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Burner failures are common abnormal conditions associated with industrial fired heaters. Preventing from economic loss and
major equipment damages can be attained by compensating the lost heat due to burners’ failures, which can be possible by
defining appropriate setpoints to rearrange the firing rates for healthy burners. In this study, artificial neural network models
were developed for estimating the appropriate setpoints for the combustion control system to recover an industrial fired-heater
furnace from abnormal conditions. For this purpose, based on an accurate high-order mathematical model, constrained
nonlinear optimization problems were solved using the genetic algorithm. For different failure scenarios, the best possible
excess firing rates for healthy burners to recover the furnace from abnormal conditions were obtained and data were recorded
for training and testing stages. (e performances of the developed neural steady-state models were evaluated through
simulation experiments. (e obtained results indicated the feasibility of the proposed technique to deal with the failures in the
combustion system.

1. Introduction

Fired heaters are critical units in refineries and petrochemical
industries, used for direct heating of a fluid stream in hy-
drocarbon processing. Hot gases from combustion are di-
rectly supplied to the multiple stream tubes by means of
convective and radiative heat transfer mechanisms. (is
considerably increases the temperature of the crude process,
which can be fed into distillation columns to be separated into
a variety of components [1, 2]. In order tomaintain the quality
of products, the stream temperature should be controlled.
Regulating the firing rate is normally the main tool for
achieving target temperature [3].

Nonuniform temperature distribution inside furnaces
due to the burners’ failures and combustion malfunctions
may cause major quality defects in distillation products [4].
(e effects of burners’ failures may appear in different forms
such as flame impingement, flame instability, hot spots, and

so on [5]. Ignoring this situation could increase the danger of
major equipment damages. Reducing the faulty burner’s fuel
flow is the main correcting action [6]. In case of failure of
a single burner or losing a part of burner firing capacity, the
furnace can still continue to function; however, compen-
sating the lost heat to achieve thermal equilibrium would be
the main issue. In such circumstances, which are called
abnormal conditions, corrective actions should be imme-
diately taken in order to avoid coke formation inside the
tubes and consequent possible damages [6, 7].

(e strategy to recover the system from abnormal
conditions can be characterized by defining appropriate
setpoints for the controllers at the lower layer. Integrating
expert systems into the monitoring and supervisory control
systems has been regarded as a solution to improving the
capability of industrial control systems in reacting to un-
expected events [8–10]. Such systems should be able to
acquire data from instruments, detect and diagnose the
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faults, and optimize the process conditions by adjusting new
setpoints for control loops to move away from abnormal
conditions [11, 12]. Designing an effective expert system
usually requires adequate information from the plant var-
iables, real data from critical components conditions, and
the knowledge of expert operators about certain abnormal
situations [13]. However, the required information from real
system performances during the failures of burners is barely
in hand. Furthermore, applying artificial failures to in-
service fired-heaters to acquire the necessary data is prac-
tically impossible [14, 15]. In this case, mathematical models
could be employed to investigate the effects of many dif-
ferent failures and firing rate scenarios on heat distribution
inside the furnace and optimize the process conditions to
cope with abnormal situations [16–18].

Many different model-based optimization techniques have
been reported for improving the operation of industrial pro-
cesses in the literature [19–21]. First-principle models (FPMs)
are the common type of steady-state models used for plant
monitoring, process optimization, and open-loop decision
supports [22]. Due to model uncertainties and disturbances,
online steady-state data are required to identify the models.
Employing steady-state models could considerably reduce the
computational efforts, which is so valuable in real-time opti-
mization (RTO) [23]. Nonlinear mathematical models have
been also used for optimizing the operation of industrial pro-
cesses, which are generally used as the core of nonlinear model
predictive control (NMPC) [24, 25].

In recent years, data-based modeling approaches such as
artificial neural networks have been widely employed for
optimization of industrial processes [18, 26, 27]. (e ca-
pability of characterizing the behaviors of complicated
systems without prior knowledge, low computational costs,
and good interpolating performances is the main advantage
of neural network models [28]. Different structures of ar-
tificial neural networks have been used for optimizing the
operation of industrial processes; however, in general, two
distinct categories can be identified in their applications:
static neural network models are more common in real-time
optimization (RTO) applications, whereas steady-state
models are required for optimizing the operational condi-
tions at the upper control layers; (2) dynamic neural models
are used as the core of model predictive control at the lower
control levels [29–31].

In this study, a model-based optimization approach is
proposed to find the optimal operational conditions for an
industrially fired-heater furnace to be recovered from
possible burner failures. A nonlinear mathematical model
developed by Chaibakhsh et al. was extended and used for
optimization process [32]. Different failure scenarios in the
combustion system were applied to the model, and their
effects on the tubes and furnace outputs were investigated.
(en, constrained nonlinear optimization problems were
solved to plan the required excess firing rate for healthy
burners to recover from abnormal conditions. (e obtained
results were employed for training the neural network (NN)
estimators.(e developedmodels were used as the core of an
abnormal management system (AMS), which was re-
sponsible for generating the reference setpoints for the

burners’ controllers according to the failure situations. (e
obtained results from the optimization process and the
assessment of the effectiveness of the proposed approach
were presented for different failure situations.

