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ABSTRACT
Stabilization of the carbon monoxide (CO) in the waste gas is a common technical problem in many industrial
plants. Stabilization can be performed continuously by regulating the fuel input or by regulating the exhaust gas
draught. This paper proposes an adaptive control system for CO stabilization in waste gases based on a discrete
controller. Heuristic adaptation of a discrete controller is based on continuous optimization of controller parameters. The advantage of this solution is that the control system does not need to perform the identification of the
controlled system repeatedly. The parameters of the controller are dynamically optimized during the production
process. By regulating the under-pressure, we change the amount of air supplied to the combustion chambers,
which affects the combustion of gaseous fuel and also the concentration of CO in the waste flue gas. The control
algorithm was verified for the combustion process in coke making. The proposed control achieved good stabilization quality when verified in simulation and also in an industry operation. The CO level at which the waste gas
temperature was highest was selected as the setpoint. It was found that the stabilization of CO in waste gas to lower
values is possible to achieve higher waste gas temperature and by that, higher temperatures in heating chambers.
Keywords: heuristic adaptation, adaptive control, discrete controller, dynamic optimization, coking, waste gas
control, carbon monoxide.

INTRODUCTION
Coke is a necessary component for the production of iron and steel. Nearly 65% of the worldwide steel production takes place via the so-called
pig iron (hot-metal route), which is produced in the
blast furnace from iron ore by use of coke [9].
Coal coking takes place in coke-oven batteries. The coke-oven battery is a large heat unit with
high energy consumption and problematic operation. One of the main physicochemical processes
is the heating gas combustion process. The essence of gas combustion is the chemical reaction
of combustible components in flue gas with oxygen and the conversion of starting substances into
new compounds. It is necessary to solve its perfect combustion to ensure the efficient use of the
chemical energy of the fuel. In incomplete combustion, some of the heat is lost because the oxidation of the fuel does not take place sufficiently.
When burning gases with a lower calorific value,

the loss due to incomplete combustion is indicated by the content of carbon monoxide (CO) in the
flue gas. This article proposes a heuristic adaptive control system of waste gas exhausting in a
coke-oven battery, which is based on two levels,
i.e., stabilization and optimization. The aim is to
stabilize CO in waste flue gases. The stabilization level is based on a discrete controller, and
the optimization level is based on an optimization
method. The heuristic adaptation mechanism is
an optimization level of control that continuously
adapts the controller parameter for the controlled
system. The optimization level will also find the
optimal CO setpoint so that the highest temperatures are reached in the coke-ovens when heating
the coal. This optimal value of CO in the waste
gas is optimal from the point of view of the thermal heating regime. The higher the flue gas temperature, the greater the heat flux to the charge.
The proposed control system is based on the possibility of regulating draught of waste gas (i.e.,
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relative under-pressure) using a system of control flaps in the smoke channels of the coke-oven
battery. By changing the waste gas draught, the
amount of intake air changes, and thus indirectly
changes the gas-air combustion ratio by changing the combustion ratio, the composition of the
waste gas changes and, therefore, the monitored
level of CO in the waste gas.
Understanding coke making
The coking takes place in coke ovens of the
battery that include heating walls and coke chambers. The battery also contains regenerators, gas
armatures, carbonation gas removal equipment,
pusher machine (i.e., extruder), smoke ducts,
footings, and a smoke-stack.
Each coking chamber has two heating walls.
The principle of coke production is carbonization, which can be defined as the decomposition
of coal under the influence of heat in the absence
of air. In this process, a solid carbon unit (i.e.,
blast furnace coke) is formed from the coal, and
gaseous carbonation products escape. Coal is
converted into coke by heating the prepared coal
blend charge in the coke ovens in the absence of
air at a temperature of 1000–1050°C for 16–19
hours [29, 33].

The coke-oven battery has horizontal coking
chambers, which are heated by gas based on a
regeneration system and are equipped to capture
the chemical products of coking. A by-product
of coke production is raw coke oven gas, which
is cooled in the countershafts and discharged
through pipelines for further processing (see
Figures 1 and 2). The battery is usually heated
by coke-oven gas or mixture gas, i.e., a mixture
of blast furnace and coke-oven gas. Elbow boxes
ensure air supply to the regenerators and flue gas
discharge into the side smoke flues. The alternation equipment provides automatic switch (i.e.,
alternation) of heating periods at regular intervals (i.e., so-called reversal). The cooking time
is the time of the carbonization, i.e., the time
from the occupation of the chamber by the coal
to the maturation of the coke. The coke in the
chamber is considered mature when the temperature in the seam reaches 1000 °C. A coke-oven
battery is usually made up of several blocks, and
each block has several coking chambers (e.g.,
three blocks and each block has 30 chambers).
Each block has its coking and machine side, i.e.,
the side from which the coke is dumped and the
side where the pusher machine pushes the coke
onto the coke side. Regenerators are used to preheat the mixture of fuel gas and air.

Fig. 1. General scheme of coke-oven battery: 1 – base plate; 2 – flue-gas leadings with connection channels; 4, 3 – air channel; 5 – channels for cooling base plate; 6 – elbow boxes; 7 – supply channel for air
or blast-furnace gas; 8 – heat regenerators; 9 – calibrated grates; 10 – filler of regenerators; 11 – pipe
of blast-furnace gas; 12 – pipe of coke-oven gas; 13 – feed piping of coke-oven gas to distribution
channels; 14 – sloping channels; 15 – heating channels; 16 – coke chambers; 17 – observation channels above heating channels; 18 – roof the battery; 19 – filler holes; 20 – holes for rising pipes [15]
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Fig. 2. Cross-section of coke-oven battery with pusher machine: 1 – coke chamber; 2 – crosswise regenerators;
3 – flue-gas leadings with base plate; 4, 5 – the roof of the battery; 6 – filler holes; 7 – chamber door on coke side; 8 – chamber door on machine side; 9 – chamber floor;
10 – Distribution channel; 11 – charging car; 12 – pushing and aligning machine; 13 – leading car;
14 – quench car; 15 – rising pipes; 16 – countershafts; 17, 18 – inlet pipe of gas;
19 – supply of coke-oven gas; 20 – supply of blast-furnace gas) [15]

In the side smoke ducts, which are made of
chamotte bricks, there are large-sectional control
flaps for under-pressure regulation and gas analyzers designated for the analysis of CO and O2 in
the waste gas. In addition, the controlled underpressure (i.e., waste gas draught) and waste gas
temperature are measured. The construction of
the smoke-stack ensures a reliable draught of the
flue gases. A detailed principle of coking in various types of coke-oven batteries can be found in
[15, 26, 35].
Overview of coking control
Research in the field of coke making, the process control focuses on various elementary coking processes in different ways. Unfortunately,
the studies that solve automatic control of combustion are still missing.
Sadaki et al. [29] have proposed an automatic coking control system that stabilizes coke
production in a coke-oven battery. The proposed
optimal control minimizes the energy problem by
minimizing the objective function [29].
Controlling coking pressure is one of the most
important aspects of the coke making process.
Research in [22] has proposed control by selective crushing of high coking pressure coal. Özden
has investigated coking time and temperature on
metallurgical coke production by using a mixture
of coking and non-coking coal [23].

Some authors have used machine learning
and artificial intelligence approach to control
process variables in coke making. Intelligent optimization and control of the coking process were
well discussed in [39]. Support vector machinebased predictive functional control design for
the output temperature of the coking furnace was
applied in [46]. In [17], a modified radial basis
function neural networks model was proposed to
solve the control problem of the flue temperature
in the coke oven.
Su et al. [32] have proposed an advanced control of coking formed by integrating a predictive
functional controller with a traditional proportional-integral-derivative controller in cascade
architecture with a feedforward compensator
designated for disturbance rejection. The application results indicate that the advanced control
can significantly improve the performance of the
delayed coking furnace unit in terms of the outlet
temperature of the furnace and oxygen concentration of the chimney [32]. Similarly, a combination of PID control and predictive functional
control of the coking furnace was investigated in
[45]. Adaptive state feedback predictive control
and expert control for a delayed coking furnace
were studied in [47].
The control of coking from the chemical point
of view was well discussed in [33]. The research
in this work also focused on the management of
environmental pollution in the production of coke
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[36]. In literature, the proposal of an advanced
control strategy for coking flue gas processing
from a coking plant can also be found in [1, 16].
Adaptive control in industry systems
The vast majority of processes in industrial
practice are stochastic. However, conventional
controllers with fixed parameters are not suitable for controlling such processes, because
with changed process parameters, its control is
not optimal, and there is a loss of material, energy, and reduced equipment life. The change
of process parameters is given by the change of
the operating mode, changes in the properties
of raw materials, fuel, and aging of the equipment. Fixed controllers cannot handle such
process changes.
It is similar in the case of the coking process,
wherein the coke-oven battery there is a so-called
alternated (i.e., in regenerators), the various temperature of batch (i.e., coal), different composition and type of fuel, the natural under-pressure
at the outlet (i.e., the effect of weather conditions)
and the fuel flow at the inlet.
One of the ways to increase the quality of
such processes is the use of adaptive control
systems. The adaptive control system adapts
the parameters or structure of the controller to
changes in the parameters or structure of the
controlled system. Adaptation to a change in
the parameters of the controlled system can be
made by changing the parameters, the structure
of the controller, or by generating a suitable additional input signal and repeating the identification of the system.
The adaptation can be understood as a higher
level of feedback that changes the parameters of
the controller. Currently, there are three basic approaches to adaptive control, i.e., adaptive control
systems based on a heuristic approach, self-tuning controllers (STC) with explicit identification,
STC with implicit identification, and adaptive
systems with a reference model (i.e., model reference adaptive systems).
In the literature, we can find various applications of adaptive control focused on combustion
processes (e.g., [13, 24]). Applications of optimal, adaptive, and predictive control for combustion processes are also known (e.g., [43]).
A self-tuning algorithm based on the continuous identification of the heating system in the
furnace was applied in [25]. The least-squares
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method was used to estimate the parameters of
the model. The parameters of the discrete PI controller for combustion control were continuously
adapted by an optimization algorithm using a process model. The proposed adaptive stabilization
can be used for any size of furnace [25].
Control of electrical resistance furnace based
on recursive finitely-convergent parametric identification procedure was presented in [31]. The
control law is derived on the basis of an adjustable discrete-time dynamic model of a furnace.
In [20], the optimal adaptive-prediction control of spark-ignited combustion engine based on
model predictive control (MPC) scheme with a
linear prediction model was applied. The aim was
to reduce fuel consumption and prevent undesired
operation of the combustion machine. The proposed adaptive controller was compared in simulation with an infinite linear-quadratic regulator
(LQR) [20].
Another approach to the control of industry
combustion furnace was based on the feedforward-fuzzy decoupling control algorithm, which
combines fuzzy control and feedforward compensation decoupling [8].
The principle of self-tuning PID controller
based on a direct-search optimization controller’s
parameters can be found in [10]. In this work, an
objective function that measures the quality of
control performance is optimized by a succession of small adjustments to the three PID tuning
constants. This technique provides optimal tuning
for almost any loop that can be controlled by PID
[10]. Various structures, variants of PID controllers, and self-optimizing control techniques can
be found in [12].
In order to reduce oscillations of temperature in chambers under parameter uncertainties,
a decentralized adaptive controller was developed in [34]. The principle of PID controller
tuning by optimization method was also applied
in [30]. The tuning optimization procedure was
based on response surface approximation and
numerical optimization based on automated design synthesis (ADS), where the ISE criterion
was minimized [30].
Good results in comparison with the
Ziegler-Nichols method were also obtained in
PID controller tuning by E. Coli foraging optimization [41]. In [7], the unconstrained optimization method was used in the parametric optimization of PID and PI controller. It
is a new and advanced method of numerical
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parametric optimization. Recently, a predictive functional control algorithm as an original
PID tuning method was developed [44]. This
approach was applied to chamber pressure stabilization in a coke furnace. The quality of control was compared with the control based on
the Ziegler-Nichols method [44]. In research,
the investigation of PID controller optimization
based on an adaptive fuzzy tuner can be found
[40]. There were investigated PID parameters
optimizations based on Glowworm Swarm. Results have shown that the proposed method has
good adaptability in terms of the optimization
parameter and algorithm convergence [38].
Some research work focused on industrial applications uses artificial intelligence
methods. For example, the PID controller tuning method based on ant colony optimization
(ACO) can be found in [6]. This algorithm in
an intelligent algorithm that is inspired by the
behavior of ants looking for food sources in
groups with traces of pheromone left behind.
ACO computing can found the optimal parameters of the PID controller after several iterations. Other studies have proposed and applied
a novel limited evaluation evolutionary optimization algorithm (LEEA) to adapt PID controllers [28]. The method that utilizes an adaptive
genetic algorithm (AGA) for tuning parameters
of the PID controller was proposed in [48].
Comparing traditional manual tuning PID with
the AGA PID controller shows that AGA can
improve system performance indicators. Recently, the utilization of a particle swarm optimization algorithm (PSO) for continuous tuning of the PID controller has been increased
[42, 27] in industry applications.

