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Abstract: Technological complexes of various industries 
are characterized by certain modes of operation (techno-
logical regulations), which correspond to the set of vari-
ables of different nature, which have a high-dynamics of 
change and determine the main technical and economic 
performance of the object. The aim of the research is 
to identify information software approaches to support 
decision-making in organizational-technical (techno-
logical) systems. Research results are obtained through 
grouping, generalization and comparison methods. The 
scientific significance of the results are to determine the 
objective need to use intelligent decision support subsys-
tems to quickly manage complex organizational-tech-
nical systems based on both: clear and formalized data 
and knowledge and high-quality fuzzy estimates.

Keywords: sugar production, control object, technologi-
cal monitoring, automated complexes, uncertainty of in-
formation, neuro-fuzzy networks

1. Introduction 
For today information technologies have radically 

Organizational-technical (technological) systems of 
continuous type are distinguished by the fact that 
for the implementation of technological processes 
they support significant flows of raw materials, en-
ergy and energy resources, which in turn generates 
significant amounts of information that must be pro-
cessed promptly to obtain effective management ac-
tions during  preset operating periods, which may be 
weeks, months, seasons, etc [1].

Most food, processing, chemical and other in-
dustries operate in this mode. At the same time an 
improvement of information support significantly 
changes the modes of operation, increasing the re-
source- and energy efficiency of the enterprise [2–4].

One of the trends in the development of modern 
theory and practice of managing complex objects is 
the allocation in a separate class of the organization-
al-technical (technological) systems (OTS), which 
include both technological complexes, and the en-
terprise as a whole [5–8]. In fact, the most effective 
approach to ensuring the operational management 
of OTS is the development and use of intelligent sys-
tems of various levels and purposes. In the structure 
of intelligent control systems (ICS) one can use the 

most advanced methods and methods of forming con-
trol actions at different levels of the hierarchy: on the 
lower (executive) the standard automatic regulators 
function, the most used is the PID-regulator, which in 
recent years is supplemented by fuzzy (logic) regula-
tors, which use, for example, production rules such as 
“IF ... THEN”. In the general structure of the ICS, there 
are necessarily databases and knowledge bases, for 
which the technological monitoring subsystems are 
used and facilities for the operative assessment of the 
object’s state [9], and for the identification of the in-
terconnections between the process variables – neu-
ral network.

Technological complexes of various industries are 
characterized by certain modes of operation (tech-
nological regulations), which correspond to the set 
of variables of different nature, which have a high-
dynamics of change and determine the main technical 
and economic performance of the object. 

The aim of the research is to identify information 
software approaches to support decision-making 
in organizational-technical (technological) systems 
based on clear and formalized data and knowledge, as 
well as high-quality fuzzy estimates.

2. Materials and Methods of Research
The authors investigated the works of [5–9] de-

voted to information software approaches to support 
decision-making in organizational-technical (techno-
logical) systems.

Tool environment Matlab and the Fuzzy Logic 
Toolbox extension (fuzzy logic package) were used, 
which includes the subsystem for the development 
of neuro-fuzzy structures ANFIS (Adaptive-Network-
Based Fuzzy Inference System). 

Neuro-fuzzy networks use differentiated realiza-
tions of triangular norms (multiplication and proba-
bilistic OR), as well as smooth membership functions. 
This allows to apply fast neural network learning al-
gorithms to configure neural-fuzzy networks based 
on reverse error propagation method.

The architecture and rules for each layer of the 
ANFIS network are described below.

ANFIS implements Sugeno’s fuzzy inference sys-
tem as a five-layer direct propagation neural network.
The purpose of the layers is as follows: the first layer 
– is the terms of the input variables; the second layer 
– antecedents (parcels) of fuzzy rules; the third layer 
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Typical neural network training procedures can 
be used to set up an ANFIS network because it uses 
only differentiated functions. Typically, a combination 
of gradient descent is used in the form of algorithm 
of reverse error propagation and method of least 
squares. The algorithm of reverse error propagation 
adjusts the antecedents of the rules, that is, the mem-
bership functions.

The method of least squares estimates the coeffi-
cients of the rules because they are linearly related to 
the output of the network.

