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Abstract— The optimization of the operation of chemical
plants may require the development of mathematical models
of the process units of a plant. These mathematical models can
be either first-principles or data-driven models. The former
type of modeling may be complex for the use in optimization
and especially for online applications such as real time
optimization. Available measured process data can be used
to develop the latter type of modeling. Although data-driven
models offer several benefits for online applications, there are
some very significant challenges related to their development
in a practical industrial implementation. This paper discusses
the important aspects of the building of data-driven models
and demonstrates the effects of these types of models on
the optimization results. The current work demonstrates the
application of a real time optimization framework applied to
an industrial air compressor station of an air separation plant
when the models are based on operating data.

I. INTRODUCTION

In the last years, there has been much interest in reducing

energy consumption of large industrial plants. Environmental

awareness, government legislation, increased competition

among companies and increasing energy prices are the major

reasons that industrial plants need to improve their efficiency

and operate in a more optimal way.

Optimization tools can help the users of a plant to reduce

operational costs without purchasing new equipment which

increases further the capital cost of the initial design. These

tools rely on mathematical models which represent the

behaviour of the process units of the plant. The mathematical

models can be derived usually either from first-principles

models or models based on raw data from the operation.

The latter types of models are known as data-driven, black-

box, surrogate or meta models. Although a data-driven model

does not have any physical meaning, it can be suitable

for online optimization applications as this type of model

offers several benefits compared to a large and complex first-

principles model, for example reduced computational time to

find solution and ease of development. .

Available process measurements of the plant can be used

to develop computationally cheap models tailored to opti-

mization frameworks. However, having installed adequate

and accurate online sensors is one of the major obstacles
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in the process industry, especially for older machines. Each

technical upgrade needs to be justified by safety conditions

or improved economics. This paper discusses the challenges

of the use of data-driven models for industrial applications

and presents results from an example of the optimization of

a network of compressors of an air separation plant.

II. OPTIMIZATION OF COMPRESSOR STATIONS

Compressor stations include a network of compressors

operating in parallel and can be found in process systems [1],

[2], in natural gas boosting stations [3] and in conventional

natural gas transportation stations [4]. Han et al. [2] reported

that the energy consumed by the air- and gas-network of

the compressors of a terepthalic acid manufacturing plant is

estimated approximately 75%-85% of the total consumption.

Air compressors of air separation plants can consume more

than 70% of the overall consumption of plants of several tens

of MW [1].

The optimization of the operation of compressor stations

can lead to significant reduction in energy cost compared to

the typical industrial operation with strategies such as equal

split and equal surge margin. A summary of typical load

sharing techniques and other best practices can be seen in the

article by Xenos et al. [1]. The optimization of the operation

of the compressors exploits the fact that it is difficult or

impossible for different compressors of a compressor station

to have identical characteristics and efficiencies [5], [6].

Moreover, these characteristics and efficiencies change over

time due to fouling and erosion, and non-uniform mainte-

nance plans which result in dissimilar compressor maps for

the same compressor at different time periods [3], [7].

III. ONLINE OPTIMIZATION FRAMEWORK

Paparella et al. [3] and Xenos et. al. [1] presented online

optimization frameworks for minimizing the power con-

sumption of compressors in real time. The basic components

of a Real Time Optimization (RTO) application of industrial

multi-stage centrifugal compressors can be seen in article

[1]. The sensors of the monitoring system collect process

data of the operation such as mass flow rates, pressures and

temperatures. A steady-state identification algorithm exam-

ines key process variables and identifies when the operation

is in steady-state. Thus, if the operation is in steady-state,

then the collected data should be validated. The next step

is to use the validated data to update the models of the

online compressors (parameter estimation). An optimization

model employs these data-driven models and estimates the

set points of the controlled variables for optimal load sharing.
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These variables are the mass flow rates of the compressors.

The set points are given to the control system which role is

to apply and keep these points to the process until the next

run of the RTO.

