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Abstract—Reliable flow measurements are essential in
many industries, but current instruments often fail to
accurately estimate multiphase flows, which are frequently
encountered in real-world operations. Combining machine
learning (ML) algorithms with accurate single-phase flowme-
ters has therefore received extensive research attention in
recent years. The Coriolis mass flowmeter (CMF) is a widely
used single-phase meter that provides direct mass flow
measurements, which ML models can be trained to cor-
rect, thereby reducing measurement errors in multiphase
conditions. This article demonstrates that preserving tempo-
ral information significantly improves model performance in
such scenarios. We compare a multilayer perceptron (MLP),
a windowed MLP, a long short-term memory (LSTM) model,
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and a convolutional neural network (CNN) on three-phase air-water—oil flow data from 342 experiments. Whereas prior
work typically compresses each experiment into a single averaged sample, we instead compute short-time averages
from within each experiment and train models that preserve temporal information at several downsampling intervals.
The CNN performed best at 0.25 Hz with approximately 95% of relative errors (REs) below 13%, a normalized root-mean-
squared error (MSE) of 0.03, and a mean absolute percentage error of approximately 4.3%, clearly outperforming the best
single-averaged model and demonstrating that short-time averaging within individual experiments is preferable. While
the CNN performed best, all three sequence models outperformed the nontemporal baseline MLP, clearly illustrating the
benefits of temporal data and short-time averages. Results are consistent across multiple data splits and random seeds,

demonstrating robustness.

Index Terms— Convolutional neural networks (CNNs), Coriolis mass flowmeters (CMFs), mass flow estimation,

multiphase flow measurement, multivariate time series.

[. INTRODUCTION

CCURATE measurements of mass flow in mixtures
are essential in several industries ranging from carbon
capture and storage (CCS) [1] to the food and beverage [2]
and oil and gas [3] sectors. These measurements underpin
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fiscal metering, process control, regulatory compliance, and
environmental monitoring, among other applications. Mass
flow can be estimated using various meter types, and the
choice is often application-dependent.

Venturi meters (VMs) are differential-pressure meters
widely used in chemical as well as oil and gas industries
to estimate wet gases. They do not measure mass flow rate
directly; instead, they measure pressure differences, from
which the volumetric flow rate is inferred using Bernoulli’s
principle and then converted to mass flow rate using the fluid
density [4].

Coriolis mass flowmeters (CMFs) are the only commercial
meters that provide direct, highly accurate measurements of
both mass flow and fluid density [5]. Mass flow is estimated
by exploiting inertial forces generated as the fluid passes
through vibrating tubes, causing a phase shift proportional
to the mass flow [6], while the density is determined from
the tubes’ natural oscillation frequency, which varies with the
fluid mass [7]. CMFs also provide temperature measurements
and additional internal signals, such as tube vibration ampli-
tudes and the oscillation frequency (accessible only to the
manufacturer).
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The high accuracy of CMFs is restricted to single-phase
flows, as they assume that the fluid moves homogeneously
through the tubes [8]. In multiphase conditions, entrained
gas or phase separation disturbs the tube oscillations and
breaks the proportional relationship with mass flow, leading to
large measurement errors, even for low amounts of gases [9].
Multiphase mass flowmeters are commercially available, but
they are expensive, tend to require extensive maintenance, and
some designs rely on radioactive sources [10].

In recent years, the interest in machine learning (ML)
algorithms for multiphase mass flow estimation has increased
significantly [11], [12]. Two distinct approaches have emerged:
1) using sensor outputs from a single-phase meter, possibly
combined with additional sensors to apply corrections and
2) using measurements from other sensors, such as temperature
and pressure, to estimate mass flow directly. The latter is
often referred to as virtual flow metering (VFEM). While
these approaches are related, they address different underlying
problems and are suited for different applications: correction
algorithms are, for example, more relevant in industries where
CMFs are widely used, whereas VFM is often applied in
fields or installations where direct mass flow measurements
are impractical. This article focuses on correction algorithms
for CMFs under multiphase conditions.

A. Previous Work

1) Conventional Coriolis Mass Flow Metering Models: The
first CMF correction algorithm was introduced in 2001 when
Liu et al. [7] trained a multilayer perceptron (MLP) on
an air-water mixture, reducing the relative error (RE) from
+20% to +2% within a limited range of operating conditions.
Wang et al. [13] extended this approach in 2016 with an MLP
trained on liquid flow rates between 700 and 14 500 kgh~!
and gas volume fractions (GVFs)' up to 30%, reducing the
RE from +40% to +£1.5% in vertical pipes and +2.5% in
horizontal pipes. Both implementations used a combination of
user-accessible and internal manufacturer signals as inputs.

