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Abstract

Accurate identification of multiphase flow patterns in vertical pipelines is critical for
operational safety and efficiency in the oil and gas industry. Yet, conventional methods
struggle with subjectivity and transitional regimes. This study develops and integrates three
neural network architectures: a convolutional neural network (CNN) for spatial features, a
transformer neural network (TNN) for long-range dependencies, and a physics-encoding
network (PEN) for embedding physical constraints. These are combined into a hybrid
framework trained on an experimental dataset of 2131 images from a wire mesh sensor,
annotated using a semi-automated pipeline. Results show the hybrid model achieved
95.91% test accuracy with a macro F1-score of 0.96, the highest of the four models evaluated,
with its main advantage in transitional regimes. A multi-seed ablation shows that the
convolutional branch provides the dominant discriminative signal, while the transformer
and physics-inspired branches added complementary improvements that are consistent
across runs. This hybridisation mitigates individual model weaknesses, with the physics-
inspired branch acting as a spatial regulariser that improves interpretability, providing a
robust and objective tool for reliable pipeline monitoring.

Keywords: multiphase flow; flow pattern identification; convolutional neural network;
transformer neural network; physics-encoding network; hybrid model

1. Introduction

Gas-liquid flows sit at the heart of many industrial processes, especially oil and gas
production, where hydrocarbons move through vertical pipelines under changing pressure
and velocity [1]. Such flows organise themselves into distinct regimes. Bubbly flow
disperses gas bubbles through a continuous liquid phase; slug flow alternates elongated
gas pockets with liquid slugs; churn flow mixes the phases chaotically; and annular flow
wraps a gas core in a liquid film [2,3]. Between these lie transitional states such as bubbly-
to-slug or slug-to-churn flows, and they complicate the picture further because they mark
unstable conditions set by superficial velocities, pipe geometry, and inclination [4].

Getting the regime right matters. It bears directly on heat transfer, pressure drop, and
operational risks such as slug-induced vibration or liquid holdup [5,6]. Gravity reinforces
the flow direction in vertical pipelines, so transitions arrive more abruptly than in horizontal
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systems, which raises the premium on accurate detection for sustaining throughput and
avoiding inefficiency [7]. Doing this in the field is hard. Industrial flows change quickly, the
pipelines are opaque, and direct visualisation is usually impossible. Lai et al. [8] make the
point that slug flow in risers throws up strong transient fluctuations in pressure, velocity,
and holdup that steady or quasi-steady mechanistic models cannot capture, which exposes
the limits of the traditional approaches.

The core difficulty is recognising flow patterns precisely and in real time in settings
where watching by eye is impractical. The traditional options, high-speed imaging with
visual inspection or mechanistic models built on drift—flux theory, each fall short. Visual
inspection is subjective and varies from one observer to the next, while mechanistic frame-
works lean on empirical parameters that break down outside the conditions they were
tuned for, such as vertical downward slug flow [7]. Neither classifies transitional regimes
reliably because their overlapping features blur the distinctions and undermine automated
monitoring [9].

In two-phase vertical pipe flow, the regime is characterised chiefly by void fraction,
the fraction of the pipe cross section taken up by the gas phase, together with related
quantities such as the edge pixel count, bubble count, interface length, and interfacial area
concentration [10,11]. These describe the geometry and structure of the gas-liquid interface
that tells one regime from another. Transitional regimes, though, do not sit at fixed threshold
values of any single parameter. They emerge as several spatial and structural features
shift together with the flow conditions, which is why parameter-based rules alone cannot
separate them cleanly. Machine learning has the advantage here. Instead of learning on
pre-set boundaries, it learns spatial representations straight from the image data, and those
representations implicitly reflect the same physical quantities. In the present framework,
the CNN picks up local features tied to void fraction distribution and gas-liquid interface
geometry across the cross section, both linked directly to the edge content and interfacial
area concentration [10]. The TNN reads spatial relationships over the whole cross section,
capturing global phase distribution patterns that single-point measurements miss. The
PEN enforces smoothness in the learned features, in keeping with the expectation that
transitional regimes in the phase structure change gradually rather than abruptly. None
of these branches introduces a new fundamental physical parameter. Instead, they learn
data-driven representations that track established physical descriptors and carry across the
regime boundaries where threshold-based methods fail.

Faced with these shortcomings, researchers have moved to machine learning.
Table 1 reviews the key studies, and it shows a clear progression from classical ensem-
ble methods to modern deep learning architectures. The early work applied support
vector machines to probe-derived features and achieved accuracies near 80%, but only
through labour-intensive feature engineering [12]. Deep learning widened what was
possible. Convolutional neural networks (CNNs) paired with synchrosqueezing wavelet
transforms of accelerometer-derived displacement signals have classified flow regimes well:
Azam et al. [9] report accuracies of 83.55%, 92.76%, and 97.88% for AlexNet, VggNet, and
ResNet, respectively. Transformer models, first built for sequential tasks, have since been
adapted to vision problems, where they capture long-range dependencies effectively [13].
Physics-Informed Neural Networks (PINNs), which impose governing differential equa-
tions as hard constraints and take spatiotemporal coordinates as inputs, have shown
promise in extrapolating fluid dynamics [14].

Each paradigm still has its weak points. CNNs often miss global interactions, trans-
formers need large, labelled datasets, and PINNs depend on explicit governing equa-
tions and boundary conditions that image-based classification does not always provide.
The decisive gap, as the literature in Table 1 makes clear, is that no existing framework
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brings these complementary approaches together in one unified architecture for multiphase
flow classification.

To avoid the intrusion-related limitations of sensors such as wire mesh sensors and
conductance probes, several non-intrusive approaches have been explored. One class of
methods exploits Flow-Induced Vibration (FIV) signals captured by force or acceleration
sensors mounted externally on the pipe wall. Wang et al. [15] developed a 1D convolu-
tional neural network trained on FIV acceleration signals from a 90-degree elbow section,
achieving an average classification accuracy of 89.9% across multiple flow regimes in an
industrially representative setup. Similarly, Qiao et al. [16] developed a multi-input parallel
convolutional neural network (CWT-Mul-LeNet) trained on continuous wavelet transform
representations of vibration signals from the vertical section of subsea pipelines, achieving
a classification accuracy of 99.69% across four flow patterns without requiring any flow
intrusion. A second class of non-intrusive approaches exploits differential pressure fluctua-
tions measured via external wall taps. Shaban and Tavoularis [17] applied the elastic maps
algorithm to the probability density function of differential pressure signals in vertical
upward air-water pipe flow, demonstrating that the method is robust to variations in
pipe diameter (13.9-49.2 mm) and absolute pressure (100-240 kPa), making it amenable to
practical calibration. These non-intrusive methods bring clear industrial advantages, but
they respond mainly to bulk hydrodynamic signatures and frequency-domain features,
and they usually need dedicated signal-processing pipelines. Image-based approaches
using wire mesh sensors sit at the other end. They are intrusive, yet they deliver rich spatial
information about phase distribution and interfacial structure, which allows direct visual
characterisation of seven distinct regimes, transitional states included, that signal-based
methods alone resolve poorly [10].

This study sets out to close that gap with a hybrid neural network that integrates
CNNgs, transformers, and PENs. Building and rigorously validating a high-performance
algorithm of this kind depends on high-fidelity ground-truth data. The data were therefore
drawn from a wire mesh sensor (WMS), an intrusive technique that records detailed cross-
sectional phase distribution and is well suited to training and benchmarking complex
neural network architectures. The WMS is a laboratory tool, but the core contribution is a
transferable methodology: a model that can pick out subtle visual features while respecting
physical constraints. The longer-term aim is to run this trained architecture, or a version
fine-tuned from it, in the field with non-intrusive sensors such as high-speed cameras
or pressure transducers, where it can deliver the same intelligent, real-time flow pattern
identification without disturbing the flow.

The model classifies seven regimes from an experimental dataset of pipeline imagery:
bubbly, bubbly—slug transition, slug, slug-churn transition, churn, churn—annular transi-
tion, and annular. Seven regimes were chosen rather than the three or four classes common
in thermo-fluid studies because transitional states carry real operational weight in pipeline
monitoring. Grouping flows into bubbly, slug, churn, and annular is enough for steady-
state heat transfer and pressure-drop correlations, but it cannot tell a fully developed
regime from one that is actively changing. That distinction has practical consequences in
vertical pipelines. The slug—churn transition sets in as the liquid bridges between Taylor
bubbles start to break down, and it produces pressure fluctuations unlike those of stable
slug or churn flow [6]. The churn—annular transition, in turn, forms a partial liquid film
at the pipe wall while turbulent mixing continues at the core, a condition that neither
adjacent stable class captures [2]. Getting these transitional states wrong can lead to the
wrong control decision at exactly the moment when instabilities such as pressure surges or
liquid holdup are most likely [5,6]. Detecting the onset of a transition early therefore has
operational value that a coarser classification cannot offer. The 24 x 24 wire mesh sensor
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used here captures cross-sectional phase distribution images detailed enough to separate
all seven regimes visually, and the dataset, drawn from 52 test runs, supplies adequate
samples per class (Table 2). This seven-class taxonomy follows prior image-based studies
in vertical pipelines [18], which supports both its feasibility and its scientific relevance.

The methodology begins by annotating a 700-image subset with YOLOVS, and this
subset then guides the automated labelling of the full dataset of 2131 images through a
TinyLlama-based pipeline. The dataset is split into training, validation, and test subsets,
with training carried out end to end in Google Colab.

The principal contributions of this study are as follows. First, a hybrid neural network
integrating CNN, transformer, and physics-encoding network branches is proposed and
validated for multiphase flow pattern classification in vertical pipelines, addressing the lim-
itations of each individual architecture when applied in isolation. Second, the PEN branch
introduces gradient-based spatial regularisation as a physics-inspired training objective,
applying a physically motivated smoothness prior to image-based classification without
requiring explicit governing equations or boundary conditions. As detailed in Section 2.5,
this is a physics-inspired regulariser rather than a physics-informed neural network in the
conventional sense. Third, a semi-automated annotation pipeline that combines YOLOvS8
object detection with TinyLlama natural-language labelling and physics rule-based cor-
rection is developed to generate first-pass labels that are then verified and corrected by
a domain expert, reducing the manual effort of large-scale WMS image labelling relative
to fully manual annotation. Fourth, the model classifies seven flow regimes, including
three transitional patterns (bubbly—slug, slug—churn, and churn-annular), providing finer-
grained classification than most comparable works. Fifth, model decisions are interpreted
using Grad-CAM heatmaps, transformer attention maps, and physics activation patterns,
supporting transparent and physically grounded classification.