Companies such as Petrotech [6] and Siemens [8] have

developed commercial tools to deal with the load sharing

of the compressors but focusing on the optimization of the

distance between operating points and operational safety

boundaries. However, optimal load sharing for different

operational conditions can be achieved with the estimation

of the performances or power consumptions of the individual

compressors and the use of optimization in real time. One

method to estimate the performance or power consumption

is with the use of available process data.

IV. DESCRIPTION OF INDUSTRIAL CASE

A. Network of parallel compressors

The paper considers the real time optimization of an

industrial case study which involves a network of parallel

multi-stage centrifugal air compressors which distribute com-

pressed air to different users such as air separation columns

and other process plants of the whole site. Figure 1 shows

that the industrial case study will focus on the optimization

of three parallel compressors i ∈ {i1, i2, i3}, which are part

of the whole network, providing compressed air to an air

separation column (i.e. downstream process).

A description of the implemented control structure in the

industrial plant can be seen in Fig. 1a. The set point of

the demand Mdem is given as an input of the system to

controller FC4. The controller FC4 gives the same angle of

the inlet guide vanes (IGVs) to each compressor in order

to control their mass flow rates and meet the requested

demand. By applying this control strategy the load should be

equally shared among the compressors. If there is a mismatch

between the total flow measured from FT4 and the given set

point Mdem(demand), then the IGVs of all the compressors

are adjusted uniformly to reach the desired Mdem.

By contrast, the control strategy that is required for

optimal load sharing with the use of RTO can be seen in

Fig. 1b. The three flow transmitters FT1, FT2 and FT3

are used to measure the individual flows at the exit of

the compressors. The RTO receives the desired Mdem as

input and the FT4 measures the total mass flow rate of the

compressors. In this case controllers FC1, FC2 and FC3 work

independently and they receive the values of the flows of the

compressors according to the RTO computations. The RTO

estimates the best set points for FC1, FC2 and FC3 based

also on measurements of Tin, Pin and Pop. The individual

feedback controllers FC1–FC3 have to independently adjust

the position of the IGVs of the compressors to reach the set

points of the mass flows given from the RTO.

B. Description of multi-stage compressor

The schematic of a compressor of the industrial case study

can be seen in Fig. 2. The compressor is centrifugal multi-

stage, with a cooling system, driven by electrical motors with

constant rotational speed. The major available measurements
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Fig. 1. The current implemented control scheme of the industrial case
(a). The proposed control scheme (b) includes the Real Time Optimization
(RTO) block.

which can be provided online from the DCS and will be used

to create data-driven models can be seen in the list:

• inlet mass flow rate Min in kg/s

• inlet pressure Pin in bar

• inlet temperature Tin in K

• outlet pressure (after the aftercooler) Pout in bar

• power consumption Wel in kW

There are also other measurements available which are

not presented in the list, for example the humidity of the

ambient air, the outlet temperature (after the aftercooler) and

the angle of the inlet guide vanes. These measurements are

not listed as they are not used in the developed data-driven

models [1]. For most of the compressors of the case study,

there are not available measurements between the stages,

for example temperatures and pressures at the discharge

of the intermediate stages. Only one compressor includes

measurements between the stages. The compressor station

involves more than ten installed compressors, however only

two or three compressors are usually used for serving the

same downstream process, as shown in Fig. 1.

V. TOPICS RELATED TO IMPLEMENTATION

A. Availability of data and model development

The availability of field measurements is a factor which

influences the selection of a suitable model of a process

unit. The thermodynamic equation for the calculation of

the isentropic efficiency of a single-stage compressor ηis =
Wis/Wactual has to estimate the isentropic power (1) and

the actual power (2). The cp is the specific heat capacity

of the fluid and the γ is the isentropic exponent. These

expressions are valid for a single-stage compressor or for a

the case of multi-stage compressor with the assumptions that
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Fig. 2. An industrial multi-stage air compressor.



the temperature and pressure at the exit of each intercooler,

and at the inlet of the stage after the intercooler are the same

as the temperature and pressure at the inlet of the previous

stage.

Wis = MincpTin(
Pout

Pin

γ−1
γ

− 1) (1)

Wact = Mincp(Tout − Tin) (2)

In the case of the multi-stage compressor of the industrial

case, the geometries of the stages of each compressor are

different and the sizes of the various intercoolers are not

the same. Because of the lack of measurements between

the stages, thermodynamic equations cannot not be used for

developing model for each compressor stage and intercooler.

