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Abstract.  A pumping station control system is considered using a 

controller based on a fuzzy logic neural network. The simulation of the 

classical and fuzzy regulators. The possibility of the implementation of the 

controller in the form of an adaptive multilayer neural network is shown. 

The use of the theory of fuzzy sets in combination with the theory of neural 

networks to create a fuzzy-neural regulator to control pumping units 

provides a promising approach. Simulation modeling and real operation 

have shown that fuzzy-logic regulators have a number of advantages over 

classical regulators, which allow the use of form and limitations. Using the 

neural network model allows you to add the properties of adaptability and 

learning. The fuzzy-neural controller for controlling pumping units is 

promising in terms of efficiency and safety by controlling pumping stations. 

1 Introduction 

When pumping wastewater, the correct determination of the capacity of tanks and pumping 

units is of great importance. It is unacceptable to use too large tanks, as well as to allow long-

term stagnation of water in the tank. In the case of a small tank capacity, the operation of the 

pumping station is significantly complicated due to the large number of switching on of the 

pumping units. The greater the power of the electric motor of the pump unit, the less of its 

inclusions are allowed for a certain time [1]. 

 The automation of most sewage pumping stations works according to the following 

principle. Upon reaching a certain level in the storage tank include one pump unit; if the 

water level in the tank continues to increase and reaches another mark, then another pump 

unit is activated, and so on. After a certain time, when the water from the tank is pumped out 

completely, the pumping units are turned off. Such a system leads to inefficient use of 

electricity, and in certain situations, excessively frequent switching on or too long operation 

of pumping units, as well as the stagnation of water in the tank. 

2 Formulation of the problem 
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Consider a model of a sewage pumping station with a receiving tank and the maximum 

allowable water level in it hmах. Denote: J - many pressure pipelines;  Ijmax ,  j ϵ J -  many 

identical in characteristics available for the inclusion of pumping units on the j-th pressure 

pipe; Qпр (t), t ϵ G - the volume of water entering the storage tank. 

 It is necessary to draw up such a schedule for starting pumping units Ij(t), and Ij(t) ϵ Imax, 

j ϵ J , t ϵ T, to minimize the total energy consumption for all pumping units 

 

under restrictions: 

- time of stagnation of water in the tank should not exceed the maximum permissible rate: 

tзаm < tзаст max ; 

- the number of inclusions of pumping units for a certain period of time should not exceed 

the maximum allowable Ij (t) < Imax . 

3 System operation simulation 

The proposed solution is based on the theory of fuzzy sets and mappings. In this paper, the 

fuzzy control algorithm is implemented for a pump sewage station with an average daily 

capacity 22000 m3, receiving tank 4m * 1m * 10m, volume 40m3. From the station laid two 

pressure pipe. There are 4 F-type pumping units installed at the station, two for each pressure 

pipe, with 540 m3/h and head 94 m. A graphic representation of the model of the pumping 

station is shown in Fig. 1, where 1 - pumping units, 2 - receiving tank, 3 - pressure pipelines. 

The model of the station was built on the basis of a real sewage pumping station (SPS No. 

15a - Yuzhkabel, Kharkov). 

The system was simulated for a period of 24 hours (day). A forecast of the inflow of 

sewage into the receiving tank of the 

sewage station under consideration 

was compiled, depending on the time 

of day, the graph of which is shown in 

Fig. 2. For comparison, the classical 

control system at pumping stations 

was selected, in which the switching 

on of pumping units took place at 

levels of 3m, 3.3m, 3.6m, 3.7m of 

storage tank. 

As a result of the simulation, 

graphs of changes in the water level 

versus time of day were obtained for 

the classical control system (Fig. 3a) 

and the fuzzy controller (Fig. 3b), as 

well as graphs of the number of 

running pumps for the classical 

control system (Fig. 4a) and the fuzzy 

controller (Fig. 4b). As can be seen from 

the graphs of the classical system, 

during hours of a change in water flow, situations may arise when the time of stagnation of 

water in the tank and the time of continuous operation of pumping units is too large, or vice 

versa - the frequency of pump unit starts in certain situations becomes too large, which 

Fig. 1. Graphic representation of sewage pumping 

station 

E3S Web of Conferences 102, 03007 (2019) https://doi.org/10.1051/e3sconf/201910203007
Mathematical Models and Methods of the Analysis and Optimal Synthesis of the Developing Pipeline and Hydraulic 
Systems 2019

2



 

 

negatively affects power equipment. 
 

