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1 INTRODUCTION 
 
Industrial emissions remain a significant barrier to achieving climate targets and Carbon Capture, Utilization, 
and Storage (CCUS) has emerged as a key strategy for reducing this greenhouse gas output.  Central to 
the success of CCUS initiatives is the ability to precisely measure carbon dioxide (CO₂).  One of the major 
technical challenges in CO₂ flow measurement arises from its thermophysical behaviour near the critical 
point.  In this region, small fluctuations in pressure and temperature can cause large and rapid changes in 
fluid density [1].  This sensitivity complicates the use of volumetric flow meters, which rely on stable density 
assumptions, and makes it difficult to apply conventional density correction methods, particularly when 
density is measured at a location far upstream or downstream from the primary flow meter.  These 
challenges are not unique to CCUS applications; the aerospace sector, particularly in the context of 
Sustainable Aviation Fuel (SAF), faces similar issues.  In SAF applications, fuel composition and density can 
vary significantly depending on the production method and refuelling location, necessitating a reliable mass 
flow meter to ensure proper fuel delivery and regulatory compliance [2]. 
 
In response to these challenges, this study explores a hybrid approach to mass flow measurement that 
leverages existing technologies, specifically a helical turbine meter, flow conditioner, and differential 
pressure (∆𝑃) gauge.  While helical turbine meters are well-established for liquid flow measurement, they 
only provide volumetric measurement.  Turbine meter installations often require flow conditioning to ensure 
accurate and repeatable measurements.  By incorporating a flow conditioner and measuring the resulting 
differential pressure, fluid density can be estimated using the orifice equation [3].  When combined with the 
volumetric reading from the turbine meter, this enables real-time mass flow determination.  This approach 
offers a practical solution to current limitations in flow metering by using established measurement 
technologies.  
 
2 METHOD 
2.1 Governing Equations 
 
The hybrid mass flow metering system combines a helical turbine flowmeter for accurate volumetric 
measurement with a flow conditioner for differential pressure-based density estimation.  By applying the 
orifice equation to the pressure loss across the flow conditioner, real-time fluid density is determined and 
combined with the volumetric measurement yields mass flow. 
 
The flow conditioner is treated as a differential pressure device, with volumetric flow rate (𝑄) expressed 
using the orifice equation [3]: 
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Where 𝐶ௗ is the coefficient of discharge, 𝐸௩  is the velocity of approach factor, 𝑌 is the expansion factor, set 
to 1 for incompressible liquid flow, 𝐷 is the pipe inside diameter, 𝛽 =

ௗ

஽
 is the diameter ratio, 𝑑 is the bore 

diameter, ∆𝑃 is the differential pressure, and 𝜌 is the fluid density. 
 
The discharge coefficient 𝐶ௗ is determined experimentally by calibration against Reynolds number.  
Calibration is performed by measuring the volumetric flow rate and differential pressure with fluids of known 
density, and solving Eq. (1) for 𝐶ௗ.  
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For easier interpretation during operation, a polynomial regression is fitted to the resulting discharge 
coefficient to obtain a function 𝐶ௗ = 𝑓(𝑅𝑒).  During operation, after the initial 𝐶ௗ(𝑅𝑒) calibration, the turbine 



provides volumetric flow rate, while the differential pressure ∆𝑃 is measured across the flow conditioner.  
The fluid viscosity is estimated from in-line temperature measurements and known viscosity-temperature 
correlations, enabling the calculation of the Reynolds number.  This Reynolds number is then used to 
determine the corresponding discharge coefficient 𝐶ௗ from the calibration model and the fluid density is 
inferred by rearranging the orifice equation to solve for the orifice estimated fluid density (𝜌௢).  
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Finally, the mass flow rate can be determined using  
 

𝑚̇ = 𝜌௢𝑄    (4) 
 
2.2 Prototype 
 
The prototype mass flow meter developed in this study is a 100 mm full-bore hybrid system composed of a 
Faure Herman helical turbine meter (TZN100), a CPA 65E flow conditioner, and a differential pressure (ΔP) 
measurement system (Fig. 1).  Designed for laboratory testing across two calibration benches, the prototype 
features a stainless steel body for chemical compatibility with hydrocarbon fluids.  The TZN cartridge design 
allows for easy internal component replacement to support calibration and maintenance activities. 

The TZN helical turbine flowmeter from Faure Herman offers excellent repeatability and linearity across a 
wide range of operating conditions, particularly in high-viscosity or multi-viscosity applications. Its helical 
rotor design provides enhanced stability and linearity at low Reynolds numbers. The rotor blade geometry 
can also be tailored to specific applications to further optimize performance. In this study, two TZN100 
models were evaluated: one a meter that had undergone application-specific optimization of the rotor 
geometry to improve linearity across a broad range of viscosities and flow rates (Prototype A); the second 
a standard TZN100 unit without such optimization (Prototype B). Both meters demonstrated excellent 
repeatability, <0.02% over 3 runs, but differences in performance were observed. As shown in Fig. 2, the 
volumetric performance of the two prototypes calculated using Eq. 5 highlights the benefits of rotor 
optimization. The optimized meter achieved a relative error within ±0.2%, while the non-optimized standard 
model exhibited an error of ±2.3% across the tested Reynolds number range. 
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Where 𝑉௠ is the volume of the measurer and 𝑉௣ is the volume of the prover, corrected for the effects of 
temperature and pressure according to API MPMS 12.2 [4]. 

 
To stabilize the flow profile and 
reduce swirl, a CPA 65E flow 
conditioner (Fig. 3) is installed 
7D upstream of the TZN100.  
This flow conditioner produces 
a repeatable, axisymmetric 
flow field, improving the 
reliability of downstream flow 
measurements.  In addition to 
providing flow conditioning, the 
CPA provides a density 
measurement through the 
orifice equation as described 
above.  Differential pressure is 

measured across the CPA using a Rosemount 3051C coplanar pressure transmitter connected to pressure 

Fig. 1 – Combined helical turbine and flow conditioner mass meter prototype.   
 

Fig. 2 – Relative volumetric error of TZN used in a) Prototype A and 
b) Prototype B.  

