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Abstract 

The economic viability of industrial heat pumps largely depends on compressor efficiency. Therefore, designing a heat 
pump requires selecting an appropriate compressor model. Several reciprocating compressor models have been introduced, 
each differing in approach and underlying physics. However, their relative strengths and weaknesses remain unclear. In 
this study, we examine three recently published compressor models: an empirical correlation, a loss-based model, and a 
differential model. We establish a comprehensive compressor performance dataset, by combining published experimental 
data and synthetic data generated with standardized compressor performance correlations (DIN EN 12900 + manufacturer 
coefficients). Over 20,000 data points are made publicly available with this work. We then use the dataset to evaluate the 
models’ predictions across various refrigerants, operating points, and cylinder geometries relevant to industrial heat pumps. 
Our results show that both the correlation and the loss-based model deliver good prediction accuracy when properly fitted. 
These models predict compressor isentropic efficiency with average deviations of 2% to 6% across most of the investigated 
parameter space. Good accuracy is also demonstrated for out-of-sample refrigerants, including CO2 and refrigerant 
mixtures. The loss-based model is more robust than the correlation for variations in compressor geometry. Both models 
are fast, with average runtimes on the order of milliseconds. The differential model, fitted to residential-regime compressor 
data but with greater physical detail, achieves lower accuracy and requires longer runtimes. Our findings suggest that 
targeted parameter re-fitting is more effective than adding physical detail for improving compressor efficiency predictions 
in industrial heat pump modeling. 
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1. Introduction 

Electrifying process heat by industrial heat pumps (HPs) bears a substantial economic potential, offering 
more than one unit of heat per unit of electricity [1]. However, achieving good cycle efficiency requires sound 
system integration and often faces high capital costs. The economic viability of industrial HPs is strongly 
influenced by the compressor, affecting both operational costs through isentropic efficiency and capital costs 
through volumetric efficiency. Compressor efficiency, in turn, depends on the refrigerant, operating point, and 
compressor geometry. Thus, oversimplified compressor modeling (e.g., constant compressor efficiencies) can 
misguide the thermodynamic and economic assessment of HP processes [2]. For industrial HPs in the few-
hundred-kilowatt capacity range, reciprocating compressors are the state-of-the-art technology [3]. 

Literature provides a wide variety of models for reciprocating compressors with varying levels of physical 
detail [3]. Yet, no benchmarking study compares different modeling approaches. Furthermore, reciprocating 
compressor models have not been validated for industrial HP applications. Most models are designed/fitted for 
low-temperature regimes (e.g., residential heating), and performance is mostly demonstrated for a narrow 
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validation range [4–6]. Thus, the models’ performance remains unclear across a wider or more diverse data 
range, introducing uncertainty into industrial HP design. 

In this work, we benchmark and validate three recent reciprocating compressor models for industrial HP 
applications by introducing a comprehensive data set and evaluating their performance. The considered models 
are: 
 

• Doughty et al., 2024 [7]: Empirical correlation, fitted to high-temperature experimental data of 
various pure refrigerants and their mixtures. 

• Roskosch et al., 2022 [8]: Physically based loss estimation, fitted to experimental data of pure 
refrigerants at residential temperature ranges. 

• Neumaier et al., 2023 [9]: Differential model with scaling rules for empirical valve flow 
correlations and fitting parameters. 
 

The compressor models are described in more detail in Section 2.2. We evaluate compressor efficiency 
predictions over a range of refrigerants, operating points, and cylinder geometries relevant for industrial HPs. 
Validation data is generated from a compressor performance standard (DIN EN 12900 [10]) and coefficients 
published by manufacturers [11, 12]. The data generated for this work (Section 2.3) comprises over 20,000 
data points and is provided in an open access repository [13]. 

2. Methods 

2.1. Parameter ranges 

A reciprocating compressor model for industrial HPs should perform reliably across relevant refrigerants, 
operating conditions, and compressor geometries. To validate predictions of the selected reciprocating 
compressor models (Section 2.2), we conduct a parameter study across the following industrially relevant 
parameter ranges: 

 
• Refrigerants 

Most commercially available industrial HPs use hydrofluorocarbons (HFOs) as refrigerants [14]. 
Due to the phase-out of fluorinated refrigerants, industrial heat pumps increasingly use natural 
alternatives such as hydrocarbons.  

