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This work presents an algorithm for the development of adaptive soft sensors. The
method is based on the local learning framework, where locally valid models are built
and maintained. In this framework, it is possible to model nonlinear relationship
between the input and output data by the means of a combination of linear models.
The method provides the possibility to perform adaptation at two levels: (i) recursive
adaptation of the local models and (ii) the adaptation of the combination weights. The
dataset used for evaluation of the algorithm describes a polymerization reactor where
the target value is a simulated catalyst activity in the reactor. This dataset is also used
to evaluate the performance of the proposed algorithm. The results show that the tradi-
tional recursive partial least squares algorithm struggles to deliver accurate predic-
tions. In contrast to this, by exploiting the two-level adaptation scheme, the proposed
algorithm delivers more accurate results. © 2010 American Institute of Chemical Engineers
AIChE J, 57: 1288-1301, 2011
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Introduction

Soft sensors have been established as useful tools, in the
process industry which can provide additional information
about the underlying processes. One can distinguish two fun-
damentally different soft sensor types, namely model-driven
and data-driven soft sensors.! There are several other terms
that can be used for these two types of models, such as para-
metric vs. nonparametric models, white box vs. black box
models, and phenomenological vs. empirical models. The
model-driven soft sensors use the chemical and physical
principles underlying the process. The focus of this work is
on the other type of soft sensors, i.e., the data-driven models.
These models rely on data modeling techniques and are
trained on data collected during the operation of the process.
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Although the field of application of soft sensors is broad, the
dominant application type is the on-line prediction.' In the
case of this application type, the soft sensor is trained using
historical data before it is launched in the real-life environ-
ment where its task is to provide an on-line prediction on
the basis of the incoming input data stream. The goal of the
model is to provide a prediction of one or more difficult-to-
measure variables based on some easy-to-measure variables.
The latter variable type are process measurements such as
temperatures, pressures, and material flows, which are auto-
matically measured for process control and management pur-
poses. On the other hand, the difficult-to-measure variables
are often critical and have to be obtained either through ex-
pensive measuring devices or through manual chemical anal-
ysis carried out off-line in laboratories. Reviews of this type
of soft sensor application have been published in Refs. 1-3.
The most common data-driven techniques applied for soft
sensor modeling are the principal component regression® and
partial least squares (PLS) method (see Recursive Partial
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Least Squares section). These techniques gained popularity
because of their statistical background, ease of interpretability
of the model, and because they deal efficiently with data coli-
nearity, which is common among industrial datasets. Examples
of soft sensor applications based on PCA/PLS have been dis-
cussed in Refs. 5-8. Multilayer perceptron (MLP)’ is another
predictive technique widely applied as a soft sensor.'” The
popularity of the MLPs originates in their ability to model non-
linear functions. As a soft sensor, MLPs are commonly applied
as on-line prediction models (see e.g., Refs. 11 and 12). Fur-
thermore, one can find a range of other computational learning
methods like support vector machines'® and neuro-fuzzy sys-
tems'* applied as on-line prediction soft sensors.'>'®

A particular drawback of many of the current soft sensors
is their nonadaptive nature.' Traditionally, the models are
not adaptive, and once deployed into the real-life operation,
the model does not change (see Refs. 3 and 17). In contrast
to this, the environment, in which the soft sensors are
applied, is often changing.'® The combination of the static
model and the changing data leads to performance deteriora-
tion because the model usually represents the out-of-date
state of the process as it was observed during the training
phase. Recently, this issue has been recognized and several
approaches to dealing with it were presented. Examples of
incremental (or recursive) techniques and soft sensors based
on them are as follows: (i) recursive PLS (RPLS; see the
next section for more details); (ii) recursive exponentially
weighted PLS'; and (iii) recursive PCA.** An example of a
RPLS-based soft sensor can be found in Ref. 21. Another set
of adaptive techniques is based on the moving window tech-
nique. Examples of adaptive soft sensors based on the moving
window technique can be found in Refs. 22 and 23, where a
batch process monitoring soft sensor based on the moving
window PCA?* and a process monitoring soft sensor based on
the fast moving window PCA?* have been published.

Despite the availability of several adaptation schemes,
these methods are often difficult to handle. The selection of
the parameters like the forgetting factors in the case of the
recursive methods or the length of the adaptation window in
the case of the moving windows-based techniques has a crit-
ical influence on the performance of the adaptive methods.
Another possible issue with the adaptation is that some of
the techniques might be inappropriate for the given problem.
Such a case was shown in Ref. 24, where the moving win-
dow techniques lead to a deterioration of the performance of
the soft sensor. Another particular issue of the moving win-
dows-based methods also require the storage and access to a
set of historical data, which could be difficult in some appli-
cations. In this work, it is also demonstrated that despite the
adaptation, the traditional RPLS on its own does not deliver
satisfactory predictions for this industrial problem.