Each iteration of the tuning procedure is performed 
in two steps. In the first stage, a training sample is 
submitted to the inputs, and the optimum parameters 
of the nodes of the fourth layer are determined by the 
deviation between the desired and actual network 
behavior by the iterative method of least squares.In 
the second step, the residual deviation is transmitted 
from the output of the network to the inputs, and the 
parameters of the first layer nodes are modified by 
the method of reverse error propagation.At the same 
time, the coefficients of conclusions of the rules found 
in the first stage do not change.The iterative tuning 
procedure continues until the residual exceeds the 
preset value.

3. The Results of Research
Complex technological objects, which are part of 

the OTS, always function in the conditions of intense 
perturbations and changing characteristics of the ex-
ternal environment, which leads to the need to take 
into account significant uncertainties and their inad-
equate decisions and the formation of management 
actions that do not correspond to the production situ-
ation and lead to significant risks.

Considering the information provision of man-
agement processes it is advisable to take as a basis 
subsystems of decision support, in particular, in in-
telligent control systems where management actions 
are taken or controlled by the person who makes 
the decision (PMD). In this regard, the uncertainty 
is interpreted as incomplete, vague, obscure or am-
biguous information about the object and its state 
in different operating modes. At the same time, the 
preparation of management actions is clearly related 
to risk as a certain possibility of obtaining a planned 
result, while the risk and uncertainty have the same 
essence and are measured in some units, for example, 
in percent, that is, uncertainty can become a risk in 
the implementation of management actions, and the 
implementation of a risky decision can lead to uncer-
tainty. Thus, uncertainty as a phenomenon – fuzzy 
and blurry, contradictory descriptions of the object 
and production situations, insufficient and mutually 
exclusive information. When managing complex ob-
jects, it is necessary to take into account force majeure 
events that arise independently of the will and human 
consciousness and change the course of the control 
processes. It should also be taken into account that 
the actions of PMD, in it turn, can lead to uncertainty 

is the normalization of the degrees of implementation 
of the rules; the fourth layer – the conclusion of the 
rules; fifth layer – aggregation of the result obtained 
by different rules.

Network inputs to a separate layer are not high-
lighted. For the linguistic evaluation of the input vari-
able x1– 3 terms are used, for the variable x2 – 3 terms, 
for the variable x3 – 3 terms.

The following notations are required for further 
presentation: x1, x2, ..., xn – network inputs; y – network 
output; R1 : IF x1 = a1, r AND...AND xn = an, r THEN  
y = b0, r + b1, r   x1 + ... + bn,r xn – fuzzy rule with ordinal 
number r; m – number of rules, r = 1, m; an,r – fuzzy 
term with membership function μr (xi), used for lin-
guistic evaluation of a variable xi in r-thrule 
( 1, , 1, )r m i n= = ; bq, r – real numbers in the output of 
r-thrule ( 1, ), 0, )r m q n= = .

The ANFIS network works like this.
Layer 1. Each node of the first layer represents 

one term with a bell-shaped membership function. 
The network inputs x1, x2, ..., xn are only connected to 
their thermals. The number of nodes in the first lay-
er is equal to the sum of the power of the term-sets 
of the input variables. The output of the node is the 
degree of belonging to the value of the input variable 
corresponding to the fuzzy term (1).
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where: a, b and c – options for configuring member-
ship functions.

Layer 2. The number of nodes in the second layer is 
equal to m. Each node in this layer corresponds to one 
fuzzy rule. The node of the second layer is connected 
to those nodes of the first layer that form the anteced-
ents of the corresponding rule. Therefore, each node 
of the second layer can receive from 1 to n input sig-
nals. The output of the node is the degree of execution 
of the rule, which is calculated as the product of the 
input signals. Denote the outputs of the nodes of this 
layer by τr , r = 1, m.

Layer 3. The number of nodes in the third layer is 
also equal to m. Each node in this layer calculates the 
relative degree of implementation of the fuzzy rule (2).
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Layer 4. The number of nodes of the fourth lay-
er is also equal to m. Each node is connected to one 
node of the third layer. The fourth layer node calcu-
lates the contribution of one fuzzy rule to the net-
work output:

 0, 1, 1 ,( ... )r r r r n r ny b b x b x∗= × + + +τ  (3)

Layer 5. A single node in this layer summarizes the 
contributions of all the rules:

 y = y1 + ...yr  ... + ym (4)
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which is used without mediation in the management 
process. Determining this uncertainty as entropy, it 
is assumed that obtaining information (its increase) 
reduces entropy. The measured uncertainty, in fact, 
the risk, is so different from the uncertain that it is 
not generally uncertain [13–16].