According to Fig. 2, the Pout of each individual stage is

not available and therefore the discharge pressure cannot

be used in Eq. (1). Also, the outlet temperature of each

stage is not available, therefore the actual power (2) used

by each compressor stage cannot be estimated. There are

no measurements for mass flow rates, temperatures and

pressures related to the intercoolers.

The efficiency of the electrical motor and the losses in the

gearbox should be considered for calculating the total effi-

ciency of the multi-stage compressor. Another issue with the

availability of measurements is that there are measurements

which may be available for some periods but their availability

is not consistent due to failures in the sensor system and due

to the time needed to replace a failed sensor.

As there is not enough information for developing first-

principles models for all the compressors, models have to be

built on the basis of those process measurements which are

readily available such as inlet temperature, inlet pressure and

outlet pressure. These measurements are sufficient to support

a data-driven model which can express the actual power of

the motor W act
el of each compressor as a function f of these

basic process variables including a model error.

W act
el = f(z,Min,b) + model error (3)

The vector z includes the parameters such as inlet temper-

ature and pressure, the vector b involves the coefficients of

the function f which are estimated through regression [1],

and the Min is the mass flow rate of the compressor. The

mass flow rate of the compressor is the decision variable in

the optimization problem which can be modified with the

use of the inlet guide vanes. The function f represents the

predicted power consumption W pred
el .

The decision of which variables should be used for the

development of a data-driven model is not a standard proce-

dure. Analysis of the raw data using observation or statistical

methods such as the covariance matrices [9] is the first step

of the building of the models. Figure 3 shows the evolution

of the power consumption of the motor of compressor i1, its

mass flow rate, outlet pressure and inlet temperature. From

the observation of the figure, it is obvious that the mass flow

rate significantly influences the power of the motor. This

was confirmed by the covariance matrix which showed the
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Fig. 3. Evolution of process variables over time.

power consumption and mass flow rate were significantly

correlated.

B. Uncertainty in optimization results due to model error

The objective of the RTO is to estimate the key variables

of the operation of the compressors which result in reduced

total power consumption while at the same time ensuring

that all the constraints related to the compressors and plant

are satisfied. The formulation of the optimization problem

of the RTO has been presented in article [1]. The objective

function of the optimization is the minimization of the total

predicted power consumption:

minMin(i)

∑
i∈I

W pred
el(i) (4)

The power consumption W pred
el(i) of each compressor i

has a prediction error ΔWel(i). The root square mean error

(RSME) [1] is used to model the prediction error for each

power consumption.

ΔWel(i) =

√√√√k=N∑
k=1

(W act
(i,k) −W pred

(i,k) )
2/N (5)

where k = 1, 2, . . . , N is the number of the observations of

the data set of the power consumption.

As the objective function is the summation of the power

consumptions of the compressors, then the uncertainty (i.e.

error) ΔWel,tot of the objective function (4) can be estimated

by the following equation:

ΔWel,tot =

√∑
i∈I

ΔW 2
el(i) (6)

The application of the real time optimization based on

paper [1] identified fifty steady states in a 12 h operation

of the compressors shown in Fig. 1. The models of the

power consumptions were developed with historical data

of 15 days. This section now proceeds to give an analysis

and commentary on the impact of modelling errors on the
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optimization results. The uncertainty of the model for each

compressor is equal to the RMSE value estimated in [1].

Figure 4 shows the optimal power W opt
el,tot of the three

compressors i1, i2 and i3 estimated by an optimization

model [1] and the predicted power consumption W pred
el,tot

based on the same data-driven models used in the optimiza-

tion, but the set points of the operators were used in the

models. The actual power W act
el,tot based on measurements

from the operation can also be seen in the figure.

