
Acta Technica 62 (2017), No. 5B, 839�848 c© 2017 Institute of Thermomechanics CAS, v.v.i.

Prediction method of reciprocating
compressor inlet pressure and shaft

power based on GA - BP neural
network
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Abstract. Aiming at the problems of inlet pressure and shaft power prediction in the

optimization operation of natural gas compressor unit, a method of inlet pressure and shaft power

prediction based on GA-BP neural network is proposed. The method by testing inlet pressure,

the output �ow rate and the output pressure are used to predict the inlet pressure and the shaft

power of the compressor. The compressor operating condition is adjusted according to the inlet

pressure, and the compressor operation station is adjusted according to the shaft power to achieve

the energy saving and reduce consumption. The experiments show that the method can predict

the inlet pressure, and the error is less than 2.75%. By predicting the shaft power and adjusting

the operation combination, the energy saving is about 10%.

Key words. GA-BP neural network, reciprocating compressor, pressure prediction, shaft

power prediction.

1. Introduction

In the process of transporting the natural gas, compressor unit has large energy
consumption. It is shown that the energy consumption of the compressor unit is
about between 3% to 5% of the total energy of the pipeline. Therefore, it is necessary
to optimize the operation of the compressor unit. Experts pointed out that through
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strict �ne-tuning and optimization approach, the energy consumption can reduce
about 20% [1].

The Place Type place University of Place Name Regina and Sask Energy/TransGas
Company used a fuzzy programming model to calculate the compressor's dynamic
response[2]. Suming Wu and Mercado et al. solved the fuel cost problem of natural
gas pipeline compressor station under steady state condition, and gave the opti-
mization scheme of natural gas pipeline network[3]. Chebouba et al. used the ant
colony algorithm to optimize the gas transmission line with compressor [4]. Mo-
hamadi Baghmolaei et al. studied several optimization methods with the objective
function as the lowest energy consumption of gas transmission line compressor. The
optimization results shown that arti�cial neural network (ANN) has the best op-
timization e�ect [5]. Advantica Stone Company and Simone Company, the United
States TETCO gas pipeline companies have conducted a non-steady-state optimiza-
tion of the gas pipeline network under the operation, and made some progress in
the model and algorithm [6−8]. It can be seen that breakthroughs have been made
in the study of the optimization of gas transmission line operation.

Reciprocating natural gas compressors are the core equipment of the gas trans-
mission line. The mathematical model includes equality constraint and inequality
constraint. The mathematical model of the compressor is used to predict the inlet
pressure and the shaft power, which is important for the optimization of the gas
transmission line.

Based on the objective of minimizing the energy consumption of the reciprocating
compressor station and ensuring the gas pressure and the gas capacity of the gas
transmission line, the neural network calculation method is used to predict the inlet
pressure and the shaft power of the compressor unit and optimize the compressor
operating condition, a reasonable allocation of the compressor combination of the
operation to achieve the purpose of energy saving and reducing consumption.

2. Gas transmission line compressor operating model

As the compressor station contains the number of compressors and models are not
the same, to a single compressor as a unit, this paper compressor energy consumption
optimization analysis.

According to the compressor theory, the reciprocating compressor shaft power
can be expressed as:

Nz =
Ni

ηm
= k1PcinQcin

[(
Pout

Pcin

)k2

− 1

]
/ηm (1)

where,Nz, Ni are the compressor shaft power and indicating power (kW ),Pcin, Pout

are the compressor inlet pressure and exhaust pressure (Pa), Qcinis the inspiratory
capacity of the compressor(m3/s), ηmis the compressor mechanical e�ciency; k1, k2
are coe�cients relating to the nature of the compressor.

As can be seen from the above equation, the compressor shaft power, intake and
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exhaust pressure, intake air �ow, exhaust �ow, speed, etc. are closely related.
Compressor intake volume should be within a certain range:{

Qcinmin ≤ Qcin ≤ Qcinmax

Qoutmin ≤ Qout ≤ Qoutmax
(2)

where,Qcin, Qcinmin, Qcinmaxare the inspiratory capacity of the compressor, the min-
imum inspiratory capacity, the maximum inspiratory capacity (m3/s),Qout, Qoutmin, Qoutmaxare
the compressor exhaust �ow, the minimum exhaust �ow, the maximum exhaust �ow.