Several studies have addressed the correction of CMF
measurements in two-phase CO;, mixtures to achieve accurate
CO> monitoring in CCS systems. Wang et al. [14] trained
an MLP with only two (user-accessible) features on liquid
CO; flow rates ranging from 300 to 3050 kgh~! and GVFs
up to 90% and obtained most REs below +1.5% (horizontal)
and £2% (vertical). Wang et al. [15] extended this work with
a two-stage model on liquid CO, flow rates from 250 to
3200 kgh™! and GVFs up to 75%, where the first stage
classified the flow pattern and the second stage estimated the
mass flow, yielding REs below 5% (horizontal) and +3%
(vertical). A dynamic ensemble method, which first classi-
fied the flow pattern before estimating the mass flow using
a least-squares support vector regressor and user-accessible
features, achieved REs below +1% over GVFs ranging from
3.1% to 88.4% and liquid CO; flow rates between 200 and
3100 kgh_l [16]. Sun et al. [17] used several tree-based
algorithms to identify the most important features before

IGVF represents the volumetric fraction of gas in a gas-liquid mixture,
where 0% is pure liquid and 100% is pure gas.

training a gradient boosting random forest to estimate the mass
flow, achieving 70% of REs within +1.2% across flow rates
ranging from 212 to 3449 kgh™! and GVFs between 1.82%
and 77.29%. A recent study by Wang et al. [18] employed
an MLP to correct the mass flow for liquid CO; injected
with gaseous nitrogen and reported that most REs were
within +4%. Chowdhury et al. [19] applied CMF correction
algorithms to slurry (sand—water) mixtures using Gaussian
process regression, yielding notably low REs below +0.2%,
outperforming both a support vector machine (SVM) and an
MLP.

Henry et al. [20] fed outputs from a CMF and a water
cut (water content in oil) meter into an MLP to estimate
the mass flow of a three-phase water—oil-nitrogen mixture.
The experiments involved high-viscosity oil (200 cSt), GVFs
between 4.2% and 48%, water cuts ranging from 0.2% to 98%
and total liquid mass flow rates of 2.5-11.6 kgh™'. The final
model achieved REs below £2.5%.

2) Sequence Models in Flow Measurements: Even under
stable conditions, flow measurements exhibit short-term fluc-
tuations, providing a strong motivation for incorporating
temporal dependencies into model development. Such models,
known as sequence models, are uncommon in CMF correc-
tions but have shown clear benefits in related domains [21],
with long short-term memory (LSTM) networks proving espe-
cially effective in VFM [22].

Wang et al. [23] acknowledged the time-series nature of
flow measurements in 2020 and used moving-averaged VM
outputs to estimate volumetric flow rates of a three-phase oil—
water—gas mixture using SVM, MLP, and convolutional neural
network (CNN) models. Building on this, Wang et al. [24] later
developed CNN-LSTM and temporal convolutional network
(TCN) models to estimate the volumetric liquid and gas flow
rates of the oil-water—gas mixture. The same research group
further extended their work on the TCN by combining it with
a dual-plane electrical capacitance tomography sensor [25].
Jiang et al. [26] instead combined an electrical resistance
tomography sensor with a VM to estimate the volumetric flow
rate of an air—water mixture using a transformer and 5-min-
averaged time-series inputs, which outperformed several other
sequence models.

Novel sequence deep-learning models for two-phase
gas—liquid mixtures have been proposed in recent years.
Bao et al. [27] fused multiple sensor signals and proposed
two sequence models—one based on a one-dimensional CNN
(1D-CNN) and an LSTM, and another incorporating positional
encodings, attention, and a sliding window—for estimating
both mass flow and GVFE. Gao et al. [28] proposed a multitask
temporal channel-wise CNN for gas void fraction estimation,
using four conductance sensors and flow pattern classification
as an auxiliary task. Zhang et al. [29] further advanced this line
of work by proposing a dual CNN-Transformer mixture neural
network (NN), augmented with an LSTM, for GVF estimation,
which outperformed conventional CNN and transformer-based
models.

Using sequence models to correct CMF measurements
is a logical next step, yet few studies have investigated
them. Zhang et al. [30] demonstrated promising results on
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a single-phase water mixture using raw tube vibration signals
from a CMF as inputs to an LSTM. Sun et al. [31] recently
compared several sequence models on gas-liquid two-phase
data with liquid mass flow rates between 0 and 1000 kgh™!
and GVFs of 0%-30%, though without a nonsequence
baseline.

B. Contributions

Obtaining reliable mass flow rates for individual phases
under multiphase conditions is challenging. Single-phase
flowmeters are often preferred over more complex multiphase
technologies, but their accuracy deteriorates significantly in
multiphase flows. CMFs are attractive in multiphase flow
conditions because, although their errors are large, they show
repeatability. Averaging is often applied to reduce errors, but
accuracy remains below industrial requirements. For example,
in the dataset used in this work (described in Section II),
the maximum RE of the uncorrected CMF measurements
was 409%, and averaging reduced it to just 69%. These
limitations motivate further research into ML-based correction
algorithms.

While sequence models have been applied in prior work,
the sources of their performance gains and their robustness
have not been systematically established. This article addresses
these gaps through controlled model comparisons, short-time
averaging strategies, and extensive statistical validation on a
complex three-phase flow dataset.