To address the above-mentioned issues, the presented algo-
rithm is based on the local learning framework. Local learning
models consist of a set of simple models, which are trained on
limited partitions of the historical data.”> The way in which the
global data is split into the local partitions depends on the
algorithm. A common approach for this purpose is the k-means
algorithm.”® To obtain the (global) model’s prediction, it is
necessary to combine the predictions of the local experts. For
this purpose, the presented algorithm stores performance maps,
which allow to estimate the prediction performance of the local
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models. This framework allows to perform the model adapta-
tion at two levels. On one hand, at the level of the local
experts, the presented implementation is achieved by exploiting
the adaptation capability of the RPLS method. The other level
of adaptation is achieved by adapting the local expert’s per-
formance maps, which results in the updates of their combina-
tion weights. Additional advantage of this method is that both
combination methods can be performed on sample-by-sample
basis without the need to store any past data.

Another problem of current soft sensor development is the
lack of the possibility to benchmark the developed algo-
rithms on a set of standard datasets. In general machine
learning research, this is widely done using the UCI dataset
collection.”’ In soft sensing, the situation is different because
very often the soft sensing algorithms are developed for very
specific purposes, e.g., a particular process or parts of it.
More than that, for understandable reasons, the data used for
the testing of the algorithms in vast majority of the cases are
protected by strict nondisclosure agreements. An exception
to this rule are the two datasets, of a debutanizer column
and a sulfur recovery unit provided for public use in Ref. 2.
To further encourage other researchers and process operators
to share their datasets with the public, we provide, with
agreement of Evonik Industries AG, a dataset for general
purpose soft sensors development and benchmarking.

The rest of this article is organized as follows: (Recursive)
Partial Least Squares section briefly outlines the PLS algorithm
and its recursive version RPLS. The novel adaptive soft sensor
is discussed in detail in Incremental Local Learning Soft Sens-
ing Algorithm section. In The Data Set section, a description
of the data for public use is given. This dataset is also used for
the evaluation of the presented algorithm in Experiments sec-
tion. Finally, this work is concluded in the last section.

Recursive Partial Least Squares

In this section, the most common soft sensing technique
and its adaptive (recursive) version are outlined. The PLS
method was originally proposed in Ref. 28. The goal of the
algorithm is to project the scaled and mean-centered input
data X € R" * ™ (where n is the number of available data
points and m is the number of easy-to-measure variables)
and output data Y € R" * ” (where p is the number of diffi-
cult-to-measure variables that are supposed to be predicted)
to separate latent variables:

X=TPT+E )
Y =UQ" +F, )

where T € R” * ! (with I < m as the number of latent variables)
and U € R" * ! are the score matrices, P € R” * 'and Q e R? '
are the corresponding loading matrices, and £ and F are the
input and output data residuals. The score matrices T and U
consist of so called latent vectors:

T=][t,....,t] witht; € R™! 3)

U=uy,...,u] with u; € R"™!. 4)

The latent vectors, which are orthonormal to each other
(ie., tf t; =0V, . ;) are a more compact description of the
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input data. The column vectors p € R™ * ' and q € R” * ! of
the loading matrices P and Q represent the contributions of the
input and output variables to the latent vectors t and u,
respectively. Equations 1 and 2 are also called the outer model
of the PLS method.?’

Subsequently, the PLS method builds a regression model
between the latent scores (the PLS inner model):

U =1TB+R, 5)

where Be R' * 'is a diagonal matrix of regression weights that
is calculated such as to minimize the regression residuals R.
The estimates Y of Y are consequently:

Y =TBO". 6)

There are several ways to calculate the required vectors t, p,
u, q, and b. A particularly popular algorithm for the
calculation of PLS is the NIPALS algorithm.*® The NIPALS
algorithm calculates one latent vector after the other in an
iterative way. After each iteration, the explained covariance is
removed from the data:

X1 =X, — tipi” @)
Yisr =Y —wgi, (8)

which is followed by the calculation of the next, i.e., (i + 1)th
vectors for the PLS outer and inner models using the new data
matrices X; ; | and Y; , ;. The number of calculated latent
dimensions is usually established using cross-validation or
some other parameter optimisation techniques.