• Operating range 
Industrial HP operating temperatures depend on the heat source (i.e., environmental or waste heat) 
and the heat sink (up to 200 °C), and are highly application-specific. Superheating at the compressor 
inlet can vary between 0 K and 35 K. [15]  
Compressor suction and discharge pressures depend on the refrigerant and can range from < 1 bar 
(low-temperature evaporation) to > 100 bar (e.g., transcritical CO2 compression).  

• Compressor (cylinder) geometry 
According to manufacturer portfolios [16, 17], reciprocating compressors for industrial heat pump 
applications typically feature 2 to 8 cylinders with diameters of 30 mm to 80 mm. 
 

We assess compressor model performance considering ranges of suction and discharge 
temperatures/pressures. To obtain a differentiated assessment of model predictions, we vary one descriptive 
parameter at a time for each model input while keeping the others fixed, as detailed in Table 1.  
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Table 1: Fixed and varied (cf. gray-shaded table cells) model input parameters for model validation and benchmarking (Section 3.1). 
Each variation is conducted for a range of suction and discharge temperatures/pressures. 

*: Temperature/pressure ranges under refrigerant variation are specific for each refrigerant considered. 

 

2.2. Compressor models 

Reciprocating compressor models vary in their level of physical detail: Models with a lower level of 
physical detail are mostly correlations between experimental data and compressor efficiency that do not give 
any physical information about processes inside the compressor. Modeling at a higher level of physical detail 
usually involves numerical methods to solve the differential equations from conservation laws, capturing the 
most important physical compressor processes. [18] 

Although adding physical detail can improve model predictions beyond the experimental data range (out-
of-sample), it typically requires iterative solutions of nonlinear equations (e.g., energy and mass balances), 
increasing computational cost. In this study, we compare three recent reciprocating piston compressor models: 

The correlation by Doughty et al. (2024) [7] describes the overall isentropic and volumetric efficiency in 
single-line equations containing only a few terms. The empirical equations were formulated to ensure physical 
plausibility. The correlation accounts for suction state and discharge pressure but does not explicitly include 
compressor geometry. It uses nine fitting parameters, including one refrigerant-dependent toggle that 
distinguishes hydrocarbons from HFOs. The correlation is fitted to experimental high-temperature HP data for 
pure refrigerants and their mixtures [19]. In this study, we use the correlation as published. With an average 
runtime1 of 0.9 ms, it is the fastest model in the study. 

The loss-based model by Roskosch et al. (2022) [8] predicts compressor efficiency through a physically 
based loss estimation method (detailed equations provided in the Appendix). It accounts for refrigerant 
properties such as specific heat capacity and molar mass, as well as suction state and discharge pressure. The 
model explicitly incorporates cylinder geometry into its formulation and employs five fitting parameters, two 
of which are scaled relative to the (reference) fitting compressor based on the cylinder geometry. The loss-
based model was originally fitted to small-scale compressor data at residential operating conditions and is 
refitted here for an industrial context (Section 2.4). The average runtime1 is 3.2 ms. 

The differential model by Neumaier et al. (2023) [9] is an implementation of work by Roskosch et al. [20] 
in Rust [21]. Based on a standard differential modeling approach for reciprocating compressors [4], the model 
features two empirical correlations for valve flows to capture refrigerant-dependent physics, and uses two 
fitting parameters for friction pressure and the height of the clearance volume. Neumaier et al. add scaling 
rules based on cylinder bore and stroke to transfer correlations and model parameters to other compressor 
geometries. The differential model was fitted to 25 experimental data points for five different refrigerants at 

 
1 The model runtimes were determined on a system equipped with an AMD Ryzen 7 PRO 8840U processor (3.30 GHz), 32 GB of 
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residential operating conditions [20]. In this work, we use the model as published, operating at an average 
runtime1 below 5 s.  

The correlation and the loss-based model are implemented using fluid property data from REFPROP [22]. 
The differential model relies on the PC-SAFT equation of state [23] with parameters from Esper [24] and 
Poling [25] implemented in the FeOs framework for thermodynamic equations of state [26]. 

2.3. Reference data 

We generate reference data using DIN EN 12900 polynomials [10] with coefficients provided by 
compressor manufacturers [11, 12]. The ten-coefficient polynomials represent standardized empirical 
correlations for compressor performance data. DIN EN 12900 coefficients are subject to validity ranges that 
depend on evaporation and condensation temperature or suction and discharge pressure (depending on 
subcritical/transcritical compression and the polynomial fit). Within a given validity range, coefficients are 
specific to the refrigerants, operating point (i.e., superheating), and compressor geometry. 