Unfortunately, in the most application of heuristic adaptive control based on optimization, only
a simulation study was performed with a lack of
practical implementation. Simulation results have
shown that the controller’s optimization can improve the quality of control [21]. When using the
Ziegler-Nichols method in design, the optimization can decrease overshoots of the stabilized
process variable [21]. In [37], data-driven PID
controller optimization was investigated. In this
proposal, Just-in-Time learning modeling was
applied. This approach shows a new method for
solving the nonlinear system control problem [37].
Adaptive controllers based on a heuristic approach ensure adaptability directly by evaluating the behavior of the controlled variable (e.g.,
evaluation of control error) or a selected criterion
of the quality of the control performance [3]. The
discrete controller algorithm is used as the control
algorithm, and the oscillation measure of the controlled variable or the integral criterion is usually
selected as the control quality criterion.
This approach does not require repeated identification of the controlled system. The identification of the system can be used in the case of an
initial estimate of the controller parameters, e.g.,
from a discrete model of a controlled system. The
block diagram of the heuristic approach to adaptive control is shown in Figure 3.
In the synthesis of such regulators, the effort is to optimize the criterion that quantifies the
course of the control performance. This approach
meets the requirements of practice and is also
suitable in terms of the robustness of the controller. One of the successful applications is the heuristic approach to adaptive control proposed by
Maršík [19].

Fig. 3. A heuristic approach to adaptive control (where w is desired value, i.e., setpoint, e is control error, u is actuating or manipulating variable, n is a disturbance, y is measured variable, i.e., controlled variable and q is the vector of adapted controller’s parameters), (modified after [5])
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For a small sampling period Ts, it is possible to
𝑡𝑡
determine the discrete PID
by discretiz1 controller𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) + ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑 + 𝑇𝑇𝐷𝐷
]
𝑇𝑇𝐼𝐼 the equation𝑑𝑑𝑑𝑑of the coning the individual parts of
0
tinuous PID controller, i.e., the integral is replaced
by the sum and the derivative by the difference
𝑡𝑡
(i.e., by applying
the forward1rectangular method).
𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) + ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑]
𝐼𝐼
After the adjustment of 𝑇𝑇(1),
the final form of
0
the discrete PID controller is obtained:

