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Changes in a crude oil flow rate to an atmospheric distillation unit can influence the quality of the products. This paper 

presents a modification method for a soft sensing model, including an update term, which makes it compatible with industrial 

variations. A modified soft sensing structure is adopted using the lookup table (LUT) method where steady-state soft sensing 

models are performed. The steady-state soft sensing models are proposed based on the local instrumental variable (LIV) 

technique for an industrial atmospheric distillation unit (ADU) at Shiraz refinery, Iran. The LIV-based soft sensors use tray 

temperature measurements to monitor the ASTM-D86 index of side products for a nominal flow rate (60,000bbl/day). The 

lookup tables have been developed based on the difference between the predicted values of the ASTM-D86 index and the 

corresponding simulation values to make update terms in different feed flow rates. The results present improvement in the 

predictions of LIV-based soft sensors, as well as acceptable control performance in feed flow rate variations. The comparison 

of soft sensing results with/without the lookup tables demonstrates that the proposed update term helps to predict product 

quality more precisely and is suitable for advanced monitoring scheme due to no complexity and low computational time. 
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I. INTRODUCTION 

 Crude distillation units (CDUs) are considered the 

principal process in oil refineries. The atmospheric 

distillation column (ADU) is the heart of a CDU and the most 

fundamental step in the refining process. The primary 

purpose of an ADU is to separate crude oil into its 

components (or distillation cuts, distillation fractions) 

including naphtha, kerosene, gas oil, etc. for further 

processing by other units. Crude oil is a complex blend of 

hundreds of hydrocarbons that makes it difficult to determine 

its product quality with distillation fractions. Typically, 

petroleum product quality is specified by ASTM standard 

methods. ASTM-D86 is the standard test method used to 

experimentally measure the batch distillation curve of a 

petroleum product at atmospheric pressure [1, 2]. 

The online monitoring of temperature, pressure, and flow 

rate is simply done by using available hardware sensors. 

However, online monitoring of product qualities is only 

possible by installing online sensors, which are very complex, 

hard-to-maintain, and expensive. One of the challenging 

issues in the quality monitoring or controlling of ADUs is the 

unavailability of suitable hardware sensors for online 

measuring of the ASTM index. The procedure of laboratory 

measurements for the ASTM analysis is also ponderous and 

time-consuming, so it is not practical to measure this quality 

more than once in a shift (e.g., 8 hours) or up to twice in 24 

hours [3-5]. 

Since accurate and reliable measurements are required for 

control purposes, the lack of online measurement of product 
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quality can be complemented by soft sensing methods. A soft 

sensor is a mathematical model that is used instead of a 

physical sensor when a physical sensor cannot be placed due 

to several reasons like non-availability of a sensor, economic 

constraints, placement constraints, etc. In the control theory 

field, these soft sensors are known as observers. If a system is 

observable, it is possible to fully reconstruct the system states 

that are used in the control structure from its output 

measurements using state observers. In the measurement and 

monitoring field, soft sensors are also known as observers if 

the relationships describe the process mechanistically [6, 7]. 

They have been successfully adopted in several applications 

to provide accurate and reliable estimates without requiring 

further expenditure on hardware sensors or laboratory 

measurements [8, 9]. 

There are two different approaches to design soft sensors: 

model-driven and data-driven. Model-driven soft sensors are 

based on prior knowledge of the system and use 

first-principle models to estimate the desired variables. 

Data-driven soft sensors use models that are based on 

available data of the system and extremely interesting in the 

process industries as they can quickly be developed without 

the need for insights into the complex mechanisms of 

industrial units. They describe the real process dynamics of 

complex processes more realistically [10-12]. Typical 

data-driven techniques to estimate the process variables 

include partial least squares (PLS) [13-15], principal 

component analysis (PCA) [16-18], artificial neural networks 

(ANN) [19-21], neuro-fuzzy system (NFS) [22-25], support 

vector regression (SVR) [26-28], and their modifications 

[29-32]. 