The optimal power is smaller than the predicted power, and

the actual power from measurements for all steady states. As

can be seen from Fig. 4, the predicted power estimated from

the model differs from the actual power from measurements

and the prediction error in some cases is significant, for

example in steady state 27 where the actual power from

measurements is almost the same as the optimal power. It

is important to note that the power measurement includes

inherent uncertainty which influences the estimation of the

optimal power and predicted power from the data-driven

models.
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A metric to examine the improvement of the operation

after the application of the RTO is the difference between

optimal power from the model W opt
el,tot±ΔWel,tot and power

from the model W pred
el,tot ±ΔWel,tot. The error of the metric

is similarly calculated as in Eq. (6) with the root of the

summation of the quadratic errors of each quantity.

Figure 5 shows the percentage of the improvement of the

operation, i.e. (W pred
el,tot − W opt

el,tot)/W
pred
el,tot · 100% and the

improvement with its uncertainty. The absolute improvement

is not a large number in this example as paper [1] mentioned

that one of the three compressors was operating close to

its optimal set point suggested by the RTO before the

application of the RTO. This means that there was not

large margin for improvement. By observing the uncertainty

in the improvement of the operation, the uncertainty is

relatively high for this margin of improvement, and hence

high accuracy models should be used. The validation of the

optimal operation with use of real time optimization with

real experiments in the plant could give useful insights.

Figure 5 also shows the prediction error |(W act
el,tot −

W pred
el,tot)|/W act

el,tot · 100% for each steady state which cor-

responds to the difference between power from model and

actual power from measurement. It can be seen that the pre-

diction error can vary from close to zero (accurate prediction)

to 1% error which is relatively high for the improvement of

the current example.

C. Update of model

The update of the model is the procedure which focuses on

the estimation of new coefficients b of the power consump-

tion (3) for ensuring that the model represents accurately the

behaviour of the compressor. For online application, the real

time optimization can use a moving window approach to use

new collected data and discard the oldest stored data in order

to fit the model with data representing the current behaviour

of the compressor.

There is not a standard method to update the parameters

and there are questions to answer such as how often to update

the model, what are the values of the tuning parameters of the

moving window (e.g. size of window) and how to validate the

model online. It was shown that the consideration of a data-

window of fifteen days and sample size of 10 s [1] resulted

in models with higher accuracy compared to the case of one

year data window and sample size of 1 min [10]. Andrea et

al. [9] presented an online algorithm which examines first if

the model is still accurate and after this evaluation it carries

out a new fitting if it is necessary. However, in their work the

authors studied the case of a single-stage compressor and this

method required measurements to estimate the efficiency.

The performance of data-driven models can be improved

with the use of information from the personnel of the plant.

Changes in the plant which influence the performance of the

compressors can be reported and considered in the model

development, for example, the use of a different oil, the

installation of a new gear box or motor, cleaning of a

compressor, increased amount of fouling, the recalibration of

a sensor and the plugging of the filters of compressors during



the spring season due to the blooming of plants. If one of

sensors, for example the sensor for ambient temperature, is

re-calibrated during a maintenance activity, by for instance

2 K, then the existing model can be directly updated. One

approach would be to introduce a sensor error model where

an offset and slope parameter are updated based on the

calibration data gathered during the maintenance.

When the prediction of a data-driven model becomes

significantly different from the actual values of a predicted

variable, then it should be examined if the compressor or

filter needs to be cleaned, or the model has to be updated.

This example along with the example of the re-calibration

of a sensor shows that the update of the models allows for

incorporating knowledge and does not rely only on statistical

approaches. Thus, this procedure for developing a data-

driven model including information from the plant can be

considered as ”hybrid”, even if the model itself is empirical.

D. Validity domain

The model used in Eq. (3) is generated based on data

sets of process variables including inlet temperature, inlet

pressure, outlet pressure and mass flow rate. These data

sets are related to the input of the data-driven model which

estimates the output, that is power consumption of the motor.

The input data sets define the domain which allows the

model to predict the power with an error. This domain is

known as regression domain and predictions outside this

window can give results with very low accuracy because

of extrapolation. The reason for this is that the data-driven

model is purely mathematical without including any physical

expression which would give trends beyond the boundaries

of the regression domain.