When managing technological complexes in the 
OTS class, the presentation of data and knowledge 
in the form of fuzzy sets with different membership 
functions becomes of particular importance. At the 
same time, the level of uncertainty is unambiguously 
connected with the value of the membership function, 
the decrease of which characterizes the deterioration 
of the quality of management decisions based on the 
fuzzy conclusion with the operations of merging and 
crossing fuzzy sets. The most important are the fuzzy 
rules “IF...THEN...” which form control poor (vague) 
defined objects. The comparison of the fuzzy set A 
with some base A* whose level of fuzziness is zero are 
used. To bring the comparison result in a range from 
0 to 1, the formula [14–18] is used (5):

 2( , *) ( , *),A A d A A
n

=ρ  (5)

where: 
ρ(A,A*) – the uncertainty level of the fuzzy set A in 
comparison with the fuzzy set A*;
d(A,A*) – Hamming’s line distance between sets A and 
A* (6).

 
1

( , *) ( ) ( )
n

A i iA
i

d A A x x∀

=

= −∑ µ µ  (6)

where:
( ), ( )A i iA

x x∀µ µ
– the functions of the membership of the 

set A and A*; 
n – number of items compared in sets.

As can be seen from Fig. 1 – result of unions of 
fuzzy sets, the uncertainty of the output (result) of the 
set increases [15–16].
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– incompetence or unjustified decision without con-
sideration of the problem situation and lack of time. 

In the management process, uncertainty at any 
level leads to risk, and the greater the uncertainty, the 
higher the risks.

The technical literature gives enough places to 
classify variants and types of uncertainty of informa-
tion, although in many ways it depends on the object 
of management and the peculiarities of its operation 
[10–16]. First of all, it is advisable to distinguish be-
tween two main classes: structural and parametric 
uncertainty and each of them, for the tasks of control-
ling and controlling the state of the object is comple-
mented by many indicators, for example:

•	 low accuracy of operational information 
about the state of the object (low accuracy of 
technical means for receiving and processing 
of data, failure of communication channels, 
transmission latency between levels of man-
agement, etc.);

•	 inaccuracy of object models and description 
of information arrays, in particular systemic 
errors: incorrectly carried out decomposition 
(allocation of subsystems), relating both to 
object and task of management, linearization 
of models and their sampling;

•	 obscurity of information due to the difficul-
ties of formalizing a number of indicators, the 
use of linguistic variables and “soft” calcula-
tions;

•	 the presence of a large number of manage-
ment criteria (optimization) and the need to 
take into account a variety of constraints of 
different nature;

•	 decision-making in multilevel hierarchical 
systems of an iterative nature with the need 
to solve numerous auxiliary tasks of coordi-
nating decisions between levels.

Finally, with the current development of informa-
tion technologies separately identified uncertainty 
as information resource (knowledge) that in devel-
oped countries in the gross domestic product (GDP) 
is up to 30% due to the creation of value added. To 
characterize information resources, the term “con-
tent” is used as the content of a particular resource, 
which is considered outside the forms of its material 
representation – audio and video texts, individual 
images, verbal texts, symbols, etc.In a modern ap-
proach, the content may not be structured (Web-
content) or structured, for example, at the enterprise 
– tables, databases and knowledge bases, data ware-
houses, content displayed in a certain form –  infor-
mative resource as a collection of data, information 
and knowledge that accumulate in the process of 
human activity and the operation of a particular ob-
ject. In the information idea (K. Shennon, 1948), the 
amount of information is considered as a measure of 
certainty or uncertainty of the state of the system, 
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Fig. 1. Functions of membership: a – initial, b – result of 
association
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Fig. 2. Term of the set of linguistic variable “cost 
change”

Technological complexes of various industries are 
characterized by certain operating regimes (tech-
nological regulations), which correspond to the set 
of variables of different nature – temperature, level, 
pressure, etc., and in many cases material flows are 
acquired (raw materials, intermediate liquid flows, 
pairs, etc.) which have a high dynamic change and 
determine the main technical and economic per-
formance of the object. An approach based on fuzzy 
logic is increasingly used to evaluate and manage ma-
terial flows. For example, Fig. 2 and Fig. 3 show the 
functions of the inclusion of linguistic variables “cost 
change” and “cost”.