This work makes the following contributions.

1) We demonstrate, through controlled comparisons
between three sequence models and a baseline MLP,
that preserving temporal information improves CMF
correction independent of model capacity.

2) We show that short-time averaging within experiments
outperforms the current norm of averaging over entire
experiments.

3) We establish the robustness of the results through multi-
ple evaluation metrics, disjoint data splits, and repeated
experiments with multiple random seeds.

4) We show that the results hold across a wide range
of three-phase flow conditions, including GVFs up
to 95%, using only user-accessible features to ensure
reproducibility.

This article is organized into six sections. Section II intro-
duces the dataset and its origin, followed by Section III, which
presents the necessary mathematical preliminaries. Implemen-
tation details are given in Section IV, and the results are
discussed in Section V. Finally, Section VI summarizes the
work and outlines future research directions.

Notation—Vectors and matrices are denoted with bold low-
ercase letters and bold uppercase letters, respectively; the
transpose operator is represented with (-) .

[I. EXPERIMENTAL SETUP AND DATA
The dataset consists of 294 153 measurements of a three-
phase air—water—oil mixture, collected at 342 distinct operating
points, each hereafter referred to as an experiment. An oper-
ating point is defined by a unique combination of water

TABLE |
RANGES OF OPERATING VARIABLES

Variable Unit Lower limit Upper limit
Pressure bar 1.01 4.49
Viscosity mPas 7.17 x 104 666
Water cut % 0 99.4
Temperature °C 19.2 35.7
Oil mass flow rate kgh~1 10.6 12,900
Gas volume fraction % 0 95.5
Overall mass flow rate kgh—! 930 14,900

cut, viscosity, oil mass flow rate, total mass flow rate, and
GVF. For each baseline setting (water cut, viscosity, and oil
and total mass flow rates), the GVF was incremented across
several consecutive experiments. Each experiment lasted about
60 s at a fixed GVF and was sampled at 14.3 Hz. Table I
summarizes the ranges of the operating variables, and Fig. 1
shows selected measured and reference variables for four
consecutive experiments.

An overview of the experimental setup is shown in Fig. 2.
The multiphase skid was constructed from stainless-steel pip-
ing with a pipe diameter of 1 in. The skid was designed to
separate the gas from the liquid mixture using gravity before
recombining the streams, as illustrated in Fig. 3, to obtain
representative measurements of the water cut. This type of
short-term gas—liquid separation with subsequent remixing is
common in multiphase flow measurement systems, particularly
within the oil and gas industry [32]. Two CMFs were used
to measure mass flow: a KROHNE OPTIMASS 6400 S25
(1 in.) CMF for the air—water—oil mixture and a KROHNE
OPTIMASS 6400 SO8 (1/4 in.) CMF for the oil-water mixture,
each with a liquid mass flow accuracy of £0.1% under
single-phase conditions [33]. A KROHNE OPTIBAR PM
3050 pressure transmitter was installed downstream of the
OPTIMASS 6400 S25. The transmitter was configured for
0-5 bar, with a reference accuracy of £0.1% [34]. The true
mass flow was determined by combining the liquid reference
and air reference measurements, whereas the apparent overall
mass flow rate was obtained by combining the mass flow
outputs of the two CMFs in the skid.

The oil phase consisted of mixtures of Q8 Porta 12P
and Q8 Porta 475P oil, prepared at two blend ratios to
obtain a low-viscosity oil and a high-viscosity oil. For each
blend, samples were taken from the tank and analyzed in the
internal lab to determine density and viscosity over the tem-
perature range 10°C-50°C in 5°C increments. The resulting
viscosity—temperature and density—temperature curves were
used to determine the reference viscosity and density at each
meter location based on the measured CMF temperature. This
procedure is analogous to field practice and reflects realistic
operating conditions.

The water viscosity was computed from IAPWS-97 as
a function of temperature (from the CMF output) and
pressure (from the downstream OPTIBAR PM 3050 mea-
surement). The oil viscosity was obtained from the measured
viscosity—temperature curves. The effective mixture viscosity
was estimated using the power law mixing model, which is
common for layered or poorly mixed fluids.

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on June 03,2026 at 13:43:45 UTC from |IEEE Xplore. Restrictions apply.



consecutive experiments (columns).

Air reference

Air compressor
(Bronkhorst)
Sight glass

Liquid reference

Multiphase
skid

(Coriolis)

Fig. 2. lllustration of the experimental setup.

mmmm  Air-water-gas mixture
memm Oil-water mixture

Pressure sensor

'

Fig. 3. lllustration of the multiphase skid, rotated 90° clockwise for
compactness.