2. System Description

A cabinet-type, single-firebox furnace shown in Figure 1 is
considered for investigation in this study. Five floor-
mounted burners are arranged in a row to supply the re-
quired heat for convection and radiation sections. (e crude
process is fed from the top of the furnace and first passes
through the convection sections 2 and 1, where its tem-
perature increases from 504.15K to about 561.65K, and the
fluid often remains as a one-phase liquid. In the radiation
section, tubes are exposed to high heat fluxes. (e crude
process begins with boiling and vaporizing and the tem-
perature increases to about 637K at the end of this section.

At each wall, the process fluid is divided into two
counterflow streams, which are heading to the middle side of
the furnace. Each stream also comprises 24 rows of tubes.
(e required firing rate is about 0.06842 kg/s for each burner
at the nominal furnace load of 11.26 kg/s. In Table 1, the
nominal parameters of the furnace are presented [32, 33].

An accurate mathematical model was developed by
Chaibakhsh et al., which was employed for the optimization
process [32]. In order to consider the effects of flame height
on the heat absorbed by each tube, the firebox of the fired
heater has been divided into five thermal zones, which are
shown in Figure 1. (e view factor for each subsection of
tubes was calculated with respect to their location and the
average flame height.

3. Optimization Problem: Objective Function
and Genetic Algorithm

In this section, different burners’ firing capacity shortage/failure
scenarios are applied to the developed model of the furnace.
(en, an optimization approach based on the genetic algorithm
(GA) was applied to the model in order to find the appropriate
firing rate for each burner. (e maximum firing rate capacity
for each burner, the overall fuel consumption, the tubes’ wall
temperature, and the furnace outlet temperature are considered
as constrains. (e procedure of model-based optimization
is shown in Figure 2.

3.1. Optimization Problem. (e average temperature of two
streams (on both sides) is the most important variable that
should remain around 637K (Table 1); this is necessary to
achieve the desired product quality and should not be
exceeded significantly.

(us, by defining error as the difference between the
average outlet temperature of the crude process and the
desired temperature (637 K), the optimum excess firing rate
for each burner could be calculated to reduce the outlet
temperature errors, according to the constraints on variables.
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(e objective function for the optimization process can be
defined as follows:

min J _mfuel
� 

t�tf

t�t0

c Toil(t), Ttube(t), _mfuel, _moil( dt, (1)

where Toil and Ttube denote the state variables oil and
tube surface temperature, respectively. In addition, _mfuel

and _moil are fuel and crude process flow rates fed to
the furnace, respectively. (is objective function is used
for each zone of each tube, and the optimization process
is performed for all abnormal conditions, which may
occur during systems operation. (e considered func-
tions for the optimization problem definition are as
follows:

dTtubek

dt
(i, j) � Ψk Toilin(i, j), Toilout(i, j), Ttube(i, j), F(i, j), _mfuel, u1 , i � 1, 2, . . . , 24, j � 1, . . . , 5, k � 1, . . . , 4. (2)

(e function of the tube’s temperature in the radiation
section is presented in (2), whereas the following equation

shows the relation between crude process’s temperature and
the heat absorbed from the tubes:

(1) Stack
(2) Convection section
(3) Convection bank tube 2 (4 × 10 rows)
(4) Convection bank tube 1 (4 × 3 rows)
(5) Radiation section pass 1 (24 rows)
(6) Radiation section pass 2 (24 rows)
(7) Burner
(8) Firefox
(9) Refractory wall (1)

(2)

Cov. sec. 2 pass (1) in

Cov. sec. 2 pass (1) out

Cov. sec. 1 pass (1) in

Cov. sec. 1 pass (1) out

Rad. sec. pass (1) in

(9)

Rad. sec. pass (1) out
Rad. sec. pass (2) out

Rad. sec. pass (2) in

(8)

(5)

(6)

(7)

(3)

(4)

Zone 1
Zone 2

Zone 3
Zone 4

Zone 5

Figure 1: Schematic of the fired-heater furnace.
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dToilk
dt

(i, j) � Φk Toilin(i, j), Toilout(i, j), Ttube(i, j), _moil, u2 ,

i � 1, 2, . . . , 24, j � 1, . . . , 5, k � 1, . . . , 4.

(3)
In the convection section, (4) is used for estimating the

tube’s temperature, and (5) is the crude process’s temper-
ature function:

dTtubek

dt
(i) � Γk Toilin(i), Toilout(i), Ttube(i), _mfuel, u3 ,

i � 1, 2, . . . , 13, k � 1, . . . , 4,

(4)

dToilk
dt

(i) � Ωk Toilin(i), Toilout(i), Ttube(i), _moil, u4 ,

i � 1, 2, . . . , 13, k � 1, . . . , 4.

(5)

Table 1: (e nominal parameters of the furnace.