On Fig. 2 marked: D2 – “significantly reduce”, D1– 
“reduce somewhat”, Z – “do not change”, J1– “increase 
somewhat”, J2 – “significantly increase”. On Fig. 3 
marked: TM – “small”, TC – “medium”, TB – “big”. On Fig. 2 
and Fig. 3 the membership functions have a triangu-
lar shape, and in specific cases there could be another 
form, for example, exponential. 

One of the most powerful sources of information 
for decision-making tasks is time rows [19–20], as 
a set of consistent observational results. Time rows, 
as a rule, arise as a result of measuring a certain

х0

1,0

μ( )х

TM TC TB

Fig. 3. Term of the set of linguistic variable “cost 
change”

indicator, for example, technological variables. In the 
time rows, for each reference, the measurement time 
or measurement number must be specified in order. 
The time rows significantly differ from the sample by 
the fact that it is necessary to take into account the 
connection of measurements with time. Time rows 
consist of two elements: the time for which the time 
values are given, and the actual numerical values of 
the indicator being analyzed (row level). Time rows 
allow objectively evaluate the state of an object, 
analyze its behavior, perform forecasting (extrapola-
tion), determine the prospects for its development, 
identify characteristic manifestations of the behav-
ior of the object (patterns), to form a base of prece-
dents. The solution of the above tasks will, of course, 
sharply increase the efficiency of decision-making 
[21]. Time rows filtering have two components in 
its composition: a useful signal and noise, whose 
parameters are unknown and whose intensity is 
situational depending on various factors [22]. An ef-
fective approach for filtering time rows in which un-
stable noise characteristics are is the use of wavelet 
analysis [19–24].

The problem of identifying production processes 
based on a neuro-fuzzy network (NFN) is relevant, 
based on the conceptual foundations of the complex-
ity of interconnections between input and output 
variables.

In this case, we consider the technological com-
plex of sugar production, the parametric scheme of 
which is shown in Fig. 4. 

Productivity

Dispense of
diffusion juice

Costs Ca(OH) 2

Costs of 
washing water

Technologacal 
complex of 

sugar production 
MILK

Sugart output

Costs of sugar
in the process

Fig. 4. Parametric scheme of the main flows
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We propose a solution for this problem by solving 
two problems – two steps respectively. For correct 
representation of data and based on the peculiarities 
of the implementation of the algorithm of the logical 
Sugeno’s conclusion will be constructed two neu-
ro-fuzzy networks. Solving this problem is done using 
the MatLab toolkit. In order to realize the solution of 
this problem, it is proposed to use the internal subsys-
tem of Matlab environment – the subsystem of the de-
velopment of neuro-fuzzy structures ANFIS. ANFIS is 
the Adaptive-Network-Based Fuzzy Inference System 
abbreviation – an adaptive network of fuzzy output. 
ANFIS is one of the first variants of hybrid neuro-fuzzy 
networks – a special type of direct propagation of the 
neural network. The architecture of a neuro-fuzzy 
network is isomorphic to a fuzzy knowledge base. In 
neuro-fuzzy networks, differentiated realizations of 
triangular norms are used (multiplication and proba-
bilistic OR), as well as smooth membership functions. 
This allows the use of fast neural network training al-
gorithms based on the method of reverse error prop-
agation to set up neuro-fuzzy networks. The following 
describes the architecture and rules for the operation 
of each layer of the ANFIS network.

ANFIS implements Sugeno’s fuzzy detection sys-
tem in the form of a five-layer neural network of di-
rect signal propagation. Assign layers as follows:
•	 the first layer –the terms of the input variables;
•	 the second layer – antecedents (parcels) of fuzzy 

rules;
•	 the third layer – normalization of the degree of ex-

ecution of the rules;
•	 the fourth layer – the conclusion of the rules;
•	 the fifth layer – the aggregation of the result ob-

tained by different rules.
To explain the content of the feedback surface of 

the knowledge base, we introduce the following des-
ignations of the graphs: Input 1 – the productivity of 
the plant; Input 2 – pump diffusion juice; Input 3 – 
consumption of lime milk; Input 4 – flow of flushing 
water; Output – sugar output.