The state-dependent parameter (SDP) modeling approach 

is an identification and modeling technique that was 

introduced by Peter C. Young and co-workers [33] and first 

adopted for soft sensor development by Gharehbaghi and 

Sadeghi [34] and Bidar et al. [35]. The modeling approach is 

based on the data-based mechanistic (DBM) modeling 

philosophy. In the DBM philosophy, the non-stationary and 

nonlinear aspects of the system are reflected by varying 

parameter models, whether parameters are varying with time 

or state variables of the system. The identification procedure 

is based on a stochastic state-space formulation, which uses a 

recursive Kalman filter (KF), fixed interval smoothing (FIS), 

and iterative back-fitting algorithms [36]. 

Furthermore, the SDP modeling approach outperforms 

other traditional data-driven methods like PCR, PLS, ANN, 

SVR, and so on, due to its remarkable capability to describe 

the behavior of non-linear systems. As a result, SDP-based 

soft sensors have shown successful applications for the 

estimation of process variables. However, nonparametric 

methods like SDP suffer from the use of the back-fitting 

algorithm because the functionality of each SDP affects the 

estimation of the other SDPs, which produces other problems 

associated with the back-fitting algorithm. 

To deal with this issue, Bidar et al. [37] proposed a novel 

SDP method by local instrumental variable (LIV). The LIV 

approach uses polynomial modeling combined with 

instrumental variable (IV) concepts to introduce the 

simultaneous estimation method of SDPs. The proposed 

method was applied to predict 95%ASTM-D86 of side 

products in a simulated ADU based on tray temperature 

measurements. LIV-based soft sensors were developed based 

on steady-state simulation data of an industrial ADU at a 

nominal feed flow rate of 60,000 bbl/day. The optimal 

performance was achieved with the help of LIV-based soft 

sensors in closed-loop control of the simulated process 

around the nominal flow rate. 

However, in real crude distillation processes, the feed flow 

rate is variable due to operational and feed availability 

constraints. The persistence of such variations in the feed 

flow rate can raise serious challenges in the control of the 

process. Due to the highly nonlinear and ill-conditioned 

characteristics of ADU, LIV-based soft sensors have been 

trained with steady-state data at constant capacity while feed 

flow rate variations have a significant impact on the 

reliability of their estimates. The weakness of the proposed 

soft sensing model is to ignore the feed flow rate variation. 

Therefore, feed flow rate data like tray temperature 

measurements need to be properly incorporated into the soft 

sensing model. The slow and complex dynamic of ADU 

makes it difficult to gather dynamic data in different feed 

flow rates. 

The objective of the present paper is to modify the 

LIV-based soft sensor model including an update term, which 

makes it compatible with industrial variations. An update 

term allows information about the feed flow rates to be 

included in the soft sensing model and improves their 

estimates. In other words, the flow rate-based corrector is 

proposed to develop a high-quality soft sensing model with 

good generalization abilities. 

The lookup table (LUT) method is implemented to make 

update terms, which is based on ASTM-D86 differences (e.g. 

the difference between the outputs of LIV-based soft sensors 

and corresponding simulation values) obtained in different 

feed flow rates. The linear interpolation method is used to 

determine difference data for interpolated values. The 

difference data are augmented to the prediction values of soft 

sensors to maintain the 95%ASTM-D86 indexes at setpoint 

levels. As lookup table can produce a quick interpolation 

platform to link with soft sensing models, it can be easily 

combined with different soft sensing algorithms, including 

the effect of changes in influencing process variables. 

The paper is organized as follows. Section II provides a 

brief overview of the SDP/LIV technique and then presents 

the modification by lookup table method. In this section, the 

issues of problem description (Section II.A), LIV-based soft 
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sensor modeling (Section II.B), feed flow rate analysis 

(Section II.C), and lookup table method (Section II.D) are 

described in detail. Successful implementation results of the 

modified LIV-based soft sensors are provided and discussed 

in Section III. The paper is concluded in Section IV. 

 

II. MODIFIED LIV-BASED SOFT SENSOR 

MODELING METHOD 

A. Problem description 

Fig. 1 shows the flowsheet of the ADU considered in this 

paper including a crude tower, top condenser, two 

pumparounds, and three side strippers. The column has 43 

trays and three main products including naphtha, kerosene, 

and gas oil, which are taken from three side strippers, and the 

atmospheric residue is sent to the vacuum distillation unit 

(VDU) for further processing. Further information about the 

case study is available in [38, 39]. 

  

 
Fig. 1. The flowsheet of the atmospheric distillation column 

(ADU) [38]. 