Parameter (unit) Symbol Value
Process fluid flow rate (kg/s) _min 45
Process fluid inlet temperature (K) Tin 504
Process fluid outlet temperature (K) Tout 637
Process fluid inlet pressure (kPa) Pin 1036
Process fluid outlet pressure (kPa) Pout 371
Fuel flow rate (kg/s) _mfuel 0.07
Tube out diameter (m) Dout 0.12
Tube wall thickness (m) Δr 0.012
Process fluid outlet temperature at convection section 2 (K) Tout−convection 2 544
Process fluid outlet temperature at convection section 1 (K) Tout−convection 1 562
Process fluid outlet pressure at convection section 2 (kPa) P 823
Process fluid outlet pressure at convection section 1 (kPa) P 772
Fuel gas lower heating value (MJ/kg) LHV 48.594
Tube length (m) L 3.4
Mean gas-side heat transfer coefficient in convection section 2 (w/m2K) hgas 238.5
Mean gas-side heat transfer coefficient in convection section 1 (w/m2K) hgas 277
Mean oil heat transfer coefficient in convection section 2 (w/m2K) hoil 4871
Mean oil heat transfer coefficient in convection section 1 (w/m2K) hoil 3737
Mean gas-side heat transfer coefficient in the radiation section (w/m2k) hgas 548
Furnace height (m) — 12.5
Furnace depth (m) — 5.5
Furnace width (m) — 5.2
Number of passes in convection and radiation sections — 4
Number of rows of tubes in convection section 2 — 10
Number of rows of tubes in convection section 1 — 3
Number of tubes in one pass of the radiation section — 24

Recording the
optimized

firing rates 

Optimization

Genetic
algorithm

Cost function
estimation

Constraint:
Ttube, Toil, mfuel

Update firing
rate for each

burner

Simulation

Nonlinear
model

Calculate Ttube and Toil for all
radiation section zones

Burner faults: 47
different scenarios

Figure 2: Procedure of the optimization problem for obtaining the appropriate firing rates.
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In addition, a limitation is considered on the excess firing
rate for each burner as follows:

0≤ _mfuelj ≤ _mfuel,max, j � 1, 2, . . . , 5. (6)

(e maximum tube design temperature is restricted as

Ttube(i, j)≤Tmax. (7)

(e inputs and outputs of all passes are located in Zone
1; accordingly, the process output temperature Tk would be
calculated as

Tk � Toilk(24, 1), k � 1, . . . , 4. (8)

In case of failure in a burner, heat loss should be com-
pensated by increasing the firing rate in the other burners. It
should be noted that the furnace’s thermal zones would
change due to any variation in flame height. In order to
determine the heat absorbed by each section of the tubes, the
view factor for each subsection of tubes should be calculated
with respect to their location and the average flame height.
(e geometric description for the tube and flame and the
effects of flame’s height on the view factors are presented in
Appendix. Increasing the temperature of tube surfaces is the
most significant effects of overfiring, which should be limited
due to its critical effects on the safety of the furnace. (e
maximum tube design temperature is about 900K; however,
increasing the surface temperature of the tube could increase
the danger of coke formation and internal tube fouling.
(erefore, the maximum target surface temperature is con-
sidered to be 800K as follows:

Ttube(i, k)− 800≤ 0, i � 1, 2, . . . , 24, k � 1, . . . , 4. (9)

(e appropriate firing rate for each burner can be
measured by solving the nonlinear optimization problem in
the form of (2) to (5) subject to inequality constrains of (6)
and (7) using the genetic algorithm. In order to keep solutions
in the feasible region, it is required to convert a constrained
optimization problem to an unconstrained optimization [34].
Employing penalty functions are a common approach to
dealing with constrains in solving nonlinear optimization
problems by GA. It is applied as follows:

Pi,j �

0, Ttube(i, j)< 800,

Ttube(i, j)

800
− 1, Ttube(i, j)≥ 800,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

i � 1, 2, . . . , 24, j � 1, . . . , 5.

(10)

(e penalty function PSk
is simplified for the stream k as

PSk
�
1
2

TmaxSk

800
− 1  +

TmaxSk

800
− 1




 , k � 1, . . . , 4,

(11)

where TmaxSk
is the maximum surface temperature of tubes

(24 passes for each stream pass) and is given as

TmaxSk
� max Ttube(i, j)( k,

i � 1, 2, . . . , 24, j � 1, . . . , 5, k � 1, . . . , 4.
(12)

(e penalty functions could prevent the tubes’ surface
temperature from reaching the maximum values. (ey have
a zero value if the surface temperature is less than the
maximum value. By excessing the considered limit, the
penalty function would have a nonzero (positive) value,
which could be magnified by considering a large value for
penalty constant α.

PS � max PSk
 , k � 1, . . . , 4. (13)

In order to compensate for the heat loss due to burner
failures, the sum of excess mass flow rates in healthy burners
should be equal to the missed flow rates in faulty burners.
However, by increasing the burners’ firing rate, the heat
transfer performance will increase. (erefore, this value
could be a little (about 3 percent) less than the required
amount. (e maximum value of excess firing rate is also
limited to 30 percent. It is applied by

−0.03≤  _m fuelexceed − _m fuelloss ≤ 0.3. (14)

(e penalty function for limiting the excess fuel flow rate
can be defined through the following equation:

Pfuel �
1
2

 _mfuelexceed
1.2 _mfuelloss

− 1  +
 _mfuelexceed
1.2 _mfuelloss

− 1



  + 1 −

 _mfuelexceed
0.97 _mfuelloss

  + 1 −
 _mfuelexceed

0.97 _mfuelloss




  . (15)

(e penalty function, Pfuel, is considered for economical
operation, and the optimization process is performed based
on reducing fuel consumption. However, in case of the
failure/firing capacity shortage of two burners, it is not

economically justifiable. In these cases, the burner’s firing
rate may be close to their maximum capacity, meaning that
the total fuel flow rate might be more than its amount in
normal operating conditions.