We use the following validation data generation procedure for each compressor geometry and superheating: 
• Query of DIN EN 12900 coefficients for the refrigerant mass flow 𝑚̇𝑚 and electrical power 

consumption 𝑃𝑃elec from the manufacturer database 
• Calculation of mass flow and electrical power consumption using DIN EN 12900 polynomials 
• Determination of the enthalpy difference for isentropic compression Δℎis to calculate the 

isentropic compression power 𝑃𝑃is (fluid property data from REFPROP) 
• Calculation of the overall isentropic efficiency: 

 𝜂𝜂is,o = 𝑃𝑃is
𝑃𝑃elec

= 𝑚̇𝑚𝛥𝛥ℎis
𝑃𝑃elec

 (1)   

The tolerance for quantities determined using the DIN EN 12900 polynomials is certified to be <5% [27]. 
A comprehensive database comprising compressor efficiencies for more than 20,000 reference data points of 
various refrigerants (hydrocarbons, HFOs, CO2), operating points, and geometries is published with this work. 

2.4. Re-fitting of the loss-based compressor model 

The loss-based compressor model by Roskosch et al. [8] was originally designed/fitted for predicting 
compressor efficiency in residential heating applications. For benchmarking against the correlation (fitted to 
high-temperature HP data) and the differential model, we re-fit the loss-based model to data at industrial 
parameter ranges (Section 2.1). 

Re-fitting employs only pure refrigerant (not mixture) data, since tests showed that including mixture data 
during fitting impairs in-sample prediction accuracy. However, satisfactory prediction of mixture compressor 
efficiency can be achieved if the mixture’s components are well-predicted (cf. Section 3.2). 

Base of the fitting data is an experimental dataset from a lab-scale HP setup and features a selection of 
industry-relevant hydrofluoroolefins (HFOs) + butane (red area, Figure 1, bottom right plot) [19]. The 
experimental dataset covers industrial temperature ranges (red dots, Figure 1, left plot) and employs two 
(similar) cylinder geometries with a bore of 50 mm and a stroke of 39.3 mm and 40 mm, respectively (red 
circles, Figure 1, top right plot). Even though high temperature ranges are well-represented, the experimental 
dataset is not diverse in substance groups and cylinder geometry, and hence does not cover the required 
parameter range (Section 2.1). 

Thus, the experimental dataset is expanded with DIN EN 12900 reference data (Section 2.3, compare blue 
elements in Figure 1). Data points for propane and propene are added at the highest possible temperature ranges 
(limited by DIN EN 12900 coefficient validity). The hydrocarbon data is spread over diverse cylinder 
geometries (bore 30 – 65 mm, stroke 33 – 42 mm). The experimental compressor’s cylinder geometry (50 mm 
bore and 39.3 mm stroke) was chosen as parameter scaling reference during fitting, as it corresponds to most 
data points in the fitting dataset and represents a mid-range cylinder size. 
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To quantify the model prediction accuracy for the different fits, we use the Mean Absolute Relative 
Difference (MARD) relative to the experimental dataset. The MARD of the overall isentropic efficiency is 
expressed as a percentage of the experimental values, where N represents the number of experimental data 
points, 𝜂𝜂is,o

exp,i denotes the experimental (measured) value, and 𝜂𝜂is,o
pred,i represents the predicted value for the i-th 

data point. 

 
MARD =  1

N∑
|𝜂𝜂is,o

pred,i − 𝜂𝜂is,o
exp,i|

𝜂𝜂is,o
exp,i

N

i=1
⋅ 100% (2) 

As the loss-based model was initially fitted to data of residential heat pumps, predicting the (high-
temperature) experimental dataset results in significant prediction errors (Figure 2, “as published”). Re-fitting 
the loss-based model using the experimental dataset reduces the MARDs to around 4 % (in-sample; Figure 2, 
“experimental dataset”) indicating reliable reproduction of high-temperature data. Expanding the experimental 
dataset with DIN EN 12900 data retains low MARDs for predicting the experimental dataset (Figure 2, 
“expanded dataset”) and promises better general prediction performance and reliable parameter scaling. 

Figure 1: Fitting data overview. Red highlights experimental data, blue highlights reference data generated with DIN EN 12900 
polynomials and manufacturer coefficients. 

Top right plot: The size of circles represents the number of corresponding data points. 

Figure 2: MARD of loss-based model efficiency predictions for the experimental dataset (red plot elements in Figure 1), expressed as a 
percentage of the experimental efficiencies. 