DESIGN OF DISCRETE CONTROLLER

Currently, most industrial processes are controlled by continuous and discrete PID controllers
(i.e., proportional-integral-derivative). Control algorithms based on PID controllers are among the
most popular and efficient. The popularity of these
regulators lies in their broad application and their
functional simplicity. The controller parameters
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
𝑇𝑇𝑠𝑠 𝑡𝑡
𝑑𝑑𝑑𝑑(𝑡𝑡)
= 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] + 1𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]
labeled as KP, TI, and TD are the proportional, inte𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) +𝑇𝑇𝐼𝐼 ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑 + 𝑇𝑇𝐷𝐷
]
𝑇𝑇𝐷𝐷
𝑇𝑇𝐼𝐼 𝑡𝑡
𝑑𝑑𝑑𝑑
gral, and derivational time constants of the control(3)
+ (𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] − 𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇𝑠𝑠 − 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 )] =
0
𝑇𝑇𝑠𝑠
1
𝑑𝑑𝑑𝑑(𝑡𝑡)
ler. Industrial controllers allow independent setting
𝑢𝑢(𝑡𝑡)
+ 𝑇𝑇𝐷𝐷 𝑇𝑇𝐷𝐷 ]
𝑇𝑇𝐷𝐷= 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) + 𝑇𝑇𝑠𝑠 ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
𝑇𝑇𝐷𝐷
= 𝐾𝐾𝑃𝑃 [(1 + ) 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + (−1 +𝑇𝑇𝐼𝐼 − 2 ) 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] +
𝑑𝑑𝑑𝑑𝑇𝑇 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 ]]
of all three parameters, or by a suitable choice of
𝑇𝑇𝑠𝑠
𝑇𝑇𝐼𝐼 0𝑡𝑡 𝑇𝑇𝑠𝑠
𝑠𝑠
1
𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑡𝑡 ]
)
]
=
𝑞𝑞
𝑒𝑒(𝑘𝑘𝑇𝑇
+
𝑞𝑞
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
+
𝑞𝑞
𝑒𝑒[(𝑘𝑘
−
2)𝑇𝑇
0
𝑠𝑠
1
𝑠𝑠
2
𝑠𝑠
parameters to change the structure of the control𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) + ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
+ 𝑇𝑇𝐷𝐷
]
1
𝑇𝑇𝐼𝐼 + ∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡)
]𝑇𝑇𝑑𝑑𝑑𝑑 𝑇𝑇
ler to another type, i.e., P, I, PI, PD, PID. The most
𝑇𝑇𝐷𝐷represents
0 𝑇𝑇𝐼𝐼
𝐷𝐷
𝑠𝑠
where: k𝑞𝑞parameter
discrete
time
(1 + 2 − ), step,
0 = 𝐾𝐾𝑃𝑃 (1 + 𝑇𝑇 ), 𝑞𝑞1 = −𝐾𝐾
0𝑡𝑡 𝑃𝑃
𝑇𝑇𝑠𝑠
𝑇𝑇
𝑠𝑠
common controller design methods are the domi1
𝑇𝑇
e(k) is control
deviation
in step
k,𝐼𝐼 i.e., e(k)
𝑞𝑞2 𝑡𝑡+
= 𝐾𝐾𝑃𝑃 ∫𝐷𝐷 ,𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑]
𝑢𝑢(𝑡𝑡)
=
𝐾𝐾
[𝑒𝑒(𝑡𝑡)
𝑃𝑃
nant roots method, the Ziegler-Nichols method, the
1
𝑑𝑑𝑑𝑑(𝑡𝑡)the sam𝑇𝑇𝐼𝐼T𝑇𝑇𝑠𝑠 represents
==w(k)
– y(k),
𝑢𝑢(𝑡𝑡)
𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡)
+ and
∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
]
0s𝑡𝑡 + 𝑇𝑇𝐷𝐷
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇
𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =𝑇𝑇
optimal modulus method, the symmetric optimum
𝑑𝑑𝑑𝑑 (i.e., set1
𝐼𝐼 𝑠𝑠 )Desired
pling
period
(s).
value
∆𝑢𝑢(𝑘𝑘𝑇𝑇
= 𝑢𝑢(𝑘𝑘𝑇𝑇
− 1)𝑇𝑇
𝑠𝑠 ] =
𝑇𝑇𝑠𝑠 )𝑠𝑠[𝑒𝑒(𝑡𝑡)
0+ − 𝑢𝑢[(𝑘𝑘
𝑢𝑢(𝑡𝑡)
=
𝐾𝐾
∫
𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
]
= 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] + 𝑃𝑃 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇
method, and the inverse dynamics method.
𝑇𝑇𝐼𝐼)𝑠𝑠𝑇𝑇] ] + 𝑞𝑞 𝑒𝑒[(w(k).
point)
𝑇𝑇+𝐼𝐼 𝑞𝑞1 𝑒𝑒[(by
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘is
𝑇𝑇𝑠𝑠 )given
𝑘𝑘 − 1variable
𝑘𝑘 − 2)𝑇𝑇Variable
2
𝑠𝑠 ]
0 𝑠𝑠
∆𝑢𝑢(𝑘𝑘𝑇𝑇
𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
𝑇𝑇
If parameters of the continuous controller are
𝐷𝐷
y(k)
is 𝑠𝑠a] −controlled
i.e.,
measured
𝑇𝑇𝑠𝑠 − 1)𝑇𝑇𝑠𝑠 variable,
+ (𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇
𝑒𝑒[(𝑘𝑘
− 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇
𝑠𝑠 )] =
= 𝐾𝐾
𝑇𝑇𝑠𝑠𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] + 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]𝑡𝑡 −1
satisfactory concerning the quality of control, we
𝑇𝑇𝐼𝐼𝑈𝑈(𝑧𝑧)is stabilized
𝑞𝑞 + 𝑞𝑞 𝑧𝑧 + by
𝑞𝑞2 𝑧𝑧 −2
variable,
that
the
discrete
] 𝑠𝑠= =𝑇𝑇𝐷𝐷01 1
𝑇𝑇𝐷𝐷 𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘
𝑇𝑇
∆𝑢𝑢(𝑘𝑘𝑇𝑇
1)𝑇𝑇
(𝑧𝑧)
𝐺𝐺𝐶𝐶−
=𝑠𝑠𝑇𝑇
𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇
𝑇𝑇
𝐷𝐷 [(1
−1
𝑢𝑢(𝑡𝑡)
=
𝐾𝐾
[𝑒𝑒(𝑡𝑡)
+
∫
𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
] )] 𝐷𝐷=𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 ]]
can determine the discrete form directly from the
)
=
𝐾𝐾
+
)
𝑒𝑒(𝑘𝑘𝑇𝑇
+
(−1
+
−
2
)
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
𝐸𝐸(𝑧𝑧)
1 𝑧𝑧− 2)𝑇𝑇
𝑃𝑃to
𝑠𝑠− 1)𝑇𝑇𝑠𝑠 ] − 𝑇𝑇
𝑠𝑠 ] +
+ 𝑃𝑃 (𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 )𝑇𝑇− 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇
−
𝑒𝑒[(𝑘𝑘
controller
𝑠𝑠𝑇𝑇 w(k).
𝑠𝑠
𝑠𝑠
𝑇𝑇𝑠𝑠
𝑇𝑇𝐼𝐼𝑠𝑠 ]
𝐼𝐼
𝑇𝑇𝑃𝑃𝑠𝑠 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) 𝑠𝑠− 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] + 𝑒𝑒[(𝑘𝑘
= 𝐾𝐾
−𝑇𝑇𝑠𝑠1)𝑇𝑇
0
expression in a continuous form. However, this
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) 𝑇𝑇
+𝐷𝐷𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] +𝑇𝑇𝑞𝑞𝐼𝐼𝑇𝑇2𝑠𝑠𝑒𝑒[(𝑘𝑘 −
2)𝑇𝑇𝑠𝑠 ]
𝑇𝑇
𝑇𝑇
𝐷𝐷
𝐷𝐷
∆𝑢𝑢(𝑘𝑘𝑇𝑇
𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ))−𝑒𝑒[(𝑘𝑘
𝑢𝑢[(𝑘𝑘−
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠]] =
= 𝑇𝑇𝐾𝐾𝐷𝐷𝑃𝑃(𝑒𝑒(𝑘𝑘𝑇𝑇
[(1If+substitutional
)𝑒𝑒[(𝑘𝑘
𝑒𝑒(𝑘𝑘𝑇𝑇−
+ (−1
+𝑠𝑠 ) =−
+ 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 ]]
variables:
procedure assumes that the calculation of the pa𝑠𝑠 ) 1)𝑇𝑇
+
−21)𝑇𝑇
𝑠𝑠 )𝑇𝑇−
𝑠𝑠 ] − 𝑒𝑒[(𝑘𝑘
𝑠𝑠 − 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 )]𝑇𝑇=
𝑇𝑇
𝑇𝑇
𝑠𝑠
𝐼𝐼
𝑠𝑠
𝑠𝑠
𝑇𝑇𝑠𝑠
𝑇𝑇𝐷𝐷 𝑠𝑠 ] =
)
∆𝑢𝑢(𝑘𝑘𝑇𝑇
− ]1)𝑇𝑇
𝑇𝑇𝑠𝑠 ] (1 + 2 𝑇𝑇𝐷𝐷 − 𝑇𝑇𝑠𝑠 ),
rameters of the continuous controller is performed
𝑠𝑠𝑠𝑠 ) =)𝑢𝑢(𝑘𝑘𝑇𝑇
=−𝐾𝐾𝑢𝑢[(𝑘𝑘
+𝑠𝑠𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇
𝑞𝑞
=
−𝐾𝐾
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇
+𝐷𝐷𝑞𝑞𝑞𝑞01𝑠𝑠𝑠𝑠𝑒𝑒[(𝑘𝑘
1)𝑇𝑇
+)𝑠𝑠𝑞𝑞𝑇𝑇,2𝑠𝑠𝑠𝑠𝑒𝑒[(𝑘𝑘
−𝐷𝐷−2)𝑇𝑇
𝑠𝑠 𝑇𝑇
𝑠𝑠
𝑃𝑃−(1
1
𝑃𝑃
)
]]
𝑇𝑇
𝑇𝑇
= 𝐾𝐾
+
(1
)
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
=
𝑠𝑠 𝑠𝑠
𝐷𝐷𝑇𝑇𝐼𝐼
𝑇𝑇𝑠𝑠𝑇𝑇𝑠𝑠𝑠𝑠
= 𝐾𝐾
𝐾𝐾𝑃𝑃𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇
[(1 +𝑠𝑠 ) −) 𝑒𝑒[(𝑘𝑘
𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠−) +
(−1
+ − 2 1)𝑇𝑇
) 𝑇𝑇𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇𝑠𝑠 ]𝑇𝑇+
𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇
(4)𝑠𝑠 ]]
𝐼𝐼
=
1)𝑇𝑇
by known methods (e.g., Naslin, Ziegler-Nichols,
𝑠𝑠𝑠𝑠 ] + 𝑇𝑇𝑒𝑒[(𝑘𝑘 −
𝑃𝑃
𝑠𝑠 𝑇𝑇𝑠𝑠
𝑇𝑇𝐾𝐾𝑠𝑠 𝑇𝑇𝐷𝐷𝑠𝑠𝑠𝑠 ],
𝑇𝑇𝑠𝑠
𝐼𝐼
𝑞𝑞
=
𝑇𝑇
𝐼𝐼
2
𝑃𝑃
𝑇𝑇𝐷𝐷 𝐼𝐼
𝑇𝑇
𝑇𝑇
𝐷𝐷
𝑠𝑠
𝑇𝑇
𝑇𝑇
𝑠𝑠𝑠𝑠 (1 + 2
optimal model, standard shapes, etc.) and the only
)𝑞𝑞𝑠𝑠,2)𝑒𝑒[(𝑘𝑘
),
= 𝐾𝐾−
=
−𝐾𝐾
]) 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] −
= 𝑇𝑇
𝑞𝑞𝐷𝐷 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) )+𝑞𝑞𝑞𝑞01 𝑒𝑒[(𝑘𝑘
1)𝑇𝑇
+
−
𝑃𝑃 (1
𝑃𝑃
= 𝐾𝐾+
−𝑞𝑞
(12)𝑇𝑇
− 𝑠𝑠𝑒𝑒[(𝑘𝑘
𝑠𝑠𝑃𝑃]𝑒𝑒(𝑘𝑘𝑇𝑇
𝑇𝑇𝑠𝑠𝑒𝑒[(𝑘𝑘
+ 𝐷𝐷0 (𝑒𝑒(𝑘𝑘𝑇𝑇
−𝐾𝐾1𝑃𝑃1)𝑇𝑇
− 2)𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠)]==𝑇𝑇𝐼𝐼
𝑠𝑠𝑠𝑠 − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠𝑠𝑠 ] −
𝑠𝑠𝑠𝑠 −
𝑇𝑇
𝑇𝑇𝐷𝐷𝐼𝐼
requirement is then to determine its equivalent𝑇𝑇𝑠𝑠𝑠𝑠 are
established,
then
the𝐾𝐾𝑃𝑃𝑞𝑞𝑢𝑢[(𝑘𝑘
recursive,
] i.e.,𝑇𝑇 velocity
𝑞𝑞2 =
, −−1)𝑇𝑇
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 )𝑇𝑇=
=
𝑠𝑠 ) −
𝑞𝑞𝑢𝑢(𝑘𝑘𝑇𝑇
𝑒𝑒[(𝑘𝑘
1)𝑇𝑇𝑠𝑠𝑠𝑠 ] 𝑇𝑇=
𝑇𝑇𝐷𝐷
𝐷𝐷 𝑇𝑇𝐷𝐷 𝑠𝑠
0𝑠𝑠𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 )𝑇𝑇+
1𝑇𝑇
𝑠𝑠
𝑠𝑠 𝑞𝑞 =𝐷𝐷
𝐷𝐷 −𝐾𝐾
(1
), form:
expression in discrete form. Such a controller =is𝐾𝐾𝑃𝑃𝑃𝑃 [(1form
= the
𝐾𝐾𝑠𝑠𝑃𝑃) (1
+ 𝐷𝐷+)𝑇𝑇
,
+ 2𝑠𝑠 ]has
1
𝑃𝑃
+ 𝐷𝐷𝑞𝑞)0of
𝑒𝑒(𝑘𝑘𝑇𝑇
+
(−1
−
2
)
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
+−𝐷𝐷𝑇𝑇𝑒𝑒[(𝑘𝑘
− 2)𝑇𝑇𝑠𝑠𝑠𝑠 ]]
discrete
PID
controller
𝑠𝑠
𝑠𝑠 𝑇𝑇𝑠𝑠 𝑇𝑇the
𝑠𝑠 𝑇𝑇
𝐼𝐼 ]
𝑇𝑇𝑠𝑠𝑠𝑠= 𝑞𝑞0 𝑒𝑒(𝑘𝑘
𝑇𝑇
(
)
(
𝑇𝑇𝑠𝑠 ) +𝑇𝑇𝑞𝑞
𝑒𝑒[
𝑘𝑘
−
1
𝑇𝑇
]
+
𝑞𝑞
𝑒𝑒[
𝑘𝑘
− 2𝑠𝑠𝑠𝑠)𝑇𝑇
𝑠𝑠𝑠𝑠 𝑇𝑇𝑠𝑠
1 𝐼𝐼𝐼𝐼
2
𝑠𝑠
𝐷𝐷
implemented today by microcomputer systems
)
)
]
∆𝑢𝑢(𝑘𝑘𝑇𝑇
=
𝑢𝑢(𝑘𝑘𝑇𝑇
−
𝑢𝑢[(𝑘𝑘
−
1)𝑇𝑇
=
𝐾𝐾𝑃𝑃2)𝑇𝑇𝑠𝑠,]
𝑠𝑠 −
𝑠𝑠
2 =
= 𝑞𝑞 𝑒𝑒(𝑘𝑘𝑇𝑇 ) + 𝑞𝑞11 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠] + 𝑞𝑞22𝑞𝑞𝑒𝑒[(𝑘𝑘
𝑇𝑇𝑠𝑠 𝑠𝑠
𝑇𝑇
(5)
(i.e., PC or PLC), and therefore the method of 00 𝑠𝑠𝑠𝑠
𝑞𝑞0 = 𝐾𝐾𝑃𝑃 , 𝑞𝑞1 = −𝐾𝐾𝑃𝑃 (1 − 𝑠𝑠 ),
)
(
)
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠 +𝑈𝑈(𝑧𝑧)
𝑞𝑞1 𝑒𝑒[ 𝑘𝑘 𝑞𝑞− 1+𝑇𝑇𝑞𝑞𝑠𝑠 ] 𝑧𝑧+−1𝑞𝑞2+𝑒𝑒[𝑞𝑞(𝑇𝑇𝑘𝑘𝐼𝐼 𝑧𝑧−−22)𝑇𝑇𝑠𝑠 ]
0
1
2𝑇𝑇
𝑇𝑇𝐷𝐷
𝑇𝑇
conversion to a discrete form is important. The
𝐷𝐷 𝑢𝑢(𝑘𝑘𝑇𝑇
− −𝐾𝐾
𝑢𝑢[(𝑘𝑘
− 1)𝑇𝑇
(𝑧𝑧)
𝑠𝑠 ) =
(1=+
), =𝑞𝑞1𝑠𝑠 )=
𝑞𝑞0 =𝐺𝐺𝐾𝐾
+𝑠𝑠2] =𝐷𝐷𝐷𝐷 − 𝑠𝑠𝑠𝑠),
𝐶𝐶∆𝑢𝑢(𝑘𝑘𝑇𝑇
𝑃𝑃
𝑃𝑃 (1 −1
𝑇𝑇𝑠𝑠𝑠𝑠
𝑇𝑇𝑠𝑠𝑠𝑠
𝑇𝑇𝐼𝐼𝐼𝐼
𝐸𝐸(𝑧𝑧)
1
−
𝑧𝑧
basic function of the controller in the control loop
𝑇𝑇𝐷𝐷
)+
=
𝑞𝑞0 𝑒𝑒(𝑘𝑘
𝑇𝑇𝑠𝑠∆𝑢𝑢(𝑘𝑘
𝑞𝑞𝑇𝑇a1𝑠𝑠 )𝑒𝑒[
−
1))𝑇𝑇PID
𝑞𝑞−
𝑒𝑒[
𝑇𝑇𝑠𝑠 ]
The
model
of𝑈𝑈(𝑧𝑧)
discrete
[(−1
]−−2
(𝑞𝑞𝑘𝑘𝑇𝑇
𝑠𝑠𝐷𝐷]1,𝑢𝑢+
2+
𝑘𝑘controller
1)(𝑞𝑞𝑇𝑇𝑘𝑘2𝑠𝑠𝑧𝑧
=2)expressed
𝑞𝑞=(2𝑘𝑘𝑢𝑢=
𝑞𝑞
𝑧𝑧
𝑃𝑃 −
0𝐾𝐾𝑠𝑠+
𝑇𝑇𝑠𝑠𝑠𝑠
is to create an action intervention u(t) based on
𝐺𝐺𝐶𝐶 (𝑧𝑧) function
=
= has the
−1
by z-transfer
following
form:
𝐸𝐸(𝑧𝑧)
𝑧𝑧1)𝑇𝑇
𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠𝑠𝑠)) −
+ 𝑢𝑢[(𝑘𝑘
𝑞𝑞11
𝑒𝑒[(−
𝑘𝑘−−
1)𝑠𝑠𝑇𝑇]𝑠𝑠 ]=
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 )=
=𝑞𝑞0𝑢𝑢(𝑘𝑘𝑇𝑇
the control deviation e(t) (i.e., control error).
−11)𝑇𝑇 ] =−2
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )𝑈𝑈(𝑧𝑧)
= 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠𝑞𝑞)0−+𝑢𝑢[(𝑘𝑘
𝑞𝑞1 𝑧𝑧−
+ 𝑠𝑠𝑠𝑠𝑞𝑞2 𝑧𝑧
The purpose of the action variable is to ensure
(6)
𝐺𝐺𝐶𝐶 (𝑧𝑧) =
= 𝑇𝑇𝑠𝑠
−1
) 𝑒𝑒[
𝐾𝐾𝑃𝑃𝑇𝑇[𝑒𝑒(𝑘𝑘𝑇𝑇
+
(1−
− −)𝑇𝑇
) 𝑒𝑒[(𝑘𝑘
1)𝑇𝑇
𝐸𝐸(𝑧𝑧)
1 −−𝑞𝑞𝑧𝑧−1)𝑇𝑇
]𝑘𝑘𝑠𝑠 ]]
∆𝑢𝑢(𝑘𝑘𝑇𝑇
𝑢𝑢(𝑘𝑘𝑇𝑇
=−=2)𝑇𝑇𝑠𝑠 ]
𝑠𝑠=
= 𝑞𝑞0=
𝑒𝑒(𝑘𝑘
𝑠𝑠 ) 𝑞𝑞
𝑠𝑠 ) 1
𝑠𝑠(−1
𝑠𝑠𝑠𝑠 ) +
1 (𝑘𝑘 𝑈𝑈(𝑧𝑧)
𝑠𝑠𝑠𝑠 ]𝑞𝑞+
𝑇𝑇𝐼𝐼 𝑢𝑢[(𝑘𝑘
𝑞𝑞𝑒𝑒[
𝑠𝑠
that the control deviation e(t) is as small as pos0 +2
1 𝑧𝑧
𝐺𝐺𝐶𝐶 (𝑧𝑧) =
=
𝐸𝐸(𝑧𝑧)
1 − 𝑧𝑧 −1
𝑇𝑇𝑠𝑠𝑇𝑇 form
The recursive
velocity
of ]]a discrete PI
sible, regardless of the disturbance n, by acting on
𝑠𝑠
)
=
𝐾𝐾
[𝑒𝑒(𝑘𝑘𝑇𝑇
+
(1
−
)
𝑒𝑒[(𝑘𝑘
1)𝑇𝑇
=
𝑃𝑃𝑒𝑒(𝑘𝑘𝑇𝑇
𝑠𝑠−𝑢𝑢(𝑘𝑘𝑇𝑇
)
)
∆𝑢𝑢(𝑘𝑘𝑇𝑇
=
−
𝑢𝑢[(𝑘𝑘
−−1)𝑇𝑇
)
−1
=
𝐾𝐾
𝐾𝐾
(1
−
)
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
= the for𝑠𝑠
𝑠𝑠
𝑠𝑠𝑞𝑞]𝑠𝑠=
𝑠𝑠be obtained
𝑃𝑃 𝑞𝑞 𝑇𝑇
𝑠𝑠 ]−2
+
𝐼𝐼𝑇𝑇 𝑞𝑞1 𝑧𝑧
controller 𝑃𝑃can 𝑈𝑈(𝑧𝑧)
by
applying
0+
2 𝑧𝑧
the controlled system at any time t.
𝐼𝐼
𝐺𝐺𝐶𝐶 (𝑧𝑧) =
=
−1
𝑇𝑇1𝑠𝑠𝑇𝑇 1
𝐸𝐸(𝑧𝑧)method
𝑧𝑧
ward rectangular
of
discretization
of a
1−
A continuous ideal PID controller expresses
)+
𝑠𝑠𝑒𝑒[(𝑘𝑘
= 𝑞𝑞0)𝑒𝑒(𝑘𝑘𝑇𝑇
−) −
1)𝑇𝑇
] 𝑠𝑠 ]]]=
) + 𝑠𝑠𝑇𝑇
= 𝐾𝐾
𝐾𝐾𝑃𝑃 𝑒𝑒(𝑘𝑘𝑇𝑇
[𝑒𝑒(𝑘𝑘𝑇𝑇
(1
−𝑞𝑞(1 𝑒𝑒[(𝑘𝑘
)÷
𝑠𝑠1)𝑇𝑇
=
𝑇𝑇95
=
)15
𝑒𝑒[(𝑘𝑘
−1)𝑇𝑇
𝑃𝑃
𝑠𝑠 𝑠𝑠 − 𝐾𝐾𝑃𝑃𝑠𝑠(1 −
𝑠𝑠 =
𝑇𝑇
6
𝐼𝐼
𝑇𝑇𝐼𝐼
continuous course of control
deviations:
the dynamic realization between the output vari)
∆𝑢𝑢(𝑘𝑘𝑇𝑇
= 𝑢𝑢(𝑘𝑘𝑇𝑇
−
𝑢𝑢[(𝑘𝑘
−1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠]] =
𝑇𝑇
𝑠𝑠
able from the controller u(t) (i.e., manipulation
)
= 𝑠𝑠𝑠𝑠𝑞𝑞)0 𝑒𝑒(𝑘𝑘𝑇𝑇
+
𝑞𝑞
𝑒𝑒[(𝑘𝑘
−
𝑠𝑠
𝑠𝑠
= 𝐾𝐾𝑃𝑃 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝐾𝐾𝑃𝑃𝑠𝑠 (1 −1 ) 𝑒𝑒[(𝑘𝑘 − 𝑠𝑠1)𝑇𝑇
𝑠𝑠 ] =
−1 )𝑇𝑇𝑠𝑠 ),
𝑇𝑇
(1
𝑌𝑌(𝑧𝑧)
𝐵𝐵(𝑧𝑧
𝑞𝑞
=
𝐾𝐾
,
𝑞𝑞
=
−𝐾𝐾
−
𝐼𝐼
variable) and the control deviation e(t) [2, 4, 5]:
0
𝑃𝑃
1
𝑃𝑃
𝑇𝑇𝐼𝐼=
𝐺𝐺 (𝑧𝑧) = 𝑇𝑇𝑠𝑠𝑠𝑠 =
𝑡𝑡𝑡𝑡

