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Abstract 

Recommendation systems usually divided into 
two types: collaborative filtering and content 
recommendation systems. Recently, a new kind 
of hybrid methodical systems based on 
knowledge bases has been singled out; an ex-
ample of such a hybrid system is given in [1]. In 
the case of application of advisory systems in 
conditions of uncertainty, such term as intelli-
gent proactive recommendation system (IPRS), 
in the form of artificial intelligence, is accepta-
ble. In the presence of uncertainties, soft calcu-
lations, Markov models, fuzzy systems, genetic 
algorithms or neural networks are usually used 
among the input parameters of the system. This 
article describes new view to recommendation 
systems with application in prediction of danger 
situations on the road and manufacture with 
help of knowledge base and hybrid neural net-
works. IPRS is understood as an intelligent sys-
tem consisting of a complex of components that 
allows the user of the computer to obtain oper-
ational solutions for complex situations. The 
IPRS system, in analogy with other intelligent 
systems, can consist of several subsystems: a 
learning adaptive part; interactive for interaction 
with users and the environment; processing for 
reading data about the world; subsystems of the 
withdrawal of recommendations and a block 
representing the external environment, as given 
in [2]. The benefits of proposed approach with 
two applications are described in this paper. 

1 INTRODUCTION   

In next chapters we describe the difference be-
tween proactive and classic recommendation 
systems. Introduced view to architecture of pro-
active recommendation system. 

1.1 INTELLIGENT PROACTIVE RECOM-
MENDATION SYSTEM 

The conceptual scheme of IPRS is shown in 
Fig. 1. As the set U = {U1, U2, ..., Un} there will 
be many users of the system. The Dialog Pro-
cessor (DP) is the user interface. To improve 
user interaction, the interactive processor must 
be able to develop linguistic solutions. 

 

Fig. 1 IPRS Conceptual Framework 

The main purpose of the recommendation sys-
tem is information processing. Depending on 
the values of environmental parameters, sev-
eral options are chosen to solve the problem in 
the event of its approach or occurrence. Based 
on the knowledge base (KB), the recommenda-
tion system searches for the most appropriate 
solution for the given situation. Solver translates 
the inference from rules and decisions from rec-
ommendation systems. 

1.2 KNOWLEDGE BASED RECOMMEN-
DATION SYSTEMS 

A significant role in IPRS is played by two ele-
ments - the recommendation system and the 
knowledge base. Knowledge - these are the 
rules, laws and patterns obtained as a result of 
professional activities within the subject do-
main. 

 The knowledge base is a database con-
taining the rules of inference and information 
about human experience and knowledge in a 
certain subject area. In other words, it is a set of 
such patterns that establish the links between 
input and output information.  To solve expert-
level problems, recommendation systems need 
effective access to a knowledge base with sub-
stantial knowledge, as well as a mechanism for 
justifying the application of knowledge to the 
problems that are assigned to them.  

The process of data extraction for knowledge 
bases is shown on Fig. 2. 
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Fig. 2 General process of data analysis and 
data selection 

1.3 FUZZY KNOWLEDGE BASE 

In the case of production systems, the analysis 
process consists in finding all possible sensors 
and actuators in the system, as well as all pos-
sible elements in the environment of the produc-
tion line, which can introduce uncertainty. 
Based on the data of sensors and actuators, the 
process of operating the line is studied - what 
elements are connected with which element, 
which element can affect the other. After all the 
elements of the system are examined by the ex-
pert, all possible rules are created for the vari-
ous emergencies that may occur. The rule can 
look like a sequence of if-then conditions, for ex-
ample: 

If the pressure in the tank B1 > 1.2 atm. and re-
actor temperature < 20, then urgently increase 
the pressure or increase the temperature. 

If the inference system allows you to uniquely 
select one action, then the recommendation 
system can be included in the control loop to ex-
clude the delays caused by the human factor.  