The remainder of this paper is organised as follows. Section 2 details dataset prepa-
ration and the model architecture. Section 3 presents the experimental results and dis-
cussion. Section 4 concludes with the study’s contributions and outlines directions for
future research.

Table 1.
pattern identification.

Comparative summary of machine learning applications for multiphase flow

. . . . Experimental Input Data Studied Flow . Performance
Author Pipe Orientation  Fluid Type Instrument Type Patterns Algorithm (Accuracy)
Pipe surface CNN o
Azam et al. . . displacement . SWT Stratified, wavy, (AlexNet/ 83'550/0/
Horizontal Air-Water . time—frequency 92.76%/
[9] sensor (passive, . slug, annular VggNet/
images 97.88%
non-intrusive) ResNet) ’
Acceleration
. 1D-CNN
Wang etal. Vertical /Horizontal ~ Air-Water sensor FIV.acceler.atlon Bubbly, slug, (Bayesian- 89.9% avg.
[15] (non-intrusive, time series churn, annular S
90° elbow) optimised)
Vibration
Qiao et al sSensors CWT Bubbly, CNN (CWT-
[16] ' Vertical Air-Water (non-intrusive,  time—frequency bubbly-slug, Mul-LeNet + 99.69%
vertical pipe images slug, churn CBAM)
section)
Superior to 3
Shaban and Differential prior ML
- . . pressure AP probability Bubbly, slug, Elastic Maps methods;
Tavoularis Vertical upward Air-Water it functi h 1
[17] transducer density function ~ churn, annular (ML) robust across

(non-intrusive) pipe diameters

13.949.2 mm
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Table 1. Cont.
. . . . Experimental Input Data Studied Flow . Performance
Author Pipe Orientation  Fluid Type Instrument Type Patterns Algorithm (Accuracy)
Numerical
(Weu'head.l danti R? = 0.9645
Compiled pressure, oi Adaptive (average
. Multiphase rate, water rate, N/A focus on Neuro-Fuzzy
Alakbari . . dataset (335 . absolute
Vertical (oil-water— . gas rate, inner pressure drop Inference
etal. [19] experimental . - percentage
gas) diameter, prediction System B
records) error—AAPE =
surface (ANFIS) o
2.92%)
temperature,
flow length)
Numerical
(super.fl'cml Six patterns
velocities, Extra Trees;
Arteaga- . . . . . (bubbly, slug, .
Variable (incl. Lo Compiled viscosity, various o
Arteaga o . Liquid-gas . churn, annular, . 98.80%
inclination) databases density, surface g Machine
etal. [20] . stratified, R
tension, . } Learning (ML)
Lo intermittent)
inclination,
diameter)
Convolutional
Eight patterns neural network
Kadish et al. Vertical Vapour— Camera (Fast- Images/video (e.g., bubbly, (CNN) + Long 91.70%
[18] liquid CO, Cam/ArduCam) sequences bubbly-slug, Short-Term SR
slug) Memory
(LSTM)
Enhanced
DenseNet with
. L . Annular, bubbly, Efficient
Liu ?;ﬁ Wu Vertical (C:ua:__‘};gig chgal;:e}zzed Images churn, Channel 97.82%
dispersed, slug Attention and
dilated
convolutions
Nonlinear
Multiphase Autoif’igtr}?sswe Average
. flowmeter Numerical (total ~ Annular, bubbly, absolute
Manami . . o Exogenous
Horizontal Oil-gas sensors (e.g., temperature, stratified, slug, percentage
etal. [22] Inputs (NARX); .
gamma ray, total pressure) plug Multilaver deviation
capacitance) P Y (AAPD) 0.68%
erceptron
(MLP)
Vertical Falling
Droplet Flow
(VFD)
. oil-in-water
Numer_lc.al (0/w) &
(superficial e
Lo . . water-in-oil Encoder-only
Ruiz-Diaz . . Compiled from velocities, o
etal. [23] Vertical Oil-water literature holdups (w/o), transformer 53.07%
T . o dispersed o/w NN (TNN)
viscosity, &w/o,sl
diameter) W7o, siug
o/w&w/o,
churno/w &
w /o, annular,
transitional flow
Stratified (ST),
stratified with
mixture (ST &
Compiled from Numerical MI), slug (S),
Uribe- literature (e.g., (superficial annular (AN), Artificial
Tarazona Horizontal Oil-water high-speed velocities, oil-in-water neural network 95.40%
etal. [24] imaging, wire viscosities, dispersion (ANN)
mesh sensor) densities) (Do/w),
water-in-oil
dispersion (D
w/0)
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Table 2. Dataset distribution.
Flow Regime Training Validation Test Total
Bubbly 210 45 45 300
Bubbly-Slug Transition 210 45 45 300
Slug 251 53 50 354
Slug—Churn Transition 188 40 41 269
Churn 201 43 44 288
Churn—Annular Transition 223 49 48 320
Annular 210 45 45 300
Total 1493 320 318 2131

2. Materials and Methods
2.1. Dataset Preparation

This study employed experimental images of vertical pipeline flows obtained from
52 test runs using a 24 x 24 wire mesh sensor (WMS), which captured sequential cross-
sectional views of air-silicone oil mixtures [10]. The 52 test runs were systematically
designed to span a comprehensive range of superficial gas and liquid velocities, ensuring
the capture of all stable flow regimes (bubbly, slug, churn, annular) and the critical transi-
tional states between them. From these runs, a total of 2131 representative images were
extracted and classified into seven distinct patterns. The distribution of images across these
flow regimes is detailed in Table 2. The schematic flow process, wire mesh sensor, and
experimental rig (Figures S1 and S2) used to collect the data for this study are shown in the
Supplementary Materials.

Annotation began with a curated subset of 700 images, evenly distributed across the
seven classes (100 per class). These images were manually processed using Roboflow
software (version 1.3.13) to produce YOLOvS8-compatible annotations. Each annotation
consisted of bounding boxes around relevant regions, paired with class labels to enable
supervised training. This manually labelled subset provided the foundation for training an
automated labelling pipeline, which was then applied to the entire dataset of 2131 images.

The 2131 images were divided into training (1493), validation (320), and test (318)
subsets, with all seven flow classes represented in each subset (Table 2). Because the dataset
consists of frames extracted from wire mesh sensor acquisitions, in which successive frames
can appear visually similar, a leakage audit was performed to confirm that the test set did
not contain near duplicates of the training images. Each image was encoded with a 64-bit
perceptual difference hash, and the Hamming distance between every test and validation
image and its closest training image was computed. No exact duplicates were found, and
no test or validation image fell within a Hamming distance of eight bits of any training
image, the range associated with near-identical frames. The smallest cross-subset distance
was nine bits for the test set and ten bits for the validation set, with a median of seventeen
bits, indicating that even temporally adjacent frames differ substantially because the wire
mesh sensor records a rapidly evolving cross-sectional phase distribution. The reported
performance therefore reflects generalisation to genuinely unseen frames rather than the
memorisation of duplicated images. To further confirm that these results are not an artefact
of a particular partition, a repeated cross-validation analysis is reported in Section 3.7.

2.2. Auto-Labelling Pipeline

The auto-labelling pipeline extended annotations from the manually labelled
700-image subset to the full 2131-image dataset by integrating a fine-tuned large language
model with a physics-encoded rule-based correction system. It is important to emphasise
that TinyLlama was not used as a standalone classifier; its probabilistic outputs served as
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an initial proposal that was subsequently corrected and overridden where necessary by a
deterministic rule-based module whose thresholds were derived entirely from the empirical
feature distributions of the 700 manually annotated images (Table 3). This design ensured
that every automatically proposed label passed through physics-grounded constraints
before being presented to a domain expert, who reviewed and corrected the proposals to
produce the final labels. The language model’s role was therefore limited to interpreting
structured numerical feature descriptions; it did not have access to raw images and could
not fabricate visual content. All classification decisions were ultimately governed by the
physically motivated thresholds in Table 3, which link measurable image features (colour
ratios, edge density, edge pixel count, gradient magnitude) to established flow regime
indicators such as gas holdup and the interfacial area [10].

Table 3. Rule-based thresholds for flow pattern identification using physical features.

Pattern R, B, E, Bg Gm L,
Bubbly <0.20 0.50 < B < 0.90 <0.10 <500 <12 -
Bubbly-Slug 010 <R, <035 045<B, <085 <0.15 200<Bs <1000 - -
Transition

Slug 010 <R, <045 040 <B, <0.80 <0.55 500 < B, <2200 <145 -
Slug-Churn 030 <R, <0.60 030<B, <070 050<E, <060 - >14 <56
Transition

Churn=Annular 035 <R, <085 0.05< B, <045 >0.45 >1200 >10  >50
Transition

Churn 030 <R, <070 020 < B, <0.60 >0.50 >2000 >15 -
Annular >0.70 <0.30 <0.20 - - >60

Each image was represented by an eight-dimensional feature vector (Equations (1)—(8))
quantifying structural and intensity-based attributes, a technique demonstrated to be
effective using texture descriptors such as Local Binary Patterns (LBPs) [25]:
i.  Edge Ratio (E;):

— Ne

~ WxH

where N, is the number of edge pixels detected by the Canny operator and W x H is the
image dimensions. This metric reflects structural complexity.

E, 1)

ii. Mean Intensity (I;;):

1
b = 7 i G @

with G; ; representing the greyscale pixel values, measuring overall brightness linked to
phase opacity.

iii. Gradient Magnitude Mean (Gy;):

1 2 2
W H i\ (9xGig) "+ (94Gij) 3)

capturing the sharpness of transitions.