In the off-line modeling scenario, the matrices P, T, Q, U,
and B are calculated during the training phase based on the
batch of historical data. However, as discussed in the Intro-
duction section as well as in Ref. 29, this approach is often
problematic because the process and its data are changing
over the time. An advantage of the PLS algorithm is that it
has the ability to incrementally integrate new data. The
RPLS method has been introduced in Ref. 31 and further
clarified in Ref. 29. It can be used to adapt the model in sev-
eral ways: (i) on sample-by-sample basis; (ii) by integrating
a new batch of data; or (iii) by merging two PLS models.

In the first case, which is exploited in this work, the model
update is achieved by merging the old model represented by
the matrices P, B, and Q with the latest data samples x;, y;:

e [ e [927). o
X Y
The forgetting factor 4 defines the strength of the
adaptation. The lower value this factor has the smaller the
influence of the previous model, which results in a faster
adaptation to the new data. After the expansion, the PLS
algorithm can be applied to X", Y™ as usual (see Egs. 1 and
2). To be able to perform the above updates, the number of
latent variables has to be selected to be equal to the rank of
X% Practically, this condition can be assured by finding a
number of latent variables a, which fulfills:

|Eq)| <€ withe>0. (10)
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In general, the number of latent variables a required for the
recursive operation can differ from the optimal number of
latent variables required for the modeling.

Incremental Local Learning Soft
Sensing Algorithm

The proposed soft sensing algorithm, (incremental local
learning soft sensing algorithm) (ILLSA), can be split into
the following steps:

e Construction of receptive fields

® Training of local models/experts

e Building of receptive field descriptors

e Combination of local experts

® On-line operation and adaptation of the model.

The above steps will be discussed in detail in the follow-
ing sections.

Receptive fields construction

The aim of this step is to divide the historical data into
partitions called receptive fields, which represent different
states of the process (in this work referred to as data con-
cepts). The notion of a concept is linked to the area where a
model, called landmarker, provides constant performance.
The decrease of performance of the landmarker is interpreted
as a new data concept that triggers the building of a new
receptive field.

Provided the historical dataset D", the first step of the
algorithm is training the landmarker using samples from an
initial window D™, which is a subset of the historical data:

Dinit — {xinit yinit} _ {(X;nit’y}nil)};‘:;’m"’ (11
where a is the index of the first sample in the current receptive
field and »™" is the length of the initial window (an input
parameter of the algorithm).

Provided the initial set, the landmarker f]m can be trained
and the residual vector r'™ of the landmarker’s prediction
on the training data can be calculated as follows:

rinit — yinil _ flm (Xinit) ; ( 12)

where f™(X™") are the predictions of the landmarker.
The next step is shifting the window one step forward
(s = 1), while keeping its size constant:

pehified _ (xshified yshifted) . {(thi)}k+s+n‘"“

i—kts with s = 1,

(13)

and calculating the new residual values rShiﬂed(s) of the
landmarker’s prediction using the shifted data window:

l.shifted (S) _ yshifted _ flm (Xshifled) (14)

Following this, the two residual vectors (r™* and r*"f**d(s))
are tested for a statistically significant difference using the #-
test.™ As long as the null hypothesis remains valid, it can be
assumed that the performance of the landmarker on the data
within the shifted window is comparable with the performance
on the training data and thus that the data samples, within the
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Figure 1. The receptive field construction process
based on the detection of states in the data.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

shifted window D*Mif®d belong to the same process state as the
samples from the initial window D™!. This procedure is
repeated, i.e, the window is shifted, as long as the null
hypothesis of the significance test remains valid:

sl = argmin  (t-test(r™ rMd(5)) == 1), (15)
SE[L,...,ntmn—k]

where n'™™ is the number of samples in the historical dataset

and "™ corresponds to the first sample for which the r-test

rejects the null hypothesis, and thus there is a significant
difference in the residuals. The significance level of the #-test
is an important parameter because it has a strong influence on
the size of the receptive fields. However, in practical
situations, the significance level can be fixed to 0.05 because
the same effect can be achieved by manipulating the size of the
initial window size n™, which is already an input parameter of
the algorithm.

Finally, the receptive field is built on the basis of the fol-
lowing data samples:

DR = {(xn)} i (16)
and the algorithm can move to the next receptive field by
constructing a new initial window. This is constructed by taking
the last n™" samples of the previous receptive field (i.e., using
the last shifted window of the previous receptive field), which
results in a partial overlap of the receptive fields (Figure 2):

pinit .__ pshifted _ {(Xi’yi)}a-ksfi“"‘l—%—izi"“’ (17)

i=a+sfinal
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a=a+ s (18)

The procedure of receptive field building is graphically
illustrated in Figure 1.