1
𝑑𝑑𝑑𝑑(𝑡𝑡)
1
𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑢𝑢(𝑡𝑡)
]
𝑢𝑢(𝑡𝑡) =
= 𝐾𝐾
𝐾𝐾𝑃𝑃𝑃𝑃 [𝑒𝑒(𝑡𝑡)
[𝑒𝑒(𝑡𝑡) +
+ 𝑇𝑇 ∫
∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑 +
+ 𝑇𝑇
𝑇𝑇𝐷𝐷
𝐷𝐷 𝑑𝑑𝑑𝑑 ]
𝑇𝑇𝐼𝐼𝐼𝐼
𝑑𝑑𝑑𝑑
0
0

(1)

The ideal PI controller has the form:
𝑡𝑡𝑡𝑡

1
1
𝑢𝑢(𝑡𝑡)
𝑢𝑢(𝑡𝑡) =
= 𝐾𝐾
𝐾𝐾𝑃𝑃𝑃𝑃 [𝑒𝑒(𝑡𝑡)
[𝑒𝑒(𝑡𝑡) +
+ 𝑇𝑇 ∫
∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑
𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑]]
𝑇𝑇𝐼𝐼𝐼𝐼

(2)

0
0

where: KP is the proportional constant, TI is an in-

∆𝑢𝑢(𝑘𝑘𝑇𝑇
−
]=
𝑠𝑠𝑠𝑠 ]
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )) =
= 𝑢𝑢(𝑘𝑘𝑇𝑇
𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )) tegration
− 𝑢𝑢[(𝑘𝑘
𝑢𝑢[(𝑘𝑘 −
− 1)𝑇𝑇
1)𝑇𝑇constant,
=
and TD represents the
𝑇𝑇
𝑠𝑠𝑠𝑠
𝑇𝑇
)
]
=
𝐾𝐾
−
𝑒𝑒[(𝑘𝑘
−
1)𝑇𝑇
+
𝑒𝑒[(𝑘𝑘
−
[𝑒𝑒(𝑘𝑘𝑇𝑇
= 𝐾𝐾𝑃𝑃𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇𝑠𝑠𝑠𝑠 ] + 𝑇𝑇 𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠 ]]of the PID controller.
derivational
constant
𝑇𝑇𝐼𝐼𝐼𝐼
𝑇𝑇
𝑇𝑇𝐷𝐷𝐷𝐷 (𝑒𝑒(𝑘𝑘𝑇𝑇 )
)] =
+
𝑠𝑠𝑠𝑠 ) −
+ 𝑇𝑇 (𝑒𝑒(𝑘𝑘𝑇𝑇
− 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠 ]] −
− 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠 −
− 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 2)𝑇𝑇
2)𝑇𝑇𝑠𝑠𝑠𝑠 )]
=
𝑇𝑇𝑠𝑠𝑠𝑠
200𝑇𝑇𝑇𝑇𝐷𝐷
𝑇𝑇
𝑇𝑇
𝑇𝑇
𝑇𝑇𝑠𝑠𝑠𝑠
𝑇𝑇𝐷𝐷𝐷𝐷
𝑇𝑇𝐷𝐷𝐷𝐷
𝐷𝐷
=
]]
= 𝐾𝐾
𝐾𝐾𝑃𝑃𝑃𝑃 [(1
[(1 +
+ 𝑇𝑇 )) 𝑒𝑒(𝑘𝑘𝑇𝑇
𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )) +
+ (−1
(−1 +
+ 𝑇𝑇 −
−2
2 𝑇𝑇 )) 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠 ]] +
+ 𝑇𝑇 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 2)𝑇𝑇
2)𝑇𝑇𝑠𝑠𝑠𝑠 ]]
𝑇𝑇𝑠𝑠𝑠𝑠
𝑇𝑇𝐼𝐼𝐼𝐼
𝑇𝑇𝑠𝑠𝑠𝑠
𝑇𝑇𝑠𝑠𝑠𝑠
=
= 𝑞𝑞
𝑞𝑞00 𝑒𝑒(𝑘𝑘𝑇𝑇
𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )) +
+ 𝑞𝑞
𝑞𝑞11 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 1)𝑇𝑇
1)𝑇𝑇𝑠𝑠𝑠𝑠 ]] +
+ 𝑞𝑞
𝑞𝑞22 𝑒𝑒[(𝑘𝑘
𝑒𝑒[(𝑘𝑘 −
− 2)𝑇𝑇
2)𝑇𝑇𝑠𝑠𝑠𝑠 ]]

= 𝐾𝐾𝑃𝑃𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠 )𝑠𝑠+ (1 −𝑈𝑈(𝑧𝑧)
) 𝑒𝑒[(𝑘𝑘
−−1
1)𝑇𝑇
) 𝑠𝑠𝑠𝑠 ]] =
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + 𝑞𝑞𝑇𝑇
−𝐴𝐴(𝑧𝑧
1)𝑇𝑇
1 𝑒𝑒[(𝑘𝑘
𝑠𝑠 ]
𝐼𝐼𝐼𝐼
𝑇𝑇
(1 − 𝑠𝑠 ), 𝑧𝑧 −2
𝑞𝑞0 = 0.0001667
𝐾𝐾𝑃𝑃 , (1)
𝑞𝑞1 =
𝑧𝑧 −1−𝐾𝐾
+ 𝑃𝑃0.0001659
(1)
𝑇𝑇𝐼𝐼
𝑇𝑇−1
=
𝑠𝑠𝑠𝑠
−2
1−−
1.067
+𝑘𝑘 −
0.1466
𝑒𝑒[(𝑘𝑘
𝑇𝑇𝑠𝑠 )𝑠𝑠𝑠𝑠 )=
𝑢𝑢𝐾𝐾(𝑃𝑃𝑃𝑃𝑘𝑘𝑇𝑇
𝑇𝑇𝑠𝑠 ]𝑠𝑠𝑠𝑠𝑧𝑧]=
=∆𝑢𝑢(𝑘𝑘
𝐾𝐾𝑃𝑃𝑃𝑃 𝑒𝑒(𝑘𝑘𝑇𝑇
(1𝑠𝑠 )−−𝑧𝑧 𝑢𝑢)[(
−1)1)𝑇𝑇
=
𝑇𝑇𝐼𝐼𝐼𝐼
𝑇𝑇𝑠𝑠
(1
),
𝑞𝑞0==𝑞𝑞𝐾𝐾𝑒𝑒(𝑘𝑘
=
−𝐾𝐾
−
𝑃𝑃 , 𝑇𝑇 𝑞𝑞
1
𝑃𝑃
1)𝑇𝑇𝑇𝑇𝑠𝑠𝐼𝐼]
0
𝑠𝑠)) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘−−1)𝑇𝑇
∆𝑢𝑢(𝑘𝑘=𝑇𝑇𝑞𝑞𝑠𝑠 )00 𝑒𝑒(𝑘𝑘𝑇𝑇
= 𝑢𝑢(𝑠𝑠𝑠𝑠 𝑘𝑘𝑇𝑇+𝑠𝑠 )𝑞𝑞11−𝑒𝑒[(𝑘𝑘
𝑢𝑢[(𝑘𝑘 − 1𝑠𝑠𝑠𝑠)]𝑇𝑇𝑠𝑠 ] =

if introduced:
) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠(2)

(2)
∆𝑢𝑢(𝑘𝑘 𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑈𝑈(𝑧𝑧)
𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢
𝑘𝑘 −
𝑇𝑇
𝑇𝑇 ] =
𝑞𝑞[(+
𝑞𝑞 1𝑧𝑧)−1
𝑞𝑞0𝐺𝐺=
𝐾𝐾
,
𝑞𝑞1 ==−𝐾𝐾0𝑃𝑃 (1 1− 𝑠𝑠𝑠𝑠𝑠𝑠),
(𝑧𝑧)
=
𝑃𝑃
𝐶𝐶
−1
1 − 𝑧𝑧 𝑇𝑇𝐼𝐼𝐼𝐼
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝐸𝐸(𝑧𝑧)
𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]
𝑈𝑈(𝑧𝑧) form
𝑞𝑞0 +of𝑞𝑞1a𝑧𝑧 −1
then recursive
velocity
discrete
𝐺𝐺𝐶𝐶 (𝑧𝑧)
=
=
𝐸𝐸(𝑧𝑧)
1 − 𝑧𝑧 −1
troller has
the𝑇𝑇𝑠𝑠𝑠𝑠)form:
∆𝑢𝑢(𝑘𝑘
= 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠𝑠𝑠1) − 𝑢𝑢1[(𝑘𝑘 − 1)−1
𝑇𝑇𝑠𝑠𝑠𝑠 ] =
1 𝑧𝑧
𝑇𝑇𝑠𝑠 𝑈𝑈(𝑧𝑧)
= ( ÷ 𝑞𝑞0 )+𝑇𝑇𝑞𝑞
𝐺𝐺𝐶𝐶𝑞𝑞(𝑧𝑧)𝑒𝑒(𝑘𝑘
=𝑇𝑇 ) +6 𝑞𝑞= 𝑒𝑒[
15 −951−1
=
0
𝑠𝑠𝑠𝑠
1 (1𝑘𝑘−
𝐸𝐸(𝑧𝑧)
𝑧𝑧 )𝑇𝑇𝑠𝑠𝑠𝑠 ]
(3)
(3)1 1
𝑇𝑇𝑠𝑠 = ( ÷ ) 𝑇𝑇95
6 15
−1 )−1
𝑌𝑌(𝑧𝑧) 𝑞𝑞 𝐵𝐵(𝑧𝑧
𝑈𝑈(𝑧𝑧)
1
10 + 𝑞𝑞1 𝑧𝑧 =
(𝑧𝑧)
𝐺𝐺
=
=
𝑠𝑠
𝐺𝐺𝐶𝐶 (𝑧𝑧) 𝑇𝑇=
= 𝐴𝐴(𝑧𝑧
( ÷
) 𝑇𝑇 −1−1
𝑈𝑈(𝑧𝑧)
𝑠𝑠 =
𝐸𝐸(𝑧𝑧)
𝑧𝑧 )
6 151 −95
−1 )
𝑌𝑌(𝑧𝑧)
𝐵𝐵(𝑧𝑧
0.0001667 𝑧𝑧 −1 + 0.0001659 𝑧𝑧 −2

