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Abstract: This study presents a Python-based automated numerical modeling framework for hydraulic analysis of high 

pressure gas pipelines at automotive natural gas refueling compressor stations. The framework converts a 

refined physico-mathematical pressure-loss model into an object-oriented computational engine that evaluates 

gas compressibility, compressor compression ratio, and local resistance caused by sudden pipeline expansion 

and contraction. The software accepts operating and geometric parameters, normalizes the input data, 

computes local resistance coefficients, and evaluates pressure loss and outlet-flow conditions. Experimental 

station data were used to assess the numerical model; the mean deviation between calculated and measured 

pressures was 3.83%. The computational workflow is organized as a modular service layer designed for 

integration with field telemetry, programmable logic controllers (PLCs), and SCADA-based cyber-physical 

station infrastructure. In addition, a gas-recovery configuration is considered to reduce venting during 

compressor shutdown. The proposed approach combines hydraulic modeling with automated  software 

implementation and provides a computational basis for pressure-loss estimation, operating-regime analysis, 

and digital modernization of high-pressure gas refueling stations. 

1 INTRODUCTION 

Automotive natural gas refueling compressor stations 
operate with high-pressure gas circuits in which 
compressor shutdown and repeated switching 
between operating regimes can generate substantial 
gas losses and transient pressure changes. At 
conventional stations, gas trapped between the 

compressor, dryer, and storage vessels may be vented 
when the compressor stops. Under the operating 
conditions considered in this study, the discharge line 
pressure reaches 22 MPa and the shutdown cycle is 
repeated several times per day. These conditions 
create an engineering need for accurate pressure-loss 

estimation, automated analysis of gas-flow regimes, 
and improved recovery of depressurized gas. 

Recent research has linked pipeline simulation 
with intelligent oil and gas fields, prediction models, 
dynamic energy systems, and automated  
control [1], [2]. Numerical studies have also 

addressed gas-turbine dynamics, pipeline energy 
optimization, transient cavitation, fracture 
simulation, and the structural integrity of high-
pressure pipelines [3]-[7]. Energy-equation 
formulations and gas-loss reduction strategies further 
demonstrate the importance of computational models 

for complex pipeline operations [8], [9]. However, 
existing engineering calculations are commonly 
applied as isolated hydraulic procedures. A 
lightweight computational workflow that 
dynamically updates local resistance coefficients, 
compressibility, and compressor-related parameters 

and exposes the results to SCADA/PLC infrastructure 
remains insufficiently described. This study therefore 
focuses on the software implementation and 
numerical validation of an automated pressure-loss 
calculation engine for high-pressure refueling-station 
networks. 

Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), July 2026

1531

mailto:ismoilov.arslonbek@samdaqu.edu.uz


2 METHODS AND 

COMPUTATIONAL RESULTS 

According to the operating cycle of an automotive 
natural gas refueling compressor station, the 
compressor does not run continuously throughout the 
day. During shutdown, compressed gas at 

approximately 22 MPa may remain in the section 
between the compressor, gas-drying unit, and high-
pressure accumulator vessels. Because upstream 
equipment is designed for lower operating pressure, 
this trapped gas is conventionally discharged through 
a blowdown vent. At the studied facilities, shutdown 

occurs approximately 12-15 times per day and 10-15 
m³ of gas may be released during a single event, 
which creates both economic loss and environmental 
impact. 

To reduce this loss, the modernized station 
configuration includes a separator, filtration unit, 

compressor block, gas dehydration unit, high-
pressure accumulator vessels, supply network, flow 
meter, control unit, shut-off valves, dispensing 
columns, and an auxiliary recovery pipeline equipped 
with a pressure gauge, check valve, and pressure-
damping cylinders. Gas from the distribution network 

is first separated and filtered, compressed from 0.05-
0.2 MPa to 22 MPa, dried, and stored in the 
accumulator vessels. The control unit coordinates gas 
delivery through the high-pressure supply line to the 
dispensing columns. 

When the compressor is automatically stopped, 

the gas trapped at 22 MPa between the compressor 
discharge and the accumulator vessels is redirected 
through the auxiliary pipeline and safety valve instead 
of being vented. The gas enters two 30-L pressure-
damping cylinders. Using the gas-state relationship as 
the thermodynamic basis for depressurization, the 

recovery line reduces the pressure before returning 
the gas to the separator for reuse. The pressure states 
measured along this path are used as input and 
validation data for the computational model. 