I11. PRELIMINARIES

A. Multivariate Time Series

A time series is an ordered sequence of measurements,
where current values often depend on prior ones (e.g., temper-
ature readings). Time-series modeling can be performed using
either statistical methods, such as Kalman filters and ARIMA
models, or ML models. It is crucial to prevent data leakage
(using future values) when training a model that incorporates
temporal information, as this can inflate evaluation metrics on
validation and test sets. Creating training/test splits, as well as
designing cross-validation (CV) schemes, requires more care
than for models that do not incorporate temporal information.
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Fig. 1. Representative time series showing (from top to bottom) the true mass flow rate, apparent mass flow rate, GVF, and pressure for four

Furthermore, ML models require specifying the number
of past samples to consider, commonly referred to as the
window. The window length depends on the problem and the
characteristics of the data itself.

Mathematically, a multivariate time series with D variables
and N consecutive measurements is defined as

., xy] e RPN ey

T D
xn:(xl,n,xz,n,...,xpy,,) eR”, n=1,...,.N ()

X =[x1,x3,..

where the dth row of X corresponds to the values of the dth
variable and the nth column corresponds to the measurements
at the nth time step.

B. Multilayer Perceptron Models

MLPs are among the simplest ML models and have been
referred to under various names—including NN, artificial
NNs, deep NNs, and backpropagation-ANNs—in previous
studies [7], [13], [14], [19], [23]. Despite their simplicity,
MLPs have good predictive capabilities, as they combine linear
operations with nonlinear activation functions (¢(-)), allowing
them to approximate complex relationships. Their capacity
depends on the number of hidden layers (L) and nodes per
layer (my). For a scalar-output MLP, it can be written as

mp, 1 mpr—1 (
A (L+1) L)
y= ij ¢ Z Wji
j=1 i=1

5.? and b;z) denote the weights and biases for the ¢th
layer, respectively [35, pp. 33-35 and 41-43]. The weights are
updated using gradient-based optimizers, such as stochastic
gradient descent and Adam.

1) Windowed MLP: A standard MLP does not inherently
account for past samples, limiting its applicability to time-
series data. However, using a sliding window, past samples
can be provided as inputs, enabling temporal dependencies to
be captured by transforming sequences into fixed-size input

o)+ b )+ b (3)

where w
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vectors. We refer to this architecture as MLPw. Formally,
we can express the inputs as

, Xp 4
n=W,...,N 5)

Sn = [xn—W—H»
]GRDXW

where W denotes the window length. Note that S, is reshaped
into a 1-D vector before being passed to the MLPw.

C. Convolutional Neural Networks

In contrast to MLPs, CNNs capture relationships between
neighboring inputs, enabling better identification of local struc-
tures, which explains their extensive use in image processing
[35, p. 61]. They typically use a collection of convolutional
layers to extract local patterns, followed by pooling layers
to reduce dimensionality and computation, and finally fully
connected layers to produce the outputs [36].

In addition to their traditional use, CNNs can also be applied
to time-series data using a 1D-CNN, where the convolution
is performed along the temporal domain [21]. Compared to
other sequence ML models such as LSTMs and Transformers,
1D-CNNs are relatively simple.

The output of one 1-D convolutional layer (Conv1D) at time
step n is

K
hn=<p(b+2wkx,,+k—l) (6)

k=1

where x, denotes the input, w; are the kernel weights of
length K, b is the bias, and ¢(-) is the nonlinear activation
function [35]. Note that (6) is shown for a single input channel
for simplicity; for multivariate inputs, the convolution also
sums across input channels.

D. Long Short-Term Memory models

LSTMs belong to a class of recurrent NNs (RNNs) and
are designed to model sequential data while alleviating the
vanishing gradient problem in traditional RNNs [37]. Unlike
feedforward models such as MLPs and CNNs, LSTMs main-
tain an internal memory of previous states, enabling them to
capture long-term dependencies in the data.

Gating mechanisms are used to control how previous infor-
mation is stored, forgotten, and used in LSTMs. An LSTM
cell state at time n, c,, is computed as

= nOcu—1+in O Cn,s hy = 0, © tanh (¢,) @)

where ¢, is the candidate cell state, /i, is the hidden state, f;,
in, and o, are the forget, input, and output gates, respectively,
and © is the element-wise multiplication [38]. The gated
memory structure makes LSTMs well-suited for sequence
tasks in which information from earlier time steps may remain
relevant.

E. Evaluation Metrics

REs are commonly used to evaluate model performance in
mass flow estimation because measurement magnitudes vary
widely. For the nth measurement, let y, be the true value, 3,

be the predicted value, and e, = y, — y, be the corresponding
error. The RE is then computed on the original scale as

RE, = < % 100%. (8)
Yn
They are the main evaluation metric in this study, with the 95th
percentile taken as the primary basis for model comparison,
often being the most crucial in industrial applications.

The average normalized root-mean-squared  error
(avgNRMSE), range normalized root-mean-squared error
(tNRMSE), mean absolute error (MAE), median absolute
error (MedAE), mean absolute percentage error (MAPE),
median absolute percentage error (MedAPE), and R? are
also used to obtain a comprehensive evaluation of the models:

N N )
l 62 R2 — 1 — NZ)I:I €n
b - 9
N Z " S Gn—3)?
n=1
RMSE

rNRMSE =

N
_ 1
max(y)—min(y)’ MAE = N Z Ien|’
n=1

avgNRMSE = Rl\gi MedAE = med(je|),

N
__ 100%
MAPE = 1% >

n=1

MedAPE = med(l) x 100%

ﬁ‘
y’l ’

where e = (e1,e2,...,en), ¥ = (V1,¥2,...,YN), y is the
mean of y, and med(-) denotes the median operator.