  

a)  b)  



taps located 2D upstream and 2D downstream of the flow conditioner.  The location of the pressure taps 
was chosen based on the results of CFD simulations as described in Section 3 below.  

 
The turbine meter's pulse output was 
processed using a preamplifier and the 
amplified signal fed into an OMNI flow 
computer along with the differential 
pressure and temperature meas-
urements.  The OMNI flow computer 
performs high-speed pulse inter-
polation and applies correction factors 
for the effects of temperature and 
pressure on the fluid (CTL, CPL) and 
the effects of temperature and 
pressure on the flowmeter and prover 
(CTS, CPS) according to API MPMS 
12.2 [4] to determine volume at 
standard reference conditions of 15°C 
and 101.325kPa.   
 

 
2.3 Calibration and Experimental Setup 
 
All calibrations and testing were performed at FH Lab, the metrology laboratory of Faure Herman.  The 
facility includes three calibration benches: two piston prover benches (B230 and B4500) and one compact 
ball prover bench (B1000).  The calibration benches support flow rates ranging from 20 L/h to 4500 m³/h 
and accommodate pipe sizes from 0.5-inch to 20-inch.  Each bench is equipped with high-accuracy 
temperature and pressure sensors located both at the prover and at the meter under test.  These sensors 
enable accurate determination of correction factors, CPL, CTL, CPS, and CTS, as well as fluid viscosity.  Real-
world hydrocarbon fluids are used for calibrations, covering viscosities from 0.5cSt to 1000cSt. The 
laboratory is accredited to ISO 17025 and ILAC standards, ensuring traceability and precision.  Volumetric 
measurement uncertainties are typically within ±0.05% in standard mode and ±0.065% in master meter 
mode. 
 
During each calibration, the flow rate, viscosity, differential pressure, prover and measurer pressures and 
temperatures, number of pulses, corrected volumes, meter factor (MF), and relative volumetric error are 
recorded. The viscosity and density of the calibration fluid at reference conditions are also recorded from 
sample measurements.  
 
Two calibration campaigns were performed: one with Prototype A on the B230 piston prover and one with  
Prototype B on the B1000 compact ball prover (Table 1).  The tests were conducted using four hydrocarbon 
fluids—gasoline (SC), diesel (FOD), and two different mineral oils (HU1, HU2)—corresponding to nominal 
viscosities of approximately 0.6cSt, 4cSt, 12cSt, and 30cSt, respectively.  Each fluid was tested at six 
different flow rates on each prototype and a repeatability requirement of 0.02% over 3 runs was applied at 
each calibration point. 
 
Fluid samples were collected immediately before testing to measure density and viscosity ensuring accurate 
characterization of the calibration conditions.  The density was measured using a DMA 4500M densitometer, 
and the viscosity measured using a SVM 3000 Stabinger viscometer.  The viscosity–temperature correlations 
for each fluid are recorded in the OMNI flow computer to determine flowing viscosity conditions.  
Additionally, the pressure gauges used for differential pressure determination were systematically purged 
prior to each test in order to remove any trapped air that could compromise readings. 
 
An initial calibration was conducted to establish the discharge coefficient (𝐶ௗ) as a function of Reynolds 
number as described in Section 2.1.  During operation, the Reynolds number was calculated using the 
measured volumetric flow rate, fluid viscosity under flowing conditions, and meter diameter.  The 
interpolated 𝐶ௗ was then used, along with the CPA pressure differential and turbine meter flow rate, to infer 
fluid density.  This method is effective only if the fluid viscosity is known or can be inferred reliably from a 
viscosity–temperature relationship.  The relative mass error is then calculated using Eq. 6, where 𝜌௠ and 𝜌௣ 
are the calculated density from the orifice equation and the sampled reference density, respectively, 
corrected to standard conditions according to API MPMS 11.1 [5] (Eq. 7).  
 

𝐸 =
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Fig. 3 – CPA 65E flow conditioner.   
 



 

𝜌 =
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Where 𝜌
𝑓
 is the flowing density.  

 
Table 1 – Calibration and measurement fluid conditions 

 
Prototype Flow Rate Fluid Nominal Fluid 

Viscosity  
Reynolds Number 

 (m³/h)  (cSt)  
Prototype A 

(B230) 
20 Gasoline (SC) 0.6 1.31× 10ହ - 1.31× 10଺  
60 Deisel (FOD) 4 1.96 × 10ସ - 1.96 × 10ହ 
90 Mineral Oil (HU1) 12 6.55 × 10ଷ – 6.55 × 10ସ 
120 Mineral Oil (HU2) 30 2.62 × 10ଷ - 2.62 × 10ସ 
160  
200 

Prototype B 
(B1000) 

30 Gasoline (SC) 0.6 1.96 × 10ହ - 1.96× 10଺  
60 Deisel (FOD) 4 2.95 × 10ସ - 2.95 × 10ହ 
120 Mineral Oil (HU1) 12 9.82 × 10ଷ – 9.82 × 10ସ 
180 Mineral Oil (HU2) 30 3.93 × 10ଷ – 3.93 × 10ସ 
240  
300 

 
3 CFD SIMULATIONS AND VALIDATION 
 
To confirm the placement of the differential pressure gauges in the prototype steady-state Reynolds-
Averaged Navier-Stokes (RANS) simulations were conducted.  The objective was twofold: to validate the 
pressure loss characteristics of the CPA 65E flow conditioner, and to determine optimal axial positions where 
the pressure field is sufficiently uniform for reliable physical measurements.  This ensures that the selected 
pressure tap locations in the prototype provide accurate and representative differential pressure data across 
the flow conditioner. 
 
The computational model consisted of a CPA 65E flow conditioner installed concentrically within a straight 
pipe section with an internal diameter of 100 mm.  To ensure a fully developed velocity profile and to 
minimize the influence of inlet and outlet boundary effects, the model included 5 pipe diameters (5D) of 
straight pipe upstream and 10D downstream of the CPA 65E.  At the inlet, a fully developed turbulent 
velocity profile with a turbulence intensity of 5% was imposed. A constant pressure boundary condition was 
applied at the outlet, and all solid surfaces were modeled with no-slip boundary conditions.  Turbulence was 
modeled using the SST k-ω model.   
 