Gm:

iv. Red Hue Ratio (R;): the proportion of pixels whose HSV hue angle falls within the red
range (hue channels 0-5 and 150-180 out of 180), computed from the normalised hue
histogram of the image:

Ry =Y heqo-s, 150180} H (1) 4)
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and Blue Hue Ratio (B,): the proportion of pixels whose hue falls within the blue-cyan
range (hue channels 120-150 out of 180):

150

= Lh=120 ﬁ(h) 5)

B,
where H (h) is the normalised hue histogram of the image such that 2%17:0 H (h) =1,
both quantifying colour distribution influenced by phase composition and the gas-liquid
interface structure.

v.  Edge Pixel Count (B;):
Bs = N, (6)

where N, is the number of edge pixels returned by the Canny operator. This descriptor
does not represent a calibrated bubble diameter, area, or volume; it is a measure of the
total interfacial edge content in the image, which rises as the dispersed phase becomes
more fragmented into many small structures and falls when the cross section is dominated
by a few large coherent structures. It therefore acts as a proxy for the degree of phase
fragmentation rather than a geometric size. Because it depends on image resolution and
on the Canny thresholds, these settings were held fixed across all 2131 images so that the
value is consistent and comparable from image to image even though it is not an absolute
physical dimension.

vi. Edge-Bubble Ratio (Ep):
T _e=10"° 7)

measuring the normalised edge density of the image relative to its total edge content.
vii. Gradient-Edge Product
Ge = Gy X E; 8)

combining sharpness and complexity.

These metrics provided discriminative cues; for example, low E, with high B, typically
indicated bubbly flow with sparse blue bubbles, while high R, and low E; corresponded to
annular flow dominated by blue liquid films.

The language model component employed TinyLlama-1.1B-Chat-v1.0, selected for
its efficiency in converting numerical features into text while retaining reasoning capacity
at modest computational cost [26]. The choice of a language model for this stage, rather
than a conventional classifier such as a support vector machine or random forest, was
motivated by the labelling workflow rather than by classification accuracy. The language
model produces a short natural-language justification alongside each proposed label, which
made the subsequent expert review faster and more transparent. The structured natural-
language prompt provides a flexible interface for combining the engineered features with
their physical interpretation. A conventional feature-based classifier could perform the
same numeric feature-to-label mapping; the language model was not selected because it is
more accurate, and indeed the accuracy of this automated stage is modest, as quantified
in the label quality assessment. The reliability of the final labels rests on the deterministic
physics-based rules and the expert verification step, with the language model serving only
to generate an interpretable first-pass proposal. This is consistent with the semi-automatic
design of the pipeline, in which every label was ultimately verified by a domain expert.
The 700 annotated images served as training data. For each sample, extracted features were
embedded into a structured prompt:
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The flow image shows edge complexity of [E;], mean intensity of [I,;], gradient
magnitude of [G,], red hue ratio of [R,], blue hue ratio of [B;], edge pixel count of [Bs],
edge-bubble ratio of [E;], and gradient-edge product of [G,]. Based on these, classify the
multiphase flow pattern as one of bubbly, transition_bubbly-slug, slug, transition_slug—
churn, churn, transition_churn—annular, and annular.

This format elicited both labels and reasoning chains, ensuring interpretability. Fine-
tuning was performed using low-rank adaptation (LoRA), with r = 16 and « = 32, applied
to the [“q_proj”, “v_proj”] modules, with four-bit quantisation (BitsAndBytes, NF4, double
quantisation) to reduce memory costs [27]. Training employed the AdamW8bit optimiser,
with a learning rate of 2 x 10~°, batch size of four, and 30 epochs, producing probabilistic
outputs for each class.

To ensure physical plausibility, outputs were corrected using a rule-based module
informed by empirical flow physics and derived directly from the feature distributions of
the manually labelled subset (Table 3). The thresholds were established by analysing the
extracted image features (e.g., colour ratios, edge density, edge pixel count, and gradient
magnitude) across the annotated dataset and then codified into explicit rules within the
correction function. In this formulation, thresholds for colour ratios were aligned with gas
holdup, while edge-derived metrics were linked to the interfacial area, two key indicators in
flow regime classification [11]. These empirically grounded constraints refined the language
model’s predictions, particularly in transitional zones, where visual ambiguity is highest.
The credibility of the pipeline labels rests primarily on the rule-based correction module,
which acts as a hard filter; any label inconsistent with the physically motivated thresholds in
Table 3 is overridden regardless of the language model’s output, ensuring that all assigned
labels comply with established flow regime physics. Within the automated stage, the
rule-based module applies physics-grounded thresholds (Table 3) that override language
model outputs inconsistent with them. As quantified in the label quality assessment
below, this automated stage alone does not achieve expert-level accuracy, particularly for
the transitional regimes, so its outputs were treated as proposals; the final labels were
established by expert review and correction rather than by the automated rules alone. The
resulting pipeline combined interpretability, computational efficiency, and physics-aware
correction, enabling scalable annotation of the full dataset while maintaining fidelity to
established multiphase flow regime definitions.

To quantify the reliability of the automated stage of the pipeline, its labels were
compared against an independent expert assessment. A domain expert who was not
involved in developing the pipeline manually labelled a random sample of 140 images,
20 per class, using only the images and without reference to any existing label. The au-
tomated stage, comprising the fine-tuned TinyLlama classifier followed by the physics
rule-based correction, was then run on the same images, and its labels were compared with
the expert labels. The automated stage agreed with the expert on 47.1% of the images, with
a Cohen’s kappa of 0.38. The agreement was strongly regime-dependent: the automated
stage reproduced the expert labels well for the visually distinct regimes, achieving an
Fl-score of 0.92 for annular, 0.81 for the churn—annular transition, and 0.60 for churn, but
it performed poorly on the ambiguous transitional regimes, over-assigning the bubbly
class and failing to identify the bubbly—slug and slug—churn transitions. The full confu-
sion matrix and per-class agreement scores are provided in the Supplementary Materials
(Figure S3 and Table S1). This limited and regime-dependent accuracy is the reason the
pipeline is described as semi-automatic rather than automatic. The automated labels were
treated as an initial proposal; every proposed label across the full dataset was subsequently
reviewed by a domain expert and corrected wherever it disagreed with the expert’s vi-
sual assessment so that the final training labels are expert-verified. The automated stage
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therefore reduced manual effort by supplying a first-pass proposal and a structured feature
summary for each image, while the accuracy of the final labels is that of the human expert
rather than that of the automated stage.

The discriminative image features learned by each model branch are examined in
Section 3.3 through Grad-CAM explainability visualisations, providing direct insight into
the spatial regions and structural characteristics that drive classification decisions for each
of the seven flow regimes.

2.3. The CNN Architecture

A CNN is implemented using TensorFlow to extract hierarchical features through
successive convolutional operations (Figure 1), following established design principles
for spatial feature extraction [28]. The model consists of five convolutional blocks, each
comprising a 3 x 3 convolution with LeakyReLU activation (negative slope 0.1), batch
normalisation [29], and 2 x 2 max-pooling. Filter sizes increment from 32 to 512 across
the blocks to capture spatial features hierarchically. The flattened output passes through
a 512-unit dense layer with ReLU activation and 50% dropout [30] before branching into
two heads: a four-neuron sigmoid-activated layer for bounding box regression and a
seven-neuron softmax layer for class prediction. The convolution operation is given
by Equation (9):

Oi,j) = Yo Y N (i m, j+ n)-W(m,n) + b 9)

where [ is the input feature map, W the kernel weights, b the bias, and K the kernel size.

2.4. The TNN Architecture

The TNN architecture combines initial convolutional processing with transformer-
based feature transformation, as shown in Figure 2. While traditionally used for sequential
data, the self-attention mechanism in transformers is equally adept at modelling long-range
spatial dependencies within a single image. This is crucial for multiphase flow, where the
state of one region (e.g., a gas slug) can be contextually dependent on a distant region (e.g.,
the liquid film). Three convolutional blocks (32, 64, 128 filters, 3 x 3 kernels, ReLU acti-
vation) perform preliminary feature extraction, each followed by 2 x 2 max-pooling. The
resulting features are partitioned into non-overlapping 8 x 8 patches, linearly projected into
a 192-dimensional embedding space. Positional information is incorporated via learned
embeddings, supplemented with a trainable classification token. The transformer compo-
nent comprises six identical encoder layers, each implementing multi-head self-attention
(six heads) with residual connections and layer normalisation [31,32], followed by pointwise
feed-forward networks (384-unit hidden dimension, GELU activation) [33]. Regularisation
includes dropout at all transformer layers. The attention mechanism computes as shown in
Equation (10):

QK®

Attention(Q, K, V) = softmax <m> Vv (10)

where Q, K, V are query, key, and value matrices and dj the key dimension.
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Figure 1. CNN architecture for spatial feature extraction in flow pattern classification.
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2.5. The PEN Architecture

This study develops a PEN for multiphase flow pattern classification, incorporating
spatial smoothness constraints through a gradient-based regularisation term (Figure 3) [34].
Unlike classical PINNs, which embed PDE residuals as hard constraints on field vari-
ables [34], the PEN encodes physical priors through a spatial gradient penalty on learned
feature maps, a formulation appropriate for image-based classification tasks where flow
field variables are not directly available. This approach is more accurately characterised as
physics-inspired regularisation than PDE-constrained learning [35].

The physics-encoding component penalises abrupt spatial variations in the learned
feature maps, inspired by the gradient-enhanced PINN (gPINN) framework proposed by
Yu et al. [36]. The physics loss function computes squared first-order finite differences
between adjacent pixels in both vertical and horizontal directions, as illustrated in Equations
(11) and (12).

Let X be the tensor of a feature map from a convolutional layer, with dimensions C
(channels), H (height), and W (width). The vertical and horizontal gradient penalty terms
are defined as follows:

1 c H-1 W 2
Cvert = mZC:l Zh:l Zw:l (Xc,h,w - Xc,h+1,w) (11)

1 C H W-1 2
Lhoriz = mzczl Zh:l Zw:l (Xc,h,w - Xc,h,erl) (12)

Equations (11) and (12) implement first-order finite difference approximations of the
spatial gradient of the feature map X in the vertical and horizontal directions, respectively.
For a feature map of dimensions C x H x W, the vertical difference (Xc,h,w — Xc,h+l,w)2
approximates the squared partial derivative (9X/0h)?, and the horizontal difference
(Xc,h,w — Xehw+1 )2 approximates (ax /ow)?. Summing these squared differences over
all spatial locations and channels and normalising by C - H - W yields a mean squared
spatial gradient, a standard total variation regularisation formulation widely used in
image processing and deep learning to promote piecewise smooth representations [37].
In the context of multiphase flow classification, this penalty discourages high-frequency
spatial noise in intermediate feature maps, encoding the physical expectation that flow
regime boundaries, particularly in transitional states, exhibit gradual rather than abrupt
spatial transitions.