 

The steady and dynamic simulations of the ADU were 

performed using the Aspen plus and Aspen dynamics, 

respectively. As is shown in [37], soft sensors were 

developed based on the LIV modeling approach to the 

continuous prediction of the 95%ASTM-D86 index of side 

products. Therefore, temperature measurements (e.g., T1–T43) 

inside the ADU and 95%ASTM-D86 index of naphtha (y1), 

kerosene (y2), and gas oil (y3) were chosen as the input and 

output variables, respectively, and were initially used to 

identify soft sensing structures. Most informative 

temperatures were selected based on both correlation analysis 

and backward elimination method. The selected temperatures 

(three tray temperatures for each quality variable) and the 

corresponding output variables (y1, y2, and y3) are given in 

Table I. 

The LIV-based soft sensors were applied to the Aspen 

dynamic model of the ADU using MATLAB-Function blocks 

in Simulink while the proportional-integral plus (PIP) control 

structure was implemented. PIP is directly derived from 

Non-Minimum State Space (NMSS) form, which is essential 

for the True Digital Control (TDC) design. The PIP is 

considered as an extension to Proportional Integral (PI) and 

Proportional Integral Derivative (PID) control, but with 

additional feedback and input compensators introduced by 

the NMSS State Variable Feedback (SVF) control law. Since 

PIP control is a sequel to SVF control design, it can be 

utilized in any state space design method [38, 40]. 

 

TABLE I. SELECTED TEMPERATURES AND OUTPUT 

VARIABLES OF LIV-BASED SOFT SENSORS [37] 

Product quality/ Output variable 
Setpoint of output 

variable (ºF) 

Input 

variables 

95%ASTM-D86 of naphtha (y1) 385.7 T4, T14 ,T28 

95%ASTM-D86 of kerosene (y2) 502.3 T20, T21, T43 

95%ASTM-D86 of gas oil (y3) 623 T32, T34, T43 

 

Fig. 2 shows the location of the LIV-based soft sensors of 

the PIP controller and its application to the distillation 

column. The LIV-based soft sensors were developed at the 

nominal feed flow rate of 60,000 bbl/day. The detailed 

prediction results are presented in [37]. As the LIV-based soft 

sensors have been developed at a constant capacity, feed flow 

rate variations have a significant impact on the accuracy and 

reliability of the estimates. Therefore, the prediction 

performance of LIV-based soft sensors gets reduced. 

Accordingly, the feed flow rate analysis is discussed in 

Section II.C. 

 

B. LIV-based soft sensor modeling 

The soft sensing model between temperature 

measurements (secondary variables) and each 

95%ASTM-D86 index (primary variable) was identified 

based on SDP/LIV modeling in the following form [37]: 

 
Fig. 2. The LIV-based soft sensors and PIP controller in 

MATLAB-Simulink [37] 
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in which ty is the model output, n is the number of 

SDPs/regressors, 
,i tz  is the 

thi  regressor, and (.)ia  is the 

SDP that is a function of the 
thi  correspondent states 

( , , , 1,2, ,j i t ix j ns ). In the case where 
,i ta  is not 

state-dependent, 0ins . te  is a zero-mean white Gaussian 

distributed unknown noise with variance 
2 . In local 

polynomial modeling combined with the IV concepts, the 

functionality of each SDP from its corresponding states is 

defined by a local polynomial in the state variable space, 

where the parameters of these polynomials are locally 

estimated by the implementation of IV method. Therefore, 

,i ta  can be defined as, 

nia tititi ,,2,1,,,  AS  (2) 

where ti ,A  is the vector of locally constant parameters of 

the polynomial demonstrating tia ,  and ti,S  can be written 

as, 
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where   is the Kronecker tensor product symbol and ijq ,  

is the order of polynomial describing tia ,  with respect to 

tijx ,,  such that 
0, 0iq . The number of parameters in 

ti ,A  is obtained by  



ins

j

iji qp
0

,1 . All members of 

ti ,A  are state-dependent functions of 
, ,j i tx . Substituting Eq. 