 
 

 
A mesh independence study was conducted to ensure that the predicted pressure loss across the CPA 65E 
was not sensitive to mesh resolution.  The parameter used to assess convergence was the hydraulic loss 
coefficient, defined as: 
 

𝐾௛ =
ଶ∆௉

ఘ௎మ   (8) 

 
where U is the average inlet velocity. 
 
Mesh validation simulations were performed on the CPA 65E 100 mm diameter model at a flow rate of 300 
m³/h, a fluid viscosity of 0.6cSt and pressure differential measured between 2D upstream and 2D 
downstream of the CPA 65E.  Meshes ranging from 1.6 × 105  to 6.6 × 106  elements were tested.  The 
mesh was progressively refined, and the evolution of the hydraulic loss coefficient 𝐾௛ was monitored.  A 
mesh was considered independent when further refinement resulted in a change in 𝐾௛ of less than 1%.  
Convergence of 𝐾௛ within approximately 0.8% was observed for the final selected mesh of 5.4 × 106  
elements.  The results of the mesh independence study are summarized in Table 2. 

Fig. 4 – CFD simulation domain.   
 



 
Table 2 - Mesh Independence  Study    Table 3 – CFD Simulation fluid properties 

 
Number of 
Elements 

% Difference of 𝐾௛ 
 𝑣  

(cSt) 
𝜌  

(kg/m3) 
Q  

(m3/h) 

1.6 × 10ହ   0.6 779 29 

3.2× 10ହ -7.04  4.9 834 62 

6.8× 10ହ -4.52  13.4 855 119 

1.2 × 10଺ -2.36  31.2 872 174 

2.6 × 10଺ -1.17    245 

5.4 × 10଺ -0.84    302 

6.6 × 10଺ -0.43     

 
Once the mesh was validated additional simulations were conducted to cover a Reynolds number range of 
3.21 × 10³ to 1.74 × 10⁶ (Table 3).  The resulting simulation data were used to evaluate the recovery of 
the velocity and pressure of the flow after passing through the CPA 65E and its the pressure loss 
characteristics.   
 
The CPA 65E uses a perforated plate design to generate a pressure loss that serves to redistribute the flow 
and promote the development of a fully axisymmetric velocity profile.  However, this flow reorganization is 
not immediate, it requires a certain distance downstream of the flow conditioner to stabilize.  Therefore, 
pressure measurements taken too close to the plate may not reflect the true bulk flow behavior, as the 
pressure field can still exhibit local gradients and asymmetries.   
 

To determine optimal pressure 
tap locations for differential 
pressure measurement, axial 
pressure coefficients obtained 
from the CFD simulations were 
analysed. Fig. 5a shows the 
evolution of the axial pressure 
coefficient along the pipe 
centreline as the flow passes 
through the CPA 65E in the case 
of a high Reynolds number and 
low Reynolds number.  A 
pressure tap location 2D 
upstream was chosen to ensure 
it is well beyond any influence 
of the flow conditioner, 

providing a stable and undisturbed pressure reference.  Downstream of the CPA 65E the pressure gradually 
recovers and becomes stable after a distance of 3D in the case of both Reynolds numbers studied. The 
normalized vertical pressure distribution along the pipe centreline, where 𝑦/𝐷 represents the normalized 

vertical position across the pipe diameter, shows the pressure field 
remains disturbed immediately after the flow conditioner but 
stabilizes and becomes uniform beyond 2D (Fig. 5b).  Therefore, a 
pressure tap location 2D downstream of the flow conditioner was 
selected as this position lies within the pressure recovery zone, 
where the pressure has not fully recovered to its asymptotic value 
but is far enough from the CPA 65E to avoid interference from flow 
conditioner-induced disturbances.  This ensures that the measured 
pressure loss captures the effective resistance of the CPA 65E while 
avoiding regions of complex local flow behaviour.  This analysis 
confirms the measurements will be both stable and representative 
of the average pressure loss across the CPA 65E. 
 
To further validate the CFD model, simulated pressure loss values 
were compared with the theoretical pressure loss computed using 
the hydraulic loss coefficient of the CPA 65E (Fig. 6). The pressure 
loss from the CFD simulations was calculated as the difference in 
mean static pressure between two cross-sections 2D upstream and 

Fig. 5 – a) Pressure coefficient 𝐶௣ along the pipe centreline with 
pressure tap locations (−); b) Normalized pressure along the 
vertical centreline downstream of CPA 65E flow conditioner.   

 

Fig. 6 – Comparison of 
differential pressure from CFD 

simulations and analytical 
estimates based on the hydraulic 
loss coefficient of the CPA 65E.   

 

a)  b)  



2D downstream of the CPA 65E. The comparison showed agreement within 10%, confirming that the CFD 
model accurately reproduces the physical pressure loss under steady-state flow conditions.  This validation 
reinforces the reliability of both the simulation method and the chosen pressure tap locations for 
experimental measurements. 
 
4 RESULTS 
4.1 Theoretical Analysis 
 
To assess the minimum achievable relative error using the proposed mass measurement method, a 
theoretical analysis was conducted using the hydraulic loss coefficient 𝐾ℎ(𝑅𝑒) of the CPA 65E flow 
conditioner.  Reynolds numbers were derived from the flow rate measurements of Prototype A, and the 
corresponding theoretical pressure losses calculated (Eq. 9).  
 

∆𝑃 =
௄೓ఘ೑௎మ

ଶ
   (9) 

 
A fifth-order polynomial regression was applied to the discharge 
coefficient 𝐶ௗ calculated using Eq. 2 with the theoretical pressure 
loss, and flow rate from Prototype A (Fig. 7).  The polynomial 
regression was computed by the least-squares method, which 
minimizes the sum of squared residuals between the fitted curve 
and the observed data points. 
 

𝐶𝑑(𝑅𝑒) = 𝐶5log (𝑅𝑒)5 + 𝐶4log (𝑅𝑒)4 + 𝐶3log (𝑅𝑒)3 + 𝐶2 log(𝑅𝑒)2 +

𝐶1log (𝑅𝑒) + 𝐶0   (10) 
 

 
The density (𝜌௢) was then calculated by rearranging the orifice 
equation, as described in Section 2.1. Finally, the measured mass 
was determined, compared to the reference mass from the prover 
and sampled density, and the relative error at standard conditions 
calculated using Eq. 6. 