(7)

(8)
PI con-

𝑇𝑇𝐼𝐼 − 1)𝑇𝑇𝑠𝑠 ]
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘
𝑡𝑡

= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘
1 − 1)𝑇𝑇𝑠𝑠 ]

𝑢𝑢(𝑡𝑡) = 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑡𝑡) +

𝑞𝑞0 = 𝐾𝐾𝑃𝑃 ,
𝑞𝑞0 = 𝐾𝐾𝑃𝑃 ,

∫ 𝑒𝑒(𝜏𝜏)𝑑𝑑𝑑𝑑]

𝑇𝑇𝐼𝐼
𝑇𝑇
𝑞𝑞1 = −𝐾𝐾𝑃𝑃0 (1 − 𝑠𝑠 ),
𝑇𝑇
𝑇𝑇𝐼𝐼
𝑞𝑞1 = −𝐾𝐾𝑃𝑃 (1 − 𝑠𝑠 ),
𝑇𝑇𝐼𝐼

∆𝑢𝑢(𝑘𝑘 𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =

(2)
(8)
Advances in Science and Technology Research Journal Vol. 14(4), 2020
(8)
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]

∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
𝑇𝑇𝑠𝑠𝑠𝑠)] +
=𝑇𝑇𝑢𝑢𝑠𝑠 (𝑒𝑒[(𝑘𝑘
𝑘𝑘𝑇𝑇𝑠𝑠 )−−1)𝑇𝑇
𝑢𝑢[(
𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
= 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘∆𝑢𝑢(𝑘𝑘
− 1)𝑇𝑇
𝑠𝑠 ]
𝑇𝑇𝐼𝐼
(9)
∆𝑢𝑢(𝑘𝑘
= 𝑢𝑢𝑇𝑇(𝑘𝑘𝑇𝑇
𝑇𝑇𝐷𝐷
𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
=𝑇𝑇𝑞𝑞𝑠𝑠 )𝑒𝑒(𝑘𝑘
𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]
+ (𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠0] − 𝑒𝑒[(𝑘𝑘
− 1)𝑇𝑇𝑠𝑠 − 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 )] =
𝑇𝑇𝑠𝑠
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]
and𝑇𝑇𝐷𝐷 the discrete
transfer
𝑇𝑇𝑠𝑠
𝑇𝑇𝐷𝐷 function of the
𝑇𝑇𝐷𝐷 PI con] + 𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 ]]
= 𝐾𝐾𝑃𝑃 [(1 + ) 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + (−1 + − 2 ) 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇
𝑇𝑇𝑠𝑠 is:
𝑇𝑇𝑈𝑈(𝑧𝑧)
𝑇𝑇𝑠𝑠 𝑞𝑞0 + 𝑞𝑞1 𝑧𝑧 −1𝑠𝑠
𝑇𝑇𝑠𝑠
troller
𝐼𝐼
= 𝑒𝑒[(𝑘𝑘 −
=
𝐶𝐶 (𝑧𝑧)
]−𝑞𝑞𝑧𝑧 −1
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑘𝑘 −𝐺𝐺1)𝑇𝑇
𝑠𝑠 ] + 𝑞𝑞2
𝐸𝐸(𝑧𝑧) 2)𝑇𝑇
𝑈𝑈(𝑧𝑧)
𝑞𝑞 1𝑠𝑠+
𝑧𝑧 −1

(10)
=
𝐸𝐸(𝑧𝑧)
1 − 𝑧𝑧 −1 𝑇𝑇𝐷𝐷 𝑇𝑇𝑠𝑠
𝑞𝑞0 = 𝐾𝐾𝑃𝑃 (1 + ), 𝑞𝑞1 = −𝐾𝐾𝑃𝑃 (1 + 2 − ),
𝑇𝑇𝑠𝑠
𝑇𝑇𝑠𝑠
𝑇𝑇𝐼𝐼
According to
the1method
of calculating
the
1𝑇𝑇
𝑞𝑞2(= ÷
𝐾𝐾𝑃𝑃 𝐷𝐷), 𝑇𝑇95
𝑇𝑇𝑠𝑠 =
𝑇𝑇
𝑠𝑠
integral in the equation16 of15
a
continuous
controller,
1
𝑇𝑇𝑠𝑠 = ( ÷ ) 𝑇𝑇95
it is possible
to
obtain
three
variants of estimat6
15
∆𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) = 𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
0

𝐺𝐺𝐶𝐶 (𝑧𝑧) =
𝑇𝑇𝐷𝐷

1

ing the parameters of the controller
q0, q1, and q2.
−1
𝑞𝑞0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1 𝑒𝑒[(𝑌𝑌(𝑧𝑧)
𝑘𝑘 − 1)𝑇𝑇𝑠𝑠𝐵𝐵(𝑧𝑧
] + 𝑞𝑞2)𝑒𝑒[(𝑘𝑘 − 2)𝑇𝑇𝑠𝑠 ]
The=most
common
methods
include a
𝐺𝐺𝑠𝑠 (𝑧𝑧) = integration
=
=
𝑈𝑈(𝑧𝑧)
𝐴𝐴(𝑧𝑧 −1 )
𝑌𝑌(𝑧𝑧) 𝐵𝐵(𝑧𝑧
backward rectangular
forward
rectangu𝐺𝐺𝑠𝑠 (𝑧𝑧) = method,
=
=
−1 )
−2
𝑈𝑈(𝑧𝑧)
𝐴𝐴(𝑧𝑧
−1 +
0.0001667
𝑧𝑧 −1
𝑈𝑈(𝑧𝑧)
𝑞𝑞0 + 𝑞𝑞0.0001659
𝑞𝑞2 𝑧𝑧𝑧𝑧−2
1 𝑧𝑧
lar method,
and
the
trapezoidal
method.
𝐺𝐺=
= −1
𝐶𝐶 (𝑧𝑧)1=− 1.067
−2−2
𝑧𝑧 period
0.0001667
+ +0.0001659
𝑧𝑧 of the pa𝐸𝐸(𝑧𝑧) 𝑧𝑧 −1
1 0.1466
− 𝑧𝑧T−1is 𝑧𝑧one
Since
= the sampling −1
s
−2
1 −controller,
1.067 𝑧𝑧 +
0.1466
rameters of the
it is
often𝑧𝑧 used as short
)
)
] = controllers
∆𝑢𝑢(𝑘𝑘𝑇𝑇
=
𝑢𝑢(𝑘𝑘𝑇𝑇
−
𝑢𝑢[(𝑘𝑘
−
1)𝑇𝑇𝑠𝑠PID
𝑠𝑠
as possible and𝑠𝑠 then these
digital
can be considered as continuous
controllers. By
𝑇𝑇𝑠𝑠
= 𝐾𝐾𝑃𝑃 [𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) + (1 − ) 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ]] =
𝑇𝑇
shortening the sampling 𝐼𝐼period Ts. The quality of
control is generally improved,
the ability to re𝑇𝑇𝑠𝑠
= 𝐾𝐾𝑃𝑃 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) − 𝐾𝐾𝑃𝑃 (1 − ) 𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
spond to
faults is better,𝑇𝑇𝐼𝐼and the discrete digital
controller approaches
controller.
= 𝑞𝑞0 𝑒𝑒(𝑘𝑘𝑇𝑇𝑠𝑠 ) +to𝑞𝑞1the
𝑒𝑒[(𝑘𝑘continuous
− 1)𝑇𝑇𝑠𝑠 ]
However, shortening the sampling period increases the stress of drive (with a period Ts, step
𝑇𝑇𝑠𝑠
), generated),
𝑞𝑞0 =the
𝐾𝐾𝑃𝑃 ,action
𝑞𝑞1 = variable
−𝐾𝐾𝑃𝑃 (1 − are
changes of
𝑇𝑇𝐼𝐼
and usually, the energy supplied to the system increases. Extending the sampling period C usually
∆𝑢𝑢(𝑘𝑘the
𝑇𝑇𝑠𝑠 ) =
𝑢𝑢(𝑘𝑘𝑇𝑇𝑠𝑠 ) −
𝑢𝑢[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] =
slows down
control
process.
The most
= 𝑞𝑞significant
𝑒𝑒[(𝑘𝑘 − 1)𝑇𝑇𝑠𝑠 ] in the choice
0 𝑒𝑒(𝑘𝑘 𝑇𝑇𝑠𝑠 ) + 𝑞𝑞1limitations
of the sampling period are the properties of the
actuator (i.e., drives), its insensitivity, and adjust𝑈𝑈(𝑧𝑧) 𝑞𝑞0equations
+ 𝑞𝑞1 𝑧𝑧 −1 can be used
ment time. 𝐺𝐺The
following
=
𝐶𝐶 (𝑧𝑧) =
𝐸𝐸(𝑧𝑧)
1 − 𝑧𝑧 −1
to choose the sampling
period
if the step response
is available [5]:
1 1
𝑇𝑇𝑠𝑠 = ( ÷ ) 𝑇𝑇95
6 15

(11)

where: T95 represents the time of 95% steady of
transient characteristic.
𝑌𝑌(𝑧𝑧) 𝐵𝐵(𝑧𝑧 −1 )
𝐺𝐺𝑠𝑠 (𝑧𝑧) =

𝑈𝑈(𝑧𝑧)

=

𝐴𝐴(𝑧𝑧 −1 )

=

It was found, from
the simulation results
0.0001667 𝑧𝑧 −1 + 0.0001659 𝑧𝑧 −2
that T95== 70 s. According
to (11) the interval
1 − 1.067 𝑧𝑧 −1 + 0.1466 𝑧𝑧 −2
for the sampling
period is Ts = (12 ÷ 5) s. From
the calculated interval the final sampling period
Ts = 8 s was designated as a mean value. An
important criterion in choosing the sampling
period is that the actuating intervention will be
physically feasible.
The mathematical model of the controlled
system was obtained by experimental identification, i.e., by step excitation of the system under
operation conditions on coking plant where step
change of waste gas draught (i.e., relative-under
pressure) with the value of ∆u = 30 Pa was applied

𝑈𝑈(𝑧𝑧)

𝑞𝑞0 + 𝑞𝑞1 𝑧𝑧 −1

𝐺𝐺𝐶𝐶 (𝑧𝑧)ordinates
=
=
and recording
characteristic
𝐸𝐸(𝑧𝑧) of1transient
− 𝑧𝑧 −1
∆yi (i = 0, 1, 2, .., n).(9)
(9)model (13) of a controlled
A discrete ARX(3)
1 1
system with a sampling
𝑇𝑇𝑠𝑠 = ( ÷ period
) 𝑇𝑇 T = 8 s was calcu6 15 95 s
lated from the measured
data
by the least-squares
(10)
method:

(10)

𝐺𝐺𝑠𝑠 (𝑧𝑧) =

𝑌𝑌(𝑧𝑧) 𝐵𝐵(𝑧𝑧 −1 )
=
=
𝑈𝑈(𝑧𝑧)
𝐴𝐴(𝑧𝑧 −1 )
(4)

(11)

0.0001667 𝑧𝑧 −1 + 0.0001659 𝑧𝑧 −2
=
(11)
1 − 1.067 𝑧𝑧 −1 + 0.1466 𝑧𝑧 −2

(12)

(5)
Figure 4 shows a discrete
model step response.
(12)
(12)
(6)

(7)

(8)

Fig. 4. Carbon monoxide model response
(9)

Initial controller setup
To calculate (10)
the controller parameters a
Ziegler-Nichols method was used where KP =
0.5KPu, T1 = 0.83Tu are parameters of a continuous PI controller and KP = 0.6KPu, T1 = 0.5Tu, TD
(11)
= 0.125Tu for continuous PID controllers. Parameter KPu represents critical (i.e., ultimate) gain and
Tu is critical (i.e., ultimate) period of oscillations
(i.e., ultimate period) [49].
(12)of experimental determiThe disadvantage
nation of critical parameters is that the system
can be brought to an unstable state, and finding
the limit of stability can be time-consuming for
systems with large time constants. The following modified method for setting the parameters
of a digital controller does not have these disadvantages. This method assumes that the discrete
model contains a dead time (i.e., transport delay)
of magnitude Ts/2. The dead time does not change
the amplitude, but increases the phase shift linearly with increasing frequency:
𝜑𝜑 = −