(2) in Eq. (1) yields the model in vector form as, 

tttt ey  Az  (5) 

where tz is the new vector of regressors and tA  is the 

vector of the parameters of local polynomials describing each 

state-dependent parameter. To identify the soft sensing model 

in the form of Eq. (1), the simulated datasets of input and 

output variables were established using the Monte Carlo 

method via linking the MATLAB-Simulink to Aspen 

dynamic model. The simulated data for building soft sensing 

models were obtained under the following conditions. The 

random signals of bounded and varying amplitude (within 

±20ºF of the steady-state setpoints as given in Table I) with a 

nominal feed flow rate of 60,000 bbl/day were introduced as 

quality variations of side products during simulations. The 

simulation was performed as long as the steady-state 

operating condition was achieved (about 20 hr) to obtain the 

corresponding temperature profile (T1–T43). It assumes that 

there are no changes in pressure and tray efficiencies of the 

column. 

A total of 1000 steady-state random data samples were 

collected and divided into the training dataset (500 samples) 

and testing dataset (500 samples). All representative 

temperatures were considered as states in one parameter and 

the corresponding regressor was chosen as one. In the online 

implementation of models, the temperatures were sensed and 

transferred to LIV-based soft sensors and the predicted 

outputs were taken and used in the PIP controller (see Fig. 2).  

The SDP method is a well-known modeling method, which 

was introduced into the field of soft sensing, so readers can 

refer to our previous papers [35, 37, 41] for more details on 

the SDP/LIV algorithm.   

  

C. Feed flow rate analysis 

Monitoring of control variable is shown that product 

quality can be affected by feed flow rate variations.  

Therefore, using only inferential temperature measurements 

cannot guarantee the desired value of setpoints because the 

tray temperatures do not correspond exactly to the product 

quality. Based on the process expert’s knowledge, the 

acceptable operating range for the feed flow rate of the 

simulated ADU is from 50,000 to 65,000 bbl/day. To 

investigate the effect of feed flow rate, three simulation runs 

are conducted by changing the feed flow rate from 60,000 

bbl/day to 50,000, 55,000, and 65,000 bbl/day. The input or 

feed flow rate signal of the ADU model is represented by a 

Ramp function. During each simulation run, the Ramp block 

slope and start time are set at ±3360 bbl/hr and 0.5 hr, 

respectively. The total simulation time is set at 20 hr as is 

required to reach a steady-state.  

The PIP control structure and its parameters are the same 

as the nominal case (e.g., the feed flow rate of 60,000 

bbl/day). The setpoints of the PIP controller are considered 

similar to the nominal values of 95%ASTM-D86, which are 

listed in Table I. After the system reached the steady-state 

condition, the results of product quality obtained by the 

Aspen IQ inferential quality software package and the 

LIV-based soft sensors are recorded. Aspen IQ is a built-in 

inferential sensor in the Aspen technology package, which 
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makes online implementation and remote monitoring. The 

95%ASTM-D86 values produced by Aspen IQ are 

considered as the “real” values. In each steady-state level, the 

difference between LIV-based soft sensor and Aspen IQ 

values or the difference data indicates system deviation from 

actual conditions.  

The data of different flow rates can be efficiently utilized 

to consider the feed flow disturbances, which can be used to 

make update terms. An update term allows information about 

the feed flow rate variations to be included in the soft sensor 

system to improve the resulting estimates. Accordingly, in the 

next step, the lookup table method is proposed to develop a 

flow rate-based corrector using an update term to compensate 

for varying crude oil flow rates. 

 

D. Lookup table method 

Many Simulink models rely upon discrete-valued functions 

for which the function values are defined as lookup tables. 

Such discrete-valued functions arise in applications for which 

no known closed-form algebraic definition exists. The 

one-dimensional lookup table (1-D) computes an 

approximated function that the function can be approximated 

by either a single continuous function or possibly a small 

number of disjoint continuous functions. Most lookup table 

blocks have the following interpolation methods available: 

flat (constant), linear, and cubic spline. Function values are 

defined as the lookup table between input value (breakpoint) 

and output value (table data), with an interpolation function 

used to evaluate intermediate values in the table data [42]. 

The 1-D lookup table model can be formulated as follows: 

( ) y f x  (6) 

In this case, there is one independent variable of feed flow 

rate ( )x  and one dependent variable of difference data 

( )y , which makes the input-output pair. The first stage of a 

lookup table operation involves determining input values. 