 
Fig. 8 shows the predicted 
density compared to the 
reference density and the 
resulting mean relative mass 
error at standard conditions, 
where the error bars represent 
the standard deviation of 
repeated measurements.  The 
density is well reproduced and 
the mean relative error of this 
theoretical case is within 
±0.6%, with a maximum 
variability of 0.4%, confirming 
that under ideal conditions the 
method is capable of high 
precision.  The repeatability is 

deteriorated only at low flow rates suggesting that the method is more sensitive to Reynolds number 
fluctuations when ∆𝑃 is low.  These results represent a best-case scenario, as the pressure differentials used 
in the calculation are theoretical and therefore unaffected by real-world influences such as distorted flow 
profiles, signal noise, temperature-induced drift, or dynamic pressure fluctuations.  As such, the results 
demonstrate the upper bound of accuracy achievable by the method. 
 
4.2 Single-Viscosity Performance 
 
Given the method's promising performance using theoretical CPA 65E pressure loss values, it can now be 
applied to experimental measurements obtained from testing on Prototype A and B.  The method will be 
tested for both single and multi-viscosity applications.   
 

Fig. 8 – a) Comparison of reference and predicted density and b) 
relative mass error of Prototype A calculated using theoretical 

pressure differential of CPA 65E.  

Fig. 7 – Coefficient of discharge 
of CPA 65E from theoretical 

pressure loss with polynomial fit.  
 

a)  b)  



Single-viscosity testing was 
performed using four fluids of 
varying kinematic viscosities—
0.6 cSt (SC), 4 cSt (FOD), 10 cSt 
(HU1), and 30 cSt (HU2) — each 
with an independently 
calibrated 𝐶𝑑(𝑅𝑒)  polynomial fit 
(Fig.  9).  The mean relative 
mass error of both prototypes  
remained within ±1.5% for all 
fluids, demonstrating that the 
method performs consistently 
across a wide viscosity range. 
The relative mass error of 
Prototype A was centred around 
zero, while Prototype B 
exhibited a systematic under-
estimation of mass.  Prototype A 
showed significantly higher 
variability at the lowest flow rate 
of each fluid consistent with the 
theoretical analysis.  Further-
more, the polynomial curve of 
FOD for Prototype A has 
noticeably increased scatter at 
high 𝑅𝑒 and a less well-defined 
trend, resulting in a polynomial 
fit with greater curvature.  The 
𝐶𝑑(𝑅𝑒) of FOD has an R2 value of 

0.95 compared to 0.99 for the other fluids.  This is not observed in the Prototype B results, suggesting it is 
due to measurement inaccuracies and uncertainty.  
 
4.3 Multi-Viscosity Performance 
 

In multi-viscosity application, a 
single polynomial was 
calibrated across all four fluids.  
The resulting 𝐶𝑑(𝑅𝑒) fit 
remained robust, with an R2 of 
~0.99 for both prototypes (Fig. 
10). However, the mean 
relative mass error range 
widened to ±4% (Fig. 11).  This 
reduction in precision reflects 
the trade-off of applying a 
single polynomial to model 
complex fluid behavior across a 
broader operating range.  
However, while single-viscosity 
fitting allows for a closer match 

to minor fluctuations in the data, these variations do not necessarily correspond to underlying physical 
phenomena.  The average relative mass error of Prototype A across the entire Reynolds number range is 
approximately -0.05%, with the calculated density being the dominant contributing factor to relative error 
across all Reynolds numbers. This is expected as the turbine of Prototype A exhibited excellent volumetric 
performance, within ±0.2%, across the full Reynolds number range tested.  
 

Fig. 9 – a) Coefficient of discharge of CPA 65E computed using 
Prototype A (left) and Prototype B (right) with polynomial fit and b) 
relative mass error of Prototype A (left) and Prototype B (right) for 

single viscosity application.  

Fig. 10 – Coefficient of discharge of CPA 65E computed from 
Prototype A (left) and Prototype B (right) with polynomial fit for 

multi-viscosity application.  

a)  

b)  



The average relative mass error 
of Prototype B was 
approximately –1.09%, again 
indicating systematic under-
estimation of the mass. The 
performance of Prototype B, 
however, is notable considering 
the turbine of this prototype was 
not optimized and exhibited 
volumetric error up to ±2.3% at 
low 𝑅𝑒.  Given this limitation, 
the mass estimation is expected 
to be significantly degraded.  
However, the mean relative 
mass error remained within 

±3.5%.  This apparent accuracy can be explained by examining the contributing error of the two 
components in the mass calculation, the measured volume and the calculated density (Fig. 12a).  The 
turbine meter of Prototype B  overestimates the volume and therefore flow rate at low Reynolds numbers.  
When this overestimated flow rate is then used to calculate density using the orifice equation, the result is 
a significant underestimation of the density (Fig. 12b).  In the final computation of mass, these opposing 
errors partially cancel each other out, producing a seemingly acceptable total error.  However, this balance 
is misleading, although the relative mass error appears small, it masks larger underlying inaccuracies in 
both volumetric flow and density determination. 

 
To address the systematic 
underestimation of mass 
observed in Prototype B 
believed to stem from the 
volumetric error of the turbine 
meter a viscosity indexing 
method can be applied. 
Viscosity indexing is a 
linearization technique that 
replaces discrete calibration 
points, typically Meter Factor vs. 
Reynolds number, with a 
continuous mathematical 
function that models the 
meter's performance based on 

flow parameters [6].  This allows for correction of systematic measurement errors across a broad operating 
envelope. 
 
In practice, viscosity indexing enables a flowmeter to maintain custody transfer-level precision beyond its 
typical turndown ratio (TDR) by accounting for changes in flow regime that affect meter behaviour.  This 
method is particularly useful in multi-product or variable-temperature applications where viscosity and 
therefore Reynolds number may vary significantly during operation.  Only systematic errors can be corrected 
through viscosity indexing, so the meter must exhibit good repeatability.  As a mechanical meter the TZN 
exhibits excellent repeatability, within 0.02% over 3 runs.  Here, a viscosity indexing approach is applied 
to Prototype B using Reynolds number as the primary independent variable.  
 