For numerical modeling, the gas-flow state is 
represented by pressure, temperature, density, 

viscosity, velocity, and pipeline geometry. Flow 
direction is defined by the local velocity vector, 
whereas the streamline is the curve tangent to this 
vector at each point. These quantities form the 
physical input layer of the software model. 

The flow regime depends primarily on gas 

velocity, channel geometry, and viscosity; viscosity 
in turn varies with pressure and temperature. The 
compressor-station model is therefore formulated as 
a multiparameter system in which gas-state variables 

are updated across pipeline sections, inter-stage 
connections, and the pressure-damping block. 

Local hydraulic resistances occur at transitions, 
bends, flanges, crosses, expansion joints, and 

regulating or safety valves. They cause additional 
pressure losses due to separation, recirculation, and 
throttling. In the proposed computational engine, 
these losses are treated as geometry-dependent 
parameters rather than fixed constants. The sudden-
expansion coefficient ξ is evaluated from the Borda-

Carnot relation, and the resulting coefficient is passed 
to the pressure-loss routine together with the current 
gas-state variables. 

During experimental tests, gas entered the station 
at 0.8-1.2 MPa and was compressed to 22 MPa. After 
automatic compressor shutdown, the recovery system 

reduced the gas pressure through the damping 
cylinders before the gas was returned to the separator. 
Pressure values were recorded at the compressor 
outlet, damping cylinder 1, damping cylinder 2, and 
separator. These measurements were later compared 
with the numerical results shown in Table 1. 

The station modernization concept combines a 
revised gas-recovery pipeline with a computational 
control workflow. The control algorithm receives 
operating parameters from the station 
instrumentation, evaluates hydraulic losses, and 
returns calculated pressure states for operator or 

controller use. Thus, the hydraulic model is 
embedded in a digital processing sequence rather than 
used only as a standalone analytical calculation. 

For medium- and high-pressure turbulent gas 
flow, the baseline relationship proposed by A. A. 
Evstifeev et al. [10] is used as the initial 

computational layer: 

𝑝𝑖𝑛𝑖𝑡−
2 𝑝𝑒𝑛𝑑

2

𝑙
 = 1,4 ∙ 10−5 (

𝑘𝑒

𝑑
6 +

1922𝑣𝑑

𝑄𝑛
)

1

4
(

𝑄2𝜌

𝑑5 ),  (1) 

where P1 and P2 are the gas pressures at the 
beginning and end of the calculated pipeline section, 
respectively, and L is the length of the section. The 
baseline equation is extended below to include 
geometry-dependent local losses and high-pressure 
gas properties. 

For a sudden pipeline expansion (Fig. 1), flow 
separation occurs immediately downstream of the 
area change. The high-velocity core jet detaches from 
the pipe wall and a recirculation zone forms in the 
enlarged section. The associated dissipation is 
represented by a local resistance coefficient. 

Applying Bernoulli's equation between sections 1-1 
and 2-2 gives the energy balance used in the 
derivation: 
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The momentum equation is then applied to the 
control volume bounded by sections 1-1 and 2-2. 
Wall shear in the short expansion zone is neglected, 
and the pressure-force impulse is equated to the 
change in axial momentum. This yields the 
intermediate relation used to determine the sudden-

expansion loss. 

Figure 1: Flow separation at a sudden pipe expansion. 

The momentum-flow difference between sections 

1-1 and 2-2 is therefore equal to the resultant pressure
force acting on the control volume.

Accordingly, the relation can be written as: 

 (𝑃1 − 𝑃2)𝜔2 = 𝜌𝑄(𝜗2 − 𝜗1).     (3) 

Dividing both sides by the mass-flow term and 
rearranging gives: 

𝑝1−𝑝2

𝛾
=

𝜌𝑄

𝛾𝜔2 (𝜗2 − 𝜗1) =
𝜗2

𝑔
(𝜗2 − 𝜗1). (4) 

Equation (4) can then be expressed as: 
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Grouping the velocity and pressure terms yields: 

𝑃1

𝛾
+

𝜗1
2

2𝑔
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𝑃2

𝛾
+

𝜗1
2
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Comparison with the standard hydraulic-loss form 
gives: 

𝐻м = ℎ𝑒𝑥𝑝 =
(𝜗1−𝜗2)2

2𝑔
. (7) 

Equation (6) corresponds to the Borda-Carnot 
relation for a sudden expansion. 