By choosing a linear modeling technique (e.g., linear
regression), the resulting receptive fields represent parti-
tions of the historical with linear relation between the input
and output variables. This is important if linear predictive
methods, such as the PLS as it is the case in this work, are
used for building the local experts at later stages of this
algorithm.

The outcome of this stage is a set of receptive fields DRF,
each corresponding to a concept of the historical data:

DR = (DR}, (19)
where 7 is the number of built receptive fields. An example of
the outcome from the data that was split into three receptive
fields can be found in Figure 2.

The proposed partitioning algorithm was compared with
the k-means>® algorithm in preliminary experiments. It leads
not only to a higher performance of the overall method but
also has the advantage that it does not require the a priori
setting of the number of partitions/clusters as it is the case
with k-means.

Local experts training

After identifying the receptive fields, one model, called
local expert fLE, is trained for each of the receptive fields. In
the proposed algorithm, the local experts are based on the
PLS technique (see Section 2 for more details). This has sev-
eral advantages including the possibility of incremental
adaptation shown in Recursive Partial Least Squares section.
Another benefit of this predictive method is that it automati-
cally reduces the dimensionality of the input data. This prop-
erty is critical because process industry data are often highly
colinear.

Splitting of data points into receptive fields
0.3

0.2
01F
oF
o
O -01F
o
-0.2r

-0.3r

o0 Receptive field 1
% Receptive field 2 [|
{> Receptive field 3

-0.4F o

05 | 1
-0.6 -0.4 -0.2 0 0.2 0.4

PC 1
Figure 2. An example of splitting the training data into
three receptive fields (displayed after projec-
tion to two-dimensional space by means of
principal component analysis).

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 3. Local expert descriptor L, ; with different settings of ¢.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

After this step, there is a set of trained local experts F LE,

P = };:l. 20)

Local experts descriptor building

The next step toward the final model is building descrip-
tors for the local experts, which will be later used to esti-
mate the prediction accuracy of the local experts for the
given input sample. As such, the aim of the descriptors is to
describe the area of expertise of each local expert. This is
approached by building a set of two-dimensional probability
density functions L, ;, where j is the index of the PLS latent
variable and k is the index of the local expert (or receptive
field). The descriptors are constructed using a weighted two-
dimensional Parzen window method **:

1
L = o] > wilt) 0w, 3), @n

kAl ,eDff
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where || DF|| is the number of samples in the kth receptive
field, #;; is the value of jth latent vector corresponding to the
data sample x (i.e., X = tkp,{ and t; = [t ..., tk,,A]T), wilty ;) is
the weight of the same sample point (for more details see
below), and ®(u, X) is a two-dimensional Gaussian kernel
function with mean value at the positions defined by u: = {#,
y;} and variance matrix 2 (a diagonal 2 x 2 matrix with the
kernel width ¢ at the diagonal positions—an input parameter of
the algorithm). The kernel width defines the size of the
neighborhood, which is influenced by each sample. For
simplicity reasons, the variance is kept equal in both dimensions,
but the approach can be easily extended to a more general case
with different kernel widths along the two dimensions. Figure 3
shows an example of the descriptor for three different settings of
the kernel size 0. One can see that with smaller kernel sizes, the
descriptor gets more detailed, which involves a potential danger
of low generalization capability and overfitting of the descriptor.
On the other hand, two large kernels can lead to too strong
generalization and loss of detail. The peaks in the figures indicate
the area of the input—output space where the given local expert
performs better than the remaining local experts.
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The weights wy for the construction of the descriptors (see
Eq. 21) are set proportionally to the inverted quadratic pre-
diction error of the local experts for the sample x;:

wi(xi) = exp(— (£ (x:) = 3)?). (22)

Weighting the contribution of each sample by the prediction
performance of the corresponding local experts assures that the
descriptors model the local experts’ area of expertise in the input—
output space and as such can be later sampled to estimate the local
experts’ performance given the input data and its prediction.

The final descriptor L is a set of two-dimensional descriptors:

il

L= {(Lk,i) k':kl;j:l’ (23)
where /; is the number of PLS latent variables for the kth local
expert and r is the number of receptive fields (as well as local
experts).

Local experts combination

After the training phase, the soft sensor consist of the
trained local experts FE and receptive field descriptors L.
From the set of predictors FLE each of its members fLE is
making predictions of the target value given the input sam-
ples. To obtain the final predictions yﬁnal during the on-line
phase, these predictions have to be combined.