In order to ensure the safety of gas transmission, gas inlet pressure and exhaust
pressure limit is as follows:{

Pcinmin ≤ Pcin ≤ Pcinmax

Poutmin ≤ Pout ≤ Poutmax
(3)

Where,Pcin, Pcinmin, Pcinmaxare the compressor inlet pressure, minimum inlet pres-
sure, maximum inlet pressure(Pa),Pout, Poutmin, Poutmaxare the compressor exhaust
pressure, the minimum exhaust pressure, maximum exhaust pressure.

Taking into account the actual working conditions of the compressor, the com-
pressor shaft power and speed limits are as follows:

R = 1 (4)

Where,Ni, Nimin, Nimaxare the compressor shaft power, minimum shaft power,
the maximum shaft power (kW ),nm, nmmin, nmmaxare the compressor speed, mini-
mum speed, maximum speed (r/min).

Under the condition of guaranteeing the downstream gas pressure and the gas
volume, the power consumption of the compressor unit is the lowest. It can be seen
from Equation 1 that the compressor suction pressure and shaft power are closely
related with suction volume, compressor speed, exhaust pressure, exhaust �ow, and
gas temperature (suction temperature and exhaust temperature).

3. Compressor pressure and shaft power estimation model
based on the GA-BP neural network

3.1. BP neural network

BP (Back Propagation) is a multi-layer feed forward neural network trained by
the error back propagation algorithm, and is one of the most widely used neural
network models. BP network can learn and store a large number of inputs - out-
puts model mapping, without revealing the mathematical relationship between the
description of the mathematical equation. The rule of learning is to use the steepest
descent method to adjust the weights and thresholds of the network through back
propagation so as to minimize the sum of squares of errors of the network. The
typical structure of multilayer feed forward network is shown in Figure 1.

In Figure 1, there aremneurons in the input layer,p neurons in the hidden layer, n
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Fig. 1. Typical structure of neural network

neurons in the output layer, wij(i = 1, 2, · · · ,m; j = 1, 2, · · · , p)are the weights of the
input layer to the hidden layer, vjk(j = 1, 2, · · · , p; k = 1, 2, · · · , n)are the hidden
layer to the output layer weights, θj(j = 1, 2, · · · , p)are hidden layer threshold,
αk(k = 1, 2, · · · , n)are the output layer threshold, (x1, x2, · · · , xm)are the network
input vector, (y1, y2, · · · , yn)are the network output vector, Yhis the desired output,
and e is the error.

In the BP neural network, and then use the BP algorithm to train weights.
As the BP neural network algorithm uses the standard gradient descent algorithm,
there are easy to fall into the local extreme values, the data "over-�tting" and other
shortcomings. So, in order to improve the BP neural network algorithm, this paper
uses genetic algorithm (GA) to optimize the BP neural network.

3.2. Genetic algorithm

Genetic algorithm (GA) is a multi-point search global optimization algorithm
based on the principle of biological evolution, so it can avoid local optimization.
Genetic algorithm uses heuristic principle, according to a certain �tness function,
deals with individuals in the population, retains the high �tness of individual genetic
operations (selection, crossover, mutation), and searches for the optimal solution.
The process of genetic algorithm to optimize the BP neural network is composed
of population initialization, �tness function, selection, and crossover and mutation
operation. The process of optimization is shown in Figure 2.