According to this relation, the local head loss is 
proportional to the square of the velocity difference 
between the upstream and downstream sections. 

Using the continuity relation for the two cross-
sections, 

𝜗1𝜔1 = 𝜗2𝜔2  ⇒  𝜗2 =
𝜔1

𝜔2
𝜗1 ,

and substituting the velocity ratio into the loss 
expression gives: 

𝐻𝑀 = (𝜗1 −
𝜔1

𝜔
𝜗1)

2 1

2𝑔
= (1 −

𝜔1

𝜔2
)

2 2𝜗1
2

2𝑔
. (7) 

The corresponding local resistance coefficient for 
a sudden expansion is therefore: 

𝑄 = 𝜔1𝑣1 = 𝜔2𝑣2.

The velocity ratio may be expressed through the 

cross-sectional area ratio, which allows the 
coefficient to be evaluated directly from the pipeline 
geometry. 

Borda-Carnot relation for sudden expansion: 

ℎ𝑚 = (
𝑣1 − 𝑣2

𝜔1
𝜔2

2𝑔
)

2

, 

ℎ𝑚 = 𝑣1
2 (1 −

𝜔1

𝜔2
)

2

. 

Derivation of the local resistance coefficient 

ℎ𝑚 = 𝜉
𝑣1

2

2𝑔
. 

Substitution into the standard local-loss 
expression gives the following coefficient form. 

𝜉
𝑣1

2

2𝑔
= 𝑣1

2 (
1−

𝜔1
𝜔2

2𝑔
)

2
𝑣1

2

2𝑔
. 

For a sudden expansion, the local resistance 

coefficient is written as: 

𝜉 = (1 −
𝜔1

𝜔2
)

2
.       (8) 

Experimental studies of turbulent flow show that 
this dependence provides a suitable approximation 
for engineering calculations when the upstream and 

downstream sections are well defined. The coefficient 
increases as the area ratio between the two sections 
increases. 

Sudden contraction produces a different 
separation pattern. The jet contracts after entering the 
smaller pipe and then expands toward the 

downstream wall, creating additional dissipation in 
the vena-contracta region. The pressure loss for this 
transition is represented by (9). 

𝐻𝑚 = ℎ𝑛𝑎𝑟𝑟 = 𝜉0
𝜗1

2

2𝑔
+

(𝜗2−𝜗1)2

2𝑔
= 𝜉𝑛𝑎𝑟𝑟

𝜗2
2

2𝑔
,. (9) 

Here, the local resistance coefficient characterizes 
the additional loss at the entrance to the smaller pipe. 

The contraction coefficient was determined 
empirically from the experimental pressure 
measurements and the corresponding velocity ratio. 
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The pressure drop across a sudden contraction 
depends on the ratio of downstream to upstream 
velocity. In the software implementation,  (9) is 
evaluated together with the empirical coefficient 

defined below. 
Following the local-resistance formulation 

reported in [11], the computational core evaluates the 
contraction coefficient as a function of the velocity 
ratio: 

𝜉𝑛𝑎𝑟𝑟 =
1

2
(1 −

𝜔1

𝜔2
) =

1

2
(1 −

1

𝑛
). (10) 

For a transition from a large reservoir to a smaller 
pipe, the limiting form of  (10) approaches a local 
resistance coefficient of approximately 0.5 for a 

sharp-edged entrance. Rounding or polishing the inlet 
edge reduces the resistance. The pressure-dependent 
compressibility-factor values used by the numerical 
model are shown in Figure 2. 

Figure 2: Gas compressibility factor Z as a function of 
pressure at three temperatures. 