In what follows, the combination method will be described
in the Bayesian framework. In general terms, the combined
prediction is a weighted sum of the local experts’ predictions:

Y = fj(vk (t /500 /), (24)

k=1

where fLE(x) are the predictions given in the on-line data
sample and v is the combination weight of the kth local
expert’s prediction. These weights are read from the local
expert descriptors. Because the descriptors store maps of the
local experts’ performance in the input—output space, they can
be interpreted as an effective estimation of the prediction
performance of the local experts for the given on-line data
sample. The weights can be expressed as the posterior
probability of the kth local expert given the sample x and
the prediction of the local expert for this sample f’(“,S(x):

Pt FEIP(K)
St /)
where p(k) is the a priori probability of the kth local expert (in

this implementation, equal for all local experts, but in general
it can be used to prioritize between them), > p(tk,f‘(,g) is a

Vet fii5) = p(kIte, i) = (25)

normalization factor, and p(tk,f%k'“ilk) is the likelihood of t; and

the local expert, which can be calculated by reading the
descriptor of the kth local expert:

Iy
Pt £ Hp(fu,f k) = Hij(tk,iaf(]f(])i(X))- (26)
=1

Equation 26 shows that the descriptors L;; are read at
positions that are given by the scalar value #; ; (which is again
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the value of the jth latent vector of the kth PLS model for the
current data sample) and at the position of the predicted output
ka (x) of the same local expert. Sampling the descriptors at the
pos1t10ns of the predicted outputs may be potentially
ineffective because the predicted value does not necessarily
need to be similar to the correct target value. However, as the
correct target values are not available during the on-line phase
at the time of the prediction, this is the only way to read the
values from the descriptors. Furthermore, the rationale for this
approach is that the local expert is likely to make the correct
prediction if it generates a prediction that conforms with an
area that was occupied by a large number of accurate
predictions in the past.

As the multiplication of the contributions from the differ-
ent variables in Eq. 26 requires linear independence of the
variables, it is important to operate in the space of the latent
variables that results from the local PLS preprocessing where
the colinearity of the variables is dealt with.

Soft sensor adaptation

In the proposed method, two levels of adaptation can be
distinguished: (i) adaptation at the level of the local experts
and (ii) adaptation of the combinations weights. Neither of
the adaptations requires the storage of any past data sample
as they both work on a sample-by-sample basis.

Local expert adaptation. The adaptation of the local
experts is done by the means of the algorithm shown in the
Recursive Partial Least Squares section. Furthermore, the adap-
tation strength A of the local experts is modified according to
the amount of the responsibility of the local expert to the over-
all prediction. These values are represented by the weights v;
of the local experts. The implemented adaptation strategy is a
winner-takes-all approach, where the model with the highest
weight is adapted much stronger than all other models:

, 0.5
Aj = 1

This approach ensures that the model which contributes the
most to the prediction is strongly focused on the prediction of
the current data. At the same time, this method deals
automatically with the setting of the forgetting factor for the
local experts, which, in general, is difficult in the case of the
traditional RPLS.

Local expert descriptor adaptation. The descriptors can
also be modified each time a correct target value y is received.
Provided this value, a feedback about the performance of the
local experts in the form of the quadratic error ey, of the kth
local expert’s prediction f(LAE) is calculated as follows:

j=i

. with i = argmax v;andj=1...r
otherwise & ! J

i=1...r
27

ex(x) = (v = fi (). (28)

The error is further mapped on a performance index u:

U = exp (7

where med(e) is the median squared error across the local
experts and r is the number of local experts. The above

er — med(e) L
W) withe =lei,...e;]  (29)
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Figure 4. Adaptation masks AL_,; for the modification of the local expert descriptors.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

mapping transforms the prediction error in such a way that the
best performing local expert receives a weight equal to 1 and
the weights of the remaining local experts decay exponentially
with the increasing error, while the median error is mapped to
the value 0.5.

This mapping function, together with Eq. 30, leads to a
decrease of the neighborhood of the current sample within
the receptive field descriptors (see Figure 4a for the adapta-
tion mask in this case) for local experts with weak perform-
ance. Contrary to this, descriptors of local experts whose
performance is better than the average are increased in the
neighborhood of the current sample x (see Figure 4b for an
example of such an adaptation mask). Overall, this approach
leads to an increase of areas within the descriptors where the
local expert performs well and to a decrease of such areas
that can be better predicted by another local expert.