𝑇𝑇𝑠𝑠 𝜔𝜔
2

𝐴𝐴𝑢𝑢 𝐾𝐾𝑃𝑃𝑢𝑢 = −1
𝐴𝐴(𝑧𝑧 −1 )

2

= 1 + ∑ 𝑎𝑎𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎1 𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2

(13)
201

𝐴𝐴𝑢𝑢 𝐾𝐾𝑃𝑃𝑢𝑢 = −1
2

−1 ) = 1 + ∑ 𝑎𝑎 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎 𝑧𝑧 −1 + 𝑎𝑎 𝑧𝑧 −2
𝐴𝐴(𝑧𝑧
𝑖𝑖
1
2
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At the critical frequency ωu,, the system has a
𝑇𝑇𝑠𝑠 𝜔𝜔
phase shift –π and 𝜑𝜑gain
= −Au, for which the follow2
ing applies:
(14)
𝐴𝐴𝑢𝑢 𝐾𝐾𝑃𝑃𝑢𝑢 = −1
where: KPu is the critical (i.e., ultimate) propor2 of the controlled system.
tional gain
𝐴𝐴(𝑧𝑧 −1 ) = 1 + ∑ 𝑎𝑎𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎1 𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2

In discrete 𝑖𝑖=1
control, due to the phase shift
caused by discretization, the critical frequency
2
changes, −1
and because−𝑖𝑖the system
has a different
) = ∑ 𝑏𝑏𝑖𝑖 𝑧𝑧 = 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2
gain at𝐵𝐵(𝑧𝑧
a different
frequency, the critical gain also
𝑖𝑖=1
changes.
The critical values then depend on the se2315.3892
lected sampling
period T−s.1667.0793𝑧𝑧
Next, an−1algorithm for
𝐺𝐺𝑐𝑐 (𝑧𝑧) =
𝑇𝑇𝑠𝑠𝑧𝑧𝜔𝜔−1
1−
calculating critical𝜑𝜑 parameters
for the 2nd order
=−
2
model will be presented. The algorithm assumes
−2
that the 4674.8787
model is−𝐴𝐴𝑢𝑢4821.8832𝑧𝑧
given
by−1 a+ 1587.6931𝑧𝑧
discrete transfer
𝐾𝐾𝑃𝑃𝑢𝑢 = −1
𝐺𝐺𝑐𝑐 (𝑧𝑧) =
−1
equation
of a regulated1 −system
in
the
form
(12)
𝑧𝑧
with polynomials:
2

𝑛𝑛

2
𝐴𝐴(𝑧𝑧 −1 ) = 1 +𝜏𝜏∑
𝑎𝑎𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎12𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2
𝑓𝑓 = ∫ 𝑒𝑒 2 (𝜏𝜏)𝑑𝑑𝑑𝑑
≅ ∑ 𝑒𝑒 (𝑘𝑘)𝑇𝑇𝑠𝑠

𝜏𝜏1𝑖𝑖=1

2

(15)

𝑖𝑖=1

2

−𝑖𝑖
𝐵𝐵(𝑧𝑧 −1 ) = ∑ 𝑏𝑏(13)
= 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2
𝑖𝑖 𝑧𝑧
𝑖𝑖=1

(16)

(14)

The calculation of the critical−1gain and the
2315.3892 − 1667.0793𝑧𝑧
𝐺𝐺𝑐𝑐 (𝑧𝑧) = of the oscillations
critical period
depends on the
1 − 𝑧𝑧 −1
location of the poles on the unit circle in the com(15) the real part of the complex z-plane. To calculate
−1
4674.8787
−
4821.8832𝑧𝑧
1587.6931𝑧𝑧 −2 of the
plex
pole and critical+ parameters
𝐺𝐺𝑐𝑐 (𝑧𝑧)combined
=
−1
controller (i.e. KPu and T1 u−),𝑧𝑧the algorithm in Figure
5 can be used.
(16)
𝜏𝜏2
The following
code in 𝑛𝑛Matlab® presents the
2 (𝜏𝜏)𝑑𝑑𝑑𝑑 ≅ ∑ 𝑒𝑒 2 (𝑘𝑘)𝑇𝑇
𝑓𝑓
=
∫
𝑒𝑒
calculation (m-file
function) of the𝑠𝑠 controller’s
𝜏𝜏1
𝑘𝑘=1
parameters from the parameters
(a0, a1, a2, b0, b1,
(17)
b2) of the discrete process model of the 2nd order
(13)
and sampling period
Ts:
(14)
(18)

(15)
(19)

𝑘𝑘=1

𝐵𝐵(𝑧𝑧 −1 ) = ∑ 𝑏𝑏𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2

(16)

𝑖𝑖=1

𝐺𝐺𝑐𝑐 (𝑧𝑧) =
𝐺𝐺𝑐𝑐 (𝑧𝑧) =

2315.3892 − 1667.0793𝑧𝑧 −1
1 − 𝑧𝑧 −1

4674.8787 − 4821.8832𝑧𝑧 −1 + 1587.6931𝑧𝑧 −2
1 − 𝑧𝑧 −1
𝜏𝜏2

𝑛𝑛

𝑓𝑓 = ∫ 𝑒𝑒 2 (𝜏𝜏)𝑑𝑑𝑑𝑑 ≅ ∑ 𝑒𝑒 2 (𝑘𝑘)𝑇𝑇𝑠𝑠
𝜏𝜏1

(17)

(18)

(19)

𝑘𝑘=1

According to the presented algorithm, the following parameters of continuous and discrete PI
and PID controllers were calculated.

Fig. 5. Flow chart for the calculation of the ultimate parameters [4, 5]
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Critical proportional gain:
KPu = 5145.3092
The critical period of oscillations:
Tu = 34.2857
Parameters of continuous PID controller:
KP = 3087.1855
TI = 17.1428
TD = 4.1143
Parameters of discrete PID controller:

𝑇𝑇𝑠𝑠 𝜔𝜔
𝜑𝜑 = −
2
𝑇𝑇𝑠𝑠 𝜔𝜔
𝜑𝜑 = −
𝐴𝐴𝑢𝑢 𝐾𝐾𝑃𝑃2 = −1
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q0 = 4674.8787
𝑢𝑢
q1 = -4821.8832
𝐴𝐴𝑢𝑢 𝐾𝐾𝑃𝑃𝑢𝑢 = −1
q2 = 1587.6931
2
Parameters−1of continuous −𝑖𝑖
PI controller:
𝐴𝐴(𝑧𝑧 ) = 1 + ∑ 𝑎𝑎𝑖𝑖 𝑧𝑧 = 1 + 𝑎𝑎1 𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2
2
KP = 2315.3892
𝑖𝑖=1
−1 )
= 1 + ∑ 𝑎𝑎𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎1 𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2
TI =𝐴𝐴(𝑧𝑧
28.5714
𝑖𝑖=1 2
Parameters of discrete
PI controller:
−1 )
−𝑖𝑖
𝐵𝐵(𝑧𝑧
=
∑
𝑏𝑏
= 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2
𝑖𝑖 𝑧𝑧
q0 = 2315.3892 2
𝑖𝑖=1
q1 = -1667.0793
𝐵𝐵(𝑧𝑧 −1 ) = ∑ 𝑏𝑏𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2

𝑖𝑖=1
The following
discrete transfers represent
2315.3892 − 1667.0793𝑧𝑧 −1
mathematical
models
of designed
controllers.
𝐺𝐺𝑐𝑐 (𝑧𝑧)
=
−1

PI:

𝐺𝐺𝑐𝑐 (𝑧𝑧) =

1 − 𝑧𝑧
2315.3892 − 1667.0793𝑧𝑧 −1
1 − 𝑧𝑧 −1

(17)

4674.8787 − 4821.8832𝑧𝑧 −1 + 1587.6931𝑧𝑧 −2
1 − 𝑧𝑧 −1
4674.8787 − 4821.8832𝑧𝑧 −1 + 1587.6931𝑧𝑧 −2 (18)
𝐺𝐺𝑐𝑐 (𝑧𝑧) =
1 − 𝑧𝑧 −1

PID: 𝐺𝐺𝑐𝑐 (𝑧𝑧) =

Discrete controllers were verified
in simulation
𝑛𝑛
𝜏𝜏2
with a discrete𝑓𝑓model
(12)
using
software
tool Mat= ∫ 𝑒𝑒 2 (𝜏𝜏)𝑑𝑑𝑑𝑑 ≅ ∑ 𝑒𝑒 2 (𝑘𝑘)𝑇𝑇𝑠𝑠
®
®
𝑛𝑛
lab Simulink .𝜏𝜏Figure
6 shows 𝑘𝑘=1
the behavior of CO
𝜏𝜏1
2
𝑓𝑓 = ∫
𝑒𝑒 2 (𝜏𝜏)𝑑𝑑𝑑𝑑 ≅ using
∑ 𝑒𝑒 2 (𝑘𝑘)𝑇𝑇
concentration
stabilization
a PI𝑠𝑠 controller to
𝜏𝜏1
𝑘𝑘=1
various desired values. Similarly, Figure 7 shows
the stabilization of CO by the PID controller. It can
be seen from the graphical comparison that the PI
controller can better eliminate control deviations,
and the control process has fewer overshoots.

(13)

HEURISTIC ADAPTATION
OF
(14)
DISCRETE CONTROLLER
(14)
When implementing adaptive controllers
(15)
based on a heuristic approach, the effort is to con(15)extreme of the selected critinuously seek for the
terion, which quantifies the course of the control
(16)
performance. This approach
meets the requirements of practice and
(16)is also suitable in terms of
the robustness of the controller. One of the successful applications is the approach proposed by
(17)
Maršík [18, 19].
The designed (17)
control system is based on
the possibility to control the suction of combustion products with the (18)
system of relation flaps in
smoke pipelines of(18)
coke-oven battery to change
combustion air–gas relation.
The controlled variable
(19) is the concentration
of carbon monoxide (CO) in the waste gas that is
(19)
controlled by the adjustable
under-pressure (i.e.,
waste gas draught) on the outlet to the smokestack. The measured and desired value of CO is
expressed in percentage.
By changing the draught of the waste gas, the
amount of air drawn into the heating ducts is also

Fig. 6. Stabilization of simulated CO in waste gas by the discrete PI controller

Fig. 7. Stabilization of simulated CO in waste gas by the discrete PID controller
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2

𝐴𝐴(𝑧𝑧 −1 ) = 1 + ∑ 𝑎𝑎𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 1 + 𝑎𝑎1 𝑧𝑧 −1 + 𝑎𝑎2 𝑧𝑧 −2
𝑖𝑖=1
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changed, which affects the course of the chemical
reaction during combustion in the heating chambers. The conceptual scheme of control with continuous optimization is shown in Figure 8.
By sending a request to change the waste gas
draught to the central control system, the necessary opening or closing of the control flap in the
smoke duct is ensured, while the percentage of
flap opening can be monitored in feedback as well
as the actual draught of the waste gas and measured CO concentration. The role of CO stabilization in the flue gas can thus be more precisely
defined as the task of finding the optimal waste
gas draught behind the control flap.
The essence of the proposed adaptation method lies in the continuous optimization of the parameters of the discrete controller in the algorithm
of direct digital control. The discrete optimization
method in optimization subroutine requires either
an initial estimate of the optimized variables or
the definition of the interval of the area in which
the optimized variables are located.
The solution of adaptive control is based on
the calculation of the initial estimate of the controller’s parameters (see the previous section),
i.e., vector q0 = (q10, …, qn0), which are continuously optimized during the operation of the device
by the algorithm of the optimization method. The
task of adaptive control at the stabilization level
is to ensure the desired value of carbon monoxide
in the waste gas by a discrete controller that will
continually be adapted.

2

𝐵𝐵(𝑧𝑧 −1 ) = ∑ 𝑏𝑏𝑖𝑖 𝑧𝑧 −𝑖𝑖 = 𝑏𝑏1 𝑧𝑧 −1 + 𝑏𝑏2 𝑧𝑧 −2

The optimization
level continuously seeks for
𝑖𝑖=1
the optimal values of the controller parameters.
The proposed optimality criterion −1expresses the
2315.3892 − 1667.0793𝑧𝑧
𝐺𝐺𝑐𝑐 (𝑧𝑧) =
control performance
for
assessing the capability
1 − 𝑧𝑧 −1
of damping of the control error. As the aim is to
minimize the deviations of CO from the setpoint
−2
4674.8787 − 4821.8832𝑧𝑧 −1 + 1587.6931𝑧𝑧
(i.e.,
for this purpose,
𝐺𝐺𝑐𝑐 (𝑧𝑧)to= reduce the control area)
−1
𝑧𝑧
the following quadratic1 −criterion
was minimized
in optimization level:
𝜏𝜏2

𝑛𝑛

𝑓𝑓 = ∫ 𝑒𝑒 2 (𝜏𝜏)𝑑𝑑𝑑𝑑 ≅ ∑ 𝑒𝑒 2 (𝑘𝑘)𝑇𝑇𝑠𝑠
𝜏𝜏1

where: τ1, τ2 is the time of start and end of the
evaluated control section, and variable n
represents the total number of sampling
steps on the evaluated section of the control.
Variable ∆u calculated by the discrete controller (i.e., (5) or (9)) represents the increment
of chimney draught of waste gas (i.e., the increment of sucking relative pressure). The proposed
adaptive control algorithm continually seeks for
optimal parameters of the discrete controller during the coking process. The reason for adaptation
is mainly the changes in the technological object
during his life. Heuristic adaptation utilizes dynamic programming. In this paper, the Probe algorithm, i.e., the Relaxation optimization method,
was modified and used for this purpose. Figure 9
shows the proposed flow chart for the dynamic
optimization of PI controller parameters during
the stabilization of CO and minimization of the
objective function (19).