Table 1 compares the measured pressure values at 
four station points with the values obtained from the 
computational model. The mean deviation reported 
for the complete experimental series is 3.83%. Based 
on the empirical dependencies incorporated into the 
software workflow, the total pressure loss ΔP is 

calculated by extending the baseline model to include 
high-pressure real-gas behavior and local structural 
resistance: 

∆𝑃 = 1,4 ∙ 10−5 (
𝑘𝑒

𝑑6
+

1922𝑣

𝑑
𝑄𝑛)

1

4
(

𝑄2𝜌

𝑑5
) 𝑧 (1 −

𝜔1

𝜔2
)

2

, (11) 

where ΔP is the calculated total pressure loss (Pa); ξe 
is the local resistance coefficient; d is the inner pipe 
diameter (m); ν is the kinematic viscosity (m²/s); Qn 
is the nominal volumetric flow rate (m³/s); Q is the 
actual volumetric flow rate (m³/s); ρ is the gas density 
(kg/m³); Z is the real-gas compressibility factor; and 

ω1 and ω2 are the inlet and outlet gas velocities (m/s), 

respectively. Equation (11) combines geometry-
dependent local losses, viscous effects, real-gas 
compressibility, and velocity redistribution in a single 
computational expression.  

Table 1: Comparison of experimental and calculated 
pressure values. 

№ 

Experimental 

Compressor, 
MPa 

Cyl. 1 Cyl. 2 Separator 

Exp.1 0.78 0.53 0.36 0.22 

Exp. 2 0.69 0.37 0.21 0.12 

Exp. 3 0.59 0.32 0.17 0.105 

Exp. 4 0.44 0.24 0.13 0.085 

Exp. 5 0.29 0.16 0.085 0.055 

Exp. 6 0.2 0.11 0.06 0.038 

Theoretical 

Exp.1 0.79 0.55 0.37 0.23 

Exp. 2 0.7 0.38 0.22 0.13 

Exp. 3 0.6 0.33 0.18 0.11 

Exp. 4 0.45 0.25 0.13 0.09 

Exp. 5 0.3 0.17 0.09 0.06 

Exp. 6 0.21 0.115 0.06 0.04 

Error % 

Exp.1 1.265 3.636 2.702 4.34 

Exp. 2 1.428 2.631 4.545 7.69 

Exp. 3 1.66 3.030 5.555 4.54 

Exp. 4 2.22 4 0 5.55 

Exp. 5 3.33 5.82 5.555 8.33 

Exp. 6 4.762 4.347 0 5.0 

Average error % 3.83 

2.1 Dimensional Consistency of the 
Computational Model 

The pressure dimension of the dynamic flow term in 
(11) is verified as follows:

𝑄2𝜌

𝑑5 =
(𝑚3

𝑠⁄ )
2

(𝑘𝑔
𝑚3⁄ ) 

𝑚5 =
𝑘𝑔

𝑚2𝑠2 = 𝑃𝑎. 

The remaining coefficients and ratios are 
dimensionless; therefore, (11) returns pressure loss in 
pascals when SI input units are used. In the 
implemented workflow, input values are normalized 
to SI units before calculation to avoid scaling errors. 

2.2 Automated Software Integration 
and Simulation Architecture 

The refined multiparameter model was implemented 

as an object-oriented Python numerical engine. 
Figure 3 shows the software data flow. Field 
measurements or offline datasets enter the input layer, 
where pressure, temperature, flow, geometry, and 
gas-property values are normalized and checked 
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against the parameter ranges in Table 2. The 
computational layer then evaluates the 
compressibility factor, local resistance coefficients, 
and pressure-loss equations before passing the results 

to the output interface. 

Figure 3: Modular data flow of the Python-based hydraulic 

calculation engine and SCADA/PLC integration layer. 

The computational core uses double-precision 
floating-point variables and separates input handling, 

hydraulic calculations, numerical evaluation, and 
output formatting into independent modules. This 
modular structure allows the same calculation engine 
to be executed as a desktop analysis script or 
connected to telemetry, PLC, and SCADA interfaces. 
Table 2 defines the principal variables used by the 

input and calculation modules. Inter-module data 
exchange is implemented through a lightweight 
internal REST/JSON API layer: the input, 
calculation, and output modules communicate via 
structured JSON payloads exposed over HTTP 
endpoints, which in turn interface with an OPC UA 

server for direct PLC/SCADA connectivity and, 
where field devices require it, a Modbus TCP 
gateway; this layered approach keeps the numerical 
core independent of the specific industrial protocol 
used at the field level and allows MQTT-based 
telemetry publishing to be added without modifying 

the calculation modules themselves. 
Figure 4 illustrates the current Python 

implementation and console output. For the 

demonstrated operating case, the code reads the initial 
pressure P1 = 22 MPa and the target separator 
pressure P2 = 1.2 MPa, evaluates the pressure 
difference, and calculates the associated outlet-flow 

requirement. The displayed result is ΔP = 20.800 
MPa. The software architecture is designed so that the 
same calculation routine can receive updated station 
parameters from an external telemetry interface 
without changing the hydraulic core. 