3.3. Estimation model

From the equations (??)1) to (??)4), we can see that the compressor pressure and
shaft power have close relationships with suction volume, compressor speed, exhaust
pressure, exhaust �ow, and gas temperature (suction temperature and exhaust tem-
perature). Therefore, this paper selects inlet air temperature, exhaust pressure, and
exhaust gas �ow as BP neural network input, suction pressure and shaft power as
the output of BP neural network. The pressure and shaft power estimation model
is shown in Figure 3.
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Fig. 2. the �ow chart of genetic algorithm optimization BP neural network
algorithm

Fig. 3. Estimation model of compressor inlet pressure and shaft power

4. Experiments

4.1. Prediction error indicators

The mean absolute percent error (MAPE) and root mean square error (RMSE)
are selected as the index of the reciprocating compressor suction pressure and shaft
power to predict error indicators, the speci�c reference formula is:

MAPE =

∣∣∣∣Ppin − Pcin

Pcin

∣∣∣∣× 100% (5)

Where, Ppin is the predicted suction pressure; Pcin is the actual suction pressure.
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4.2. Application experiment

In the West-East Gas Pipeline system, a 6RDSA-1 type reciprocating natural
gas compressor unit has been used.

In this paper, a large number of on-site testing experiments were carried out. The
data of the test part are shown in Table 1, the temperature data are 0 , 4 , 8 , ..., 20
. The inspiratory pressure data is 1.5, 1.8, 2.1,. . . ,4.5MPaG. Suction pressure data
are 4.8 5, 5.0, 5.2, ..., 6.0MPaG, and the 2046 groups of orthogonal experimental
data are collected.

Table 1. the test data of 6RDSA-1 reciprocating natural gas compressor (inlet air temperature of
0

Serial
num-
ber

Inlet tem-
perature

Inlet
pressure

Exhaust
tempera-
ture

Exhaust
pressure

Exhaust
�ow

Shaft power

MPaG MPaG E4Nm3/d kW

1 0 1.5 102.4 4.85 104.78 1873.64

2 0 1.8 87.1 4.85 139.70 2075.00

3 0 2.1 74.7 4.85 175.78 2183.69

4 0 2.4 64.0 4.85 212.94 2216.24

5 0 2.7 54.8 4.85 251.15 2184.25

6 0 3 46.7 4.85 290.38 2105.57

7 0 3.3 39.5 4.85 330.70 1981.45

8 0 3.6 32.9 4.85 372.03 1812.69

9 0 3.9 26.8 4.85 414.43 1601.70

10 0 4.2 21.1 4.85 457.94 1349.14

11 0 4.5 15.8 4.85 502.65 1053.28

The 2046 groups of data can be divided into training data and testing data. The
GA-BP neural network model is set up as shown in Figure 4.The test results are
shown in Figure 5.

Fig. 4. The neural network model
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4.3. Comparison of applications

Sample and predict the inlet pressure and the shaft power every 2 hours. The
experimental result is shown in Table 2, and the maximum error is 2.59%.

Table 2. Comparison of model predictions with actual results (one-day operating data)

Serial
number

Input parameters Forecast result Actual
inlet
pressure
(MPG)

Error
rate

Inlet tem-
perature

Exhaust
pressure
(MPG)

Daily
�ow of
each
compres-
sor
(104m3/day)

Inlet
pres-
sure
(MPG)

Shaft
power
(KW)

1 3.5 4.85 180.17 2.228 2163.66 2.23 0.09%

2 5.5 4.84 190.1 2.33 2166.38 2.28 2.2%

3 5 4.84 187.27 2.29 2168.88 2.28 0.04%

4 3.5 4.86 188.93 2.302 2173.17 2.26 1.77%

5 2.5 4.86 187.8 2.299 2183.93 2.26 1.72%

6 2.5 4.85 188.36 2.298 2177.66 2.24 2.59%

In order to further test the e�ectiveness of the model, this paper extracted a
quarter of sampling data, The results of GA-BP model are shown in Table 3, and
the maximum error is 2.75%, which satis�es the demand of �eld calculation.