Equations 30 and 31 describe the adaptation process:

ALpj = ®(u, Z)(u — 0.5),  with p = {5, fFF(x)}, (30)

where AL, ; is a two-dimensional Gaussian adaptation mask
for the jth latent variable and the kth receptive field (or local

expert). Further on X is the variance matrix for the Gaussian
adapt

kernel. These values of the 2 x 2 matrix (consisting of ¢ at

Educt

r--:ﬁ-Catalyst
filled tubes

|—Cooling
water

Product

Figure 5. The reactor and product related to the cata-
lyst activation data.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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the diagonal positions) define the size of the neighborhood of
the current sampling point that is being modified by the
adaptation mask (an input parameter of the algorithm).

Finally, the descriptors can be adapted using the modifica-
tion masks in the following way:

i = Lij - ALy, 3D

where - is the Hadamard matrix product.

Model transparency and interpretability. One of the
advantages of the proposed algorithm is the possibility to
interpret the predictions despite increased complexity of the
model. In fact, it provides similar possibilities to interpret
the results as the frequently used PLS-based soft sensors.
Because the final prediction is a convex combination of pre-
dictions of the PLS-based local experts (see Eq. 24), it is
straightforward to combine the contribution plots of the local
experts in the same and thus to obtain the influence of the
data variables (together with the influence of the particular
local experts) on the final prediction. There are several ways
for calculating the contributions plots (see e.g., Refs. 34 and
35). Assuming that c,); is the contribution of the kth local
expert and the jth variable to the prediction, the contribution
of the same variable using overall model is simply:

Table 1. The Variables of the Catalyst Activation Dataset

No. Description Units
1 Time days
2 Measured flow of air kg/hr
3 Measured flow of combustible gas kg/gr
4 Measured concentration of combustible component n.a.
in the combustible gas (mass fraction)
5 Total feed temperature °C
6 Cooling temperature °C
7 Temperature at length 1/20 of reactor length °C
8 Temperature at length 2/20 of reactor length °C
9 Temperature at length 4/20 of reactor length °C
10 Temperature at length 7/20 of reactor length °C
11 Temperature at length 11/20 of reactor length °C
12 Temperature at length 16/20 of reactor length °C
13 Temperature at length 20/20 of reactor length °C
14 Product concentration of oxygen (mass fraction) n.a
15 Product concentration of combustible component n.a

(mass fraction)
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Figure 6. The catalyst activation dataset.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
¢ = Vi€ i (32) reactor consists of approximately 1000 tubes filled with cata-
J kC (k). L. L .
Z lyst, which is used to oxidize a gaseous feed. It is cooled

with a coolant that is supposed to be at constant temperature.

The reaction speed has a strong nonlinear relationship with
The dataset R

the temperature. Its exothermal reaction is counteracted by

In this work, a dataset for benchmarking of adaptive soft the cooling and leads to a maximum temperature somewhere

sensing algorithms is presented and made available for pub- along the length of the tube. As the catalyst decays, this

lic use. The dataset describes a polymerization reactor. The becomes less pronounced and moves further downstream.
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Figure 7. The PRESS for different numbers of latent
variables of the RPLS algorithm.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

The catalyst activity usually decays within some time to
zero, with a period of 1 year taken as example here. The
process takes input from other larger processes so that the
feed will vary over time. The operators react to this by
choosing appropriate operating conditions. However, the cat-
alyst decay is much slower than these effects. The process is
equipped with measurements to log all the variations of the
feed and the operating conditions. In addition, there are
measurements showing concentrations, flows, and several
temperatures along the length of a characteristic tube to
identify the state of the processes. The reactor and the prod-
uct are shown in Figure 5.

The goal is to predict the activity of the catalyst in the multi-
tube reactor, which is simulated for the purpose of the training
and evaluation of the soft sensors. The dataset covers 1 year of
operation of the process plant. Many of the input variables show
high level of colinearity and there are a large number of outliers,
which can be found in as many as 80% of the variables.

Table I describes the physical values represented by the
variables in this dataset.

Considering the measurements in Figure 6, one can identify
some common issues of industrial datasets. These include:

e Missing values: some variables show missing values, e.g.,
the 4th variable is completely missing (Figure 6e), and there
are also many missing values in the target variable (Figure 6a).

e Qutliers: Many of the variables are affected by outliers, some
of them quite severely, e.g., the 14th input variable (Figure 60).

® Noise: some of the variables are very noisy, e.g., the
2nd input variable (Figure 6c).

e Changing sampling rate: the sampling rate of the target
variable is lower for the last ca. 3000 samples (Figure 6a).

e Automatic value interpolation by the data recording sys-
tem: All data around the 3000th sample are automatically
interpolated values. This is due to a failure of the process in-
formation management system (Figures 6a—p).