As a result, the fitness function is defined as

International Journal of Chemical Engineering 5



f � 

2

k�1
Tk − 637( 




+ 

4

k�3
Tk − 637( 




+ αPs + βPfuel, (16)

where P(.) is a penalty function and α and β are penalty
constants.(is is a constrained optimization problem, which
was transformed to an unconstrained one using an additive
penalty function P(.) [34].

3.2. Genetic Algorithm (GA). Genetic algorithm (GA)
methodologies have been investigated as efficient approaches
for obtaining solutions very close to optimum points [35, 36].
GA is a nongradient-based stochastic technique, which is
capable of exploring and exploiting the search space for the
optimal solution. (e GA operators including crossover and
mutation allow the searching algorithm to escape from
possible local minima trapping points. In addition, it is very
robust to dynamic changes in the environment. (is ad-
vantage has made it an appropriate tool for the optimization
of systems working under different operating conditions with
different behaviors [37]. Different applications of GA were
reported for designing decision-making systems based on
nonlinear optimization problems [38].

(e optimization processes were performed by using
MATLAB® Optimization Toolbox ((e MathWorks, Inc.,
Natick,MA, USA, ver. 2014). An appropriate selection of GA
parameters could improve the performance of algorithm and
reduce the runtime considerably [39]. Crossover is a re-
combination operator that could generate better offspring
through generations by selecting randomly a pair of two
individuals, choosing a cross site along the string length and
finally swapping between the two strings following the cross
site. After creation of new individuals via crossover, mu-
tation is applied usually with a low probability to introduce
random changes into the population [37]. Generally, the
crossover rate of about 80 to 90% should be chosen.
However, some results show that for some problems the
crossover rate of about 60% is the best. (e mutation rate
should be very low, and it is reported that the best rates is
about 0.5 to 1%. (e proper values of crossover and mu-
tation rates can be chosen by performing some experiments
to find the best solution. It is possible to estimate the optimal
population sizes based on some analytic methods on par-
ticular problems [37]. However, a default population size of
about 20 to 30 is adequate to find the optimal solution;
however, sometimes it has been reported that the size of 50
to 100 could be the best. Elite selection is the strategy to
choose individuals with a best fitness value to pass to the next
generation. (e selection could be performed randomly
according to the limited elites. In Table 2, the parameters for
optimization by the GA are presented.

4. Neural Network Model

Amultilayer perceptron (MLP) structure was considered for
the neural network (NN) model. MLP is a feedforward
neural network (FFNN), which can be used for character-
izing complex relationships between variables and pre-
dicting future values in a process. MLP has a set of layers

(including input, hidden, and output layers) and compu-
tational units (activation function), which are related to the
layers’ node by weight coefficients. Generally, one or more
hidden layers can be considered in MLP; however, a single
hidden layer might be adequate to reach an acceptable
degree of accuracy in many cases [40, 41].

(e number of neurons, as a dominant parameter in the
model performances, was considered with respect to the
number of input/output variables. Azoff recommended that
the number of neurons at the hidden layer (Nh) for a single
hidden layer NN be chosen as follows:

Nh � 2 × Nu + 1, (17)

where Nu is the number of network inputs [42]. In order to
adjust the parameters of models, the second-order derivative-
based Levenberg–Marquardt (LM) was employed. (e LM
is a common algorithm for training the parameters of
moderate-size MLPs. (e mean square of error (MSE) was
used as the objective function for the training process, which
should be minimized as follows:

e �
1
p



p

i�1
y
∗
i −yi( 

2
, (18)

where y∗i and yi are the target and actual outputs for the ith
pattern, respectively, and p is the total number of training
patterns. (e error vector E is calculated as follows:

E � e1, e2, e3, . . . , ep 
T
. (19)

For the set of the considered inputs, xP, the output
neurons, yk, are calculated through the following equation:

yk,p � fyk 

Nh

j�1
wkjfhj 

Nu

i�1
wjixi,p

⎛⎝ ⎞⎠⎛⎝ ⎞⎠, (20)

where fyk and fhj are transfer functions related to output
neurons, k, and hidden neurons, j, respectively; also, wkj is
the weights interface between the kth output neurons and
the jth hidden neurons, and wji is the jth hidden neuron
and the ith input neuron.