 

Fig. 2. Graph of the real flow of wastewater into the receiving tank, depending on the time of day 

а 

 

b 

 

Fig. 3. Schedule of changes in the water level over a period of time from 18.00 to 0.00 for a) the 

classical control system, b) a fuzzy controller 

 As can be seen from the above data and comparative data in the table, the developed 

algorithm of the fuzzy controller has several advantages over the classical control scheme 

used in sewage pumping stations. And although the difference in energy costs is not great, 

nevertheless, it was possible to achieve improvements in most of the other criteria under 

consideration, which will positively affect the condition of the equipment of the pumping 

station, and as a result, the costs for its maintenance and repair will decrease. 
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Table 1. Comparison of a classical control system and a fuzzy regulator 

Maximum time of stagnation of water in the tank, min 84 25 

Comparative criterion 
Classic 

system 

of management 

Fuzzy 

regulator 

Total electricity consumed, kW 10444,5 10389,5 

The average time of stagnation of water in the tank, min 15              16 

The total number of starts of pumping units 203 215 

The total operating time of all pumping units 23h 55min 22h 40min 

Maximum time of one pump unit operation without stopping, min 84 25 

4 Construction of neural network implementation of fuzzy 
regulation 

The disadvantage of the fuzzy control system is the impossibility of automatic adaptation and 

training. To solve this problem, we use the approach based on neural networks. Imagine a 

fuzzy control system in the form of a multilayer network with direct signal propagation. For 

their learning, it is customary to use an error propagation algorithm. This will allow to realize 

a fuzzy control module in the form of a multilayered neural network, which will have 

adaptability. 
а 

 
б 

 

Fig. 4. A graph of the number of included pumps for the period from 18.00 to 0.00 at a) classical 

control system, b) fuzzy controller 

A control system based on fuzzy sets can be brought to a form suitable for neural network 

modeling [2]. To do this, it is necessary to present a fuzzy set of functions in the form of a 

dome-shaped Gauss function. In this case, its two parameters (center and width) can be 

adjusted in the learning process. The operation of fuzzy implication can be represented as a 
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product, which can also be easily simulated as the propagation of a signal in a network. This 

type of system is one of the frequently used methods for implementing fuzzy systems. Each 

element of such a system can be defined in the form of a functional block (sum, product, 

Gauss function), which allows you to create a multilayer network presented in Fig. 5. Layers 

are labeled L1 to L4. In the presented network there are several layers. 

Layer 1 (L1). Each element implements the membership function of a fuzzy set. Input 

signals enter this layer, and the values of the membership function for these signals are 

generated at its output. The functional relationship between the input and output at the nodes 

of this layer is determined by the Gauss function. Its parameters will be modified in the 

learning process, which will improve the selection of fuzzy sets. The number of elements of 

the L1 layer is determined by the number of input elements and rules and is equal to the 

product of the number of input variables and fuzzy rules. 

Layer 2 (L2). The configuration of the links of this layer corresponds to the rule base, and 

the multipliers to the output block. The output of the L2 layer is the result of output in the 

form of the membership function value. The number of elements of this layer is equal to the 

number of rules N. The use of multipliers as nodes of the L2 layer is due to the fact that the 

multiplication operation is used for fuzzy implication. 

Fig. 5. Scheme of the neural network implementation of the fuzzy control module 

Layer 3 (L3) and (E4). Both layers represent the implementation of the defuzzing unit. 

The weights of connections reaching the upper layer L3 and denoted by yi are interpreted as 

centers of the membership functions of fuzzy sets. These weights will be modified in the 

learning process. At the output of the L4 layer system, a “clear” (defuzzified) output value of 

the control module y is formed. The resulting circuit is a multilayer network based on fuzzy 

inference. Therefore, it can be trained in the same way as a normal neural network, if we use 

the generalized back-propagation error algorithm [2]. For this, a training sample in the form 

of pairs is needed: the input vector is a reference output signal that can be obtained by 

observing the actual operation of the pumping station. 

5 Conclusions 

The use of the theory of fuzzy sets in combination with the theory of neural networks to build a fuzzy-

neural regulator to control pumping units of wastewater confirms the promise of this approach. 

Simulation modeling and real operation showed that a controller based on fuzzy logic has several 

advantages over classical regulators, allowing one to take into account difficultly formalized restrictions 

and rules. The use of the neural network model in the design of the fuzzy regulation system allows you 

to add the properties of adaptability and learning. 

The fuzzy neural regulator for controlling pumping units is a promising method for controlling 

pumping stations in terms of efficiency and safety. 
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