At the second stage of the problem’s solution, 
namely, to identify the main cause-effect relation-
ships that allow to analyze the impact of such factors 
as productivity, discharge of diffusion juice, the cost of 
lime milk, the cost of washing water on sugar loss in 
the production process (Fig. 5). 

Productivity

Dispense of
diffusion juice

Costs Ca(OH) 2

Costs of 
washing water

Sugar output

input inputmf rule outputmf output

Logical  Operations
and
or
not

Fig. 5. The structure of the neuro-fuzzy network 
to identify the causal relationships of assessing the loss 
of sugar in the production process

Information for time series is obtained from real 
enterprises for the same time intervals, namely for 
the last 2 years. Time series from six months to two 
years were used in the construction of neural net-
works and their testing.

The above approach allows to simplify the work 
of expert people to identify the main relationships 
between the input and output variables of any tech-
nological complex, to generate information material 
for person who makes decisions (PMD). Solving the 
problem of identification on the basis of neuron-fuzzy 
approach has shown the possibility of establishing 
causal relationships between input and output vari-
ables processes sugar production in the form of fuzzy 
rules [25]. 

An effective modern approach to the creation of 
information management systems is a combination 
of methods for accounting both uncertainties and 
risks [22]. A particular importance is the formation of 
management (managerial) solutions in large systems, 
where the choice of options for their implementation 
is calculated by economic efficiency within the finan-
cial capabilities of the enterprise. The formalization 
of the choice of decision options is based on the intro-
duction of an evaluation target function, when each 
alternative xi PMD attributes a probabilistic result 
P(xi) that characterizes all the consequences of this 
solution. There are a number of approaches in the 
technical literature, for the implementation of which 
various criteria are used, for example: 

•	 maximum mathematical expectation (hope) 
of gain, when the ODA can actually be esti-
mated on the basis of the probability distri-
bution of the state of the object and the envi-
ronment;

•	 minimal dispersion, which reduces the risk 
of obtaining a slight gain with a significant 
mathematical expectation of the range of its 
change;

•	 the marginal level of gain at the existing in-
terval;

•	 the most probable result when it is possible 
to obtain all the necessary information for 
decision-making;

•	 minimum average risk, when each of its val-
ues corresponds to the state of the environ-
ment.

In order to use the statistical approach, a significant 
representative sample of observations or expert 
knowledge must be available for the formation of 
control actions with changing characteristics of the 
object and the environment.

Modeling and testing were performed using 
Matlab and Fuzzy Logic Toolbox extension (fuzzy logic 
package), but it is not possible to include it in real OTS 
control systems. The authors created software mod-
ules on C# language in which the proposed methods 
and neuro-fuzzy structures ANFIS are fully implement-
ed. Created software modules can be included in exist-
ing information systems and those that are being cre-
ated. Due to the fact that the created software modules 
are created on C#, integration goes smoothly.
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4. Conclusion
The scientific significance of the results are to de-

termine the objective need to use intelligent decision 
support subsystems to quickly manage complex OTS 
based on both: clear and formalized data and knowl-
edge and high-quality fuzzy estimates. Uncertainty of 
information is highlighted, technological monitoring 
values and the possibility of using neural networks to 
assess the status of control objects are shown.

For efficient management of the OTS of different na-
ture and purpose, the priority task is to create the nec-
essary information support for the assessment of which 
the information resource (content) is used as its content 
beyond the forms of its material representation.

It is shown that the formation of management ac-
tions in the OTS is unambiguously connected with the 
uncertainty of the information and the caused risks, 
the types of uncertainty of information are given.

For the operational management of complex OTS 
the objective necessity of using intelligent subsys-
tems of decision support based on both clear formal-
ized data and knowledge and qualitative fuzzy evalu-
ations is determined.

Are given examples of use for the estimation of 
fuzzy knowledge of membership functions, and for 
the identification of the state of an object is an adap-
tive neuro-fuzzy network.

In the conditions of long functioning of technologi-
cal complexes in the OTS, a number of criteria for sta-
tistical analysis have been selected for the assessment 
of technical and economic indicators.
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