5. Failure Scenarios: Optimizations
and Setpoints

In this section, 47 different constrained optimization
problems were solved in order to obtain the appropriate
firing rate for the burners in different failure scenarios. (e

Table 2: (e optimization parameters for GA.
Population size 100
Crossover rate 0.7
Mutation rate 0.02
Generations 100
Migration Forward, fraction: 0.2, int.: 20
Selecting Stochastic uniform
Reproduction Elite count: 5
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developedmodel for the furnace employed for optimization is
a continuous state model. (e firing rates are discrete vari-
ables that are selected by the GA, and then, the equations are
solved in order to obtain the temperatures of tubes and outlets
of all passes. In the considered furnace, each burner has its
individual control valve, which allows a considerable exces-
sive firing rate up to 30 percent of the nominal firing rates for
each burner. In this case, the heat loss due to a single burner
failure or firing shortage in two or three burners may be
compensated. For investigating the possibility of recovering
the furnace from abnormal conditions, many different cases
are considered. (e failure scenarios applied to the burners
are discrete variables. (e simulation experiments and op-
timization are preformed while the available firing capacities
are at 75, 50, and 25 percent of the nominal firing rates and
also in the case of complete burner failures.(e firing capacity
of burners can be estimated by the measuredmass flow rate of
the fuel fed to each burner. It should be noted that no control
actions should be applied during optimization stages.

It should be noted that the results are achieved through
time-consuming optimization processes using a high-order
nonlinear model; therefore, only a limited number of failure
scenarios could be investigated. (e model employed for
optimization processes was a model with 1064 states (ODE
equations), where the runtime for each optimization process
using a PC with Intel® Core™ i7 4510U @2.60GHz, RAM
8.00GB, and a operating system Windows® 8.1 (x64) was
about 24 hours.

5.1. Model Responses and Optimization Results. Exposure to
various disturbances, unplanned variations in the process
flow rate, and changes in fuel components or pressure drop
could affect the operating conditions and thermal perfor-
mances of preheat furnaces [5, 43]. Useful information on
the load pattern can be obtained from simulation experi-
ments using the developed model. (is can be used in
designing the expert furnace supervisory control and burner
management systems in order to achieve the desired outlet
process temperature at different operating conditions.

Figure 3(a) shows the crude process outlet temperature
versus the fuel flow rate as the process flow changes. (e
required firing rate for burners to achieve desired process
temperature of 637K, at different process loads is shown. (is
value is about 0.06842 kg/s for each burner at the nominal
furnace load of 11.26 kg/s.(e changes in the process flow rate
have considerable effects on the outlet temperature at a con-
stant firing rate. For this reason, the process flow rate is
considered as the main manipulated variable for regulating the
outlet temperature of each path, and a control valve is supplied
at the inlet of the individual path to the radiation section.

In Figure 3(b), the temperature differences of two stream
passes are presented. (e obtained results indicate that, by
increasing the fuel flow rate, the outlet temperature difference
between passes 1 and 2 would reach its maximum values as
the total fuel flow rate exceeds up to 10 percent over the
nominal firing capacity. By increasing the firing rate, the
temperature difference starts to reduce again. With respect
to the position of each pass in the furnace, the changes in

the firing rate could affect the flame height, and conse-
quently, the view factor between the flame and tube passes,
which could cause a significant difference between the
outlet temperatures of two stream passes. Reducing the
temperature difference could improve the energy balance
and result in much stable conditions inside the furnace.
Some refineries try to increase their productivity by
pushing the plant to its overdesign limits, which can be
achieved by excessive firing. (is limit for fired heaters is
often 20 percent in normal operating conditions [6]. In this
case, the difference in temperature of stream passes would
be small; however, excessive firing capacity may not be
adequate to compensate for the effects of burner failures.
(us, the proposed method could be applicable, if the
furnace is run in its nominal design conditions.

Figure 3(c) presents the tube surface temperature versus
the fuel flow rate at different furnace loads. A decrease in the
process load causes the heat absorbed by the crude process to
decrease and consequently the tube surface temperature to
increase significantly, which is not desirable. (e tube tem-
perature is a critical variable that should not be tolerated from
its acceptable range. (e tube surface temperature does not
normally reach its limit until the process fluid flows inside the
tubes (Figure 3(c)). Continuous flame impingement on the
tubes is the main potential problem that may occur and lead
to coke formation and early furnace failure. (e risk of tubes’
surface localized overheating in places where no tube-skin
thermocouple is installed is especially high. Generally, flame
impingement can be discovered only by visual observation
and should be avoided by any means possible. Localized
overheating more than 38°C above the designed temperature
of tubes would be the cause for their failure in a matter of
hours [7]. In this case, the operator could make the flame lean
away from the tubes by pulling the flame down [6]. However,
this could significantly deteriorate the performance of the
furnace, which should be compensated by excess firing of the
remaining healthy burners.

(emain reason for choosing the genetic algorithmwas its
capability to search for best results in a global searching space.
Despite it being a little slow for the high-order system to
capture the optimum points, it would ensure the obtained
results are global optimum solutions. By performing con-
strained optimization based on the GA, the best possible firing
rate for each burner was obtained. Table 3 presents the required
excess firing rate for healthy burners and the outlet temper-
ature deviations as one burner fails (20 cases). Process flow
enters the furnace at the front side and leaves it from the same
side. Hence, the effects of failures in burners 1 or 5 and burners
2 or 3 would be considerably different in the outlet temper-
ature. (e maximum temperature deviations can be observed
as the burners 1 and 5 fail; however, the failure of burner 1, the
nearest burner to the front wall, can be recognized as the worst
case. In these cases, excess firing rate reaches its maximum
capacity of burners, and any further attempts to reduce the
temperature deviations increase the risk of tubes overheating.
(is causes a small reduction in the total fuel flow rate.

