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Residual analysis of nested NARIMA models of the atmospheric
distillation column
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Abstract— Model identification of a multivariate non-linear
process is significantly related to its quality assessment. It can
be measured using various methods starting from classical
and canonical mean square error or the variance up to
alternative fractal and persistence measures. Nested model of
the real atmospheric distillation column plays the role of the
benchmark example. The process is multivariate and strongly
nonlinear. Its operation impacts significantly the overall refinery
performance. One may find several papers describing column
modeling with full spectrum of approaches starting from the
first principle models up to regression black-boxes. Presented
analysis compares nested static and NARIMA models using
classical and alternative prediction error measures. This paper
presents novel approach of using robust regression indexes
regarding validation of the nonlinear object. The comparison of
the considered indexes gives practical indication for the process
modeling of real installations.

I. INTRODUCTION

This paper presents results of the analysis and quality
assessment for two types of the nonlinear models of an
atmospheric distillation column: nested static model and
NARIMA. Global models, both static and nonlinear ARIMA,
have been obtained through the decomposition of the crude
oil distillation process into separate subprocesses, which can
be identified separately and independently. The consolidation
and coordination of the local processes enables to generate
the global model of the whole process. The paper addresses
two important issues: nonlinear modeling methodology and
the assessment of model quality. In presented case the
need for simulation model comes first. The modeling using
NARIMA approach has been adopted as it fits optimally
technology requirements and identification constraints. The
subject of atmospheric column modeling exists for several
years. The first principle models are the most popular [1],
especially once simulation is a goal. They give insight into
the process and can be implemented in a simple way.

However, they are simplified and the calibration with
industrial data is often difficult due to the limited information
or data. It may not be rational to use such a model for real
time control or optimization applications. Empirical models
deliver the alternative. There are different classes [2], like for
linear or nonlinear regression, Wiener-Hammerstein, neural
networks, fuzzy or hybrid models. Hammerstein approach
was selected, although in a modified NARIMA form.
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Design decision is associated with the structure identifica-
tion. Appropriate model variables (model inputs and outputs)
have to be selected. Output selection is straightforward. They
directly originate from the modeling goals. Other limiting
variables are often taken into consideration. Selection of
input signals [3] is not simple and frequently depends on
data availability and quality, process knowledge, statistical
analysis, applied benchmarking indexes, etc. Concluding,
model structure identification is rather the art.

Once the structure identification phase is achieved, one
may progress towards estimation of model parameters. In
our case we are focusing on Hammerstein structure. Thus
our model consists of two elements: nonlinear static part
and linear dynamic one. There are many various algorithms
[4]. Parameters of the nonlinear part are determined by
any nonlinear optimization, while the linear part may be
determined by least squares approach. We may find several
papers considering various approaches, like blind approach
[5], iterative [6] or multivariable methods [7].

In course of the work, various approaches have been
tested. Linear dynamic regression model might be satisfac-
tory estimated with the least squares approach. Nonlinear
part has been designed using polynomial fitting. Structure of
an atmospheric distillation column has allowed to decompose
the process into following main sections: bottom, inside tray
with a pumparound, sidestripper and top. Due to the fact that
identification was carried out on real data coming from an
industrial installation, both static and NARIMA local errors
for all main sections were determined as a difference of an
actual and simulated signal. In many cases, the analysis and
the assessment for local models is not straightforward and
causes many challenges. The quality of static and NARIMA
models may be assessed with various measures, like integrals
[8], statistical probabilistic density function (PDF) factors [9]
or fractal persistence measures [10], [11].

The paper is organized as follows. In the starting Section II
the modeling methodology is presented. Then Section III
presents the process of the crude oil atmospheric column.
Those two background sections are followed by presentation
of the modeling residual analysis (Section IV). The paper
concludes in Section V with the discussion of obtained
results and presentation of open issue for future research.

II. MODELING METHODOLOGY
Modeling methodology for the complex installation con-
sists of four main phases:

1) process decomposition into separable dynamic subpro-
cesses that may be identified independently, ideally,



with one common approach,

structure identification for the sub-processes, i.e. selec-
tion of model inputs and outputs, sizes, orders, etc.,
estimation of the model parameters and its validation,
consolidation of the sub-models into single model.