At the computational level, the fuzzy system can 
be considered as a multilevel structure (net-
work), similar to artificial neural networks such 
as RBF. To optimize parameters in a fuzzy sys-
tem, learning algorithms such as gradient de-
scent, known from the field of neural networks, 
can be used. 

Consider first a simple example of a fuzzy TS 
model of zero order with the following two rules: 

If 𝑥1 is 𝐴11 and 𝑥2 is 𝐴21 then y = 𝑏1 

If 𝑥1 is 𝐴12 and 𝑥2 is 𝐴22 then y = 𝑏2 

 

 

Fig. 3 Example of a fuzzy model with zero order 
with two rules represented as a neural-fuzzy 
network. 

Fig. 3 shows a network view of these two rules. 
The nodes in the first layer compute the degree 
of belonging of the inputs in antecedent fuzzy 
sets. 

2 NEURAL NETWORK FUZZY LOGIC 
CONTROLLER 

NNFLC - fuzzy controller based on neural net-
work and fuzzy logic. Structurally, NNFLC is a 
multilayer network of direct signal propagation 
that implements the principles of the neural net-
work of knowledge, with different layers per-
forming different functions. The NNFLC system 
allows the presentation of fuzzy production clas-
sification systems such as Max-Min or Takagi-
Sugeno type in the form of ANN. When design-
ing, a four-layer fuzzy FF-network arises, in 
which each layer is formed by neurons of a cer-
tain type. The weights of the bonds are either 
constant or vary in the learning process. By us-
ing different learning algorithms, both free pa-
rameters and the structure of the neural network 
can vary, and in real time. 

2.1 HYBRID NEURAL NETWORK 
LEARNING PROCESS 

The training of the NNFLC of complex architec-
ture takes place in several stages: at each stage 
different learning algorithms are used: pre-
schooling, online, without a teacher, with a 
teacher. The general training scheme for 
NNFLC includes the following steps: 

 formation of training data; 

 self-organizing clustering (setting of 
membership functions); 

 Competitive training (algorithm of the 
winner); 

 removal of rules; 

 combination of rules; 

Final tuning of the parameters (tuning) of the 
membership functions using the algorithm for 
back propagation of the error. 

3 RECOMMENDATION SYSTEM FOR 
MANUFACTURING 

Based on proposed mechanism were created 
two prototypes of recommendation systems – 
first one for manufacturing and second one for 
driving assistance.  
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3.1 RECOMMENDATION SYSTEM FOR 
CHEMICAL STATION 

The chemical station consists of four modules - 
a filter, a reactor-station, mixing stations and 
bottling. The station can be represented as a 
small plant consisting of 20 controllers and 44 
sensors. For simplicity, only the subset of sen-
sors is considered in this paper: 

 Temperature of the mixture of liquids in 
the reactor 

 Status of the three valves of the filtration 
station 

 Mixer status in the mixing station 

 Liquid level in the mixing station 

 Mixing time 

 Depending on the combination of these 
sensors, the adaptive neuro-fuzzy logic infer-
ence system can generate an objective function 
from which we can obtain information, for exam-
ple, exceeding the permissible temperature or 
liquid level, the system can, as a result, display 
a message or warning to the user if the expert 
enters the parameter limits for that parameter. 

3.2 MATHEMATICAL MODEL 

The mathematical model of the entire produc-
tion line system can be represented in the fol-
lowing form:  

1. 𝑋 = {𝑥1, … , 𝑥𝑛} -  input parameters; 

2. 𝑌 = {𝑦1, … , 𝑦𝑧}  - are the estimated pa-
rameters; 

3. 𝑆 = {𝑠1, … , 𝑠ℎ}  -  states; 

4. 𝑃 = {𝑝11, … , 𝑝𝑚𝑚}  - transactions; 

5. 𝐴 = {𝑎1, … , 𝑎𝑘}  - action; 

6. 𝐷 = {𝑑1, … , 𝑑𝑙} - decisions; 

7. 𝑅 = {𝑟1, … , 𝑟ℎ} - rules; 

8. 𝑀𝐹 = (𝑚𝑓1, … ,𝑚𝑓𝑔) - membership func-

tions. 