A fifth-order polynomial regression is used to fit the meter factor (MF) as a function of Reynolds number: 

 
𝑀𝐹௣(𝑅𝑒) = 𝐶5log (𝑅𝑒)5 + 𝐶4log (𝑅𝑒)4 + 𝐶3log (𝑅𝑒)3 + 𝐶2 log(𝑅𝑒)2 + 𝐶1log (𝑅𝑒) + 𝐶0    (11) 

Fig. 11 – Relative mass error of Prototype A (left) and Prototype B 
(right). 

Fig. 12 – a) Contribution of volumetric error and calculated 
density error to the relative mass error b) Comparison of 

reference and predicted density of Prototype B.  

a)  b)  



The polynomial coefficients, 𝐶௡, are derived from calibration data 
acquired with Prototype B and the polynomial regression 
optimized using least-squares minimization, yielding a continuous 
model of the meter’s behavior across the calibration range (Fig. 
13).  The residual relative volume error of the TZN using viscosity 
indexing falls within ±0.1%.  
 
During operation, the viscosity-indexed meter factor (𝑀𝐹௣) can be 
computed in real time using the measured Reynolds number, 
allowing the flowmeter to dynamically adjust for changing fluid 
conditions.  Within the orifice method, 𝑀𝐹௣ is used to correct both 
the volumetric flow rate used to determine density (Eq. 12) and 
the volume measured by the meter used to determine the relative 
mass error (Eq. 13).   
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After applying viscosity indexing to the multi-viscosity dataset of 
Prototype B, the average relative mass error improved significantly 
to approximately 0.03%, while the total error range remained 
within ±3.5% (Fig. 14a). Therefore, the systematic 
underestimation of mass previously observed in Prototype B was 
effectively corrected. The improvement in calculated density 
following viscosity indexing (Fig. 14b) reinforces the effectiveness of this correction. These findings confirm 
that the original bias stemmed from an overestimation of volumetric flow rate—particularly at low Reynolds 
number, where turbine meters are more sensitive to viscosity effects. Overall, the results demonstrate that 
viscosity indexing is an effective method for compensating for such nonlinearities and for extending the 
operational range of turbine flowmeters under variable flow conditions. 
a) b) c) 

 
4.4 𝑪𝒅 Calibration Reproducibility  

To evaluate the reproducibility of the discharge coefficient of the CPA 65E across prototypes, the 𝐶𝑑(𝑅𝑒) 
derived from the Prototype B calibration is applied to Prototype A.  Fig. 15 shows a comparison of the 𝐶𝑑(𝑅𝑒) 
from each prototype as well as a theoretical 𝐶𝑑(𝑅𝑒) derived from the CPA 65E hydraulic loss coefficient. The 
relative difference between the polynomial curves of the two prototypes is within ±5%, except at low 
Reynolds number where differences reached 20%.  

Fig. 14 – a) Relative mass error b) comparison of reference and predicted density and c) contribution of 
volumetric error and predicted density error to the relative mass error of Prototype B with viscosity 

indexing.  

Fig. 13 – a) MF with polynomial 
fit and b) Prototype B residual 
relative volumetric error with 

viscosity indexing. 

a)  

b)  



When the Prototype B-derived 𝐶𝑑(𝑅𝑒) is applied to Prototype A, the 
mean relative mass errors are within ±8.5% across most of the 
Reynolds number range.  However, at low Reynolds numbers, the 
error increases considerably to ±11% (Fig. 15b).  This increase is 
primarily due to extrapolation of the polynomial beyond its well-
constrained region.  The calibration of Prototype A extends further 
into the low Reynolds number range than the Prototype B calibration 
resulting in larger deviations due to poor extrapolation behaviour of 
the polynomial.  Increased errors within the overlapping 𝑅𝑒 range 
coincide with significant differences between the 𝐶𝑑(𝑅𝑒)  calibrations 
resulting in substantial errors in the calculated fluid density.  

The 𝐶𝑑(𝑅𝑒) of Prototype B closely follows the theoretical curve and 
applying this curve directly to the Prototype B dataset results in 
mass errors within ±3.5%, consistent with previous Prototype B 
results, except at high Reynolds number where deviations from the 
ideal curve are more pronounced and error range widens to ±4.9% 
(Fig. 15c).  The observed differences between the prototype 𝐶𝑑(𝑅𝑒) 
calibrations may stem from instrumentation errors during the 
Prototype A measurement campaign or from variations in the 
calibration bench setup, particularly differences in the flow profile, 
which can influence the measured pressure differential.  Despite 
these discrepancies, the 𝐶𝑑(𝑅𝑒) obtained from Prototype B aligns 
closely with theoretical predictions, suggesting that a standard 
𝐶𝑑(𝑅𝑒) curve is achievable under well-controlled conditions.  
Differences in flow profile development, even when fully developed 
flow is expected, can shift the pressure recovery zone, making 
current pressure tap locations less effective at capturing a 
representative pressure differential.  As a result, improving the 
reproducibility of 𝐶𝑑(𝑅𝑒) requires a reassessment of pressure tap 
locations to ensure they consistently capture a representative 
pressure differential across the flow conditioner regardless of flow 
profile.  The results highlight the importance of improving pressure 
measurements and, by extension, the accuracy and reproducibility 
of 𝐶𝑑(𝑅𝑒) to ensure reliable application of the method.  If pressure 
recovery is not consistently captured, even small variations in flow 
conditions or measurement configurations can lead to significant 
differences in calibration results.  If such improvements can be 
achieved, the use of a standard 𝐶𝑑(𝑅𝑒) curve across multiple 
datasets is feasible. However, the current results demonstrate that 
𝐶𝑑(𝑅𝑒) is sensitive to both the calibration setup and flow 
characteristics.  This sensitivity presents a challenge for applying a 

laboratory calibrated model to an on-site installation, where flow conditions may differ considerably. 
Furthermore, any shared calibration must include the full operational Reynolds number range, especially at 
the extreme low and high ends, where extrapolation can otherwise introduce significant error. 