Normalized RMSE metrics are preferred over mean squared
error (MSE) as it enables comparisons across datasets with
different scales and can be normalized in different ways.
The rNRMSE indicates how the average RMSE compares
to the whole data range, whereas the avgNRMSE relates it
to the mean of the data. Both metrics are included since the
original data exhibit large variability, and we require the model
to perform well in both scenarios.

[V. IMPLEMENTATION

An initial aliasing assessment showed that all features were
at risk of aliasing, particularly the mass flow readings when
the data were downsampled to 1 Hz or lower. Consequently,
a low-pass FIR filter with a length of 129 samples and a cutoff
frequency set to 80% of the Nyquist frequency was used to
reduce aliasing before downsampling.

Each experiment was assigned a group number to identify
different operating points, and the groups were defined by
the chronological order of the experiments. In other words,
the first experiment was assigned to group 1, the second to
group 2, and so forth, yielding an “even” and “odd” split.
Nine groups were excluded because they contained invalid
or too few measurements. The final even split consisted of
148 780 measurements and 173 groups, whereas the odd split
had 145 340 measurements and 169 groups.

Training and test splits were defined at the group level
using this even/odd partition, and the stepwise experimental
design ensured that both splits covered a wide range of all
operating variables. To ensure representative and sound results,
we performed two complementary runs: models were trained
on the even split and tested on the odd split, and vice versa.
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TABLE Il
FINAL CONVOLUTIONAL NEURAL NETWORK ARCHITECTURE
Layer Configuration
Input B x W x 5 (five features, W timesteps)

ConvlD + ReLU 5 — 16, kernel size = 3, padding = 1
ConvlD + ReLU 16 — 8, kernel size = 3, padding = 1
Global AvgPoollD Output: B X 8

Fully connected + ReLU 8 — 16

Fully connected (output) 16 — 1

B: batch size. W: window length. ConvID: one-dimensional con-
volution. ReLU: rectified linear unit activation function. AvgPoollD:
one-dimensional average pooling.

From the test split, one-third was set aside as a hold-out
validation set to monitor early stopping when training the
final model, and was not used in the final test evaluation. The
validation and test sets thus comprised only operating points
unseen during training and hyperparameter tuning, supporting
model generalization to unseen flow conditions within the
same experimental setup. Although training on approximately
50% of the data is unusual, it was deemed necessary to
evaluate the model across a wide range of conditions. Splits
were normalized (min—max) using the scaling parameters of
the training set.

To ensure consistency and robustness of the results, all
models were trained on 30 different seeds using the same splits
and hyperparameters. Five features were used as inputs for the
models: the temperature and apparent mass flow outputs from
both CMFs in the skid, and the readings from the pressure
transmitter. Models were trained at multiple downsampling
intervals (250 ms, 500 ms, 1s,2s,35s,45s,5s, and 6 s), and
compared with models trained on the original data. A group-
aware fivefold CV with a rolling window was used to tune the
hyperparameters on the training set and avoid data leakage.

Models were trained using the MSE loss function, the rec-
tified linear unit (ReLU) activation function, and the AdamW
optimizer, for up to 60 epochs, with early stopping (patience =
10). Different network structures were explored; however, the
final MLPs used one hidden layer, with 8 hidden nodes for
the baseline and 16 hidden nodes for the MLPw. The final
network structure of the CNN is shown in Table II. The
final LSTM model consisted of a single recurrent layer with
10 hidden units and used the same input and output dimensions
as the CNN. Initial window lengths were selected to capture
approximately one dominant oscillation in the apparent mass
flow signal from the liquid reference meter while retaining
sufficient samples per experiment for training. They were
later refined during hyperparameter tuning. Samples discarded
during window initialization in the sequence models were
likewise removed for the MLP, so that all models were trained
and evaluated on identical data.

Implementation was done in PyTorch on a MacBook Air
with an Apple M2 chip (8-core CPU) and 16 GB of memory.

V. RESULTS AND DISCUSSION
Downsampling the data yielded consistently better models
across all metrics than training on the original sampling
rate. Decreasing the sampling frequency improved the model

TABLE Ill
HYPERPARAMETERS FOR THE FINAL MODELS

Window Batch Learning rate Weight decay

Model .
length
eng size Even Odd Even Odd
MLP - 2 10-3 103 10~% 10¢
4s MLPw 5 2 10-4 107* 107% 10°°
CNN 5 2 10-4 10* 107% 103
LSTM 6 2 10-4 107* 107* 10¢
MLP - 2 10-3 1073 1073 10°°
c0s MLPwW 2 2 10~3 103 10=3 1073
CNN 2 2 10~3 102 10=5 10°°
LSTM 2 2 10~3 107° 1073 10°°

performance, peaking at 4 s, although the 3 s and 5 s intervals
yielded similar results. Only the results from models sampled
at 4 s are discussed henceforth—denoted as “4 s”—as the other
rates do not provide additional insights. The models trained on
data averaged across entire experiments are denoted “60 s.”