The model as published is compared to refits on the experimental and expanded dataset (red + blue plot elements in Figure 1) . 
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We hence use the model parameters re-fitted to the expanded dataset (Table 2, “Re-fitted value”), as defined 
by the loss-based model’s governing equations (cf. Appendix). Compared to the original fit (Table 2, “Value 
as published”), the model parameters for friction losses 𝑎𝑎 and flow losses 𝑏𝑏 increased substantially, which 
can be explained by the larger cylinder geometries in the expanded dataset. Because the scaling rules were 
active during re-fitting, the parameters were adjusted accordingly. The electrical loss coefficient 𝑐𝑐 more than 
quadrupled, suggesting it may account for additional constant losses that increase in larger machines (e.g., 
increased crankshaft/bearing friction due to a larger number of cylinders). At the same time, the significant 
value highlights the model’s flexibility: physical effects do not necessarily map cleanly onto the parameters 
meant to represent them. The model parameter associated with the compressor clearance volume 𝑘𝑘1 
decreased, following the trend toward higher volumetric efficiency for larger cylinders. Finally, the 
overcompression factor 𝑘𝑘2 increased, which can be explained by the large pressure ratios represented in the 
expanded dataset. 

Table 2: Loss-based model fitting parameters. 

Parameter affiliation Friction loss Flow loss Electrical loss Clearance volume Overcompression 

Unit W m−4 − mm m2/s2 

Fitting parameter 𝑎𝑎 𝑏𝑏 𝑐𝑐 𝑘𝑘1 𝑘𝑘2 

Value as published 
(Roskosch et al. [8]) 

91.59 12.11 ∙ 106  0.062 3.49 7.19 ∙ 103 

Re-fitted value 
(this work) 

189.54 39.96 ∙ 106 0.277 2.33 10.93 ∙ 103 

3. Results 

3.1. Model validation and benchmarking 

The presented results focus on the overall isentropic compressor efficiency, which is decisive for 
determining HP cycle efficiency. For validation and benchmarking, we vary the model input parameters across 
industrial ranges (Section 2.1, cf. Table 1) and compare against reference data generated with DIN EN 12900 
polynomials and manufacturer coefficients (Section 2.3). 

Refrigerant variation 

We first assess efficiency prediction accuracy under variation of the refrigerant (Figure 3) while other model 
inputs are kept constant. Operating temperatures/pressures are set as high as the validation data allows for each 
refrigerant.  

We chose three refrigerants from different substance groups with high relevance for industrial applications 
[14, 15] and abundant DIN EN 12900 coefficients [11, 12]. The hydrocarbon Propane, one of the most common 
natural refrigerants, is included in the fitting dataset for the correlation- and loss-based model and was used to 
fit the semi-physical correlations and fitting parameters of the differential model. R1234ze(E) is widely 
regarded as a substitute for conventional HFOs [14] and offers high-temperature DIN EN 12900 validity 
ranges. R1234ze(E) is not contained in any of the models’ fitting datasets; however, other HFOs are well 
represented. CO2 (natural) is highly relevant in heating/cooling due to its beneficial properties (e.g., non-
flammable, non-toxic). CO2 stands out because it is neither a hydrocarbon nor an HFO; no similar refrigerants 
are included in the fitting datasets of any model. Its high pressure levels and specific cylinder designs make it 
well-suited for testing how the compressor models handle out-of-sample prediction. 
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Among the models, the correlation yields the lowest MARDs (2 … 3%), followed by the loss-based model 
(3 … 6%). Neither model shows deviation hotspots over the considered range of evaporation and condensation 
temperatures (pressures), nor any significant refrigerant or in-/out-of-sample bias. 

The differential model exhibits MARDs of 7% and 9% for propane and R1234ze(E), respectively. A slight 
increase in deviation is observed at high suction and/or condensation temperatures. For CO2, significant 
deviations (up to 56%) from the differential model’s predictions are observed, increasing with suction pressure 
and resulting in a large MARD of 32% over the full operating range. The deviations are attributed to the 
empirical correlations for the effective valve flow areas in the differential model, which are fitted to 
hydrocarbon and HFO data. The high mass fluxes of CO2 lead to an underestimation of the discharge valve 
flow areas and, consequently, to an underestimation of the compressor’s overall isentropic efficiency. We 
choose R1234ze(E) as the refrigerant for further parameter variation, as all models show low MARDs for 
R1234ze(E), indicating no refrigerant-specific bias. Moreover, DIN EN 12900 coefficients for R1234ze(E) are 
available at high-temperature validity ranges. 