2)

3)
4

A. Process decomposition

Process decomposition depends on the goal and the sub-
ject. The main goal is to select such sub-processes that
are clearly separable, being independent on the rest of the
process. They are often associated with the process techno-
logical design. The main two approaches for the selection are
serial or parallel structures, however hybrid configurations
are frequently used as well [2]. In the work selection is done
according to the P&ID (Process & Instrumentation Diagram).

B. Model structure identification

Structure identification is a tedious task, not well deter-
mined and often customized to the problem. It frequently
consists of several steps, while each of them gives fragmen-
tary contribution to the overall methodology.

In the considered case the process is nonlinear and identifi-
cation is based on the historical data. The results significantly
depend on the data thus variables time series review and
proper selection of data files constitutes an important step
(time trends, histograms and statistical analysis). Methodol-
ogy includes combination of various methods, like autocorre-
lation and cross-correlation backed with the basic modeling
of different structures and their performance comparison.

C. Model parameter estimation

Model parameters estimation is strictly connected with the
selection of the process model type. In the considered case
the Nested ARIMA (NARIMA) model structure was selected
(see Figure 1) with modeled output in form of (1).

Ym(k +1) = ym(k) + Aym(k +1) (1)

It belongs to the class of nonlinear dynamical models
called block-oriented ones. It consists of a nonlinear mem-
oryless static element followed by linear dynamics and as
such is very similar to the Hammerstein models. While the
nonlinear part is interpreted in a similar way to Hammerstein
models (with output denoted as y,,(k)), the approach to
dynamics modeling differs. Dynamic part identifies model
error of the nonlinear static element Ay,,(k + 1). Static
nonlinear function and linear dynamic part can be generally
of different origin and structure [4]. In our case we use static
MISO polynomials and ARIMA regression models.
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Fig. 1. Nested ARIMA (NARIMA) model scheme
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Model selection determines the algorithms. Identification
of the static MISO polynomials is done using least squares.
ARIMA regression models are also derived with the least
squares method implemented within Matlab System Iden-
tification Toolbox. In all cases data are divided into two
data sets, one used for identification and the other one for
validation purposes. Identification of the structures is done
separately for each of the sub-models. At first the size of the
static polynomial is selected. In most cases it is first or the
second order. Orders of the dynamic regression models are
chosen in an experimental way, selecting those number which
result in the best model fitting. It has to be noted that all the
models are multivariate. Selection of the appropriate inputs
depends on the process technology consulted with experts
and supplemented by the correlation analysis.

III. ATMOSPHERIC COLUMN FOR CRUDE OIL

The crude oil Atmospheric Distillation unit (column),
is one of the most important plants in a refinery. It is
crucial to have a proper simulation tools to study thoroughly
such a multicomponent distillation process, because of its
complexity and the fact that its products are the feeds to
other site production units. The crude oil is distilled to
produce distillate streams, which are the basic streams for
the refinery product slate. These streams are either subject
to further treating downstream or become feed stock for other
conversions in the refinery.

Model of the Inside tray.
with pumparound

Fig. 2.

Crude oil atmospheric column with the decomposition scheme

A schematic flow diagram of an atmospheric crude column
is sketched in Fig. 2. The process is considered in literature
for many years [12]. The process is complex, though it
consists of several simpler elements. The following sub-
process have been selected [13]:

o model of the column bottom,

« model of the inside tray with a pumparound,



« model of the sidestripper,

« model of the column top.