This formulation approximates a directional spatial gradient penalty applied to the
first-layer convolutional feature maps. The loss term penalises sharp, high-frequency
oscillations between spatially adjacent feature activations, promoting smoother transitions
across the feature representation. This is not equivalent to suppressing all large gradients
in the input image: the penalty operates on learned feature map activations after the first
convolutional block, not on the raw pixel-level gradients that encode gas-liquid interfaces.
As a result, it discourages spatially noisy or unstable intermediate representations while
preserving the discriminative edge information extracted by the convolutional kernels.
The rationale is that flow regime boundaries, particularly in transitional regimes, are
characterised by gradual phase transitions rather than abrupt discontinuities at the feature
level; encouraging spatial coherence in feature maps therefore aligns the model’s internal
representations with the physical expectation of continuity across regime transitions. The
total physics loss is Lppysics = Loert + Lporiz, weighted by a factor of 0.05 to balance spatial
regularisation against the cross-entropy classification loss without overwhelming the data-
driven signal [35]. This controlled weighting is intentional: the PEN branch is designed
to contribute complementary spatial coherence to the hybrid fusion, not to dominate
classification on its own, which explains why its standalone accuracy is lower than the
CNN'’s, while its contribution to the hybrid improves transitional regime performance.
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Figure 2. TNN architecture for capturing long-range dependencies in flow patterns.
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Figure 3. PEN architecture with gradient-based regularisation for flow pattern classification.
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It is acknowledged that this spatial regularisation operates on learned feature map
activations rather than directly on the physical flow field. The approach is therefore more
accurately characterised as physics-inspired regularisation: it encodes the physical expecta-
tion of spatial continuity. This property is measurable in flow images and meaningful for
discriminating between gradual, transitional, and sharp stable regimes without requiring
explicit knowledge of the governing equations or boundary conditions. This distinguishes
the present use of physics-informed principles from PDE-constrained formulations, where
governing equations are embedded as hard constraints on field variables. In this sense,
the imposed regularisation constitutes a physically motivated inductive bias rather than
a constraint directly derived from the governing equations. It predisposes the network
toward feature representations consistent with the expected spatial continuity of two-phase
flow structures, encoding physical knowledge as a soft prior on the learned representation
instead of enforcing a conservation law on the field variables.

The penalty shares its mathematical form with classical total variation
regularisation [37], which is widely used to remove high-frequency noise from images
while preserving edges. The distinction here is one of purpose and placement rather than
of operator. Standard total variation is applied directly to an image or a reconstructed field
as a generic denoising prior with no physical meaning. In the present formulation, the
same operator is applied to the intermediate feature maps of the network and is motivated
by a property of the flow itself: in a vertical pipe the phase distribution is organised into
coherent structures, such as a continuous liquid film, a gas core, or clustered bubbles, whose
interfacial area concentration and void fraction vary gradually within a regime and change
more sharply only at regime boundaries [10,11]. Penalising high-frequency variation in
the learned representation therefore encodes the physical expectation that neighbouring
regions of the cross section belonging to the same flow structure should be represented
consistently rather than encoding a generic preference for smooth pixels. This is the sense
in which the term is physics-inspired: it imports a qualitative physical prior about the
spatial organisation of two-phase flow into the representation while remaining distinct
from a physics-informed neural network, which would embed the governing conservation
equations as explicit constraints on the field variables. The advantage over applying total
variation to the raw image is twofold. First, operating on feature maps preserves the
discriminative edge information extracted by the convolutional kernels because the penalty
acts after the first convolution rather than on the input gradients that encode the gas-liquid
interfaces. Second, because it is applied to a learned representation, it can regularise a
structure that is not visible as a simple intensity gradient in the raw image, such as the
texture and contextual cues that distinguish transitional regimes.

A potential objection is that turbulent regimes such as churn flow exhibit strong inter-
phase instabilities, liquid film breakup, and highly irregular structures so that enforcing
spatial smoothness might appear physically inappropriate for these regimes. Two con-
siderations address this concern. First, the penalty is not applied to the raw flow field
or to the input image, where such turbulent structures are most pronounced, but to the
pooled activations of the first convolutional block. At this stage, the representation already
aggregates local intensity variations over small spatial neighbourhoods, so penalising its
high-frequency components suppresses unstable, noise-like activations rather than the
genuine interfacial structure that the convolutional kernels extract. The objective is rep-
resentational stability, not a claim that the underlying churn field is smooth. Second, the
penalty is applied with a small weight and acts as a soft regulariser rather than a hard
constraint. The sensitivity analysis in Section 3.8 supports this empirically: increasing
the physics weight up to 0.2 does not reduce classification performance on churn or on
the transitional regimes, with the churn F1-score remaining between 0.93 and 0.94 across
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all non-zero weights, while disabling the penalty entirely yields comparable results. The
smoothness term is therefore compatible with turbulent regimes, regularising the learned
representation without degrading the model’s ability to discriminate the irregular structures
characteristic of churn flow.

The PEN consists of two convolutional feature extraction blocks, followed by a clas-
sification head. The first convolutional block applies 16 filters of size 3 x 3 with ReLU
activation and batch normalisation, followed by MaxPool2D downsampling. The physics
regularisation gradients (Lyert and Ly,,4,) are computed on the feature maps produced
by this block so that the spatial penalty acts on early-stage feature representations before
further compression. The second convolutional block applies 32 filters of size 3 x 3 with
ReLU activation and a dropout layer (rate = 0.2), followed by MaxPool2D downsampling.
The resulting output is flattened and passed through a dense layer of 128 units with ReLU
activation, a dropout layer (rate = 0.3), and a final dense layer of 7 units with softmax
activation, yielding the class probability vector.

To prevent the physics penalty from dominating during the early stages of training, a
linear warmup schedule is applied to the physics weight, as shown in Equation (13):

W

ohys = min(1.0, epoch/10) (13)

This allows the network to first learn a stable data-driven representation before the
physics constraint is applied at full strength. The total training loss shown in Equation (14)
for the PEN is therefore

Liotal = Laata + thys' L (14)

phys
where L, is the cross-entropy classification loss computed against the ground-truth

flow pattern labels, and L,nys = Loert + Lporiz is the physics regularisation term as
defined above.

2.6. The Hybrid Architecture

The hybrid architecture is motivated by the principle that different model types cap-
ture different and complementary aspects of the same image and that combining them
produces a richer feature representation than any single approach can achieve. CNNs are
effective at detecting local spatial patterns such as bubble boundaries and interface textures,
but their receptive field is limited to local regions, so they can miss the broader structural
context across the pipe cross section [28]. Transformers address this by modelling relation-
ships between distant parts of the image through self-attention, but they lack the spatial
inductive bias that makes CNNSs effective with smaller datasets [38]. Physics-informed
approaches encode domain knowledge as a constraint on the learned representations,
improving physical consistency, but they cannot drive classification on their own when
explicit governing equations are not available [35]. Each model therefore compensates
for the weaknesses of the others: the CNN supplies efficient local feature extraction, the
TNN provides global structural context, and the PEN stabilises learned representations
in transitional regions where image features are spatially ambiguous. This strategy of
integrating architectures with complementary inductive biases has been shown to improve
performance on complex pattern recognition tasks [39], and it forms the theoretical basis
for the fusion approach adopted in this study.

The proposed hybrid architecture brings the CNN, TNN, and PEN branches together
in one framework built to draw on the complementary strengths of data-driven and
physics-informed learning. Algorithm 1 lays out the full training and inference procedure
step by step, showing how the three branches process each input, how their outputs are
fused, and how the composite loss is minimised during training. Each branch adds a
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different kind of representation. The CNN branch concentrates on local spatial analysis,
pulling out fine-scale textures and geometric structures through successive convolutions,
and it also produces bounding box predictions for region-specific localisation. The TNN
branch broadens this by modelling long-range spatial dependencies, using multi-head
self-attention to capture sequential and contextual relationships across patches, which
sharpens classification in the transitional regimes where local features on their own fall
short. Inside the hybrid, the TNN branch runs a reduced configuration to keep the joint-
training cost down: two convolutional blocks (16 and 32 filters), 16 x 16 patches with
128-dimensional embeddings, four attention heads, three encoder layers, and a feed-
forward hidden dimension of 256 units. The PEN branch adds spatial regularisation
by writing smoothness constraints straight into the loss function. It uses the gradient-
based penalty of Equations (11) and (12), which penalises sharp spatial gradients in the
feature maps and enforces the kind of smoothness that matches the gradual phase transi-
tions of multiphase flow. The learned representations therefore stay both data-consistent
and spatially coherent. The pseudocode for the hybrid architecture integration is shown
as follows:

Algorithm 1: Hybrid CNN-TNN-PEN Training and Inference

Input: Trainingset D = {(xx,yx)}, k=1,...,1493
Validation set D, test set Dyst

Max epochs E, patience P = 12, warmup epochs W = 10
Physics weight Ay, = 0.05, learning rate «

Output: Predicted flow regime class 7

TRAINING PHASE

1: Initialise weights fcnn, |9TNN/ |9PEN1 |9fusion (random)
2: best_val_acc < 0, wait <+ 0

3: forepoch =1to E do

4:  A(epoch) « min(e’jvth, |1> X Amax (warmup schedule)
5:  for each mini-batch (x,y) € D do

Branch forward passes

6: penNN < CNN_forward(x; |0cny) (local spatial features — class probs)
7 prnN < TNN_forward(x; |67nN) (global attention features — class probs)
8: ppeN, |F <= PEN_forward(x; |0ppn) (physics branch — class probs + feature map F)

Physics regularisation loss

9: Lyert mean((F[i +1,j] - F[i,j])z) (vertical gradient)
10: Lyoyiz < mean((P[i,j +1] - F[j, j})z) (horizontal gradient)
11: Lppys < Lg&%ﬁ’}”";z (scale-normalised)

Fusion

12: z < Concat(penn, |PTNN, |[PPEN) (joint feature vector)

13: h < ReLU(Wj - z + by) (Dense layer, 128 units)

14: h < Dropout(h, |rate = 0.3)

15: 7 < Softmax (W, - h + by) (7-class probability vector)
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Algorithm 1: Cont.