Figure 3: Absolute Relative Difference between overall isentropic efficiency predictions from the considered models and validation data 
for refrigerants propane, R1234ze(E) and CO2. For subcritical compression (Propane and R1234ze(E)), evaporation and condensation 

temperatures are varied. For transcritical compression (CO2), suction and discharge pressures are varied. 
All remaining model input parameters are fixed (Table 1). 

*Propane is included in the fitting data of each model  
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Operating point & geometry variation 

The following results are shown exclusively as MARD values, since no notable variations occur over the 
range of evaporation and condensation temperatures (Figure 4). 

The superheating remains as the determining variable for the operating point and is varied (10,20,30 K) 
while the evaporation/condensation temperature ranges and other model inputs are fixed (Table 1). 
Superheating variation results in nearly constant MARDs in line with the ones during refrigerant variation, 
indicating that varied superheating does not trigger notable deviations in prediction quality for any model 
(Figure 4, left). 

To assess efficiency prediction accuracy under variation of the cylinder geometry, the cylinder bore is 
chosen as a variable geometry input, while all other model inputs are kept constant. The bore indicates the 
cylinder volume, since the ratio of bore and stroke usually lies within a narrow range close to 1 [8]. 

Generally, variation of the cylinder bore results in efficiency prediction MARDs in line with values for the 
refrigerant and superheating variation (Figure 4). However, all models show increased deviations for the 
smallest bore of 30 mm. The correlation does not explicitly account for cylinder geometry for efficiency 
prediction. Effects of the geometry on compressor efficiency are instead lumped into the correlation’s nine 
fitting parameters. Since the correlation was fitted to experimental data from 50 mm bore compressors, 
inaccuracies for different geometries are to be expected. The loss-based model uses bore- and stroke-dependent 
scaling rules to transfer model parameters across cylinder geometries. The scaling rules were active during 
model re-fitting to a geometry-variable dataset (Section 2.4). The fitting parameters’ values are hence 
consistent with the scaling rules, keeping deviations for other cylinder geometries moderate. The differential 
model employs scaling rules as well; However, the model was fitted to data from a single 34 mm bore 
compressor, meaning the fitting parameter values are not aligned with the scaling rules (inactive during fitting). 
As a result, the non-linear scaling rules can lead to overestimation of parameter values during downscaling to 
smaller cylinders, resulting in underestimated isentropic efficiency and increased MARD. 

3.2. Refrigerant Mixtures 

Finally, the capability to predict mixture efficiency is examined. Only results for the correlation and the 
loss-based model are shown, as the differential model is currently not implemented for mixture property data. 

Model efficiency predictions are compared to experimental data for one HFO mixture, 
R1233ze(E)/R1234yf, and one hydrocarbon mixture, butane/propane (Figure 5). The experimental mixture 
data are part of the correlation’s fitting dataset (in-sample prediction), whereas the loss-based model was fitted 
only to data of the pure mixture components. 

 Both models show acceptable prediction accuracies, with the loss-based model demonstrating good 
prediction of mixture efficiencies despite being fitted solely to pure refrigerant data. Composition-dependent 

Figure 4: Mean Absolute Relative Deviations (MARDs) between compressor model overall isentropic efficiency predictions and validation 
data for varying superheating (left) and varying cylinder bore (right). All remaining model input parameters are fixed (Table 1). 
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differences in accuracy are not observed. No notable substance-group-dependent differences in mixture 
prediction accuracy are observed, with similar MARDs for the HFO and hydrocarbon mixtures in each model. 
The correlation, since it was fitted exclusively to high-temperature data, shows some deviation at low suction 
pressure (cf. outlier in Figure 5, left).  

4. Conclusion 

This study compared the accuracy of different compressor models to predict efficiency in an industrial heat 
pump (HP) modeling context. Three reciprocating compressor models – a correlation, a loss-based model, and 
a differential model – were considered. While employing increasing levels of physical detail, all models rely 
on correlations and parameters fitted to experimental data. In the study, the compressor models were evaluated 
for industrially relevant refrigerants, operating points, and geometries. Reference data was generated from DIN 
EN 12900 polynomials using manufacturer-published coefficients. Input parameter variations were conducted 
across a range of suction and discharge conditions. The prediction error was quantified using the Mean 
Absolute Relative Deviation (MARD, expressed as a percentage of the experimental efficiencies) of the overall 
isentropic compressor efficiency. 