While the overall accuracy of the orifice method is not sufficient for custody transfer applications, yielding 
relative mass errors within ±1.5% for single-viscosity and up to ±4% in multi-viscosity applications, the 
results nonetheless demonstrate good performance in challenging conditions while also highlighting several 
key sources of error that limit performance.  The results show significant differences between the 𝐶𝑑(𝑅𝑒) 
calibration across measurement datasets and calibration benches highlighting the need to optimize pressure 
tap locations and improve 𝐶𝑑 reproducibility before a standard 𝐶𝑑(𝑅𝑒) curve can be reliably applied.  These 
characteristics, and their relative impact on the measurement, are examined in more detail in the following 
uncertainty analysis. 

 
4.5 Uncertainty Analysis 
 
To evaluate the reliability of the flowing density obtained directly from the orifice equation (𝜌௢) and identify 
key sources of error, an uncertainty analysis is conducted. This analysis aims to establish a detailed 

Fig. 15 – a) Comparison of 𝐶𝑑 
calculated from theoretical 

pressure loss with Prototype A 
and Prototype B calibration. b) 

Relative mass error of Prototype 
A determined using Prototype B 
𝐶𝑑 calibration. c) Relative mass 

error of Prototype B using 
theoretical CPA 𝐶𝑑 calibration    

a)  

b)  

c)  



uncertainty budget, assessing the contribution of each input parameter to determine where improvements 
in measurement equipment or methodology could most effectively reduce overall uncertainty. 
 
The standard method for propagating uncertainty in a derived quantity 𝑦 = 𝑓(𝑥ଵ, 𝑥ଶ, … , 𝑥௡) is given by [7]: 
 

𝑢௬ =  ඨ∑ ቀ
డ௬

డ௫೔
𝑢௫೔

ቁ
ଶ

௡
௜ୀଵ +  ∑ ∑ ൬

డ௬

డ௫೔

డ௬

డ௫ೕ
𝑐𝑜𝑣(𝑥௜ , 𝑥௝)൰௡

௝ୀଵ
௝ஷ௜

௡
௜ୀଵ     (14) 

 
To estimate the expanded uncertainty, a coverage factor k=2 is applied, which corresponds to a confidence 
level of approximately 95%. 
 
Here, uncertainty analysis is conducted using the Prototype B dataset with viscosity indexing (Eq. 12), to 
estimate the contribution of each input measurand to the total uncertainty in the computed density (𝜌௢).  
Uncertainty contributions are quantified for all parameters based on a combination of: 

 Instrumental uncertainty, including resolution and manufacturer specifications; 
 Repeatability, calculated as the standard deviation from three repeated measurements at each test 

point; 
 Model uncertainty, accounting for curve fitting and calculated coefficients used in the derivation of 

empirical relationships (e.g., 𝐶𝑑(𝑅𝑒)). 
Additionally, the analysis accounts for covariance terms where physical dependencies exist between input 
parameters, for example, between 𝑄 and 𝛥𝑃 [7].  
 

Table 4 – Sources of Uncertainty in Orifice Density Prediction  
 

Measurand Uncertainty Source 

𝐶ௗ Polynomial model fit, 𝑅𝑒 uncertainty 

𝐷 Calibration certificate 

𝑑 Calibration certificate 

𝛥𝑃 Calibration certificate, resolution, repeatability, drift 

𝑄 Resolution, calibration certificate, repeatability 

𝑀𝐹௣ Polynomial model fit, 𝑅𝑒 uncertainty 

 
The results of the uncertainty analysis show that the 
dominant contributor to the average uncertainty in 𝜌௢  
across the measurement range is the differential 
pressure 𝛥𝑃, with an average contribution of 67% (Fig. 
16).  This is expected as the sensitivity coefficient 
associated with 𝛥𝑃 is inversely proportional to √𝛥𝑃. 
Small magnitudes of 𝛥𝑃, therefore, result in significantly 
amplified sensitivity dominating the uncertainty.  At low 
flow rates, where pressure differential is inherently 
small, the uncertainty of 𝛥𝑃 can reach 97% of the total 
uncertainty.  Conversely, as flow rate increases and the 
associated pressure differential rises, the impact of 𝛥𝑃 
diminishes considerably.  For higher flow conditions, the 
contribution of 𝛥𝑃 to the total uncertainty can fall below 
1%.  
 
The discharge coefficient 𝐶ௗ is the second largest 
uncertainty factor, contributing approximately 27% to 
the average uncertainty.  The uncertainty of 𝐶ௗ  
primarily arises from the quality of the polynomial fit.  
Any model imperfections or measurement noise during 
calibration propagate into the uncertainty associated 

with estimating 𝐶ௗ during operation. At high flow rates, as 𝛥𝑃 uncertainty drops below 1%, the uncertainty 
contribution from 𝐶ௗ increases significantly, dominating the uncertainty at 75%, followed by 𝑑 at 
approximately 20%. Other variables, such as the meter factor and volumetric flow rate, remain below 5% 
across the entire Reynolds number range. 

Fig. 16 – Average contribution of each 
measurand to the uncertainty of the orifice 

calculated flowing density.    



A comparison of the uncertainty between the computed 
mass using 𝜌௢ (𝑀ఘ೚

) and that using the sampled flowing 
density 𝜌௙ (𝑀ఘ೑

) with the indicated volume of the meter is 
shown in Fig. 17.  The comparison is used to assess whether 
the orifice-based method yields uncertainty comparable to 
the commonly used sampling method in inferred mass 
measurements.  As expected, the orifice method exhibited 
higher uncertainty at low flow rates, where  small differential 
pressure (𝛥𝑃) magnitudes increase the sensitivity of the 
calculation to measurement errors.  This effect is especially 
pronounced for low viscosity fluids, which inherently 
generate lower pressure losses for a given flow rate, further 
amplifying the relative uncertainty.  Under these conditions, 
deviations of up to ±68 kg were observed, while the sample-
based approach remained stable within ±8 kg.  The sampled 
flowing density (𝜌௙) is determined from the sampled density 
at reference conditions and corrected to flowing conditions 
using correction models that account for the effects of 
temperature and pressure. The uncertainty of 𝑀ఘ೑

 therefore 
originates from the uncertainty associated with the temperature and pressure inputs used in these models 
along with the sampled density measurement uncertainty.  As flow rate increases and 𝛥𝑃 became sufficiently 
large, the uncertainty in 𝑀ఘ೚

 decreases significantly in agreement with the trends observed in the uncertainty 
budget. At higher flow rates, the uncertainty from both methods converge, with differences often falling 
below ±5 kg. This suggests that the orifice-based method may be a suitable substitute for sampling under 
appropriate high-flow conditions. 
 