Total loss
16: Lcg < CrossEntropy(7, |y) (classification loss)
17: Liotar < Lcg + A(epoch) X Lypys (composite loss)

Parameter update

18: Backpropagate L;,;,; through all branches

19: Update OcNN, |9TNN/ |9PENr |9fusi0n via Adam(tx)
20: end for

Validation and early stopping
21: val_acc + Evaluate(D,,)
22: if val_acc > best_val_acc then
23: best_val_acc <+ val_acc
24: Save model weights

25: wait < 0 26: else

27: wait < wait +1

28: end if

29: if wait > P then

30: Break (early stopping)
31: endif

32: end for

INFERENCE PHASE

33: Load saved best model weights

34: for each test image x € Dyest do

35:  penn ¢ CNN_forward(x; |fcnn)

36:  pryn  TNN_forward(x; |07nN)

37: PPEN/ I_ — PEN_forward(x; ‘GPEN)

38:  z+ Concat(pCNN, |pTNNr |PPEN)

39:  h < Dropout(ReLU(Wj -z + by), |rate = 0)
40: gy < Softmax(W, - h+ by)

41:  class < argmax(7)) (predicted flow regime)
42: end for

Return: class, |

Fusion is achieved by concatenating the output vectors of the three branches into a
single joint feature vector, which is then processed by a shared dense network to produce
the final classification [39]. Specifically, let fcyn € R?, fTNN € R’, and frEN € R denote
the class probability vectors produced by the CNN, TNN, and PEN branches, respectively.
These are concatenated to form the joint representation shown in Equation (15):

fconeat = [ fonns fran; fren] € R (15)

The vector fcopcqt is passed through a dense layer of 128 units with ReLU activation,
a dropout layer (rate = 0.3), and a final dense layer of 7 units with softmax activation,
yielding the predicted class probability vector yj,,; € R’. The predicted flow pattern class
is taken as the index of the maximum entry in y;,;.
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The hybrid model is trained by minimising a composite loss function that combines a
cross-entropy classification term and a physics-informed regularisation term. The total loss
is in Equation (14), where L, is the categorical cross-entropy loss between the predicted
class probability vector yy,; and the one-hot encoded ground-truth label y, as shown in
Equation (16):

7 .
Leiata = _Zczl yC'log(yC) (16)

The term Lypys = Loert + Lporiz is the physics regularisation term from the PEN
branch, which penalises spatial inconsistencies in the learned feature maps, as described
in Section 2.5. The physics weight Wy,,s follows the linear warmup schedule introduced
in Section 2.5, rising from zero to its maximum value over the first ten training epochs.
This schedule ensures the network first establishes a stable data-driven solution before the
physics constraint is applied at full strength.

The model is optimised using the Adam optimiser with the learning rate and other
hyperparameters listed in Table 4. Training is performed on Google Colab Pro with an
NVIDIA T4 GPU. An early stopping criterion is applied to prevent overfitting. Both the
model checkpoint and early stopping callbacks monitor the validation accuracy of the final
classification head, with a patience of 12 epochs; training is halted when no improvement is
observed for 12 consecutive epochs, and the model weights from the epoch with the highest
validation accuracy are retained as the final model. To further stabilise convergence, the
learning rate is reduced by a factor of 0.5 whenever the validation accuracy fails to improve
for six consecutive epochs, subject to a minimum learning rate of 1 x 10~7.

Table 4. Training configuration parameters for individual and hybrid models.

Model Learning Rate Batch Size  Epochs Optimiser Additional Notes
CNN 0.0001 8 50 Adam Exponential decay scheduler after 10 epochs
TNN 1.0 x 107° 32 100 Adam Label smoothing 0.1, L2 decay 1 x 10>
PEN 0.0003 32 50 AdamW Weight decay 5 x 10~4, physics weight 0.05
Hybrid 0.0001 16 50 Adam Combined losses with physics term

This stage integrates local, global, and physics-constrained representations into a
unified feature space. The final classifier refines this joint representation to produce the
ultimate flow regime prediction. Such integration addresses key limitations observed in in-
dividual models: CNNs tend to neglect long-range dependencies and transformers require
large datasets to generalise effectively [38], while PENs alone may underperform without
sufficient physical priors [39]. By combining these elements, the hybrid architecture can
balance high-capacity pattern recognition with domain-informed stability, enhancing ro-
bustness across both stable and transitional flow regimes. The necessity of this integration is
most evident for transitional regimes, where phase boundaries are diffuse and spatial struc-
ture overlaps between adjacent patterns. For such cases, the CNN'’s purely local perspective
is insufficient: subtle differences between, for example, slug—churn and churn flows are not
fully captured by local texture alone. The TNN’s multi-head self-attention provides global
structural cues across the full image patch sequence, while the PEN branch suppresses
spatially incoherent intermediate representations that would otherwise introduce ambigu-
ity at the fusion stage. Together, these complementary mechanisms enable the hybrid to
resolve classification ambiguities that no single branch can address in isolation, particularly
at the boundaries between transitional and stable regimes where misclassification carries
the greatest operational consequence.

A detailed overview of the hybrid model, including branch-specific layers, input
dimensions, and intermediate as well as final outputs, is shown in Figure 4. This structured
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breakdown illustrates how each component contributes distinct outputs, such as bounding
box regression, class predictions, and physics features, that collectively support the final
classification of multiphase flow patterns.

All models were trained using Google Colab Pro, configured with an NVIDIA T4 GPU
(15.0 GB VRAM), 12.7 GB system RAM, and 112.6 GB disk space. This environment was
selected for its balance of accessibility, cost efficiency, and computational capacity, which
allowed the models and dataset to be processed effectively without requiring specialised
high-performance clusters [40]. The cloud-based setup also supports reproducibility, ensur-
ing that experiments can be replicated by other researchers.

Software dependencies were tailored to model requirements. TensorFlow was em-
ployed for the CNN, TNN, and hybrid architectures due to its mature ecosystem and
optimised support for convolutional and transformer-based models [41]. PyTorch 2.6.0
was used for the PEN, taking advantage of its dynamic computation graph and efficient
handling of custom physics-encoded loss functions [42]. The Hugging Face Transformers
library supported the auto-labelling pipeline, providing streamlined fine-tuning of the
TinyLlama model and seamless access to pre-trained language models [43].

The baseline models (CNN, TNN, and PEN) were trained independently on the
training set to establish performance benchmarks. This was followed by the hybrid CNN-
TNN-PEN model, which was trained on the same data to integrate local spatial features,
long-range dependencies, and physics-based constraints. The fusion stage combined branch
outputs via concatenation and weighted averaging [39], ensuring that complementary
strengths offset individual model weaknesses.

To mitigate overfitting, the model was trained on the training subset, with perfor-
mance monitored on the held-out validation subset. Training employed early stopping,
as described in Section 2.6, triggered by stagnation in validation accuracy, along with
dynamic learning rate scheduling to improve convergence [44]. Random seeds were fixed
(torch.manual_seed(42), np.random.seed(42)) to guarantee reproducibility across runs [45].

Hyperparameters for each model were optimised through preliminary experiments
to balance generalisation and convergence efficiency. A comprehensive summary of these
configurations is presented in Table 4.

2.7. Evaluation Metrics

Model performance was evaluated using a comprehensive set of metrics to quantify
classification accuracy across the seven flow pattern classes. All results were computed
on a held-out test set to ensure unbiased assessment, with scikit-learn used for metric
calculation [46] and seaborn for visualisation [47].

Given the multi-class setting, both the macro-average (unweighted mean across
classes) and weighted average (weighted by class support) were reported. Macro-averages
were emphasised to fairly assess minority transitional regimes, while weighted scores
provided the complementary context [48].

Accuracy offers a general measure of correct predictions, though it may be misleading
under class imbalance. It is defined using Equation (17):

Y&, TP

- (17)
YC (TP, + TN, + FP. + FN,)

Accuracy =

where for each class ¢, TP, is the number of true positives, TN, is true negatives, FFP, is
false positives, FN, is false negatives, and C = 7 is the total number of classes.
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Precision evaluates the model’s ability to minimise false positives, which is critical to
avoiding operational errors in pipeline monitoring (Equation (18)):

TP,

—_ 1
TP.+ FP, (18)

Precision, =

Recall (sensitivity) measures the ability to capture all true instances, particularly
important for identifying transitional flow regimes (Equation (19)):

TP,

Recall, = ———— 19

ccitle = TP I FN, (19)

The F1-score balances precision and recall, providing a robust indicator under class

imbalance (Equation (20)):
Precision, X Recall,

F1S =2 — 20
coree % Precision, + Recall, (20)

The macro-averaged precision, recall, and Fl-score were computed as the unweighted
mean across all seven classes (Equation (21)):

1
Macro Precision = Echzl Precision, (21)

In addition to scalar metrics, visualisation techniques were used to reveal deeper error
patterns. Confusion matrices highlighted systematic misclassifications, particularly be-
tween adjacent regimes (e.g., bubbly-slug transitions) [49]. Receiver operating characteristic
(ROC) curves, computed using a one-vs.-rest strategy, provided class-wise discrimination
performance [50]. The area under the curve (AUC) was used as a threshold-independent
measure, with macro-averaged AUC summarising overall class separability [51].

This multi-level evaluation strategy, combining scalar scores and visual diagnostics,
ensured a rigorous understanding of model behaviour, capturing both global accuracy and
class-specific performance.