When the burners that are closer to the center be faulty,
the temperature deviations were considerably reduced. (e
obtained results showed that the furnace could certainly be
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recovered from abnormal conditions. However, a small
increase in the fuel flow rate could be observed, making it
economically less desirable. Despite the effectiveness of the
proposed approach in dealing with faulty burners, due to

economic reasons and also a high thermal stress, the furnace
could not run for a long time in such conditions.

(e required firing rates for healthy burners to recover the
heat balance inside the furnace as two faulty burners operate at
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Figure 3: (a) Crude process temperature versus fuel flow rate. (b)(e temperature difference of passes versus fuel flow rate. (c) Tube surface
temperature versus fuel flow rate.
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a lower capacity than their nominal firing capacities are given
in Table 4. Here, 27 different cases are presented as examples
(they are more than 40 cases). (e obtained results indicate

that the heat loss can be compensated by healthy burners as
two faulty burners run at 75 percent of their firing capacity.
However, this causes a significant increase in the total fuel flow

Table 3: Single-burner failure/firing capacity shortage.

Burner 1 excess
flow (%)

Burner 2 excess
flow (%)

Burner 3 excess
flow (%)

Burner 4 excess
flow (%)

Burner 5
excess flow (%)

Temperature
deviation (K)

Total fuel flow
rate changes (%)

Case 1 Fail 27.74 23.79 24.23 23.79 3.8 −0.45
Case 2 25% capacity 23.5 19.99 21.45 16.49 0.014 +6.43
Case 3 50% capacity 19.99 12.69 14.44 10.64 0.006 +7.76
Case 4 75% capacity 10.49 8.44 9.03 7.28 0.006 +10.24
Case 5 27.74 Fail 24.38 23.79 23.65 3.1 −0.44
Case 6 22.19 25% capacity 19.12 17.51 18.82 0.011 +2.64
Case 7 17.22 50% capacity 16.19 8.31 11.22 0.002 +2.94
Case 8 10.34 75% capacity 8.89 4.50 6.40 0.002 +5.13
Case 9 24.38 26.42 Fail 27.00 23.79 1.81 +1.59
Case 10 15.32 22.19 25% capacity 21.89 15.61 0.002 +0.01
Case 11 9.91 15.61 50% capacity 16.05 9.62 0.001 +1.19
Case 12 5.22 9.47 75% capacity 8.74 4.91 0.001 +3.34
Case 13 23.65 23.79 24.38 Fail 27.74 2.71 −0.44
Case 14 17.81 16.63 18.53 25% capacity 21.63 0.011 +0.6
Case 15 10.77 8.00 15.91 50% capacity 16.64 0.003 +1.32
Case 16 6.11 4.21 8.74 75% capacity 9.91 0.001 +3.97
Case 17 23.79 24.08 23.65 27.59 Fail 2.8 −0.89
Case 18 15.02 20.00 18.53 22.04 25% capacity 0.013 +0.59
Case 19 9.18 12.98 11.22 18.53 50% capacity 0.006 +1.91
Case 20 5.82 7.57 6.99 9.03 75% capacity 0.0021 +4.41

Table 4: Two-burner failure/firing capacity shortage.

Burner 1 excess
flow (%)

Burner 2 excess
flow (%)

Burner 3 excess
flow (%)

Burner 4 excess
flow (%)

Burner 5
excess flow (%)

Temperature
deviation (K)

Total fuel flow
rate changes (%)