The tuned hyperparameters are listed in Table III. Sufficient
variations were considered to confirm the robustness of the
results, although further gains are likely with more extensive
hyperparameter tuning, particularly of window lengths and
network architectures.

A. Model Performance

1) Relative Errors: Table IV shows a collection of metrics
related to the REs, computed over all 30 seeds rather than
per-seed averages. For example, the “Max” value corresponds
to the maximum error observed across all seeds. The CNN
achieves the best overall performance and outlier robustness
across both splits, while both the MLPw and LSTM substan-
tially outperform the standard MLP. This consistent ranking
indicates that incorporating temporal context improves CMF
error correction beyond what is obtained with a nontemporal
model. This is particularly clear when comparing the MLP
and MLPw, which share the same underlying feedforward
architecture and differ only in that MLPw receives short-term
temporal input. The markedly better performance of MLPw
therefore supports the conclusion that the gains arise from
temporal information rather than increased model capacity.

Using shorter averages from each experiment yielded lower
REs compared to taking one average across an entire exper-
iment. Table IV demonstrates that the 4s models generally
outperform the 60s models, especially for the sequence mod-
els. Only in the odd split do the 60s CNN and 60s LSTM have
lower maximum errors than their 4s counterparts. However,
relative to the original CMF outputs (Table IV, Max column),
the maximum error decreases by 6 and 183% points for the
60s and 4s CNN models, respectively. Thus, the 4s CNN
still performs well, particularly since occasional outliers are
generally acceptable.

While all sequence models outperform the nontemporal
MLP, the CNN achieves the strongest percentile and coverage
metrics, suggesting that the most useful information is largely
captured by local temporal patterns rather than longer-range
dependencies. This interpretation is consistent with the CNN
architecture: it preserves local temporal structure and uses
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TABLE IV
RELATIVE ERROR METRICS (MAXIMA, PERCENTILES, AND COVERAGE
WITHIN 10% AND 5%) COMPUTED FROM ALL ERRORS
OVER 30 SEEDS (NO PER-SEED AVERAGING).
BEST RESULTS IN BOLD; VALUES IN %

Split Model Max p99 p95 pS0 <10% < 5%
uLp 4 146 394 246 493 739 505

60s 864 597 428 642 623 404

Mipy 4 535 261 162 358 863 6338

60s 205 624 251 531 703  48.1

4s 444 221 133 311 908  69.6

Even CNN' " (0¢ 158 418 161 527 804 477
45 410 231 159 322 865 662

LSTM  (0s 183 531 290 537 712 473
Origing] 45 168 845 471 857 545 381

gMal 6ns 69.4 57.1 48.5 950 520 314

up 45 225 460 269 532 720 479

60s 100 550 250 550 685 473

Mipy 45 636 346 170 358 850 642

60s 656 457 282 493 699 507

4s 558 240 129 287 909 719

Odd CNN (o6 445 257 178 517 751 482
45 628 333 162 324 827 646

LSTM s 480 289 233 894 558 320
Origingg 45 239 789 518 683 583 431

ginal 6n0 506 466 41.9 100 495  30.5

shared convolutional filters across the input window, allowing
local patterns to be detected at different time positions in
the sequence. The best model (4s CNN) shows a relative
reduction of about 77% compared to the largest original RE,
demonstrating both superior performance and a substantial
reduction of the original CMF errors, as is illustrated in Fig. 4
for the odd data split. The right subfigure includes all REs
across 30 seeds, whereas the left subfigure shows the original
REs for the same test points. Approximately 95% of the REs
are below 13% in estimating the overall mass flow rate, and
the majority are less than 3%. Results on the even split are
highly similar.

Fig. 4 shows that REs increase with GVF, consistent with
prior work. To quantify this trend, Table V reports the same
RE metrics as Table IV but separated into six GVF ranges
for the best 4s and 60s models over the 30 seeds. As GVF
increases, the error distribution worsens: the 95th percentile
rises and the proportions of REs within 10% and 5% decline,
with a few exceptions at the highest GVFs. The 4s CNN
generally outperforms the 60s CNN—Ilower 95th percentiles
in 9/12 ranges, lower medians in 10/12, and higher <10%
coverage in 10/12—while the 60s CNN performs better only
in a few high-GVF ranges. The 4s split contains about 8 to
14 times more samples and exhibits higher unprocessed errors;
its empirical 99th percentile and maximum may therefore be
larger simply because of greater exposure to rare extremes.
We thus emphasize the median, the 95th percentile, and
coverage when assessing performance.