Experiments
In this section, the proposed algorithm is applied to the
dataset discussed in the Dataset section. The goal of the
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experiments is to analyze the adaptive behavior of the
ILLSA method. For this purpose, there are six different sce-
narios with varying amount of data available for the adapta-
tion of the method. This is achieved by purposefully remov-
ing a certain amount of target values which in turn limits the
amount of data that can be used for the adaptation purposes.
Nevertheless, all of the target data are used for the calcula-
tion of the prediction errors, which allows to compare the
results between the particular scenarios. A special attention
is paid to the performance of the particular local experts as
well as the proposed combination method. By comparing the
performance of the proposed algorithm to the standard RPLS
method, the benefits of the method are further pointed out.

Methodology

To simulate the historical and the on-line data, the avail-
able dataset is split into two parts. The first 30% of the data-
set form the historical data, which is used for the training of
the models. The remaining 70% of the data simulate the on-
line data and are delivered as a stream of samples. This way
of splitting the data was chosen to be able to assess the ad-
aptation capability of the proposed algorithm. For this rea-
son, there is more data dedicated to the on-line phase than to
the training phase, as is usually the case.

To evaluate the influence of the availability of the target
data on the performance of the soft sensors, there are cases
with 0, 5, 10, 25, 50, and 100% of available target values of
the on-line data considered. The two extreme cases (i.e., 0
and 100%) represent a nonadaptive scenario and a scenario,
where all the target values are available for the adaptation
purposes, respectively. Intuitively, it can be expected that the
performance of the soft sensor will increase with increasing
percentage of target data allowing more frequent adaptation.
In all of the above scenarios and the presented results, the
models were provided with the input data, and only after
delivering the prediction, they were given the target values
for the adaptation. This procedure assures that the models
are always tested with independent test data.

Manual data preprocessing

Before the experiments can be conducted, the dataset is
manually preprocessed. In the experiments, we assume that
only a limited amount of process information is available
and restrict the preprocessing steps to the following:

e Downsampling of the first 5800 samples by factor 10
(i.e., after this step, the original 5800 samples are reduced to
580 data points).

® Removing variable numbers 3, 4, and 15 (as these varia-
bles are severely affected by outliers and missing values).

e Removing all data samples with missing target value.

The above preprocessing results into 194 training data
points and 453 on-line data points.

Results

RPLS. The first set of experiments demonstrates the per-
formance of the adaptive RPLS technique.

The optimal number of latent variables estimated by a 10-
fold cross-validation on the training data is 3, which is sur-
prisingly low. This fact demonstrates very high colinearity
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[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

of the dataset. The PRESS (sum of squared prediction errors)
results for the different numbers of latent variables are
shown in Figure 7. The value of the forgetting factor was set
to A= 1.

The predictions for the different percentages of target val-
ues availability can be found in Figure 8. In the case without
any target values, i.e., nonadaptive case, the RPLS model is
not able to deliver any useful predictions. The plots also
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show the steady increase in performance achieved by more
frequent adaptations as the predictions move closer to the
correct target values. However, despite the increase in per-
formance, the predictions are still not satisfactory.

ILLSA. For the ILLSA soft sensors, there are three criti-
cal parameters, which need to be optimized using the train-
ing data. The parameters are as follows:

e the size of the initial window 7™ (see Eq. 11);
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local experts.

[Color figure can be viewed in the online issue, which is
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e the kernel size for the local expert descriptors o (see
Eq. 21); and

e the kernel size for the adaptation masks ¢*%* (see Eq. 30).

The above variables were optimized by the 10-fold cross-
validation in the following ranges:

o ™ = [30, 50, 100];

e g =[107%10" 107"

o A =110"2 1077, 107

The bold entries above show the parameters identified as opti-
mal during the cross-validation process using the training data.

The above settings result in building of 11 receptive fields
and consequently 11 local experts. In each of the receptive
fields, the local expert’s number of latent variables is opti-
mized locally using the same procedure as described in the
RPLS section. This results in significant variation of the
number of latent variables as shown in Figure 9. The figure
indicates that the colinearity of the data is significantly
changing, and therefore training a single model for the
whole training dataset with a fixed structure (i.e., number of
latent variables) results in suboptimal results.
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Figure 10. Predictions of all local experts.