Although models of the top and bottom of the column
appear only once there might be several models of the inside
tray and sidestrippers. In our case there are three inside
tray models and three sidestrippers. Modeled variables are
interesting product flows and temperature of products and
at each tray level. The structure of the selected sub-models,
i.e. inputs and outputs selection is the same for each model
instance. Model of the column bottom has four inputs: inflow
of the superheat steam, inflow and temperature of the crude
oil and outflow of the atmospheric residues. Temperature
at the top of the column section forms the output of the
sub-model. Inside tray with pumparound model has tray top
temperature as the output. The inputs are as follows: tray bot-
tom temperature (it is the tray top temperature of the lower
section), pumparound flow and the tray product outflow. In
case of sidestrippers models each one has temperature on the
output. There are four inputs: tray bottom product flow and
temperature (within the same section), superheated steam and
product flow which is further processed.

Model of the column top is presented as one single sub-
model. There are four inputs and one output (temperature of
column top tray). As in the previous case, output temperature
at the top of previous inside tray section is first input to a
model of the column top. The other are inhibitor flow, tem-
perature and flow of the lightest fraction of crude oil obtained
in this column section. All the data used originates from the
full-scale operational anonymous industrial installation.

IV. MODEL RESIDUAL ANALYSIS

The analysis of the residuals starts with the validation
of the time series of the respective signals. At first, they
are tested for their stationarity using some statistical tests.
Next, the performance measures are evaluated checking the
properties of the model errors. Four different groups of the
indexes are considered, i.e. integrals, statistical, fractal and
entropies. The results of the performed analysis enables to
formulate observations and to interpret them.

A. Stationarity tests

Complex time series dynamics may be tested in many
ways, like using stationarity tests. One may employ a test
with the alternative null hypothesis of stationarity as for
instance the Kwiatkowski-Phillips-Schmidt-Shin test [14]
(KPSS) to see the character of data.

B. Measures

There are two main regression performance indexes. The
classical and canonical approach to the regression estimator
dates back to Gauss and Legendre and is associated with the
minimization of the square error (2).

min (ISE) = min €2 2
in (ISE) 0; 2

Gauss has introduced normal PDF N(zg,0) as the error
distribution, for which the mean square error (MSE) (2)
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is optimal. This relation causes similar properties of both
indexes. Edgeworth has suggested that outliers influence the
estimation, as they are squared. Therefore he has proposed
new index in form of the absolute error (IAE) (3).

in (IAE) = mi f 3
min(IAB) = min3_ e ®

Such a formulation corresponds to the earlier Laplace
research on one dimensional observations and his error law,
now called the double exponential or Laplace PDF. Unfor-
tunately all these estimators are not robust. Literature on the
robust estimators is reach. Rousseeuw [8] has proposed the
least median of squares estimator LMS given by

min (LM S) = min med € @)
0 0 i
The research on robust statistics has started long ago.
Huber [15] gave them a new perspective. Robust estimators
reach high performance for different probabilistic density
functions (PDF), especially for normal ones. Robust meth-
ods have been developed to estimate location, scale, and
regression parameters for time series affected by outliers.
M-estimator with logistic psi-function implemented in the
LIBRA toolbox has been used [16] (denoted as oy yper)-
Normal PDF is symmetrical and described by two factors:
mean zo and standard deviation ogayss. Mean is responsible
for the location and standard deviation for the broadness.
FGauss ((Z?) _ 1 o (-T;:())Z (5)
7 " an?
The a-stable distribution does not have closed PDF and
is expressed through the characteristics equation

Fstebs (x) = exp {idz — |yz|* (1 —iflL(2))}, (6)

[ sgn(z)tan (Z2) for a# 1
Ha) = { —sgn (z) 2Inlz| fora =1

The 0 < o < 2 is called stability index, | 5] < 1 is a skewness
parameter, 6 € R is a distribution location and v > 0 is
distribution scale factor.

As we are interested to minimize residual variability the
entropies might be used as well. They reflect uncertainty. The
Shannon entropy is frequently applied. There are different
definitions of the continuous-type entropy:

« the differential entropy defined as

HDE:—/Oov(x)lnv(x)dx, @)

—00

« the rational entropy defined as

HRE = —/_0;7(35) log <%> dz, (8)

where x € R and « (z) denotes variable PDF.