The breakpoints of the lookup tables are considered at four 

levels of feed flow rate including 50,000, 55,000, 60,000, and 

65,000 bbl/day, while the table data is different for each 

byproduct. The second stage involves generating table data 

that correspond to the supplied breakpoints. The table data 

can be prepared using the following steps: 

1) The dynamic model runs at a flow rate of 60,000 

bbl/day (nominal case), and predictedy  and AspenIQy  are 

obtained through LIV-based soft sensors and Aspen IQ, 

respectively. predictedy  and AspenIQy  are considered as 

95%ASTM-D86 index of byproducts. 

2) The dynamic model runs by varying the feed flow rate 

from 60,000 bbl/day to 50,000, 55,000, and 65,000 

bbl/day, and after the steady-state is achieved, predictedy  

and AspenIQy  are recorded for each run. 

3) Calculate the difference data ( y ) between 
predictedy  

and AspenIQy  of each run, which is determined by 

 

 

LIV-based soft sensor value 

- Aspen IQ value 

  predicted

AspenIQ

y y

y
  

for all product qualities. 

The resulting data are tabulated and finally, the 1-D lookup 

table is formed with these data and when used in the dynamic 

model, it will give the update term for any feed flow rate level. 

Appropriate difference values for any given flow rate level are 

found by comparing the input flow rate to table data. If the 

inputs match the values of the flow rate level specified in 

breakpoint data sets, the block outputs the corresponding 

values. However, if the inputs fail to match values in the 

breakpoint data sets, the block performs interpolation between 

input-output pairs to determine an appropriate output value. In 

the block parameter dialog box, it can be specified how to 

compute the output in this situation. Then, the output value 

must be combined with the predicted values of the LIV-based 

soft sensor to achieve satisfied prediction performance.  

 

III. RESULTS AND DISCUSSION 

To investigate the prediction performance of LIV-based 

soft sensors, a steady-state simulation of the nominal case 

(e.g., the feed flow rate of 60,000 bbl/day) was performed. 

The predicted results of the proposed soft sensors for the 

95%ASTM-D86 index of three byproducts were compared 

with the Aspen IQ results through Fig. 3. y1, y2, and y3 are the 

95%ASTM-D86 index of naphtha, kerosene, and gas oil, 

respectively. It can be observed that the predicted quality of 

all byproducts is close enough to corresponding Aspen IQ 

values. It should be noticed that the difference between the 

LIV-based soft sensor and Aspen IQ results is slightly 

increased from the top product (naphtha) to the bottom 

product (gas oil) of the column. The difference data for 

95%ASTM-D86 of naphtha, kerosene, and gas oil is 0.02% 

(0.07ºF), 0.04% (0.27ºF) and 0.06% (0.33ºF), respectively. 

However, in this case, the maximum difference in the 

95%ASTM-D86 index is lower than 0.5ºF when the 

steady-state condition is reached. The reason for this increase 

in the difference between predicted results is that the complex 

conditions and internal interaction of the column affect the 

main variables in the top-down crude oil distillation column 
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[43]. The aforementioned reasons make the model response 

more accurate and simpler for naphtha rather than kerosene, 

and gas oil. 

 

 
Fig. 3. The steady-state results of LIV-based soft sensors in the 

PIP control structure at a feed flow rate of 60,000 bbl/day 

 

To investigate the prediction performance of the 

LIV-based soft sensors against feed flow rate variations, three 

simulation runs are conducted in the range of acceptable feed 

flow rate values. The change in feed flow rate from 60,000 

bbl/day to 50,000 and 55,000 bbl/day and from 60,000 

bbl/day to 65,000 bbl/day is continuously imposed through 

the Ramp function with the slope of -3360 bbl/hr and +3360 

bbl/hr, respectively. While the simulation is run to reach a 

lower level of flow rates, e.g., a feed flow rate of 50,000 

bbl/day, the steady-state parameters from the previous run 

with a higher flow rate level (e.g., a flow rate of 55,000 

bbl/day) are used to initiate new simulation run. Table II 

shows the results of the LIV-based soft sensors and Aspen IQ, 

as well as the difference data ( y ) at each crude oil feed 

flow rate.  

The difference data for each byproduct as depicted in Fig. 4 

show significant variations when the feed flow rate change is 

imposed. It can be concluded that y  values change with 

both feed flow rate and byproduct type. Fig. 4 shows that 

there is an almost linear relationship between the difference 

data and feed flow rate. However, the difference data is 

increased from the top-down column; in other flow rate levels, 

the gap between the difference data is also increased from 

naphtha to gas oil.  