Varying the refrigerant revealed the lowest MARDs for the correlation and loss-based model (2 … 6%), 
with no notable bias across substance groups or between in-/out-of-sample data. The differential model showed 
larger deviations (7 … 9%) with a strong increase for CO2 (32%, out-of-sample refrigerant). Varying the 
operating point (i.e., superheating at fixed suction and discharge pressure) showed low deviations for all 
models (correlation ≈ 3% to the differential model ≈ 9%). Varying cylinder geometries (i.e., cylinder bore) 
were well predicted for cylinders larger than or equal to those represented in the fitting data. Predictions of 
smaller cylinder geometries increased MARDs across all models, with the loss-based model achieving the 
smallest deviations at 8%. 

Across the three models examined, the study found no clear relationship between the level of physical 
modeling detail and prediction accuracy. However, the correlation’s increased prediction error during 
geometry variation demonstrates that modeling should not only account for the influence of refrigerants and 
operating points, but also geometry to provide reliable efficiency predictions.  

Further, targeted re-fitting significantly improved the loss-based model’s prediction accuracy, highlighting 
the necessity of an appropriate fitting dataset to achieve accurate and reliable efficiency predictions. The 
differential model's accuracy could thus be improved by refitting its semi-physical correlations and parameters 
to high-temperature data. 

Finally, runtimes tend to increase with higher levels of physical modeling detail (e.g., between the 
correlation and the differential model). For industrial HP modeling, compressor model performance (accuracy 
and runtime) would likely benefit more from appropriate fitting than from increased physical detail, provided 
sufficient data is available. 

Figure 5: Mixture overall isentropic efficiency predictions versus experimental results. 
Darkness of color represents the molar share of the first mixture component: 

R1233zd(E)/R1234yf: 0.52 … 0.83; butane/propane: 0.1 … 0.58 
The correlation’s fitting dataset contains the mixture data shown, the loss-based model was fitted to the pure components’ data only. 
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Nomenclature 

Symbol Unit Description 

𝑎𝑎 W Friction loss coefficient 

𝑏𝑏 m−4 Flow loss coefficient 

𝑐𝑐 — Electrical loss coefficient 

𝑐𝑐p J ⋅ kg−1 ⋅ K−1 Specific isobaric heat capacity 

𝑐𝑐v J ⋅ kg−1 ⋅ K−1 Specific isochoric heat capacity 

𝑓𝑓mech Hz Mechanical frequency 

Δℎis J ⋅ kg−1 Specific enthalpy at isentropic 
compression 

𝑘𝑘1 mm Clearance volume loss coefficient 

𝑘𝑘2 m2 ⋅ s−2 Over-compression loss coefficient 

𝑚̇𝑚 kg ⋅ s−1 Mass flow rate 

𝑛𝑛cyl  — Number of cylinders 

𝑝𝑝 Pa Pressure 

𝑃𝑃elec W Electrical power input 

𝑃𝑃is W Isentropic power 

𝑉𝑉cyl m3 Cylinder volume 

𝜂𝜂is,o — Overall isentropic efficiency 

𝜂𝜂vol — Volumetric efficiency 

𝜌𝜌 kg ⋅ m−3 Density 

   

Index   

dis  Discharge state at compressor outlet 

exp  Experimental value 

pred  Predicted value 

suc  Suction state at compressor inlet 
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Appendix: Governing equations of the loss-based model 

The loss-based model by Roskosch et al. [8] takes into account the isentropic compression power 𝑃𝑃is and 
cumulative compressor losses 𝑃𝑃loss to determine the overall isentropic compressor efficiency 𝜂𝜂is,o. Modeling 
focuses on first-order loss effects and maintains a semi-physical approach. Each loss power is affiliated with 
a fitting parameter (friction losses: 𝑎𝑎, flow losses: 𝑏𝑏, and electrical losses: 𝑐𝑐). 

Both the isentropic compression power 𝑃𝑃is and the flow losses depend on the mass flow rate 𝑚̇𝑚, which is 
determined by the volumetric compressor efficiency 𝜂𝜂vol. 

The volumetric compressor efficiency 𝜂𝜂vol is modelled based on isentropic re-expansion of the gas in the 
clearance volume. Since the exact height of the clearance volume is typically unknown for a specific 
reciprocating piston compressor, it is represented by a fitting parameter 𝑘𝑘1. The fitting parameter 𝑘𝑘2 covers 
effects of overcompression and non-ideal deviations from isentropic re-expansion. 
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