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EXECUTIVE SUMMARY

Differential Pressure (DP) flow metering—based on Bernoulli’s principle and standardized 
orifice calculations (ISO 5167, AGA, ASME)—remains the workhorse of industrial flow mea-
surement due to its simplicity, no moving parts, and high-temperature/pressure tolerance. 
However, its fundamental limitations are well-known: squared-law response, turndown ratio 
typically limited to 3:1 or 5:1 (can be higher with high accuracy sensors) sensitivity to upstre-
am flow conditions, and susceptibility to wet gas, fouling, and erosion.

Artificial Intelligence (AI)—specifically machine learning, edge inference, and hybrid phy-
sics-based models—is poised to overcome these historical constraints. This white paper 
argues that AI will not replace the DP transmitter but will augment it: enabling dynamic 
turndown extension (e.g., 10:1 or more), real-time discharge coefficient (C_d) correction, 
predictive clogging detection, and virtual flow verification using only existing pressure and 
temperature signals. The result: lower installed cost, fewer problematic orifice plate changes, 
and reliable flow measurement where traditional DP meters fail (multiphase, pulsating, or 
laminar flow).
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THE DP FLOW METER´S STRENGTH AND  
& PERSISTENT WEAKNESSES

Traditional Advantages
•	 No moving parts, high reliability
•	 Well-understood standards (ISO 5167, AGA-3, ASME MFC)
•	 Works at extreme temperatures (cryogenic to >600°C) and pressures

Traditional Limitations (Targets for AI Improvement)
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Limitation

Square-root extraction noise

Turndown ratio 3:1 or 5:1

Cd drift

Upstream straight-pipe requirement

Wet gas / liquid entrainment

Pulsating flow (e.g., reciprocating

Limitation

Consequence

Low flow rates amplify sensor noise; poor low-flow cutoff.

Cannot measure both high and low flows accurately with one orifice.

Edge rounding, fouling, or erosion changes discharge coefficient over time.

10–20 diameters needed; impossible in compact plants.

Over-reads due to gas density changes; standard corrections fail.

DP signal oscillates; averaging unreliable.

Consequence pumps

Today’s “smart” DP transmitters linearize, totalize, and temperature-compensate. They do not learn or adapt.  
AI changes that.



Dynamic Turndown Extension (3:1 → 10:1+)

Problem: Orifice meter error rises dramatically below 25% of max DP (i.e., 50% of max flow) 
due to square-root sensitivity.

AI Solution: Train a neural network or Gaussian process regression on historical high-quality 
flow data (e.g., from a prover or Coriolis reference). The model learns the nonlinear relations-
hip between differential pressure, static pressure, temperature, and actual flow—including 
the low-flow region. Result: usable flow down to 10–15% of max DP (≈30–40% of flow) with 
<±1% error.
 
Technical note: AI effectively performs optimal signal filtering and nonlinear mapping that a 
fixed polynomial cannot.
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Self-Correcting Discharge Coefficient (Cd) 

Problem: Cd changes over time due to erosion (increases β ratio) or fouling (decreases ef-
fective area). Recalibration requires meter removal.

AI Solution: Use an unsupervised anomaly detection model (e.g., autoencoder or isolation  
forest) on the residual between measured DP and expected DP from a baseline. When  
residual exceeds a learned threshold, the model flags “C_d drift.” For semi-supervised cases, 
a regression model can estimate the new C_d in situ using upstream/downstream pressure 
data.

Benefit: Condition-based orifice inspection instead of calendar-based.
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Virtual Straightening: Compensating for Distorted Flow Profiles

Problem: Insufficient straight pipe (e.g., after a double elbow) causes asymmetric velocity 
profiles, altering DP vs. flow relationship.

AI Solution: Train a model using two pressure taps (upstream and downstream of the distur-
bance) or a multivariate time-series model that learns the signature of flow profile distortion 
from higher-frequency pressure fluctuations (e.g., 10–100 Hz). The AI infers a “corrected” DP 
as if the flow were fully developed.

Result: Reliable DP metering with only 5D upstream, not 20D.
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Wet Gas & Multiphase DP Correction
Problem: Standard wet gas correlations (Murdock, Chisholm, de Leeuw) have prediction 
errors of ±10–30%. DP over-reads due to liquid entrainment.
AI Solution: A hybrid physics-ML model:
•	 Physics part: Lockhart–Martinelli parameter estimation from DP fluctuations.
•	 ML part (e.g., random forest or LSTM): Learns residual correction from historical 
test data with known liquid loading.
Validation: For wet gas with <20% liquid volume fraction, AI-hybrid models reduce error 
from ±15% to ±5% in field trials.

Pulsating Flow Rejection

Problem: Reciprocating pumps produce cyclic DP signals. Conventional averaging is biased.

AI Solution: On-device Fast Fourier Transform (FFT) + 1D convolutional neural network (CNN)
classifies the pulsation frequency and reconstructs the mean DP by excluding pulsation har-
monics. Edge AI (e.g., TinyML on a STM32 or Renesas transmitter) performs this in real time 
(<100 ms lag).
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Physical layer:
Orifice / Venturi / Pitot
    ↓
DP transmitter (with static pressure & temperature inputs)
    ↓
Edge AI layer (in transmitter or adjacent IoT gateway):
    - Real-time square-root with adaptive low-pass filter
    - Anomaly detection (Cd drift, plugging)
    - Pulsation rejection (CNN/FFT)
    ↓
DCS / Cloud layer:
    - Virtual flow verification (second AI model runs in parallel)
    - Fleet learning: one meter learns from 100 identical meters
    - Dashboard: Flow health index, predicted C_d over time

Key differentiator for DP: The AI models do not need new hardware. Most modern DP 
transmitters already have 32-bit ARM cores. Running quantized TensorFlow Lite Micro or 
equivalent is feasible today.