The results confirm that orifice-based estimation of 𝜌௢ can be effective at high flow rates, where the pressure 
loss is sufficiently large to minimize the influence of sensor resolution and repeatability. In these conditions, 
the uncertainty of 𝜌௢ is low enough that the method may serve as a viable alternative to sampling. However, 
at low flow rates, where pressure differentials are inherently small, the uncertainty becomes prohibitively 
large. To reduce the uncertainty, the quality of the 𝐶ௗ polynomial fit, which is the dominant uncertainty 
contributor at high flow rates, should be improved. This can be achieved by ensuring the pressure tap 
locations provide stable and reproducible pressure differential readings across Reynold number and flow 
conditions. Furthermore, incorporating more calibration data points covering a wider range of Reynolds 
numbers, ensuring steady and well-conditioned flow during calibration, and improving the resolution and 
accuracy of the differential pressure (𝛥𝑃) measurements can all lead to a more reliable and precise 
estimation of 𝐶ௗ.  Shifting the downstream pressure tap closer to the flow conditioner could increase the 
magnitude of 𝛥𝑃 improving the stability and reducing the uncertainty of the method particularly at low flow 
rates.  The analysis  suggests that this method is best suited for high flow rates and may not be reliable for 
low-flow applications unless substantial enhancements in differential pressure measurement accuracy are 
achieved. 
 
5 DISCUSSION 
 
The preceding results and uncertainty analysis highlight both the potential and the limitations of the orifice 
method for density and mass determination.  In this section, these findings are considered in a broader 
context to explore possible avenues for improvement and specific applications. 
 
5.1 Flow Conditioner Effects 
 
To evaluate the impact of the type of flow conditioner used on the overall performance of the orifice method, 
a comparative analysis is conducted between the CPA 50E and CPA 65E.  The same methodology as in 
Section 4.1 was applied: the theoretical pressure loss was estimated using the hydraulic loss coefficient 
𝐾௛(𝑅𝑒) provided by CPA for the 50E model, and the corresponding 𝐶ௗ(𝑅𝑒) calibrated accordingly.  This 𝐶ௗ(𝑅𝑒)  
was then used with the Prototype A dataset to compute 𝜌௠ and the mean relative mass error. 
 

Fig. 17 – Comparison of the uncertainty 
of the mass using the orifice calculated 
flowing density and a sampled flowing 

density.    



The results show a slight but 
consistent improvement in 
performance (Fig. 18).  The 
mean relative mass error 
remained within ±0.4%, 
compared to ±0.6% for the CPA 
65E suggesting the CPA 50E 
may offer improved precision in 
this specific application.  The 
improvement can be attributed 
to two key effects. First, the 
CPA 50E has a flatter 𝐶ௗ(𝑅𝑒) 
curve particularly at low and 
high Reynolds number 
extremes where the CPA 65E 
exhibits a steeper response. The 
lower gradients reduce 

sensitivity of 𝐶ௗ to small Reynolds number fluctuations and minimizes interpolation errors, resulting in more 
stable and accurate density estimates using the orifice equation. Second, the higher pressure loss induced 
by the CPA 50E across the entire Reynolds number range improves numerical stability in the density 
calculation. As discussed, a larger 𝛥𝑃 reduces the relative impact of small variations, yielding smoother and 
more repeatable mass estimates. While this theoretical analysis suggests a performance advantage of the 
CPA 50E, it does not account for potential differences in flow conditioning effectiveness between the two 
devices or their physical impact on the flow profile entering the meter. Although these effects are secondary 
to the challenges in density estimation, increased flow disturbances can amplify volumetric turbine error, 
contributing to overall mass uncertainty. 
 
While this study focuses on CPA flow conditioners, it is worth considering the use of an orifice plate for 
differential pressure-based density estimation. Orifice plates typically produce a higher pressure loss for a 
given flow rate compared to CPA flow conditioners [8]. This increased pressure loss would improve the 
resolution and numerical stability of the density calculation. However, orifice plates also tend to have lower 
beta ratios, resulting in steeper 𝐶ௗ(𝑅𝑒) curves, particularly at low Reynolds numbers due to increased 
sensitivity to viscous and boundary layer effects. This increases the sensitivity of 𝐶ௗ to small variations in 
flow and Reynolds number, affecting the estimated density. Moreover, unlike CPA flow conditioners, orifice 
plates do not condition the flow. They introduce a significant disturbance and lack the ability to reduce swirl 
or produce an axisymmetric velocity profile, conditions necessary for stable and accurate turbine meter 
performance.  Therefore, practical implementation of the method with an orifice would still require upstream 
flow conditioning to ensure consistent and accurate readings. 
 
The ideal design for this measurement approach would be a flow element that not only provides effective 
flow conditioning but also exhibits a linear 𝐶ௗ(𝑅𝑒) relationship across the operating flow range. A linear or 
near-linear 𝐶ௗ(𝑅𝑒) curve reduces the sensitivity of the discharge coefficient to local variations in Reynolds 
number or pressure. This, in turn, enhances the stability and accuracy of the density calculation, particularly 
when using polynomial fits to approximate 𝐶ௗ. A specifically designed flow element with good flow-
conditioning characteristics, large induced pressure loss and a well-behaved, predictable 𝐶ௗ(𝑅𝑒) relationship 
could significantly enhance the overall performance and reliability of the measurement system. 
 
5.2 Batch Detection 
 
In multi-product pipeline and batch transfer operations, detecting transitions between different fluids is 
essential for maintaining measurement accuracy, minimizing mixing losses, and ensuring product 
traceability. Because many petroleum products exhibit distinct density ranges—often differing by more than 
5–10 kg/m³—density provides a practical and robust indicator for identifying batch transitions. 
 