As the local experts were trained on distinct parts of the
historical data, they show diverse predictions on the test
data, which is clearly demonstrated in this figure. [Color
figure can be viewed in the online issue, which is avail-
able at wileyonlinelibrary.com.]
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Table 2. Mean Squared Errors and Correlation Coefficients
(with 100% of Target Values) of the Local Experts Showing
Big Differences in the Prediction Performance of the
Particular Local Experts
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Local Expert Number MSE Correlation Coefficient
1 2.8377 0.9110
2 20.7628 0.8909
3 3.3463 0.8655
4 3.1915 0.8428
5 0.3163 0.9704
6 0.6156 0.9468
7 0.4581 0.9595
8 1.4718 0.9013
9 1.4461 0.9344

10 3.1565 0.8415
11 0.3586 0.9673

In the next step, the predictions of all local experts are
analyzed. Figure 10 shows the predictions for the on-line
data of the 11 local experts with the availability of 100%
target data. The thick line shows the correct target values to
be predicted and the other lines show the predictions of par-
ticular local experts. What can be easily seen is that not all
of the local experts are able to deliver accurate predictions.
This fact is also reflected in Table 2, where one can observe
high variance in the performance of some of the local
experts.

To combine the predictions, it is not feasible to build a
simple mean combination of the local experts’ predictions.
For the discussed example, this combination method leads to
an MSE of 0.601 and correlation coefficient of 0.96. The
MSE of mean combination is on one hand much better than
the performance of the worst of the local experts, but on the
other hand, it is also significantly lower than the perform-
ance of the best local expert. In contrast to this, the combi-
nation method proposed in this work modifies the combina-
tion weights according to the expected prediction perform-
ance of the local experts, which results in the weights shown
in Figure 11. One can see that different parts of the on-line
data are dominated by different local experts. For the

—— Local expert 1
1.2 | —— Local expert 2 4
—— Local expert 3
——— Local expert 4
| | —— Local expert 5 i
1 Local expert 6
—— Local expert 7 |
——— Local expert 8 t
0.8/ | — Local expert 9 |
—— Local expert 10
= Local expert 11

L L I L L
0 50 100 150 200 250 300 350 400 450
Time

Figure 11. Combination weights v of all local experts.

One can observe increasing and falling weights of the
local experts, which indicates the changing influence of
the local experts during the online operation of the soft
sensor. [Color figure can be viewed in the online issue,
which is available at wileyonlinelibrary.com.]
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[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

example discussed above, using the combination weights
from Figure 11 leads to the predictions shown in Figure 12f.
One can see that these combined predictions are very accu-
rate despite the low performance of the local experts.

To be able to compare the results of the RPLS and ILLSA
algorithms, Figure 12 shows the predictions as well as the
MSE and correlation coefficient values for the cases with
different amount of available target values.
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A direct comparison of the results of the RPLS and
ILLSA algorithms can be found in Figure 13 and in Table 3.
From the table and the figure, it can be clearly seen that in
terms of the MSE, the ILLSA outperforms the RPLS method
with a large margin in the prediction performance.

Comparing Table 2 with Table 3 reveals that the fifth
local expert performs very well and delivers similar perform-
ance as the full model. This may in first instance invoke the
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Figure 13. Overview of the MSE values achieved by the RPLS and ILLSA algorithm.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

idea that this sole local expert could replace the more com-
plex model. However, considering the high variance of the
predictions of the local experts, in practice it is very difficult
to identify the local expert guaranteed to perform best on the
independent online data. In this sense, the proposed algo-
rithm provides a mechanism for dealing with the strong var-
iance of the predictions of the particular local experts. Con-
sequently, by using the proposed way of combining the local
experts, it allows one to achieve performance that is very
close to the best local expert.

Conclusions

The ILLSA soft sensing algorithm, the main contribution of
this work, allows one to deal with several problems of algo-
rithms like PLS, which are commonly applied for soft sensor
development. By exploiting the local learning framework, it
allows to model nonlinear relations between the input and target
data. Moreover, it also supports several model adaptation possi-
bilities, which is required in many soft sensing tasks. In this
work, there are two different types of adaptation methods
applied, which enable to maintain the soft sensor’s performance
in changing environment. In the presented experiments, the pro-
posed method was shown to deliver predictions that are by a
large margin more accurate than the predictions of the tradi-
tional RPLS soft sensor commonly used in practical applica-
tions.

Table 3. Performance comparison between the RPLS
and ILLSA soft sensors

RPLS ILLSA
Percentage of

Available Correlation Correlation
Target Values MSE coefficient MSE coefficient

0 66.8 0.90 8.65 0.82

5 9.13 0.88 3.14 0.86

10 6.33 0.86 0.939 0.93

25 5.53 0.86 0.837 0.94

50 442 0.86 0.486 0.96

100 3.64 0.88 0.318 0.97
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