The calculated outputs include total pressure loss 

ΔP, inlet and outlet velocity values, the active 
compressibility factor, and the local resistance 
coefficients used in the current calculation cycle. 

Table 2: Input parameters and typical ranges used by the 
computational pressure-loss model. 

Parameter Description Typical Range 

ξe 
Local resistance 

coefficient 
0.5-3.0 

d Pipe diameter (m) 0.01-0.1 

ν 
Kinematic viscosity 

(m²/s) 
1×10⁻⁶-1×10⁻⁴ 

Qn 
Nominal flow rate 

(m³/s) 
0.1-1.0 

Q 
Actual flow rate 

(m³/s) 
0.05-1.0 

ρ Gas density (kg/m³) 0.5-2.0 
Z Compressibility factor 0.9-1.0 

ω1 
Inlet gas velocity 

(m/s) 
1-20

ω2 
Outlet gas velocity 

(m/s) 
1-30

Figure 4: Python implementation and console output for the 

automated pressure-loss calculation. 

2.3 Numerical Implementation 
Procedure 

The numerical implementation begins by acquiring 
the inlet and outlet pressures (P1 and P2), 
temperature, pipeline diameter, flow rate, gas density, 
and gas velocity from either a telemetry system or an 
offline dataset. The input data are then converted to 
SI units and verified against the admissible parameter 
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ranges listed in Table 2. Based on the validated input, 
the gas compressibility factor, Z, and the local 
resistance coefficients corresponding to the current 
expansion or contraction geometry are determined. 
Subsequently, the baseline hydraulic relation and Eq. 
(11) are evaluated using double-precision arithmetic.
The outlet-flow state is then updated iteratively until
the target pressure or the prescribed convergence
criterion is satisfied. Specifically, a fixed-point
(successive-substitution) iteration is applied to the
pressure-loss equation (11), which was found to
converge reliably for the smooth and monotonic
pressure–flow relationship considered in this study.
The iterative procedure is terminated when the
relative change in the calculated pressure loss
between two successive iterations satisfies (|ΔPₖ −
ΔPₖ₋₁| / ΔPₖ < 0.001), corresponding to a convergence
tolerance of 0.1%. To prevent excessive computation
in the event of non-convergence, the maximum
number of iterations is limited to 50. Finally, the
computed pressure loss (ΔP), gas velocity,
compressibility factor (Z), and local resistance
coefficients are returned to the output layer for
logging, visualization, or integration with
SCADA/PLC systems.

3 CONCLUSIONS 

This study developed a Python-based automated 
numerical framework for pressure-loss analysis in 
high-pressure gas pipelines at automotive natural gas 
refueling compressor stations. The main contribution 
is the conversion of a refined hydraulic model into a 
modular computational workflow that jointly 
processes gas compressibility, compressor operating 
conditions, and local resistance caused by sudden 
expansion and contraction. 

Quantitative validation against station 
measurements showed a mean deviation of 3.83% 
between calculated and experimental pressure values. 
This result indicates that the implemented model can 
reproduce the measured pressure trend across the 
compressor, damping cylinders, and separator with 
engineering-level accuracy for the investigated 
operating regimes. Incorporating local-loss and real-
gas terms improves the representation of the high-
pressure network compared with the simplified 
baseline calculation. 

The software architecture separates data 
acquisition, input normalization, coefficient 
evaluation, hydraulic calculation, and output 
generation. The object-oriented Python 
implementation can therefore be reused as a 
calculation module and connected to telemetry, PLC, 

or SCADA infrastructure. The current work validates 
the numerical engine against experimental pressure 
data; direct long-term deployment and runtime 
benchmarking on industrial controllers remain 
subjects for further study. 