Table 3. Comparison of model predictions with actual results



846 ZHOU YUANHUA, M. OLIVIER,LIU HANGMING,YI XIANZHONG

Date Input parameters Forecast result Actual
inlet
pressure
(MPG)

Error
rate

Inlet tem-
perature

Exhaust
pressure(MPG)

Daily
�ow of
each
compres-
sor
(104m3/day)

Inlet
pressure
(MPG)

Shaft
power
(KW)

March
19

5.5 4.83 186.39 2.28 2158.25 2.26 0.88%

March
20

4 4.83 189.39 2.3 2167.14 2.26 1.77%

March
21

3 4.82 189.6 2.31 2165 2.25 2.67%

March
22

3.5 4.8 187.89 2.29 2143.44 2.23 2.69%

March
23

3.5 4.84 185.41 2.28 2165.23 2.23 2.42%

March
25

3.5 4.82 186.91 2.28 2160.86 2.26 0.86%

March
26

4 4.74 215.41 2.52 2136.58 2.49 1.2%

March
27

6.5 4.67 275.99 2.99 2007.21 2.91 2.75%

March
29

6.5 4.75 276.46 2.99 2046.02 2.95 1.36%

March
31

9 4.71 280.01 3.02 2004.24 2.98 1.34%

April 2 5.5 4.47 358.44 3.58 1564.14 3.51 1.99%

April 3 6 4.52 365.38 3.63 1560.55 3.55 2.25%

April 5 8.5 4.6 368.95 3.67 1569.7 3.58 2.51%

April 6 10 4.68 349.40 3.55 1708.29 3.56 0.28%

April 9 10 4.63 348.33 3.55 1679.88 3.49 1.72%

May 1 15 4.71 233.43 2.69 2090.22 2.72 1.1%

May 2 12 4.63 235.49 2.69 2047.76 2.71 0.74%

May 3 13 4.69 235.08 2.68 2078.4 2.74 2.19%

May 4 15 4.59 240.96 2.73 2016.15 2.67 2.25%

May 5 14 4.89 241.77 2.78 2158.01 2.86 2.8%

May 8 13 4.87 243.48 2.78 2158.34 2.8 0.71%

May 12 10.5 4.91 249.37 2.81 2169.77 2.87 2.09%

May 13 10.5 4.86 241.5 2.74 2157.25 2.78 1.44%

May 15 11.5 4.9 237.68 2.73 2176.15 2.79 2.15%

May 16 13 4.85 240.6 2.74 2156.1 2.8 2.14%

May 17 13 4.63 239.57 2.71 2045.67 2.74 1.09%

May 18 13 4.83 233.22 2.69 2145.59 2.73 1.47%



PREDICTION METHOD OF RECIPROCATING COMPRESSOR 847

Using the predicted shaft power, then timely adjusting the number of compressor
units when they put into the work, the results are shown in Table 4.

Table 4. The electricity consumption data of adjusting the compressor using the predicted shaft
power

Month Electricity
con-
sump-
tion
(kW/h)

Electricity
cost
(RMB)

Compressors
operating
number
(number/day)

Treatment
of nat-
ural gas
104m3

Power
con-
sumption
◦/104m3

A com-
pressor
power
con-
sumption
◦/number/day

Compressor
inlet
pres-
sure
(MPa)

Compressor
outlet
pres-
sure
(MPa)

January 10682661 4646153 172 31381 340 62108 2.2 4.73

February11474826 4705152 180 29061 395 63749 2.13 4.76

March 10689498 4389940 160 28926 370 66809 2.31 4.81

April 7625520 3189218 87 21387 357 87650 3.02 4.73

May 6255026 2642194 94 22563 277 66543 2.83 4.84

June 6918247 2903154 94 23247 298 73598 3.01 4.83

In summary, by using the GA-BP neural network model, the inlet pressure can
be predicted and the prediction error is less than 2.75%. After adopting this model,
the number of the compressor is adjusted to save about 10% of the electricity.

5. Conclusion

(??)1)The method based on the GA-BP neural network to estimate the inlet
pressure of the compressor is proposed, and it can estimate the inlet pressure more
accurately than the traditional BP neural network and avoids the traditional BP
algorithm which can easily fall into the local minimum and over-�tting problem.

(??)2)Taking the 6RDSA-1 type reciprocating natural gas compressor unit as
an example, the GA-BP neural network modeling method is used to predict the
inlet pressure , and the error is less than 2.75%. By predicting the shaft power, the
electric energy saving is about 10% after adjusting the operation combination.
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