Fig. 8. Heuristic adaptation based on continual optimization of stabilization level
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(19)

𝑘𝑘=1
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•• ei a unit vector with a unit i-th coordinate,
• • f 0 is the smallest calculated value of the functional (19),
• • f 1 is the calculated value of functional (19) after control with q1,
•• qopt is the vector of last optimal parameters
when optimization is turned off (i.e., flag Stop
= True).
•• “Control” is a subroutine that performs the calculation (5) or (9) of the control action according to the optimized vector of parameters q.
This subroutine is triggered only for a specified period. After this time, the control stops to
calculate the integral criterion and to optimize
(i.e., perform further modify the parameters).

Fig. 9. Flowchart of adaptive control based on
optimizing method (modified after [11, 14])

The meaning of the variables in the flowchart
of the optimization method is as follows:
•• q0 = (q10, …, qn0) is the vector of optimized
parameters,
•• h1, …, hn represent constants for the step of the
given parameter qi (i = 0, …, n),
•• ε1, …, εn are precision requirements of hi (i = 0,
…, n), i is an auxiliary variable that is used for
indexing steps hi and adjustment of unit vectors
εi (in unit vector εi, the i-th element is set to 1,
and other elements of the vector are zero).
•• j is an auxiliary variable that indicates the
successful modification of one parameter in a
given direction,
•• q1 is the modified vector q0,

The Probe algorithm is an optimization
method of direct search of the optimum for multidimensional problems. It is suitable for solving
technical issues with strong nonlinearities and a
smaller number of variables. This method uses
only information about the objective function,
assuming that we have the ability to determine
(i.e., calculate) its value for the given optimized
control parameters. This method converges to the
stationary point of the objective function under
not very restrictive conditions, although its speed
is not high. The method is suitable for maximum
four-dimensional problems because the computational time increases with increasing dimension.
If a faster search for the optimum is needed, the
Rosenbrock method can be used.
In the implementation of the optimization
algorithm, the “Control” subroutine runs only
for a specified time. After this time, the control
is interrupted so that the integral criterion can be
calculated and a further parameter modification
can be performed in order to optimize the controller. The control algorithm uses a timer or by
event-controlled switching on of stabilization is
event-controlled.
In the second case, the value of the objective
function is always calculated when the regenerators are alternated on a given block of coke-oven
battery. The alternation occurs approximately every 20 minutes, and this operation always takes
about 1 minute. The digital signal from the central control system of the coke-oven battery was
used to detect the time of the alternation of regenerators. If the alternation of regenerators is
completed, the stabilization algorithm continues,
but the discrete controller already calculates the
control intervention ∆u according to the modified
parameters q, because they were modified within
205
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the optimization algorithm. It is also advisable to
switch off the stabilization during the alternation
of regenerators for another reason. During the alternation on the given block, there is an extreme
increase in the process variables (i.e., waste gas
draught, the concentration of CO, and O2). This
phenomenon is caused by the airtight closing of
the flue gas valve. At that time, the thrust change
request would be ineffective.

RESULTS AND DISCUSSIONS
Optimization of the desired value
It is necessary to perform an analysis of
the relationship between the flue gas temperature and the formed CO to determine the optimal value of the required carbon monoxide. The
coke-oven battery belongs to large heat aggregates characterized by high energy consumption.
The combustion of the supplied gas takes place
in the heating ducts. The gas is supplied under
pressure, and the air is sucked in by the chimney
draught. The gas and air pass through a pair of
regenerators, from which they take heat accumulated in their fire-clay walls, and when heated,
they enter through the oblique channels into the
spaces of the heating wall, where the gas and
air are burned. From a chemical point of view,
combustion is the oxidation of fuel. Oxidation of
the fuel can take place at any temperature, but
at low temperatures, it takes place very slowly.
Combustion in the heating ducts of a coke-oven
battery is referred to as burning with excess air,
i.e., not all oxygen molecules react with carbon
monoxide (CO) to form carbon dioxide (CO2).
Therefore, some remaining O2 molecules, as well
as some formed CO2 molecules, will remain in
the waste gas. In incomplete combustion of fuel,
some of the heat is lost because the oxidation of
the fuel does not take place sufficiently. During
combustion control, some components of dry
flue gases are detected by analyzers.
The stabilization of CO in the exhausted waste
gas is based on the principle that as the waste gas
draught increases, the CO content in the waste
gas decreases, and as the waste gas draught decreases, the CO increases. This phenomenon is
caused by a change in the amount of air sucked
into the heating ducts. In the case of an increase in
the amount of intake air, more air enters the heating ducts and thus more oxygen, which is contained in the atmospheric air. If the required CO
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value in the flue gas is lower, the control system
must ensure a higher draft of the flue gas, which
ultimately means more intake air through the air
elbow boxes.
More air in the air-gas mixture in the heating
ducts causes higher waste gas temperatures to be
achieved when this mixture is burned. By controlling the exhausting to a lower level of CO, it will
ultimately ensure a higher flue gas temperature.
On the contrary, when controlling the exhausting
with a requirement for a higher level of CO, it is
necessary to suck less air by drawing the waste
gas to reach this level, and the flue gas then has a
lower temperature. The task of optimizing the CO
setpoint is to find such a level of CO or O2 when
the flue gas temperature is the highest.
For the data groups obtained, where each
group represented 20 hours of recording, the average values of CO, O2, waste gas temperature (i.e.,
heating temperature), and waste gas draught were
calculated. The analysis was based on data measured on the machine side of one battery block.
The same analysis would apply to the other battery blocks and their sides.
Table 1 provides an overview of the calculated average values for the three days. It is necessary to find such optimal concentrations of CO or
O2 in the waste gas at which the highest temperatures were reached. In reverse logic, the controller
changes the amount of intake air by controlling to
the optimal CO and thus influence the chemical
reaction during combustion. This is reflected in
the change in waste gas temperature.
The table shows that by maintaining a lower
average concentration of CO in the waste gas, the
higher waste gas temperature can be achieved
(see 0.16% CO and temperature 284 °C).
Table 1. Average values of selected variables
Day
#

Average
CO (%)

Average
O2 (%)

Average
waste gas
temp. (°C)

Waste gas
draught
(Pa)

1

0.16

4.77

284

216

2

0.18

4.53

281

211

3

0.24

4.24

277
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Control system implementation
The control system was created as a Windows
application in Embarcadero® RAD Studio using
Delphi programming language (i.e., Object Pascal)
using various visual components (see Figure 10).
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Fig. 10. The main window of the proposed control system

The proposed control system was tested during the operation of the real coke-oven battery.
This control system was created as a subsystem
for the existing coke-oven battery control system,
which ran as a SCADA/ HMI application. This
SCADA system recorded the measured data with
a period of 1 s and provided it via the DDE protocol to the proposed control subsystem, i.e., the
application shown in Figure 10. The main control
system communicated with the PLC, from which
it obtained the measured process data. The PLC
also realized the control signals according to the
values of the manipulation variables. A complex

scheme of implementation of the proposed control system is shown in Figure 11. The value of
manipulating variable , calculated by the proposed control system has been considered as an
optimal or desired waste gas draft sent to the central control system for the physical adjusting of
the exhaust. In feedback, it is possible to obtain
information about the measured waste gas draft,
flap opening, waste gas composition, and temperature. This data are provided to the proposed
control subsystem via the central SCADA system. The measurement was ensured by hardware
sensors placed in pipes.

Fig. 11. Design of control system implementation
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The proposed control system can stabilize the
CO concentration to the desired value set by the
human operator. Also, the application is ready to
display selected measured process variables, i.e.,
CO (%), O2 (%), and flap opening (%) on all sides
of each block into the graph. The application can
show the current measured draught of waste gas
and waste gas draught calculated by the discrete
controller (Pa). The measured process variables
can be recorded in the database. Graphs of measured values are displayed as trends in historical
data for a predetermined period (e.g., 5 min).
The proposed application allows interactive
change of the sampling period as well as the period of recording the measured data in the database. The application can run in two modes, i.e.,
automatic and manual. In automatic mode, the
automatic draught control runs so that the CO
concentration in the waste gas is stabilized. In
manual mode, it is possible to enter the optimal
waste gas draught manually, i.e., by entering the
value in the appropriate editing window. In the
application settings, it is possible to enable or disable controller adaptation (i.e., optimization of
controller parameters).
The created control system performs several
subroutines in its core, which are controlled by
a timer. The subroutine performing the calculation of the control intervention (i.e., the increment
of waste gas draught) in its definition may call
a subroutine for the optimization of the discrete
controller parameters. Stabilization is interrupted
whenever a signal about the alternation of regenerators on a given block occurs.
Results from adaptive control
Figure 12 shows the behavior of CO stabilization on constant desired value during the

coke-making on one block in the coke-oven
battery. The CO concentration in waste gas was
stabilized at 0.16 %, according to Table 1. Stabilization of CO by controller designed by the
Ziegler-Nichols method is characterized by repeated overshoot, i.e., the oscillation of controlled
variables. For this reason, it is needed to perform
an adaptation of the controller. Figure 12 demonstrates the continual reduction of overshoots of
the controlled variable and decreasing of integral
criterion during optimization of the PI controller. The vertical division into sections represents
a new calculation of objective function (19) from
previous samples. The behavior of control is divided into 13 sections. At the end of each section,
the value of the quadratic criterion was calculated,
and one parameter of the controller was changed
according to the optimization algorithm shown
in Figure 9. The behavior of the corresponding
temperature of waste gas sucked from the heating
chamber shows Figure 13. The controller’s parameters were continually optimized (see Figure
18), so as the ISE criterion was minimized (see
Figure 14). Figure 18 shows the convergence of
the controller’s parameters and to its optimum.
Figure 15 shows the magnified view on the
control for 20 minutes. This behavior is from the
sixth section (see Figure 12). This time section
is given by alternation interval. Figure 16 shows
the stabilization of CO on three various setpoints
(i.e., 0.25 %, 0.5 %, and 0.10 % of CO). In this
figure, it can be seen gradually improving the stabilization because the controller parameters were
continuously optimized. Figure 17 demonstrates
how temperature decreased when CO was stabilized on the higher value. For this reason, it is
needed to stabilize CO on lower values, so the
required temperature of waste gas from heating
chambers was maintained.

Fig. 12. Adaptive stabilization of CO in waste gas by PI controller (desired CO = 0.16%)
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Fig. 13. Temperature behavior during CO stabilization in waste gas by the PI controller (desired CO = 0.16%)

Fig. 14. Integral criterion minimization in the controller parameters optimization

Fig. 15. Stabilization of CO concentration by PI controller in the selected time section

Fig. 16. Adaptive stabilization by PI controller on the various desired value
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Fig. 17. The behavior of heating temperature during the adaptive stabilization of CO

Fig. 18. Adapted PI controller’s parameters

CONCLUSION
Efficient coke production in coke-oven batteries requires advanced automated control systems that can optimally control fuel supply and
flue gas extraction. The coke-oven battery is one
of the large heat aggregates with high energy consumption, high production, and a large amount of
waste gas that is produced in heating furnaces.
In this paper, an adaptive control system for
the waste gas exhausting was designed that stabilizes the concentration of CO in the waste gas
to the desired value. Two discrete incremental
controllers (i.e., PI and PID) were designed and
verified by simulation. Although both controllers
were verified by simulation, only the discrete PI
controller was verified under operating conditions. Adaptive stabilization based on the heuristic principle uses an optimization method for
multidimensional optimization. During the stabilization of CO in the waste gas, the parameters
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of the discrete controller were continuously optimized, thus ensuring the adaptability of the control system to changing operating conditions. The
proposed control can eliminate the human factor
in waste gas exhaust control on the outlet from
the heat aggregate.
The results showed an improvement in stabilization as the ISE criterion was gradually minimized, and the controller’s parameters initially
proposed by the Ziegler-Nichols method were optimized. The proposed control system can be used
with some technical adaptation in real operations
of coke-oven batteries or industry furnaces.
Acknowledgements
This work was supported by the Slovak
Grant Agency for Science under grants VEGA
1/0277/21, VEGA 1/0182/21, and by the Slovak
Research and Development Agency under contract No. APVV-18-0526 and APVV-14-0892.