4 LIMITATIONS 

The proposed computational framework has been 
validated only against bench-scale experimental 
pressure data (Table 1) under controlled measurement 
conditions; it has not yet been deployed or tested on 
an operating industrial refueling station, nor has it 
been benchmarked for real-time runtime performance 
on PLC or embedded SCADA controller hardware. 
Consequently, aspects such as behavior under field 
sensor noise, communication latency in a live OPC 
UA/Modbus network, and long-term numerical 
stability under continuous operation remain 
unverified. These limitations should be considered 
when interpreting the reported accuracy (mean 
deviation 3.83%) as an indicator of expected field 
performance, and they define the scope of the 
industrial pilot testing identified as future work. 

The accompanying gas-recovery configuration 
provides an applied use case for the computational 
model by reducing venting during compressor 
shutdown and returning depressurized gas to the 
station process. The combined hydraulic and software 
approach provides a basis for digital pressure-loss 
monitoring, operating-regime analysis, and future 
predictive control of high-pressure gas refueling 
networks. 
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      p  i n i t − 2   p  e n d 2  l   = 1 , 4 ∙  10  − 5    (     k  e  d 6 +   1922 v d    Q  n )   1 4  (     Q 2 𝜌    d 5 )


      P 1  𝛾 +     𝜗 1 2  2 g =     P 2  𝛾 +     𝜗 2 2  2 g +  h  e x p


       (   P 1 −   P 2 )   𝜔 2 = 𝜌 Q  (   𝜗 2 −   𝜗 1 )


      p 1 −   p 2  𝛾 =   𝜌 Q  𝛾   𝜔 2   ( 𝜗 2 −   𝜗 1 ) =     𝜗 2  g   ( 𝜗 2 −   𝜗 1 )


      P 1  𝛾 −     P 2  𝛾 =     𝜗 2 2  2 g −     𝜗 1 2  2 g −   2   𝜗 1   𝜗 2  2 g +     𝜗 2 2  2 g +     𝜗 1 2  2 g =     𝜗 2 2  2 g −     𝜗 1 2  2 g +      (   𝜗 1 −   𝜗 2 ) 2  2 g


      P 1  𝛾 +     𝜗 1 2  2 g =     P 2  𝛾 +     𝜗 1 2  2 g +      (   𝜗 1 −   𝜗 2 ) 2  2 g


    H м =  h  e x p =      (   𝜗 1 −   𝜗 2 ) 2  2 g


    𝜗 1   𝜔 1 =   𝜗 2   𝜔 2   ⇒     𝜗 2 =     𝜔 1    𝜔 2   𝜗 1 ,


    H  M =    (   𝜗 1 −     𝜔 1  𝜔   𝜗 1 ) 2  1  2 g =    ( 1 −     𝜔 1    𝜔 2 ) 2     2 𝜗 1 2  2 g


  Q =   𝜔 1   v 1 =   𝜔 2   v 2


   h  m =    (     v 1 −   v 2     𝜔 1    𝜔 2  2 g ) 2 ,


   h  m =   v 1 2    ( 1 −     𝜔 1    𝜔 2 ) 2 .


   h  m =   v 1 2    ( 1 −     𝜔 1    𝜔 2 ) 2 .


   h  m = 𝜉     v 1 2  2 g .


  𝜉     v 1 2  2 g =     v 1 2  (   1 −     𝜔 1    𝜔 2  2 g ) 2


      v 1 2  2 g


  𝜉 =    ( 1 −     𝜔 1    𝜔 2 ) 2 .  


    H  m =  h  n a r r =   𝜉 0     𝜗 1 2  2 g +      (   𝜗 2 −   𝜗 1 ) 2  2 g =   𝜉  n a r r     𝜗 2 2  2 g , .


    


  ∆ P = 1 , 4 ∙  10  − 5    (     k  e    d 6 +   1922 v  d   Q  n )   1 4  (     Q 2 𝜌    d 5 ) z    ( 1 −     𝜔 1    𝜔 2 ) 2


      Q 2 𝜌    d 5 =      (     m 3  s ) 2  (   k g    m 3 )      m 5 =   k g    m 2   s 2 = P a