 

 

TABLE II. THE DIFFERENCE BETWEEN THE PREDICTED 

VALUES OF THE LIV-BASED SOFT SENSOR AND THE ASPEN IQ 

VALUES AT DIFFERENT FEED FLOW RATES 

Feed flow 

rate (bbl/day) 
Product 

AspenIQy (ºF) predictedy (ºF) y (ºF) 

50,000 

Naphtha 385.6978 384.8201 -0.8777 

Kerosene 502.2982 508.7777 6.4795 

Gas oil 622.9988 631.3546 8.3558 

55,000 

Naphtha 385.6993 385.1145 -0.5848 

Kerosene 502.2996 505.6467 3.3471 

Gas oil 623.0001 627.8317 4.8316 

60,000 

Naphtha 385.6999 385.7936 0.0937 

Kerosene 502.3000 502.5650 0.265 

Gas oil 623.0000 623.3477 0.3477 

65,000 

Naphtha 385.7009 386.4092 0.7083 

Kerosene 502.3001 499.4574 -2.8427 

Gas oil 623.0000 614.8229 -8.1771 

*Differences are calculated as   predicted AspenIQy y y  

 

 
Fig. 4. The difference between the predicted and Aspen IQ values 

of (a) naphtha, (b) kerosene, and (c) gas oil against feed flow rate 

variations 

 

In other words, y  values for naphtha are lower than that 

for kerosene and gas oil at each flow rate level. The main 

reason behind this behavior is that the proposed soft sensor 

models have been developed based on steady-state data at a 

nominal flow rate of 60,000 bbl/day. Therefore, feed flow 

rate variations can directly affect the column performance 

and consequently reduce the prediction performance of the 

soft sensing system. 

An accurate soft sensing system should be able to keep up with 

the desired product qualities while respecting the process 

under the variations in the flow rate of the crude oil feed. 

Accordingly, the lookup table method discussed previously in 

Section II.D is adopted to solve this issue. The Simulink model 

of the system is shown in Fig. 5, which includes the modified 

LIV-based soft sensor with LUT providing the input signal of 

the PIP control structure.  
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Fig. 5. Modified LIV-based soft sensor with LUT and PIP control 

structure in MATLAB-Simulink 

 

Lookup table models are constructed individually for each 

byproduct, as shown in Fig. 6, which includes LUTs along 

with LIV-based soft sensors. For example, the input values of 

naphtha LUT are given by [50,000: 55,000: 60,000: 65,000], 

and the table data are difference values of [-0.8777: -0.5848: 

0.0937: 0.7083] as given in Table II.  

 

 
Fig. 6. Lookup table models in soft sensing structure 

 

The kerosene and gas oil LUTs also contain a set of entries 

as shown in Table II. The linear interpolation method is used to 

determine the difference data for interpolated values. The 

modified structure shown in Fig. 6 includes three 1-D lookup 

tables for each byproduct where the outputs provide y  

values to the corresponding soft sensor for the prediction of 

product quality. The difference data are augmented to the 

prediction values of soft sensors to maintain the 

95%ASTM-D86 index at the setpoint level. The ease of use in 

the proposed method can be justified by the fact that the 

lookup table is a standard library block in 

Simulink-MATLAB. 

The modified Simulink model is run for the nominal case 

(e.g., a feed flow rate of 60,000 bbl/day) and the results are 

plotted in Fig. 7. The 95%ASTM-D86 of the various products 

satisfy the Aspen IQ values with no error.  Therefore, 

LIV-based soft sensors provide good tracking as the error of 

their prediction is bounded for a bounded disturbance and the 

prediction converges to the actual quality value. The 

maximum prediction error for naphtha, kerosene, and gas oil 

soft sensors are 
58.9336 10 , 

62.6160 10 , and 

51.3652 10 , respectively. The results of the modified soft 

sensor well match Aspen IQ values and hence the difference 

is practically zero after reaching the steady-state condition.  