The orifice method is tested as a means to detect product changes using step changes identified in the 
estimated density 𝜌௠.  The step change detection is based on identifying points where the derivative of the  
density exceeds a fixed threshold: 

∆𝜌௜ =
𝑑𝜌

𝑑𝑡
≈ 𝜌(𝑡௜) − 𝜌(𝑡௜ିଵ) 

ห∆𝜌
𝑖
ห > 𝜌

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
  (15) 

Here, a threshold of 8 kg/m³ was used. 

Fig. 18 – a) Comparison of the theoretical 𝐶ௗ of the CPA 65E and 
CPA 50E b) Relative mass error of Prototype A calculated using 

theoretical pressure differential of CPA 50E.    

a)   b)   



The method was tested using the theoretical pressure differential of the CPA 65E combined with volumetric 
measurements of Prototype A  as described in Section 4.1.   This dataset is used to demonstrate the potential 
of the method for batch detection since the relative mass error of this dataset is within acceptable bounds.  

 
Fig. 19 compares the calculated 
density (𝜌௠) with the sampled 
density (𝜌௣) over the 
measurement period. The 
agreement between the two is 
excellent, within ±0.75%, using 
this theoretical approach.  Fig. 
19b shows the sample indices 
where batch transitions were 
automatically identified based 
on the step change detection 
algorithm.  The results confirm 
the orifice method is able to 
correctly detect each product 
transition, and the use of a 
threshold of 8 kg/m³ is effective 
in isolating changes between 

different product densities.  However, this method is not sensitive to small changes in density and is best 
suited for transitions involving fluids with clearly distinct properties.  Its effectiveness depends on accurate 
differential pressure and flow measurements, as well as a well-calibrated coefficient of discharge model.  
While the approach shows promising results with the theoretical dataset, it cannot be directly applied to the 
real differential pressure measurements conducted in this work.  In practice, the density produced from the 
orifice equation is too noisy for reliable step change detection and product transitions could not be 
consistently identified.  Further work is needed to improve the accuracy and stability of density predictions 
using orifice-based methods before this approach can be reliably extended to field applications.   
 
6  CONCLUSIONS 
 
This study explored a hybrid method for estimating fluid density and mass flow by combining a helical 
turbine meter, a flow conditioner, and differential pressure measurements. While the results did not 
demonstrate high precision, they highlight the potential of this low-cost, minimally invasive approach. 
Across a range of hydrocarbon fluids, the method achieved mean relative mass flow errors within ±1.5% 
for single-viscosity and ±3.5% for multi-viscosity application sufficient to demonstrate feasibility, though 
not sufficient for custody transfer or regulated metering.  Uncertainty analysis revealed that the two 
dominant sources of error were the differential pressure measurements, and the quality of the 𝐶ௗ(𝑅𝑒)  
calibration.  The method's uncertainty approached that of traditional sampling techniques at high flow rates, 
where larger pressure losses reduced sensitivity to small pressure fluctuations.  
 
Several opportunities exist to improve the accuracy and robustness of the hybrid mass flow meter.  The 
most critical area for improvement is the resolution and repeatability of the differential pressure (ΔP) 
measurements, which strongly influence uncertainty, particularly at low flow rates where ΔP is small and 
noise becomes significant.  Optimizing the location of the downstream pressure tap to increase the 
magnitude of the measured ΔP, while ensuring stable and reproducible readings across different Reynolds 
numbers and flow conditions would improve the quality and reproducibility of the discharge coefficient 𝐶ௗ(𝑅𝑒) 
calibration.  In addition, improving the quality of the 𝐶ௗ(𝑅𝑒) polynomial fit requires better calibration 
practices, including more data points across the full Reynolds number range and ensuring steady, well-
developed flow during calibration.  Modifying the flow conditioner design to induce a larger pressure drop 
or produce a more linear 𝐶ௗ(𝑅𝑒) curve could also enhance performance. 
 
While current limitations prevent the method from being used in high-accuracy applications such as custody 
transfer or Sustainable Aviation Fuel (SAF) metering, where precision typically needs to be within ±0.5%, 
there is potential for application in less demanding contexts.  With improved performance, the method could 
be suitable for batch detection or serve as a real-time monitoring tool.  In the context of Carbon Capture, 
Utilisation and Storage (CCUS), the method is currently unsuitable for CO₂ measurement without significant 
modification, including the integration of expansion factors to account for compressible flow behavior. 
However, under stable, single-phase liquid conditions, it may still offer practical value. 
 
A key advantage of this method is its reliance on standard instrumentation, such as turbine meters and flow 
conditioners, that are already widely employed in industrial flow measurement systems.  With minimal 
hardware modification, it presents an opportunity to extract additional information, such as real-time mass 

Fig. 19 – a) Comparison of sampled density and predicted density at 
base conditions over a sample period b) Detection of batch changes.   

a)   b)   



flow and fluid density, from existing infrastructure.  Although further development is required to enhance 
accuracy and repeatability, particularly at low flow rates, this approach offers a promising and cost-effective 
way to augment conventional flow metering using well-understood and readily available technologies. 
 
 
7 NOTATION 
 
𝑄 Volumetric flowrate   𝑚̇ Mass flowrate    
𝑈 Bulk velocity    𝑢 Combined standard uncertainty  
𝑀 Mass     𝐶ௗ Coefficient of discharge 
𝜇 Dynamic viscosity   𝐸௩ Velocity of approach factor 
𝑣 Kinematic viscosity    Diameter ratio, 𝑑/𝐷 
𝐸 Relative mass error   𝐸௤ Relative volumetric error 
𝐷 Pipe inside diameter   𝑉௠ Measured volume 
𝑑 Bore diameter   𝑉௣ Prover volume 
𝑌 Expansion factor   𝐾௛ Hydraulic loss coefficient 
𝑃 Pressure    𝑃ത Mean pressure 
∆𝑃 Differential pressure   𝐶௡ Polynomial coefficients 
𝑀𝐹௣ Polynomial derived Meter Factor 𝑀𝐹 Meter Factor 
𝜌௠ Orifice derived fluid density at reference conditions  
𝜌௣ Sampled fluid density at reference conditions  
𝜌௢ Orifice derived fluid density at flowing conditions  
𝜌௙ Sampled fluid density at flowing conditions 
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