2) Complementary Metrics: All evaluation metrics except
the RE-based metrics are reported in Table VI for the 4s and

TABLE V
RELATIVE ERROR METRICS BY GVF-RANGE, COMPUTED FROM ALL
ERRORS OVER 30 SEEDS (NO PER-SEED AVERAGING) FOR THE 4S
AND 60S CNN MODELS. BEST RESULTS IN BOLD; VALUES IN %

Split Range Model n Max p99 p95 p50 <10% < 5%
0-15 % 4s 13,140 27.2 12.8 8.35 240 97.2 82.5
0 60s 990 158 146 32.8 470 86.1 57.7
15-35 % 4s 9,450 25.0 18.7 13.6 321 914 69.3
™0 60s 1050 22.0 16.3 14.0 528 839 47.0
35.50 4s 2,850 29.8 25.8 225 3.74 83.6 63.4

E °  60s 300 21.0 18.6 15.2 588 793 423

ven
5070 % 4s 5,580 31.0 17.7 12.8 4.28 88.1 56.3

°  60s 420 25.6 21.6 164 7.13 68.8 36.7

70-80 % 4s 1,230 444 34.1 255 841 585 23.9
° 60s 120 24.8 22.8 16.5 581 74.2 40.8

80-95 7 4s 1,230 43.4 319 189 4.63 79.3 53.6
0 60s 180 36.8 31.7 239 7.63 61.7 36.1
0-15 % 4s 14,820 24.7 129 791 224 97.6 82.6
60s 930 258 21.6 14.6 440 879 574

15-35 o 4s 9,030 23.0 164 133 3.02 89.2 70.6
°  60s 840 425 234 17.5 496 745 50.4
35.50 9 4s 3,900 20.3 14.0 11.3 3.80 92.1 63.4

odd ° 60s 360 40.0 32.8 219 571 68.1 45.8
5070 % 4s 3,270 309 17.0 13.5 3.11 88.8 68.7
P 60s 450 445 33.6 184 8.10 61.1 31.3
70-80 % 4s 1,020 273 219 157 7.7 69.8 25.0
VP 60s 150 223 204 174 94 520 30.0
80-95 9 4s 1,980 55.8 439 37.8 634 6l1.1 439

°  60s 120 19.5 17.2 150 4.15 825 55.0

Here n is the total number of samples (test points multiplied by 30 seeds).

TABLE VI
AVERAGE METRICS FOR THE BEST 4S AND 60S MODELS (CNN)
ACROSS SEEDS + STD. DEV. BEST RESULTS IN BOLD

Split  Metric CNN Original data
4s 60s 4s 60s
rNRMSE 0.03 =+ 0.002 0.05 £ 0.004 0.08 0.08
avgNRMSE 0.05 =+ 0.004 0.09 £ 0.008 0.14 0.14
MAE [kgh™1] 265 £ 20.7 440 +45.06 700 736
Even MedAE [kgh~1] 183 +21.6 304 + 4628 462 506
MAPE [%] 437 £058 770 + 0.84 155 164
MedAPE [%] 314 +041 537 £099 861 9.50
R? 0.99 £ 0.001 098 4 0.004 094 094
rNRMSE 0.03 =+ 0.002 0.04 £ 0.007 0.07 0.07
avgNRMSE 0.05 =+ 0.003 0.09 £ 0.014 0.12 0.14
MAE [kgh™1] 246 £ 22.5 409 +86.05 599 674
Odd MedAE [kgh—!] 179 + 281 317 +95.7 397 409
MAPE [%] 425 +£058 7.00 £+ 1.58 146 147
MedAPE [%] 290 +045 555 =142 7.00 10.0
R? 0.99 =+ 0.001 0.98 £ 0.007 0.96 0.96