The industry data are often contaminated with the com-
plexities and nonlinearities like frequent outliers and fat tails.
There ia a need for a methodology, which takes it into



consideration. Fractal approach offers such an opportunity.
The notion of fractals was first proposed by Mandelbrot
[17]. Self-similarity is the underlying concept behind fractals
meaning invariance against changes in scale or size. Two
other main distinctive properties are Hausdorff dimension
larger than a topological one and simple recursive definition.
One method to verify fractal hypothesis is to calculate
value of the Hurst exponent H. Hurst exponent is defined as
the asymptotic property of the rescaled range R/S factor

( R
where S - standard deviations in time slot n, ¢ - positive

S
constant, n - number of observations, H - Hurst exponent.
H is calculated using logarithms

In E(R/S),=Inc + Hln n

€

) =cenfl,n— oo
n

(10)

plotted in double logarithmic scale E(R/.S),, from n estimat-
ing H as the line slope. The analysis of the Hurst exponents
might give some further impact into data. The meaning of the
Hurst exponent has been considered by several researchers.
The Table I summarizes the observations.

TABLE I
MEANING OF THE HURST EXPONENT

Hurst exponent H | time series properties

H=1.5 Brownian noise
H e (1,1.5) Fractional Brownian noise
He(1,1.5 > Persistent - long range dependency
H =05 White noise
H € (0,0.5) Anti-persistent - intermediate range dependency
H<O0 Over-differencing

The R/S plot may exhibit multi-persistent properties result-
ing in more than one linear segments, divided by crossover
points [18]. Thus, apart from single line estimation and
the associated Hurst exponent H® one may calculate three
exponents H', H?, H? separated by two crossovers cr', cr?.
As the role and the interpretation of the crossover is not clear
and fully understood according to the control engineering
applications it is excluded from further evaluations.

C. Results

The whole model of the distillation column is evaluated
as the integration of the decomposed parts of the sub-
models. Separate time trends are evaluated for the static and
full dynamic NARIMA models. The analysis of the model
residuals starts from the review of their time trends. We
may distinguish two types of the time trends. Most of the
sub-models exhibit similar behavior sketched in Fig. 3. The
second type of the obtained model residuals reveals for the
column top layer (see Fig. 4).

The character and properties of the time series of the
model errors determine the methods used for their analy-
sis. One would wish to have purely Gaussian character of
these data. Unfortunately it is not. The application of the
stationarity tests shows their non-stationary and complex
character justifying application of the alternative approaches.
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Fig. 3. Residual time trend for middle tray no 2 NARIMA model
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Fig. 4. Residual time trend for top layer NARIMA model

The model errors time trends enable to calculate the integral
indexes ISE, IAE and LMS together with entropies HRE and
HDE. Their values are sketched in Table II. Error histograms
has been analyzed during the next step of the analysis. There
are two types of the histogram shapes due to the same reasons
as with time trends. These two examples of the histograms
are sketched in Fig. 5 and Fig. 6, respectively. The statistical
factors are included in the Table II.

Histogram with PDF fitting
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Fig. 5.

Residual histogram for middle tray no 2 NARIMA model

Finally ,the fractal analysis has been done. The persistence
measures in form of three Hurst exponents have been eval-



TABLE II
NUMERICAL RESULTS FOR THE CALCULATED RESIDUAL MEASURES

bottom middle-1 middle-2 middle-3 whole model (top)
static NARIMA static NARIMA static NARIMA static NARIMA static NARIMA
ISE 0.045 0.040 2.092 2.124 0.034 0.034 0.024 0.028 0.633 0.772
IAE 0.161 0.151 1.110 1.133 0.135 0.134 0.115 0.124 0.601 0.613
LMS 0.016 0.014 0.730 0.794 0.011 0.010 0.008 0.010 0.210 0.135
OGauss 0.209 0.195 1.315 1.326 0.180 0.179 0.151 0.164 0.751 0.861
« 1.881 1.881 1.951 1.963 1.811 1.804 1.830 1.837 1.822 1.140
07 0.134 0.125 0.893 0.909 0.107 0.106 0.092 0.100 0.465 0.333
O Huber 0.191 0.178 1.266 1.273 0.152 0.152 0.131 0.142 0.664 0.587
HO 0.835 0.870 0.896 0.900 0.692 0.670 0.766 0.772 0.941 0.954
H? 0.674 0.620 0.807 0.352 0.810 0.810 0.846 0.851 0.623 0.786
H? 0.682 0.700 0.785 0.819 0.626 0.598 0.702 0.730 0.672 0.745
H3 0.846 1.000 0.902 1.010 1.073 1.121 0.880 0.870 1.094 0.965
HRE 0.0020 0.0018 0.0113 0.0108 | 0.0023 0.0022 | 0.0018 0.0019 0.0067 0.0061
HDE -4.882 -4.833 | -18.723 -19.516 | -7.556 -7.096 | -4.711 -4.147 | -12.187 -8.604