2.8. Model Explanation Maps

To improve interpretability and verify that network predictions correspond to physi-
cally meaningful multiphase flow features, such as phase interfaces, bubble distributions,
and velocity gradients, model explanation techniques were applied [52]. These methods
provide visual insight into the decision-making process, highlighting regions of interest in
the input images and thereby increasing trust in the models. Grad-CAM was employed
for the CNN and PEN architectures due to its effectiveness in localising salient spatial
features within convolutional layers [53], which correspond to flow structures such as gas
pockets or liquid films. For the TNN, attention maps were used to capture long-range
dependencies across image patches [54], reflecting the transformer’s capacity to model
global interactions in sequential flow patterns. Explanations for the hybrid model were
derived from its individual branches to assess the relative contributions of spatial, global,
and physics-encoded components. This design ensures a balance between local and global
interpretability, leveraging the complementary strengths of each architecture.
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Grad-CAM produces class activation maps by computing the gradient of the target
class score with respect to convolutional feature maps, typically taken from the final
convolutional layer before global pooling. For class c, the activation map is shown in
Equations (22) and (23):

CAM, =), wi-AX (22)

where A is the k(th) feature map from the target layer, and
1 ay°
wp ==Y —— (23)
z&=1=] 9 Aij

with Z denoting spatial dimensions and y° the class logit. TensorFlow’s GradientTape was
used for automatic differentiation, with the last convolutional layers (‘conv2d_4" for CNN
and ‘conv2’ for PEN) selected to retain high-level semantic detail while preserving spatial
resolution. Maps were upsampled via bilinear interpolation and then overlaid on input
images at 50% transparency using the jet colormap.

For the TNN, attention maps were extracted from the final encoder layer (‘'multi_head_
attention_5"), which aggregates refined global context. Attention weights between query i
and key j are computed as shown in Equation (24):

ex
TV
l,] -
K
(%)

where Q, K, and V are linear projections of the input embeddings, dj is the key dimension,

(24)

and N is the sequence length (number of patches plus class token). Attention maps were
generated by averaging weights across heads, excluding the class token, and reshaping to
the patch grid before resizing to input dimensions [55]. This method highlights inter-patch
relationships, which are particularly important for distinguishing transitional regimes with
dispersed phases.

These techniques were applied to one correctly classified sample per class in the test
set. Visualisations confirmed alignment with domain knowledge; for example, Grad-CAM
emphasised bubble edges in bubbly flows, consistent with interfacial tension effects, while
transformer attention maps highlighted phase boundaries in churn flows, reflecting chaotic
mixing dynamics.

The overall workflow is shown in Figure 5. The process begins with initial anno-
tation in Roboflow, extended through TinylLlama-based auto-labelling with physics-
encoded rule-based correction, yielding a final dataset of 2131 images split into training,
validation, and test sets. The enriched dataset was used to define and train the CNN,
TNN, and PEN models individually before integrating them into the hybrid CNN-
TNN-PEN framework. Model training followed an iterative loop of training, accuracy
evaluation, and hyperparameter tuning until satisfactory performance was achieved.
Final steps included test evaluation and explainability analysis, ensuring both predictive
accuracy and physical interpretability.
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Figure 5. Complete workflow of the study from data preparation to model evaluation and explanation.

3. Results and Discussion

3.1. Training Performance of Neural Networks

Training and validation phases for all models demonstrated consistent convergence,
supported by accuracy-loss curves stabilised through early stopping and learning rate
scheduling. Training and validation learning curves are presented for all four architectures
in Figures 6-9 to document model convergence and confirm the absence of overfitting
or training instability across architectures. For the PEN (Figure 8) and the hybrid model
(Figure 9), the additional physics loss panels provide direct evidence that the spatial
regularisation term decreased alongside the classification loss throughout training, con-
firming that the physics constraint remained active and did not collapse to a trivial solution

during optimisation.
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Figure 6. CNN model training and validation graphs: (a) accuracy and (b) loss.

https://doi.org/10.3390/fluids11090210


https://doi.org/10.3390/fluids11090210

Fluids 2026, 11, 210

25 of 47

(@)

1.0

0.8 1

Accuracy

0.2

0.0

o
=

©
IS

(b)
= Training
B — = Validation
2.51
2.0
1%
i
1.5 1
1.0
Training i I —
- Validation
T T T T T T T OAS 1 T T T T T T T T
0 20 3 4 50 60 70 0 10 20 30 40 50 60 70
Epoch Epoch
Figure 7. TNN model training and validation graphs: (a) accuracy and (b) loss.
The CNN achieved 99.80% training accuracy and 97.81% validation accuracy at its
best epoch (epoch 26), indicating rapid and effective spatial feature extraction (Figure 6).
The TNN reached 91.76% training and 89.69% validation accuracy at its best epoch (epoch
58), reflecting steady progression in dependency modelling, as shown in Figure 7, while the
PEN attained 93.64% training and 88.12% validation accuracy at its best epoch (epoch 13),
with physics loss decreasing in tandem with classification loss (Figure 8). The integrated
hybrid model achieved 99.87% training and 97.81% validation accuracy at its best epoch
(epoch 25), demonstrating robust convergence and successful feature fusion (Figure 9).
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Figure 8. PEN model training and validation graphs: (a) loss and (b) physics loss.

Figure 9 reports the training dynamics of the hybrid model across three sub-panels.
Sub-panel (a) shows the accuracy of the final classification head on the training and val-
idation sets per epoch. Sub-panel (b) shows the total weighted composite loss, which is
the sum of six individually weighted loss terms: the bounding box regression loss from
the CNN branch (weight = 0.05), the classification cross-entropy losses from the CNN,
TNN, and PEN branches individually (weight = 0.10 each), the physics feature loss from
the PEN branch (weight = 0.05), and the final classification head loss (weight = 1.0). No
additional normalisation or standardisation was applied to the composite loss before plot-
ting. Sub-panel (c) shows the physics feature loss separately. The physics feature loss is
computed on the PEN intermediate feature maps as the mean squared spatial gradient
in the horizontal and vertical directions and then divided by the mean absolute feature
activation magnitude to make it scale-invariant with respect to the learned representa-
tion. This internal normalisation ensures that the physics penalty remains proportional
to the feature activity rather than growing with the absolute scale of the activations, so it
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Figure 9. Hybrid model training and validation graphs: (a) accuracy, (b) loss and (c) physics
feature loss.

Computational times on Google Colab Pro varied by architecture: CNN at 574.8 s
(9.58 min), TNN at 573 s (9.55 min), PEN at 449.8 s (7.49 min), and the hybrid model at
918.0 s (15.30 min), the latter reflecting the added cost of multi-branch integration with
physics-encoded regularisation.

3.2. Model Performance
3.2.1. Performance of Standalone Models

The CNN achieved 94.34% accuracy and a weighted F1-score of 0.94 on the test set
(Table 5). Stable regimes produced the strongest per-class scores, with annular achieving a
perfect F1-score, while churn was the most challenging class, consistent with the known
difficulty of distinguishing overlapping turbulent structures in vertical multiphase flows [1].
Full per-class precision, recall, and Fl-scores are reported in Table 5. ROC-AUC values
were near perfect, with a macro-average of 0.9977 (Figure 10b).

The ROC-AUC curves for each standalone model (Figures 10b, 11b and 12b) comple-
ment the confusion matrices by providing class-specific discriminability evidence, confirm-
ing that high overall accuracy reflects strong class separation across all seven flow regimes
rather than performance concentrated on the most visually distinct patterns.
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Table 5. Classification report for CNN.

Class Precision Recall F1-Score Support
bubbly 0.94 0.98 0.96 45
transition_bubbly- 0.98 091 0.94 45
slug
slug 0.96 0.98 0.97 50
transition_slug- 1.00 0.98 0.99 41
churn
churn 0.88 0.84 0.86 44
transition_churn— 0.86 0.92 0.89 48
annular
annular 1.00 1.00 1.00 45
Macro Avg. 0.95 0.94 0.94 318
Weighted Avg. 0.94 0.94 0.94 318

Meanwhile, the TNN achieved 88.05% accuracy and a weighted Fl-score of 0.88
(Table 6). Stable regimes remained strong, with annular achieving a perfect F1-score, while
transitional and turbulent regimes were more challenging, particularly churn and slug-
churn, consistent with general findings on transformer sensitivity to overlapping flow
structures [23,56]. Full per-class scores are reported in Table 6. ROC-AUC averaged 0.9856
(Figure 11b).

The PEN achieved 85.22% accuracy and a weighted Fl-score of 0.85 (Table 7). Stable
regimes were robust, with annular achieving a perfect Fl-score, while churn showed
the lowest per-class score, reflecting shared dynamics between turbulent regimes and
the gradient-penalisation effect discussed further in Section 3.8. Full per-class scores
are reported in Table 7. ROC-AUC averaged 0.9838 (Figure 12b), aligning with prior
observations that physics-aware models can enhance separability without fully resolving
turbulent overlap [57].

Standalone deep learning architectures to identify multiphase flow patterns in vertical
pipelines were successfully developed and assessed. Figure 13 gives a visual comparison
of predictions by the CNN, TNN and PEN.