 

 
Fig. 7. The steady-state results of the modified LIV-based soft 

sensors in the PIP control structure at a feed flow rate of 60,000 

bbl/day 

 

The modified soft sensor is also tested to verify the 

prediction results through the simulation of two cases: (1) 

decreasing the feed flow rate from 60,000 bbl/day to 55,000 

bbl/day, and (2) increasing the feed flow rate from 60,000 

bbl/day to 65,000 bbl/day. The soft sensing models in both 

cases are the same. The Simulink models are run by applying 

a ramp signal of the feed flow rate to the system, whose 

prediction results are shown in Figs. 8 and 9. 

 

Fig. 8. The prediction results of the LIV-based soft sensor and 

Aspen IQ with/without LUT against a feed flow rate change from 

60,000 bbl/day to 55000 bbl/day (case 1) 
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Fig. 9. The prediction results of the LIV-based soft sensor and 

Aspen IQ with/without LUT against a feed flow rate change from 

60,000 bbl/day to 65000 bbl/day (case 2) 

 

In Figs. 8 and 9, the results given by the modified soft 

sensor are compared to Aspen IQ values and also the results 

of LIV-based soft sensors without LUTs in each case. It can 

be seen that both increase and decrease trend were observed 

in the product qualities within 4 hours, indicating the system 

instability during the feed flow rate variations. In other words, 

flow rate level variations cause a transition period in sensing 

product qualities. However, the modified soft sensor provides 

good tracking in both cases. Figs. 8 and 9 indicate that the 

LIV-based soft sensors without LUTs do not provide a 

reliable estimate and fail to precisely match setpoint values 

even when the system reaches the steady-state condition. 

There is a significant difference between LIV-based soft 

sensors without LUT and Aspen IQ values, especially for 

kerosene and gas oil.  

However, after applying the LUTs, the new difference 

values ( y ) are practically zero for naphtha, kerosene, and 

gas oil, which means that the predicted values are 

well-matched to Aspen IQ as well as setpoint values in both 

cases. Accordingly, the prediction results of modified 

LIV-based soft sensors are more reliable than LIV-based soft 

sensors. It is obvious that the modified model has the 

capability to operate efficiently within the feed flow rate 

range of 55,000-65,000 bbl/day.  

The efficiency of the proposed method is its low 

computational complexity and processing time since the 

lookup tables are pre-calculated and stored in a MATLAB data 

file as a part of the simulation initialization phase or even 

stored in hardware in application platforms. The lookup table 

is an array that replaces runtime computation with a simpler 

array indexing operation. Moreover, the common method of 

reducing computational complexity in engineering 

applications is to use lookup tables [44]. The advantage of 

using the lookup table is that it is not time-consuming. As can 

be identified from Figs. 8 and 9, there is no delay in the 

prediction results of modified LIV-based soft sensors 

compared with Aspen IQ values. 

 

IV. CONCLUSION 

The modification of LIV-based soft sensor models for 

online monitoring of 95%ASTM-D86 index in the 

atmospheric distillation unit (ADU) has been addressed by 

incorporating the lookup table (LUT) method. The proposed 

LIV-based soft sensors were developed based on tray 

temperature measurement at a nominal feed flow rate of 

60,000 bbl/day and applied to the Aspen dynamic model of the 

ADU using MATLAB-Simulink. In order to investigate the 

effect of feed flow rate changes, three simulation runs were 

carried out by varying the feed flow rate from 60,000 bbl/day 

to 50,000, 55,000, and 65,000 bbl/day. For each flow rate level, 

the prediction results of LIV-based soft sensors and Aspen 

inferential quality (IQ) were recorded when steady-state 

conditions were reached. The results show that difference 

values between LIV-based soft sensors and Aspen inferential 

quality (IQ) change either with the feed flow rate or with the 

byproduct type. Lookup tables were developed based on the 

feed flow rate and difference values and augmented with 

LIV-based soft sensor models in the PIP control structure. The 

results present improvement in the predictions of LIV-based 

soft sensors as well as acceptable control performance in feed 

flow rate variations. Therefore, the proposed update term 

using lookup tables is suitable for implementation in the 

advanced monitoring scheme due to simplicity and low 

computational time. It is important to emphasize that soft 

sensing models need not be retrained in feed flow rate 

variations using the lookup table method. Accordingly, this 

method can be easily combined with different soft sensing 

algorithms, including the effect of changes in influencing 

process variables. 
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