60s CNN models, together with the corresponding baseline
metrics obtained by using the apparent CMF outputs as pre-
dictions $. The NRMSE values and R? indicate high predictive
performance when considered in isolation. However, these
metrics should be interpreted with care, since the baseline
values are already high (e.g., R> = 0.94). These metrics
are therefore not ideal for assessing model performance in
isolation, as they do not fully reflect the difficulty of the cor-
rection task; however, they still show that the models are stable
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Original errors - Odd 4s Errors from CNN - Odd 4s
n=1134 1n=34020
[Median|=6.8 % [Median|=2.9 %
200 1 [Max Error|=239.1 % 80 200 [Max Error|=55.8 % 80
95th percentile of |error| = 51.8% 95th percentile of |error| = 12.9%
— Central 95% interval = [-59.4, 7.8] — Central 95% interval = [-10.0, 14.8]
X X
z 100 60 2 100+ 60
5 S =
2 o 20° 2 40
g 0- = S0 ij Q s jemam
~ . ~ §
3 “ 20 20
~100 1 95th-percentile error band ~100 1 95th-percentile error band
T T T T T T 0 T T T T T T O
2500 5000 7500 10000 12500 15000 2500 5000 7500 10000 12500 15000
Overall mass flow rate [kg h™!] Overall mass flow rate [kg h™!]
Fig. 4. REs versus overall mass flow rate for the best odd model, compared with the original errors on the same test points.
and improve on the baseline. The MedAE is substantially Coverage within £k% of truth (mean *10)
lower than the MAE, indicating that the error distribution is 4s CNN
influenced by a subset of larger errors. MedAE may therefore 1007 i90.
better reflect the typical model performance, especially if a 5 | | / ;
few outliers are acceptable. The percentile metrics MAPE §@ e A
and MedAPE are both greatly reduced, particularly for the £X o+ i |
. . . °2 | — an even
4s CNN, suggesting that this model is more accurate, robust, 272 | —yr
. . .. % 40 2
and consistent across a variety of conditions. Overall, Table VI 2 & i . Even +lo
B [ 1 dd +1
shows that several complementary metrics are needed to fully § 2 i ! . Ss%i i
. . . |
evaluate model performance, and that short-time averaging is i ;51(;/
- T e | % target
beneficial. o S — ] ] , C
0 10 20 30 40 50
B. Robustness Ana /yS/S Share of points within +k% (%)
’ 60s CNN
Models trained on the odd split generally performed 00
slightly better than those on the even split, possibly because
of the larger number of samples in the 0%-15% GVF £ sof
.. . S~
range. Nonetheless, the results are similar, as shown in o
. . = 60
Tables IV=-VI. All previous comments regarding the benefits T:;i; — Wiean oven
of sequence models and short-time averages hold for both EG 40 E‘Ca";“d
splits. Despite the group-parity variability, especially evident %= 0dd +1g
. . . s - —— 0,
in Table V, the overall results are consistent across splits, = % o
indicating that the findings are not an artifact of a favorable ol e 95% target
split. 2 30 40 50
Fig. 5 shows, for the 4s and 60s CNNss, the average percent- Share of points within £k% (%)
age of REs (across seeds) that fall within a given percentile ] ]
Fig. 5.  Coverage percentiles averaged per seed for both data splits.

threshold. The 4s CNN has only small percentage-point differ-
ences between the splits, while the between-seed variability is
minimal and nearly identical across splits, as indicated by the
overlapping shaded areas in the top subfigure. The 60s CNN
exhibits greater between-seed and group-parity variability,
suggesting that it is not as robust as the 4s CNN. Furthermore,
the standard deviations in Table VI indicate limited variability
for the 4s CNN, further supporting its consistency. Together,
these results confirm that the 4s CNN delivers robust and
consistent performance across both data splits and random
seeds.

C. Model Complexity

Table VII shows different metrics used to assess the com-
plexity of all four models when trained on the 4s downsampled

Results are shown for the 4s CNN (top) and 60s CNN (bottom) models.
Shading indicates +1 std. dev. across seeds.

TABLE VII
COMPLEXITY METRICS FOR MODELS TRAINED ON THE 4S DATA.
LATENCY REFERS TO THE MEAN ACROSS SEEDS + STD. DEV

MAC:s per Latency [us per example]

Model Parameters
example

Even Odd
MLP 57 96 30 £13 31 £1.3
MLPw 433 832 27 £26 28 +3.1
CNN 809 6,528 170 +46 160 =+ 39
LSTM 925 8,184 172 £ 11 163 £+ 13

data. Latency is often the most important metric in real-time
applications as they require near-instant responses, and the
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MLPw can thus be a solid alternative to the CNN if latency
is prioritized over a small loss in accuracy. The MLPw
was consistently the fastest of the four models for all
downsampling intervals, despite having more parameters and
multiply—accumulate operations (MACs) than the MLP. The
two MLPs only differed by 3 us, and both were roughly 6x
faster than the CNN and LSTM, whose latencies were in the
range of 160-172 ps. By parameter count and MACs, the
LSTM was the most complex model, followed by the CNN.
However, all models were relatively fast and simple compared
to many modern ML architectures.

VI. CONCLUSION AND FUTURE WORK

This study demonstrated that correcting CMF measure-
ments by exploiting temporal dependencies and applying
short-time averaging within experiments yields significantly
improved results in terms of lower REs, MAPEs, NRMSEs,
and R? values. Four models (an MLP, an MLPw, an LSTM,
and a 1D-CNN) were compared across various downsampling
intervals. The best performance was obtained by the CNN
sampled at 0.25 Hz, achieving about 95% of REs below 13%,
an rNRMSE of 0.03, and a MAPE of about 4.3%; however, all
sequence models significantly outperformed the nontemporal
baseline. The models were trained on three-phase air—water—
oil flow data covering a wide range of operating conditions,
and achieved strong performance on a test set consisting of
operating conditions not observed during training, indicating
good generalization within the same experimental setup. Since
all measurements were acquired using the same instruments
and test facility, model generalization to other setups is not
established and would require more research. Nevertheless,
we strongly expect temporal information and short-time aver-
aging to remain important when developing correction models
for different experimental setups. Robustness was assessed by
training and evaluating on two distinct splits and 30 random
seeds. Further research may explore different network struc-
tures and models, as well as time-aware feature engineering
to improve the accuracy, especially for higher GVFs.
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