Then a set of actions can be represented as: 

𝐴 = 𝐷((𝑠𝑖+1(𝑃(𝑥𝑖+1, 𝑦𝑖)), 𝑅(𝑀𝐹1. . 𝑀𝐹𝑔 

(𝑦𝑖+1))) (1) 

3.3 STRUCTURE OF THE NEURAL NET-
WORK KNOWLEDGE BASE 

At the stage of identification of the neural net-
work it is necessary: 

 Identify all significant sensors in the sys-
tem. 

 Identify all the relationships between 
components. 

 Define the membership functions for all 
components. 

 Set a list of actions to take the system 
out of an emergency 

Data obtained from a laboratory stand are trans-
ferred to the inputs of three classifiers based on 
neural networks, each of which is a multi-layer 
perceptron [3]. 

Each of the perceptrons consists of 3 layers and 
includes 3 neurons in the input layer, 8 neurons 
in the hidden layer and 1 neuron in the output 
layer. 

The developed neural network recognizes 9 
classes of pre-emergency situations, which 
from the outputs of the neural network are input 
to the inputs of the fuzzy logic inference system. 

4 DRIVER ASSISTANT RECOMMENDA-
TION SYSTEM 

The distribution of emergencies on video re-
cordings is as follows - 42.6% the motorcycle 
collides with the car, 19.7% the machine col-
lides with the car, 15.6% the motorcycle collides 
with the machine and 20% other types of acci-
dents. 

The ability to prevent accidents is an extremely 
difficult task, since accidents are very diverse, 
and they tend to occur suddenly. Drivers learn 
from experience to pay attention to implicit sig-
nals, including the semantics of the scene, the 
appearance of the object and the movement. In 
this paper, situational control based on a recur-
rent neural network (RNN) is proposed for pre-
dicting accidents before they occur. The system 
consists of such components as: 

- NNFLC - Neuro-fuzzy controller for the output 
of human-understandable commands or de-
scriptions of the current situation 

- RNN for Long-Term Term Term Term Termi-
nation (LSTM) is used to predict the emergency 
situation for the long-term dependencies of all 
signals and for the prediction of accidents [4]. 

- Exponential-loss: by analogy predicting driver 
maneuvers, the exponential decay function is 
used as a function of losses for positive exam-
ples. 

For effective forecasting, the method of in-depth 
training is used. All these components together 
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provide prediction of accidents, based on a 
cheap sensor based on machine vision [5]. 

The program module developed as a result of 
the work includes a full-fledged application and 
adaptation for the Raspberry Pi 3B microcom-
puter, and the standard Tensorflow model for 
the "inception graph" image recognition was 
supplemented by a trained recurrent neural net-
work based on 1730 VSLab video recordings 
from DVRs in Taiwan. An example of how the 
program works is shown on Fig. 4. 

 

Fig. 4 Results of working software module for 
predicting danger situations 

5 RESULTS 

Without the use of distributed methods, the total 
delays for prediction of emergency situations on 
production line are 0.85 s - i.e. recommendation 
system works out less than a second after the 
occurrence of a pre-emergency situation. A hy-
brid neural network in combination with NNFLC 
as a part of proactive recommendation system 
can detect an emergency situation in 1.8 sec-
onds with 80% recall and 68.9% accuracy. The 
average accuracy is 76.6%. The average learn-
ing time of the model is approximately 8 hours. 
These results shows that recommendation sys-
tem can predict emergency situation before the 
accident and user oft he system could have time 
to react. Developed system with Raspberry Pi 
are shown on Fig. 5:  

 

Fig. 5 Developed prototype 
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