Case 21 50% capacity 50% capacity 28.03 26.43 27.1 7.94 −18.44
Case 22 75% capacity 75% capacity 23.36 19.70 21.02 0.23 +14.08
Case 23 50% capacity 28.03 50% capacity 27.12 26.15 4.9 −18.7
Case 24 75% capacity 22.75 75% capacity 17.07 16.04 0.1 +5.86
Case 25 50% capacity 28.14 26.35 50% capacity 27.14 8.1 −18.37
Case 26 75% capacity 22.08 16.68 75% capacity 19.01 0.31 +7.77
Case 27 50% capacity 28.03 26.15 28.33 50% capacity 9.01 −17.49
Case 28 75% capacity 22.21 17.95 21.02 75% capacity 0.81 +11.18
Case 29 28.33 50% capacity 50% capacity 27.45 26.72 4.37 −17.5
Case 30 17.81 75% capacity 75% capacity 17.1 15.32 0.11 +0.23
Case 31 27.97 50% capacity 27.02 50% capacity 28.03 3.21 −16.98
Case 32 18.32 75% capacity 15.89 75% capacity 17.36 0.11 +1.57
Case 33 27.15 50% capacity 26.02 28.03 50% capacity 3.5 −18.8
Case 34 16.23 75% capacity 14.73 19.71 75% capacity 0.091 +0.67
Case 35 26.57 27.45 50% capacity 50% capacity 28.33 3.01 −17.65
Case 36 14.88 16.78 75% capacity 75% capacity 17.22 0.09 −1.12
Case 37 26.14 27.1 50% capacity 28.03 50% capacity 3.38 −18.73
Case 38 13.76 15.37 75% capacity 21.00 75% capacity 0.09 +0.13
Case 39 27.1 26.13 28.03 50% capacity 50% capacity 3.7 −18.74
Case 40 15.32 13.71 21.00 75% capacity 75% capacity 0.1 +0.03
Case 41 75% capacity 50% capacity 28.03 26.3 27.09 2.98 +6.42
Case 42 50% capacity 75% capacity 28.12 26.45 27.16 3.7 +6.73
Case 43 24.98 75% capacity 50% capacity 25.38 23.96 0.11 −0.68
Case 44 23.86 25.00 50% capacity 75% capacity 24.01 0.019 −2.13
Case 45 24.99 24.16 25.86 75% capacity 50% capacity 0.09 +0.01
Case 46 24.73 23.92 25.48 50% capacity 75% capacity 0.089 −0.87
Case 47 50% capacity 28.33 26.19 28.03 75% capacity 4.96 +7.55
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rate.When the faulty burners are located at the front side of the
furnace the total fuel flow rate increases by about 14 percent.
(is means that a large amount of energy is wasted in long-
term operations of the furnace. Conditions labeled as “Case 41”
to “Case 47” are associated with cases that one faulty burner
runs at 75 percent while the second one only has a half firing
capacity. As presented in Table 4, regarding the faulty burners
located at the two ends of the furnace, despite the considerable
excess fuel flow rate, still a large deviation in outlet temperature
can be observed. Such large outlet temperature changes may
deteriorate the quality of distillation products.

(e outlet temperature deviations reach their maximum
values as the firing capacity of two burners reduced by 50
percent (Table 4). In these cases, considerable decreases in the
total fuel flow rate can be observed, and it is clear that it is
impossible to recover the furnace from abnormal conditions.
For more than two faulty burners (e.g., three burners with 75
percent of firing capacity), it is impractical to recover the
furnace to continue its operation at nominal load. In such
cases, the furnace should inevitably be shut down or run
under lower load conditions. In Table 5, the required fuel flow

rates associated with the furnace load at different conditions
are presented. As can be seen, there are no considerable
changes in the fuel/load ratio. (is allows dealing with ab-
normal situations by reducing the process load.

It should be noted that running fired-heater furnaces
at low load conditions is not economically affordable, due
to huge energy waste in the upstream and downstream
units [7]. In addition, by reducing the crude process
flow rate, the fouling rate would increase inside the tubes
[44].

5.2. Steady-State Model: Training and Validation. (e ob-
tained data from the optimization process were employed to
develop the NN model as the core of the abnormal man-
agement system (AMS). (e structure of the proposed
system is shown in Figure 4, in which a bank of multi-input-
single-output (MISO) models are employed as the reference
estimators. For each burner, an individual MLP model with
five inputs and one output was considered. (e firing ca-
pacity of burners, which is defined as the ratio of actual fuel
flow rates to its nominal values, was employed as the models’

Table 5: Fuel flow rate changes versus furnace load for economic operation evaluation.

Process load
(kg/s)

Process load
changes (%)

Fuel flow
rate (kg/s)

Fuel flow
rate changes (%)

Tube surface
temperature (K)

Efficiency
(%)

7.3190 −35 0.04351 −36.4075 674.5 74.32
7.882 −30 0.04742 −30.6928 675.9 75.49
8.445 −25 0.05126 −25.0804 677.1 76.47
9.008 −20 0.05489 −19.77 679.4 77.27
9.571 −15 0.05839 −14.659 680.4 77.94
10.134 −10 0.06182 −9.6463 681.6 78.53
10.697 −5 0.06519 −4.7208 683 79.05
11.26 Nominal 0.06842 Nominal 683.9 79.5
11.823 +5 0.07161 +4.6624 685.4 79.9
12.386 +10 0.07465 +9.1055 685.9 80.25
12.949 +15 0.07751 +13.2856 687.1 80.56
13.512 +20 0.08038 +17.4803 688.5 80.84
14.075 +25 0.08321 +21.6165 690 81.1
14.638 +30 0.08594 +25.6065 691.4 81.34

MUX

Bank of neural networks

Fuel flow rate setpoint #1

Fuel flow rate setpoint #2

Fuel flow rate setpoint #3

Fuel flow rate setpoint #4

Fuel flow rate setpoint #5

Neural network #1

Neural network #2

Neural network #3

Neural network #4

Neural network #5

Burner #1 operating conditions

Burner #2 operating conditions

Burner #3 operating conditions

Burner #4 operating conditions

Burner #5 operating conditions

Figure 4: Structure of the neural network model.