Advances in Science and Technology Research Journal Vol. 14(4), 2020

REFERENCES
1. Aiping, L., Xuzhi, L., Min, W., Qi, L. Process optimization based on multi-objective optimization
model for coking plant production. 2008 27th Chinese Control Conference, 2008, 511–515. http://
dx.doi.org/10.1109/chicc.2008.4605196
2. Åström K. J., Hägglund T., PID Controllers: Theory, Design, and Tuning, 2nd Ed., Instrument Society of America, USA, 343 p., 1995.
3. Åström, K. J., Wittenmark, B. Adaptive Control:
Second Edition. Dover Publications, 2008.
4. Bobál, V., Böhm, J., Fessl, J., Macháček, J. Digital
Self-tuning cotrollers, Algorithms, Implementation
and Applications, Springer-Verlag, London, 2005.
5. Bobál, V., Böhm, J., Prokop, R., Fessl, J., Praktické
aspekty samočinně se nastavujících regulátorů: algoritmy a implementace, 1. Vydání, Vsoké učení
technické v Brně, 242 p., VUTIUM, 1999.
6. Djalal, M. R, Faisal, F. Design of optimal PID controller for three phase induction motor based on
ant colony optimization. Sinergi, 24(2), Universitas Mercu Buana, 2020. 125–132. http://dx.doi.
org/10.22441/sinergi.2002.2.006
7. Gambier, A. Digital PID controller design based
on parametric optimization. 2008 IEEE International Conference on Control Applications.
IEEE, 2008, 792–797. http://dx.doi.org/10.1109/
cca.2008.4629671
8. He, W., Wang, Y., Liu, S., Li, J., Zhang, R. Combustion Furnace Control Based on FeedforwardFuzzy Decoupling. 2019 Chinese Control Conference (CCC). 2019, 2809–2814. http://dx.doi.
org/10.23919/ChiCC.2019.8866397
9. Hein, M., Kaiser, M. Environmental Control and
Emission Reduction for Coking Plants. Air Pollution - A Comprehensive Perspective, Aug. 2012,
235–280. http://dx.doi.org/10.5772/48275
10. Horn, B. C. Optimal Self-Tuning of PID Controllers. 1988 American Control Conference,
IEEE, 15-17 June 1988, 2362–2367. http://dx.doi.
org/10.23919/acc.1988.4790122
11. Hrubina, K. Optimálne riadenie I. a II. Edičné stredisko VŠT v Košiciach, 1985.
12. Hu, W. Studies on PID controller tuning and selfoptimizing control. Ph.D. Thesis, School of Electrical & Electronic Engineering, Nanyang Technological University, 2012, 216 p. http://dx.doi.
org/10.32657/10356/48149
13. Kemal, A., Bowman, C. T. Active adaptive control
of combustion. Proceedings of International Conference on Control Applications, 1995, 667–672.
http://dx.doi.org/10.1109/cca.1995.555817
14. Kostúr, K. Optimalizácia procesov, ES TU Košice,
1991.

15. Kozina, A., Píša, M., Šplíchal, B., Koksárenství,
SNTL Praha, 474 p., 1973.
16. Li, Y., Wang, X., & Tan, J. Introduction of Advanced
Control Strategy for Coking Flue Gas Processing.
2016 3rd International Conference on Information Science and Control Engineering (ICISCE), 2016, 1000–
1005. http://dx.doi.org/10.1109/icisce.2016.216
17. Li, Z., Qingyang, X., Shibo, J., Jiangning, L. Coking flue temperature RBF, neural network model.
The 27th Chinese Control and Decision Conference
(2015 CCDC), 2015, 5885–5887. http://dx.doi.
org/10.1109/ccdc.2015.7161862
18. Maršík, J., Strejc, V. Application of identificationfree algorithms for adaptive control. Automatica,
25(2), 273–277, Elsevier, 1989. http://dx.doi.
org/10.1016/0005-1098(89)90081-2
19. Maršik, J., Strejc, V. Heuristic Adaptive Process Computer Control. Digital Computer Applications to Process Control, Proceedings of the 7th IFAC/IFIP/IMACS
Conference, Vienna, Austria, 17–20 September 1985,
IFAC Symposia Series, 1986, 347–352. http://dx.doi.
org/10.1016/b978-0-08-032554-5.50050-1
20. Nenchev, V., Hans, C. A. Optimal adaptive predictive control of a combustion engine. 2015 European Control Conference (ECC), 2015, 1409–1413.
http://dx.doi.org/10.1109/ecc.2015.7330736
21. Neto, C. A., Embiruçu, M. Tuning of PID Controllers: An Optimization-Based Method. IFAC Proceedings Volumes, 33(4), 2000, 367–372. http://
dx.doi.org/10.1016/s1474-6670(17)38271-x
22. Nomura, S., Arima, T., Dobashi, A., Doi, K. Coking Pressure Control by Selective Crushing of High
Coking Pressure Coal. ISIJ International, 51(9),
2011, 1425–1431. http://dx.doi.org/10.2355/isijinternational.51.1425
23. Özden, Ü. The investigation of the effect of coking time and temperature on metallurgical coke
production by using a mixture of coking and noncoking coal. Mineral Processing on the Verge of
the 21st Century, 2017, 403–407. http://dx.doi.
org/10.1201/9780203747117-69
24. Padmanabhan, K. T., Bowman, C. T., Powell, J. D.
An adaptive optimal combustion control strategy.
Combustion and Flame, 1995, 100(1-2), 101–110.
http://dx.doi.org/10.1016/0010-2180(94)00081-3
25. Pfannstiel, D., Isermann, R. Selftuning Combustion
Control for a Furnace with Low Power. Advanced
Control of Chemical Processes, Selected Papers from
the IFAC Symposium, Toulouse, France, 14-16 October 1991, IFAC Symposia Series, 1992, 11–16. http://
dx.doi.org/10.1016/b978-0-08-041267-2.50007-3
26. Píša, M. Výroba koksu, STNL Praha, 1978.
27. Pragash, S. M., Natarajan, R. A. Particle Swarm
Optimization Based PID Controller For Hemispherical Tank Liquid Level Process. Journal of
Xidian University, 14(6), 2020. 117–128. http://
dx.doi.org/10.37896/jxu14.6/014

211

Advances in Science and Technology Research Journal Vol. 14(4), 2020
28. Qiao, D., Mu, N., Liao, X., Le, J., Yang, F. Improved
evolutionary algorithm and its application in PID
controller optimization. Science China, Information Sciences, Letter, Vol. 63, 199205:1–199205:3,
Science China Press and Springer-Verlag GmbH
Germany, Part of Springer Nature, 2020. 1–3 http://
dx.doi.org/10.1007/s11432-019-9924-7
29. Sadaki, J., Tanaka, K., Naganuma, Y. Automatic
coking control system. Proceedings of IEEE International Conference on Control and Applications, IEEE, September 13-16. 1993 Vancouver, B.C., 1993, 1–7. http://dx.doi.org/10.1109/
cca.1993.348348
30. Sahraian, M., Kodiyalam, S. Tuning PID controllers using error-integral criteria and numerical optimization. 6th Symposium on Multidisciplinary
Analysis and Optimization., American Institute of
Aeronautics and Astronautics, Inc., AIAA Meeting papers on a disc, 1996. 237–246. http://dx.doi.
org/10.2514/6.1996-4009
31. Skurikhin, V. I., Zhiteckij, L.S., Procenko, N. M.,
Jakoveako, L. P. Adaptive Digital Control of Furnace Temperature Conditions for Thermal Process. Control Engineering Practice, 2(6), Elsevier,
1994, 1077–1080. http://dx.doi.org/10.1016/09670661(94)91850-3.
32. Su, C., Shi, H., Li, P., Cao, J. Advanced Control in a Delayed Coking Furnace. Measurement
and Control, 48(2), 2015, 54–59. http://dx.doi.
org/10.1177/0020294015569259
33. Trimm, D. L. Control of coking. Chemical Engineering and Processing: Process Intensification, 18(3),
1984, 137–148. http://dx.doi.org/10.1016/02552701(84)80003-3
34. Tsumura, K., Tsuda, K., Fujisaki Y. Decentralized
Adaptive Control of Coke Oven Batteries, IFAC
Proceedings Volumes, vol. 45(23), Elsevier, 2012,
266–267. http://dx.doi.org/10.3182/20120910-3jp-4023.00043
35. Virozub, I. V., Lejbovič R. E. Výpočty koksovacích
pecí a pochodov koksovania, STNL Praha, 1977.
36. Vlad, M. Environmental Pollution Control in Coking Plants Situated in Proximity of Urban Areas.
SGEM 2012 12th International Multidisciplinary
Scientific GeoConference, 4, 2012, 303–310. http://
dx.doi.org/10.5593/sgem2012/s17.v4009
37. Wang, Y., Jiao, Y., Cai, B., Zhao, J. Method on PID
controller optimization based on the data-driven
technique. 2017 Chinese Automation Congress
(CAC). IEEE, 2017, 2567–2571. http://dx.doi.
org/10.1109/cac.2017.8243208
38. Wei, J. A Novel PID Controller Parameter Optimization Method. Applied Mechanics and Materials, 738739, 2015, 1077–1081. http://dx.doi.org/10.4028/
www.scientific.net/amm.738-739.1077
39. Wu, M., Cao, W., Chen, X., She, J. Intelligent Optimi-

212

zation and Control of Coking Process. In: Intelligent
Optimization and Control of Complex Metallurgical Processes, 3, Springer, Singapore, 2020, 83–133.
http://dx.doi.org/10.1007/978-981-15-1145-5_3
40. Xu, J., Feng, X. Design of adaptive fuzzy PID tuner
using optimization method. Proceedings of the 5th
World Congress on Intelligent Control and Automation, June 15-19, 2004. Hangzhou, PR. China
(IEEE Cat. No.04EX788). IEEE, 2004, 2454–2458.
http://dx.doi.org/10.1109/wcica.2004.1342035
41. Yijian, L., Yanjun, F. Optimization design of PID
controller parameters based on improved E. Coli
foraging optimization algorithm. 2008 IEEE International Conference on Automation and Logistics.
IEEE, 2008, 227–231. http://dx.doi.org/10.1109/
ical.2008.46361512362-2367
42. Yimchunger, A. T., Acharya, D., Das, D. K. Particle Swarm Optimization based PID-Controller
Design for Volume Control of Artificial Ventilation System. Proceedings of 2020 IEEE Calcutta
Conference (CALCON), 278–282. Part No.:
CFP20O01-ART.
http://dx.doi.org/10.1109/calcon49167.2020.9106480
43. Zanoli, S. M., Barchiesi, D., Astolfi, G., Barboni, L.
Advanced control solutions to increase efficiency
of a furnace combustion process. 2013 European
Control Conference (ECC). 2013, 4316–4321.
http://dx.doi.org/10.23919/ecc.2013.6669817
44. Zhang, J. Design of a new PID controller using predictive functional control optimization for chamber pressure in a coke furnace. ISA Transactions, 67, 2017, 208–
214. http://dx.doi.org/10.1016/j.isatra.2016.11.006
45. Zhang, R., Li, P., Ren, Z., Wang, S. Combining predictive functional control and PID for liquid level
of coking furnace. 2009 IEEE International Conference on Control and Automation, 2009, 314–318.
http://dx.doi.org/10.1109/icca.2009.5410157
46. Zhang, R., Wang, S. Support vector machine based
predictive functional control design for output
temperature of coking furnace. Journal of Process Control, 18(5), 2008, 439–448. http://dx.doi.
org/10.1016/j.jprocont.2007.10.008
47. Zhang, W., Huang, D., Wang, Y., Wang, J. Adaptive
State Feedback Predictive Control and Expert Control for a Delayed Coking Furnace. Chinese Journal
of Chemical Engineering, 16(4), 2008, 590–598.
http://dx.doi.org/10.1016/s1004-9541(08)60126-3
48. Zhao, J., Xi, M. Self-Tuning of PID Parameters
Based on Adaptive Genetic Algorithm. EMCEME
2019, IOP Conference Series: Materials Science
and Engineering 782, 042028, IOP Publishing
Ltd., 2020. 1–8. http://dx.doi.org/10.1088/1757899X/782/4/042028
49. Ziegler, J. G., Nichols, N. B. Optimum settings for
automatic controllers. Transactions of the ASME,
64, 1942, 759–768.