The model explanation maps provide critical insight into the distinct decision-
making processes of the individual models. As illustrated in Figure 14, each standalone
architecture, the CNN, TNN, and PEN, leverages different features for classification.
The CNN'’s Grad-CAM heatmaps consistently localise high-activation regions to specific,
discriminative flow structures, such as individual bubbles in bubbly flow or the gas
core in annular flow, consistent with prior applications of gradient-based localisation
in image classification tasks [53]. In contrast, the TNN’s attention maps display a more
distributed pattern of focus across the image patches, reflecting its strength in capturing
long-range dependencies, a trait previously associated with transformer interpretability
in vision models [54]. The PEN’s activation maps often highlight smoother gradients and
interfaces, demonstrating the model’s adherence to the embedded spatial smoothness
constraints, which suppress high-frequency activations and promote gradual transitions
across phase boundaries.
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Figure 10. CNN test metrics: (a) normalised confusion matrix; (b) ROC-AUC curves.
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Figure 11. TNN test metrics: (a) normalised confusion matrix; (b) ROC-AUC curves.
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Figure 12. PEN test metrics: (a) normalised confusion matrix; (b) ROC-AUC curves.
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Table 6. Classification report for TNN.
Class Precision Recall F1-Score Support
bubbly 0.95 0.93 0.94 45
transition_bubbly—slug 0.96 0.96 0.96 45
slug 0.98 1.00 0.99 50
transition_slug—churn 0.78 0.71 0.74 41
churn 0.66 0.66 0.66 44
transition_churn—-annular 0.82 0.88 0.85 48
annular 0.98 1.00 0.99 45
Macro Avg. 0.88 0.88 0.88 318
Weighted Avg. 0.88 0.88 0.88 318
Table 7. Classification report for PEN.
Class Precision Recall F1-Score Support
bubbly 0.88 0.96 0.91 45
transition_bubbly—slug 0.95 0.87 0.91 45
slug 0.98 0.98 0.98 50
transition_slug—churn 0.82 0.68 0.75 41
churn 0.56 0.61 0.59 44
transition_churn—-annular 0.78 0.83 0.81 48
annular 1.00 1.00 1.00 45
Macro Avg. 0.85 0.85 0.85 318
Weighted Avg. 0.86 0.85 0.85 318
True: Bubbly  True: Bub-Slug True: Slug True: Slug-Churn  True: Churn  True: Churn-Ann True: Annular
CNN: Bubbly  CNN: Bub-Slug CNN: Slug  CNN: Slug-Churn  CNN: Churn  CNN: Churn-Ann CNN: Annular
TNN: Bubbly  TNN: Bub-Slug TNN: Slug TNN: Slug-Churn  TNN: Churn  TNN: Churn-Ann TNN: Annular
PEN: Bubbly PEN: Bub-Slug PEN: Slug PEN: Slug-Churn  PEN: Churn  PEN: Churn-Ann  PEN: Annular

Figure 13. Visual comparison of flow pattern predictions: CNN vs. TNN vs. PEN.

3.2.2. Performance of Hybrid Model

The hybrid CNN-TNN-PEN achieved 95.91% accuracy and a weighted F1-score of
0.96 (Table 8). Macro-precision, recall, and an Fl-score of 0.96 confirm strong gener-

alisation across all flow regimes. Stable regimes achieved near-perfect results: bubbly

(F1 =0.98), slug (0.98), and annular (1.00). Transitional classes demonstrated clear improve-

ment over individual models: bubbly-slug (0.98), slug—churn (0.98), churn—annular (0.92),

and churn (0.89). The confusion matrix (Figure 15a) showed markedly reduced misclas-

sification relative to single models. ROC-AUC averaged 0.9957, with most classes > 0.99

(Figure 15b). Figure 15b is included to demonstrate that the improvement in classification

accuracy achieved by the hybrid model corresponds to a measurable increase in class-level

discriminability relative to the standalone architectures, particularly for the transitional
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and turbulent regimes that presented the greatest classification challenge. Figure 16 shows

sample predictions of the hybrid model from the test dataset.
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Figure 14. Explainability visualisations for the standalone CNN, TNN, and PEN models across all
flow patterns: (a) bubbly, (b) bubbly-to-slug transition, (c) slug, (d) slug-to-churn transition, (e) churn,

(f) churn-to-annular transition and (g) annular.
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Table 8. Classification report for the hybrid model.

Class Precision Recall F1-Score Support
bubbly 0.98 0.98 0.98 45
transition_bubbly-slug 0.98 0.98 0.98 45
slug 0.98 0.98 0.98 50
transition_slug—churn 0.98 0.98 0.98 41
churn 0.89 0.89 0.89 44
transition_churn—annular 0.92 0.92 0.92 48
annular 1.00 1.00 1.00 45
Macro Avg. 0.96 0.96 0.96 318
Weighted Avg. 0.96 0.96 0.96 318
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Figure 15. Hybrid model test metrics: (a) normalised confusion matrix and (b) ROC-AUC curves.

True: Bub-Slug
Pred: Bub-Slug

True: Slug
Pred: Slug

True: Slug-Churn
Pred: Slug-Churn

True: Churn
Pred: Churn

True: Churn-Ann
Pred: Churn-Ann

True: Annular
Pred: Annular

Figure 16. Visual predictions of the hybrid model.

Figure 17 reveals how the hybrid model synthesises these diverse perspectives. The

combined heatmaps in the final panel show a more holistic and spatially consistent ac-

https://doi.org/10.3390/fluids11090210


https://doi.org/10.3390/fluids11090210

Fluids 2026, 11, 210

33 of 47

tivation pattern across all flow regimes. For stable flows like bubbly and annular, the
hybrid model’s attention is sharp and well defined, similar to the CNN. However, for
complex transitional patterns like slug-to-churn, the combined map integrates localised
features from the CNN, global context from the TNN, and the spatial smoothness from
the PEN, resulting in a more robust and spatially coherent representation. This fusion of
spatial, contextual, and physics-encoded features explains the hybrid model’s performance,
particularly in mitigating misclassifications in challenging transitional zones by ensuring
predictions are grounded in multiple, complementary sources of evidence.

3.3. Comparative Analysis of the Models

The CNN, TNN, and PEN and the hybrid CNN-TNN-PEN were evaluated under
consistent metrics to determine their relative effectiveness in multiphase flow classification.
Table 9 summarises the training, validation, and testing performance alongside weighted
and macro-averaged Fl-scores and computational times. Among the architectures, the
hybrid achieved the best overall results, with a testing accuracy of 95.91% and macro
Fl-score of 0.96. This reflects the successful integration of the CNN's spatial feature
extraction, the TNN'’s capacity for global dependency modelling, and the PEN’s physics-
based regularisation. Compared with the standalone models, the hybrid improved accuracy
by 7.86 percentage points over the TNN and 10.69 over the PEN. Compared with the
standalone CNN (94.34%), the hybrid achieved a 1.57 percentage point improvement in
overall accuracy, with more pronounced gains in transitional regimes where complementary
features reduce ambiguity.

Table 9. Comparative performance metrics and computational times.

Training Validation Testing Weighted } Training Time
Model Accuracy (%) Accuracy (%) Accuracy (%) F1-Score Macro F1-Score (min)
CNN 99.80 97.81 94.34 0.94 0.94 9.58
TNN 91.76 89.69 88.05 0.88 0.88 9.55
PEN 93.64 88.12 85.22 0.86 0.85 7.49
Hybrid 99.87 97.81 95.91 0.96 0.96 15.30

Training accuracy exceeded 97% for the CNN, PEN, and hybrid at their best epochs,
demonstrating efficient convergence. The TNN achieved 91.76% at its best epoch, reflecting
its greater reliance on long-range attention mechanisms that require additional epochs for
stable learning. Validation accuracies closely mirrored the test results, supporting generali-
sation: both the CNN (97.81%) and hybrid (97.81%) exceeded 97%, while the TNN (89.69%)
and the PEN (88.12%) remained lower due to, respectively, the attention mechanism’s need
for larger data volumes and the regularising influence of physics constraints, which limits
empirical flexibility.

Per-class F1-scores highlight the hybrid’s advantage in transitional patterns (Table 10).
For the slug—churn regime, the hybrid achieved 0.98, compared with the CNN (0.99), TNN
(0.74), and PEN (0.75); it was the only regime where the standalone CNN marginally
outperforms the hybrid, attributable to the CNN’s sharper localisation of elongated gas
pocket structures without the averaging effect of multi-branch fusion. In churn flows,
the hybrid achieved 0.89, compared with 0.86 (CNN), 0.66 (TNN), and 0.59 (PEN). For
bubbly-slug, the hybrid’s F1-score of 0.98 surpasses that of the CNN (0.94), TNN (0.96), and
PEN (0.91). While stable regimes such as annular consistently achieved perfect scores across
all models (1.00), transitions benefited most from hybridisation. On average, transitional
F1-scores improved by 0.08 over the TNN and 0.10 over the PEN, gains attributable to the
weighted fusion of branch outputs that counteract the limitations of purely local, global, or
physics-only representations.
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Figure 17. Explainability visualisations for the hybrid CNN-TNN-PEN model across all flow patterns:
(a) bubbly, (b) bubbly-to-slug transition, (c) slug, (d) slug-to-churn transition, (e) churn, (f) churn-to-
annular transition and (g) annular.

To assess the statistical relationship between the hybrid model and the standalone
CNN, McNemar'’s test was applied to the paired predictions on the 318-sample test set. Of
the 318 samples, 297 were classified correctly by both models, 2 were classified correctly by
the CNN alone, 7 by the hybrid alone, and 11 were misclassified by both. The resulting
exact McNemar p-value is 0.18 (« = 0.05), so the difference in overall error rates between
the two models is small relative to sampling variability. This result is consistent with the
modest gap in raw accuracy (94.34% vs. 95.91%) and reflects the fact that the two models
disagree on only nine samples. However, statistical equivalence at the overall level does
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not preclude meaningful structural differences at the class level. The hybrid’s advantage is
not distributed uniformly; it is concentrated in transitional regimes, where the three-branch
fusion resolves ambiguities that the CNN alone cannot. In safety-critical industrial pipeline
monitoring, where misclassification of transitional states such as slug—churn can precipitate
pressure surges or liquid holdup events, this consistent directional improvement across all
transitional classes represents practical value that overall accuracy alone does not reflect.

Table 10. Comparative F1-scores by class.

Class CNN TNN PEN Hybrid
Bubbly 0.96 0.94 091 0.98
Bubbly-slug transition 0.94 0.96 091 0.98
Slug 0.97 0.99 0.98 0.98
Slug—churn transition 0.99 0.74 0.75 0.98
Churn 0.86 0.66 0.59 0.89
Churn-annular transition 0.89 0.85 0.81 0.92
Annular 1.00 0.99 1.00 1.00

The error distributions bear these improvements out. The confusion matrices
(Figures 10a, 11a, 12a and 15a) show that the hybrid makes fewer transitional misclas-
sifications than any single model. The ROC-AUC curves (Figures 10b, 11b, 12b and 15b)
tell the same story: the hybrid achieves a macro-average of 0.9957, ahead of 0.9856 for the
TNN and 0.9838 for the PEN. The standalone CNN scored 0.9977, a shade above the hybrid,
which fits its stronger per-class discriminability on the stable regimes. The interpretability
maps (Figures 14 and 17) show that the hybrid’s activations track physical flow structures
most closely, pulling together the CNN’s localisation of bubbles and films, the TNN’s grasp
of long-range dependencies, and the PEN’s focus on velocity gradients.