10 International Journal of Chemical Engineering



inputs (x ∈ [0, 1]). (e corrective positions for control valves
were also considered as the models’ output (y ∈ [0, 1.3]). (e
number of neurons in the hidden layer Nh, based on (17),
would be equal to 11. (e data were collected for 47 data
points, which are divided into training (70%), testing (15%),
and validation (15%) subsets.

In order to assess the performances of the developed
models, the coefficient of determination (R2) and mean
square error (MSE) are employed, as shown below:

R
2

� 1−


n
i�1 y∗i −y

(i)
i 

2


n
i�1 y∗i −y( 

2
⎛⎝ ⎞⎠,

MSE �
1
n



n

i�1
y
∗
i −yi( 

2
,

(21)

where y is the average of y over the n data, and y∗i and y(i)
p

are the ith target and predicted responses, respectively.

Table 6: (e performances of the developed neural network estimator.

NN model Burner 1 Burner 2 Burner 3 Burner 4 Burner 5

R2
Train 0.9997 0.9991 0.9969 0.9999 0.9991
Test 0.9931 0.9992 0.9901 0.9944 0.99601

Validation 0.9941 0.9943 0.9975 0.9987 0.9921

MSE
Train (×10−5) 7.3233 3.2427 3.99622 36.274 73.379
Test (×10−4) 6.3474 17.91 22.217 6.1263 11.521

Validation (×10−4) 0.11646 24.157 17.34 51.057 34.751
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Figure 5: A schematic of control system configuration for a fired-heater furnace unit.
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(e performances of the developed models are presented in
Table 6.

(e developed neural networks were employed to
rearrange the setpoints for the burners’ control system based
on the detected failures. (e developed NN model could
estimate the reference setpoints for each burner by in-
terpolating the untrained inputs in new situations.

5.3. Simulation Experiments. In order to evaluate the per-
formances of the proposed control system, simulation experi-
ments were carried out in MATLAB Simulink environments. A
schematic of the furnaces control systems is presented in Fig-
ure 5. With the occurrence of an event, for example, flame
impingement, the corrective action by the operator is to reduce
the flame height. In this case, the controller could automatically
set the appropriate desired flow rate for other healthy burners to
recover the furnace fromabnormal conditions. Bymeasuring the
actual fuel flow rates, the corrective actions can be estimated by
a bank of neural network models in order to compensate for the
heat balance inside the furnace.

(e operator is able to shut off the burners by a trip
command or can set new setpoints for flow controllers from
the control panel. Manual closing of the valves or controlling
the fuel flow rate for burners in the field can be also detected
by the control system. In case of abnormal situations or
burner failures, the control system would be able to response
appropriately to the new conditions. In Figure 6(a), the
responses of the system, as burner #3 loses 80% of its
nominal heat capacity, are presented.

(is example shows that the AMS is able to detect the
fault immediately after its occurrence andmodify the burner’s
valve position, as shown in Figure 6(b). (e obtained results
indicate the feasibility and effectiveness of the developed con-
troller in dealing with abnormal conditions.

6. Conclusion

In this study, steady-state neural network models were de-
veloped for estimating the fuel flow rate setpoints for the
combustion control system to recover an industrially fired-
heater furnace from abnormal conditions. Constrained non-
linear optimization problems were solved using the genetic
algorithm to find appropriate firing rates for healthy burners
to compensate the heat losses due to failures, where the
recorded data are used for training the NN models. (e
performances of the proposed system were evaluated at
different burners’ failure situations. (e obtained results
indicate the applicability of a model-based optimization
approach to find the required firing rate for recovering the
furnace from abnormal conditions. (is provides con-
ceptual basis for designing real-time abnormal manage-
ment systems (AMS) for fired-heater furnaces.

(e steady-state neural models can be used in real-time
optimization in order to improve the operational performance
of control systems. By considering the economic indices, the
developed neural network models can be also employed as the

core of economic model predictive controllers (EMPC).
Attaining higher control performances and reducing energy
wasting can be expected by combining these techniques.

Appendix

In Figure 7, the geometric description for the tube and flame
is presented.

(e view factor of node 2 lying on a cylindrical surface
(tube) and node 1 lying on plane work-piece (flame) can be
calculated by the following relation [45]:
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Figure 6: (a) Simulation result of the system. (b) Burner’s valve
positions response when burner 3 lost 80% of its nominal heat capacity.
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where S indicates the distance between the center of plane
element (flame) and the center of the cylindrical element
(tube) that can be calculated as

S �

������������������������

(x + 0.5L−d)2 +(y− a)2 + z2


. (A.2)

In addition, Δis is calculated with respect to the di-
mensions of the flame and tube as follows:
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(e overall view factor of the flame for each tube
subsection can be obtained by integrating F12 into the
corresponding region [24]. (e length of L1 � L2 and are
equal to the flame width, L. It should be noted that the
boundary of integration would change with respect to
the position of each zones. We have obtained the
following:

F �
1

H L


H

0

β

α
F12 dxdy,

α � (i− 1) × L, β � i × L, i � 1, . . . , 5.

(A.4)

View factors were obtained by numerical evaluation of
integral equations in MATLAB. Due to symmetric ge-
ometry of the firebox, view factors were calculated only for
one side, which would considerably reduce computational
efforts.
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