PRACTICAL ARCHITECTURE FOR AI-ENABLED DP FLOW04
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Metric

Turndown ratio

Low-flow error 
(<30% max flow)

Cd drift detection

Upstream straight pipe 
required

Wet gas error  
(unknown LLF)

Calibration interval

Traditional DP

3:1 (10–90% flow)

±5–10%

Visual inspection only

20D

±15–30%

12–18 months

AI-Enhanced DP

8:1 to 10:1

±1–2%

2 weeks advance warning

5D (with AI correction)

±5–8% (hybrid AI)

3–5 years (self-validating)

Improvement

+160–230%

3–5× better

>90% reduction in 
unplanned errors

75% shorter

~3× reduction

2–3× extension

Source: Aggregated from Shell (wet gas AI pilot), Yokogawa (DP with AI diagnostic), and Emerson 
(Coriolis – but adapted for DP).



06 CHALLENGES SPECIFIC TO DP FLOW + AI

Challenge

Small training datasets

Regulatory acceptance

Edge compute limits

Explanation to operators

Wet gas ambiguity

Why It’s Hard for DP

Orifice changes happen rarely; few 
fault examples

ISO 5167 does not recognize AI 
correction

Old DP transmitters (4–20 mA only) 
have no AI capacity

“Why did the AI change my flow 
reading?”

No water-cut measurement

Mitigation

Physics-based simulation (CFD) to 
generate synthetic fouling/erosion 
data

Dual-mode operation: AI advisory 
+ standard calculation for custody 
transfer

Retrofit external edge device (e.g., 
Raspberry Pi CM4 or industrial IoT 
gateway)

Provide uncertainty intervals and 
feature importance (e.g., “88% due 
to low Reynolds number”)

Fuse DP with sonar or electrical  
impedance (multisensor AI fusion)



2025–2027:
– Major transmitter vendors (Yokogawa, Endress+Hauser, Rosemount) embed TinyML mo-
dels for pulsation rejection and low-flow enhancement.
– API/AGA working groups begin discussing “AI-informed DP flow” as an adjunct standard.

2028–2030:
– Self-validating DP meters with published dynamic uncertainty (e.g., ±0.5% at 10% flow, 
±0.2% at 50% flow).
– Virtual DP flow meter: uses existing line pressure and temperature only (no primary ele-
ment) for backup, with ±3% accuracy.

2031–2035:
– “Cognitive orifice” – An orifice plate with embedded strain gauges + edge AI that learns its 
own C_d in real time, no separate transmitter needed.
– AI-enabled DP metering becomes default for non-fiscal applications; custody transfer al-
lows hybrid AI-physics with traceable uncertainty.

FUTURE OUTLOOK FOR DP FLOW METERING (3–10 YEARS)07

Start with AI diagnostics, not control – Enable anomaly detection on existing DP transmit-
ters (most can stream high-speed DP data via HART or WirelessHART). Monitor C_d drift for 
6 months before acting on AI advice.

Collect labeled reference data – When you do prove flow (truck loading, tank weigh, or 
Coriolis reference), log DP, static pressure, temperature, and Reynolds number. That labeled 
dataset is gold for training.

Use hybrid models, not black-box – Demand that AI models include a physics baseli-
ne (e.g., standard ISO calculation) plus ML residual correction. Avoid pure deep learning 
without Bernoulli constraints.

Retrofit before replace – Many installed DP transmitters (4–20 mA with HART) can be made 
“AI-capable” by adding a low-cost edge device that reads the mA loop and injects AI-cor-
rected flow via secondary analog output or Modbus.

Engage with vendors early – Ask your DP transmitter supplier: “What is your roadmap for 
on-device AI for Cd drift detection and turndown extension?”

RECOMMENDATIONS FOR DP FLOW METERING END USERS08
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CONCLUSION09

Differential pressure flow metering is not obsolete—it is under-utilized. For decades, opera-
tors accepted its 3:1 turndown, straight-pipe requirements, and periodic orifice plate chang-
es as unavoidable physics. AI proves otherwise. By learning the residual between Bernoulli’s 
ideal and real-world behavior, AI unlocks the hidden capacity of every installed orifice, Ven-
turi, and pitot tube.

The future DP meter is not a new primary element—it is the same orifice plate, but with a 
continuously learning brain that knows when it is fouled, compensates for pulsation, and 
gives reliable flow from a trickle to a torrent. The square root extraction is just the beginning.

• ISO 5167-1:2022 – Measurement of fluid flow by means of pressure differential devices 
(future annex on machine learning)
• AGA Report No. 3 – Orifice Metering of Natural Gas (AI extensions under study)
• Baker, R. C. (2020) – Flow Measurement Handbook, Ch. 17 “Smart and Virtual Flowmeters”
• Emerson – *Rosemount™ 3051S with Diagnostics + AI extensions* (product brief, 2024)
• Yokogawa – EJX910A Multivariable DP Transmitter with Edge AI (technical note)
• Shell / TU Delft – Hybrid AI for Wet Gas Venturi Meters (Flow Measurement & Instrumen-
tation, Vol. 89, 2023)
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