

where a = 1, b = 0.5. 
Predict the gauge of the next strip,  
 

]ˆ,...,ˆ,ˆ[ˆ
21 nyyy=Y  (11) 

 
Then the prediction gauge of sample point j is, 
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3.3. Simulation Results 
 

Nine regression models of stretch formula, PCA, 
PLS, RBF KPCA, Polynomial KPCA, Tanh KPCA, 
RBF KPLS, Polynomial KPLS and Tanh KPLS are 
used to predict the delivery gauge, with the 
prediction value minus the measured value, a variety 
of models of prediction deviation of the mean and 
standard deviation is shown in Table 1, where the 
data unit is mm. From Table 1 we can see RBF 
KPLS model has highest precision. 
 
 

Table 1. Analysis Results of Different Models. 
 

No. Index Mean 
Standard 
Deviation 

1 Stretch formula 0.1199 0.0446 
2 PCA -0.0077 0.0629 
3 PLS -0.0044 0.0665 
4 RBF KPCA -0.0021 0.0611 
5 Polynomial KPCA -0.0087 0.0662 
6 Tanh KPCA 0.0064 0.0486 
7 RBF KPLS -0.0014 0.0443 
8 Polynomial KPLS -0.0034 0.0514 
9 Tanh KPLS -0.0037 0.0448 

 
 
3.4. Online Results 
 

A PC computer with a data acquisition board has 
been installed in the hot rolling mill plant. The 
acquisition board is connected with the mill’s 
sensors: rolling force on sides, rolling velocity and 
hydraulic actuators positions. This computer allows 
an acquisition frequency of 1 kHz, with only 2.5 μs 
of delay between the different signals. Due  
to the noise, all signals must be filtered with a 
Chebychev filter. The gauge prediction is show  
in Fig. 4. 
 
 

 
 

Fig. 4. Comparison between the measured value and the 
RBF KPLS predicted value. 

4. Conclusions 
 
This work has demonstrated that it is possible  

to establish accurate models for the delivery gauge 
and some other process variables by using KPLS 
techniques. The basic idea of this method is first 
mapped data from original space into a higher-
dimensional feature space, then perform linear PLS 
prediction in the feature space. The proposed method 
can effectively capture nonlinear relationship among 
input variables and response variables. Compared 
with PLS and other nonlinear methods, KPLS avoids 
the nonlinear optimization procedure and it involves 
calculations as simple as linear PLS. The 
improvement in prediction performance observed  
on going from PLS to KPLS suggests that nonlinear 
correlation structures should not be modeled using 
linear approaches due to the risk of including noise  
in the model while trying to account  
for the nonlinearity.  

A number of factors also deserve special 
consideration when using KPLS for estimation. One 
is how to choose kernel function types and identify 
the kernel parameters. At present, we only solve this 
according to our experience. How to solve this 
problem using a systematic approach is still a 
challenging issue. Another problem is that KPLS has 
the drawback which it is difficult to identify the 
relationship between latent variables in high-
dimensional space and variables in original space, 
because it is difficult or even impossible to find an 
inverse mapping from feature space to the original 
space. In the future, we will combine multiple 
features to overcome missed shots and remove  
false detection. 
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