Histogram with PDF fitting

Gauss: Xy=126 0-0.86
Levy @114 pa-081: 1:0.33:8:-1.25 ——
Huber: x=-0.17: 0-0.59

number of data

model error

Fig. 6. Residual histogram for top layer NARIMA model

uated. The exemplary R/S plots for two selected residua (as
previously) are sketched in Fig. 7 and Fig. 8. The evaluated
exponents are included in Table II.
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Fig. 7. Residual RS plot for middle tray no 2 NARIMA model

V. CONCLUSIONS AND FURTHER RESEARCH

The paper includes results of the dynamic modeling of
the crude oil atmospheric distillation unit based on the data
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Fig. 8. Residual RS plot for top layer NARIMA model

originating from the real industrial site. Observation and
analysis of the results reveals the following conclusions:

1) Industrial nonlinear model errors do not exhibit Gaus-
sian properties being complex and non-stationary.
Classical Gaussian approach and the associated mean
square error might not be relevant not appropriate,
causing the need for robust measures.

Fat tail properties observed in the model errors suggest
the application of other statistical factors. The selection
of the a-stable distribution seems to be appropriate it
captures model errors properties.

Fat tails are the result of the frequent outliers exist-
ing in data. Their significance is measured with the
stability factor o < 2 and is visible for all the models.
Persistent character of the residua is confirmed with the
Hurst exponents. They exhibit long range dependence
(LRD) properties in all the memory ranges as H > 0.5.
Existence of the outliers suggest to use robust measures
like LMS and Huber standard deviation ¢ gper-
Entropies behave in the similar way as the other
indexes, although they do not increase general infor-
mation about the errors properties.

The time series in some situation exhibit strange be-
havior as for a top layer whole model. The existence
of several model maximal values, well visible with

2)

3)

4)

5)

6)

7)

8)



the histogram (Fig. 6) informs that there are some
relationships existing in the process and not captured
by the model. It might be caused by wrong selection
of the input variables or the lack of the information
variables that carry this relationship. In such situation
one may select only part of the data (Fig. 9), which
carry on main information. This has been done in
the considered case and the respective histogram is
presented in Fig. 10, while the R/S plot in Fig. 11.
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Residual time trend for top layer NARIMA model after data
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Fig. 10. Error histogram for top layer NARIMA model after data rejection

The paper presents novel approach of using the robust
regression indexes to the task of validation of nonlinear
real industry modeling. It has been shown the real problems
generate specific challenges that may be addressed reliably
with the use of the robust regression estimators. Presented
analysis confirms the need for the comprehensive approach to
the validation of the nonlinear and complex models. Simple
and classical least squares or Gaussian variance measures
may not be enough or appropriate. Complexity and non-
stationarity of the industrial time series requires deeper in-
sight, that is able to embed into the assessment nonlinearities,
non-Gaussian properties and the existence of the outliers
and fat tails. The use of the alternative performance indexes
during the modeling and validation phases that take these
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features into consideration is reasonable and justified.

RESCALED RANGE R/S PLOT
3.5 T
o data

H’=0.867

%

© 1650 mn

P

© 1149500 mn

H'=073:H* =087 H'- 0.8

25

lo 10

05

25
lo 1on

Fig. 11. Residual RS plot for top layer NARIMA model after data rejection
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