Considering a data-driven model with four inputs, the

regression domain is 4-D polytope. Figure 6 shows the data

sets of outlet pressure and mass flow rate of compressor i1
for the first 3500 steady states of 15 days estimated offline

[1]. The figure shows the time development of the regression

domain of outlet pressure-mass flow rate for different peri-
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ods. The periods are defined for different ranges of steady-

states. The first observation is that this compressor worked in

two separate regions where all the observed operative points

define these two regions. This means that the validity of the

data-driven model of compressor i1 lies within these two

regions. This implies that this restriction will influence the

optimization as the optimization search space is defined by

these two regions.

The second observation is that the compressor operated

fully in the right hand region and partially in the left hand

region within the first 1000 steady states. Consequently,

after these 1000 steady-states the left hand region was fully

developed and the operators did not operate at the right hand

region in the next 2500 steady states. This means that the

regression domain of the data-driven model changes over

time. Considering the fact that a method for updating the

model discards oldest data, then it is possible after some time

the data-driven model will not have any information about

the right hand region and the search space of the optimization

would be limited.

Figure 7 shows period A defined as the period starting

from steady state 150 until steady state 850 related to the

blue data collected within this period for all the compressors.

The red data were collected in period B defined from

steady state 850 until steady state 5500. The figure shows

a rectangular regression domain and a convex hull of all

steady states of each compressor. Here, it can be seen that

the rectangular domain involves regions which do not involve

any observation. The tight constraints of the convex hull

prevent the model from taking these values, and therefore

the reliability of the models is expected to increase as has

been discussed in [11].

However, in all the cases of the convex hull of the com-

pressors there are internal local regions which do not involve

measurements. This means that the prediction in this area

may not be reliable, however the optimization results may

lie in this region as the constraints of the optimization model

are derived from the data-driven models. The accuracy of the

models probably would increase in the case of considering a

conjunction of smaller convex hulls instead of one big convex

hull so as to include only the observed data but this has to

be studied. Finally, the convex hulls have to be developed

in a 4-D fashion when four inputs are considered. Figure 7

reveals that the compressors have dissimilar boundaries in

both cases of convex hull and rectangular domain for period

A and B or for both periods considered. Therefore, the search

space of the optimization of each model is restricted due to

the restrictions of the other models.

VI. DISCUSSIONS AND CONCLUSIONS

The paper presented the practical challenges of the appli-

cation of a data-driven real time optimization to an air com-

pressor station of an air separation plant. It was shown that

the data-driven models influence the output of the optimiza-

tion because of their prediction error. The improvement of

the operation after the application of the RTO is determined

from the comparison between the optimized power and the
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predicted power estimated using the same data-driven models

based on the set points from historical data. There are errors

in both quantities and the actual savings cannot be quantified

accurately when the uncertainty in the models is significant.

The installation of new accurate instrumentation should

benefit the model building because (a) the uncertainty in the

process variables which are employed from the data-driven

models should be low, (b) data reconciliation methods can

be used for providing more reliable data, and (c) data-driven

models can use basic thermodynamic equations to model

physical phenomena, thus to achieve a hybrid model. The

hybrid model is expected to be more accurate and more

reliable in the prediction compared to a purely data-driven

model in regions when there are limited observed data.

However, the installation of new instrumentation needs to

be justified by safety conditions and improved economics.

For example considering Fig. 4, the management of the plant

could ask the question, how much benefit could the RTO gain

per year. The challenge here is that the accurate account for

savings requires reliable and enough installed sensors.

According to industrial knowledge and experience, there

are more sensors installed than actually displayed in the

DCS, even fewer measurements are recorded in the process

data historian which is the primary source of information

for engineers for developing models. Hence, there are two

options for improving the accuracy of the models, (a) to

purchase and install new accurate sensors and (b) to con-

nect existing sensors to the DCS and the historian system.

The former case could account for several thousand euros

investment and organisational effort for re-evaluating safety

conditions.

The use of past and recent routine-operation data limits

the optimization search space and this strategy can also lead

to unreliable predictions when the predictions are related

to internal regions of the regression domain with few or

no observed data. Online or frequent offline plant tests

can provide data to cover a larger regression domain. This

can increase the accuracy of the results and increase the

optimization search space.
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