These gains carry a higher computational cost. Training the hybrid took 918.0 s
(15.30 min), against 449.8 to 574.8 s for the individual models. The extra overhead is worth
it in operational settings, where a missed transition can trigger severe pipeline instabilities
such as liquid holdup or surge formation, both well documented in multiphase transport
systems [58]. Taken as a whole, the hybrid builds on recent hybridisation strategies in
flow classification, reaching sensor-comparable accuracies while adding robustness for the
image-based monitoring of multiphase regimes [12].

To gauge how practical the model is to deploy, inference time was measured on a
single test image after a ten-iteration warmup that removes graph-compilation effects.
The CNN took 29.6 ms per image, the TNN 74.6 ms, the PEN 2.1 ms, and the hybrid
132.6 ms. The PEN is the fastest because its single-branch architecture is simpler than the
attention-based TNN or the multi-branch hybrid. The hybrid is the slowest, owing to its
three-branch forward pass and dense fusion layer, yet it still falls within a practical range
for real-time industrial monitoring. In short, even with three branches, the hybrid stays
computationally feasible for real-time monitoring, at 132.6 ms per image.

3.4. External Validation

Performance on external data is a decisive test for any data-driven model. To probe
the framework’s real-world generalisability, the CNN, TNN, PEN, and hybrid models
were validated on flow imagery from two independent studies, Mondal et al. [59] and
Szalinski et al. [60], both centred on silicone oil-air mixtures. The exercise confirmed the
models’ core competencies and, at the same time, brought out how differences in data
acquisition shape performance.

For a fair and reproducible assessment, the external images passed through a targeted
preprocessing sequence that aligned their appearance with the training data. This step was
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needed to offset the domain shift that comes from different sensor responses and lighting.
The sequence ran as follows. A colour correction came first, scaling the green channel
by 0.4 to cancel common artificial tints and bring out the red-blue contrasts that mark
phase interfaces. Low-contrast images, especially those of slug or churn flow, then received
Contrast Limited Adaptive Histogram Equalization (CLAHE) with a clip limit of 2.0 and
an 8 x 8 tile grid, which lifts local detail without amplifying noise. Every image was next
standardised to a uniform 96 x 598 pixels by centre cropping and bilinear interpolation
and finally normalised to the range [0, 1]. This uniform procedure gave the models
input that foregrounded the essential flow structures while playing down source-specific
visual artefacts.

The external validation results, shown in Figure 18 for Mondal et al. [59] and Figure 19
for Szalinski et al. [60], follow a consistent pattern. All models were accurate on the well-
defined, stable regimes. Across both external datasets, the bubbly and annular patterns
were almost always identified correctly, which shows that the models had learned robust,
general features for these distinct regimes.

CNN: bubbly slug churn-annular annular
TNN: bubbly slug-churn annular annular
PINN: bubbly slug churn-annular annular

Hybrid bubbly-slug slug churn annular

(a) (b)

(&) 8) © (]

Figure 18. External validation on silicone oil-air flow images from Mondal et al. [59]: (a) orig-
inal; (b) corresponding model predictions from the standalone CNN, TNN, and PEN and the
hybrid model.

CNN bubbly bubbly-slug slug slug-churn churn annular annular
TNN: bubbly bubbly-slug churn slug-churn annular annular annular
PINN: bubbly bubbly slug-churn slug chum-annular annular annular

Hybrid bubbly bubbly-slug slug-churn slug-churn annular annular annular

i

(b)

Figure 19. External validation on silicone oil-air flow images from Szalinski et al. [60]: (a) orig-
inal; (b) corresponding model predictions from the standalone CNN, TNN, and PEN and the
hybrid model.

The models agreed less on the transitional states. In the Mondal et al. [59] data, a
single churn flow sample drew a spread of predictions. The standalone CNN and PEN
both called it churn—annular, and the TNN called it annular. The hybrid alone classified it
as churn, which points to a sharper handle on this difficult regime. The hybrid showed
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similar sensitivity when it labelled a bubbly flow as bubbly—slug, suggesting it detects the
finer stages of flow evolution.

These interpretive differences stood out more clearly on the Szalinski et al. [60] dataset.
Predictions for the churn regime diverged: the TNN and hybrid classified one instance
as annular, while the PEN predicted churn-annular. The split reflects differences in
how the churn-to-annular transition looks from one study to another. The models also
tended to read images labelled simply as slug as slug—churn, which indicates that the
trained architectures pick up features aligned with a different labelling convention in the
external study.

In sum, the external validation confirms that the models learned meaningful, transfer-
able features for multiphase flow identification. The variation in predictions, most of it on
the transitional states, shows how differences in sensor technology and visual representa-
tion between studies can shift model output. That lesson matters for future work: widening
the training data to span more sensor sources and experimental setups will be central to
building models that generalise more broadly across industrial monitoring systems.

3.5. Comparison with Other Works

The hybrid CNN, transformer, and PEN model developed in this study classifies
seven flow regimes, including three transitional patterns (bubbly—slug, slug—churn, and
churn-annular), in vertical pipelines using wire mesh sensor images. It combines data-
driven learning and physics-encoded constraints, supported by a TinyLlama-based semi-
automated annotation pipeline.

Table 11 sets the hybrid against recent studies, and the comparison shows that it covers
a wider span of flow regimes than most comparable work because it takes in the transitional
patterns explicitly, which industrial applications so often hinge on. In gas-liquid vertical
flows, for instance, Ambrosio et al. [61] handle just three classes from time-series data,
achieving 99.2% accuracy on a single dataset but falling to 92.17% for the best model under
cross-dataset evaluation, while Zhang et al. [62] work with five regimes. Kadish et al. [18]
do include eight classes with transitional regimes, yet their real-time classification accuracy
drops to 61%. Ruiz-Diaz et al. [23] go further still, to ten patterns, but in the different setting
of oil-water rather than gas-liquid flow.

Bringing the CNN, transformer, and PEN components together lets the model learn
across spatial, temporal, and physics-encoded dimensions at once. Ambrosio et al. [61]
show clearly what time-series models such as ResNet, LSTM-FCN, and TSTPlus can do for
dynamic flow pattern recognition, and the present approach carries that further by adding
spatial and physics-based features. Zhang et al. [62] likewise achieve strong performance
with a VGG16-TL + SVM architecture built on pre-trained weights; the hybrid framework
goes beyond this by adding physics-encoded constraints that improve generalisation and
interpretability across regimes.

Comparing these accuracies head to head calls for caution since the models differ in
how many and what kind of regimes they target, in sensor modality, and in experimental
conditions. A study aimed at fewer, visually distinct regimes naturally has a higher accuracy
ceiling, and a model tested on one controlled dataset may not reflect how it generalises
across conditions. These numbers are therefore best read as a picture of the wider research
landscape, not a ranking based on a like-for-like task.

In terms of performance, the hybrid model achieves 95.91% accuracy and a macro
F1-score of 0.96, surpassing Ambrosio et al. (92.17% cross-dataset accuracy based on three
classes), Kadish et al. (61% real-time accuracy based on eight classes), and Ruiz-Diaz et al.
(53.07% validation accuracy based on ten oil-water patterns). Zhang et al. [62] report a
numerically higher accuracy of 98% of a five-class gas-liquid problem using VGG16 transfer
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learning combined with an SVM classifier. This value is not directly comparable; however,
the present model classifies seven regimes including three transitional patterns, which
introduce greater classification difficulty because the visual and structural boundaries
between consecutive regimes overlap continuously. The proposed model maintains 95.91%
accuracy across this harder seven-class space while additionally incorporating physics-
informed regularisation and a semi-automated annotation pipeline, neither of which is

present in the VGG16-SVM approach.

Table 11. Comparison of hybrid approach with other works.

Target Flow . Pipeline
Author(s) i Fluid Type Orientation Model Performance
Bubbly, slug,
. churn, annular, .. 91.7% accuracy
Kadish et al. . Vapour-liquid . CNN (ResNet) + .
[18] mist, and 3 (CO,) Vertical LSTM (offline),
transitional 61% real time
regimes (8 classes)
Model 8: 53.07%
Ruiz-Diaz etal. 10 patterns (e.g., . . Encoder-only validation
[23] VFD o/w, Dw/0) Oil-water Vertical Transformer accuracy, 63.21%
avg. precision
ResNet, 99.2% accuracy
Ambrosio et al. Bubbly, slug, Gas-liquid Vertical LSTM-FCN, (TUD dataset),
[61] churn (3 classes) (air-water) TSTPlus 92.17%
(time series) cross-dataset
Bubbly, slug, . VGG16-TL + .
Zhang et al. churn, annular, Gas-liquid . . 98% accuracy,
. . Vertical SVM (spatial +
[62] dispersed (air—water) . 0.99 F1-score
transfer learning)
(5 classes)
Hybrid
Proposed Bubbly, slug, Lo CNN-TNN-PEN 95.91% accuracy,
. churn, annular, Gas-liquid . (spatial +
Hybrid o S . Vertical 0.96 macro
. and 3 transitional (air-silicone oil) temporal +
Architecture . . F1-score
regimes (7 classes) physics-
encoded)

Beyond data-driven classification, recent advances in physics-based numerical simula-
tion provide complementary perspectives on multiphase flow behaviour. Colour-gradient
lattice Boltzmann models have been used to simulate droplet coalescence and contact-line
dynamics under surface acoustic wave actuation [63] and under varying gravitational con-
ditions [64], resolving interfacial phenomena directly from the governing hydrodynamic
equations. At larger scales, numerical models have been developed to capture the hydro-
dynamic behaviour and particle transport characteristics of three-phase flows in wellbores
with complex geometries [65], and gas-liquid two-phase flow theory has been applied to
predict bottom-hole pressure in gas-lift reverse circulation drilling [66]. These approaches
differ fundamentally from the present work in both objective and method: they solve
mass and momentum conservation equations from first principles to predict the forward
evolution of a flow field and therefore require defined geometry, boundary conditions, and
fluid properties. The present study instead addresses the inverse problem of recognising
flow regimes from sensor images, a setting in which the governing equations and boundary
conditions are not available at the inference time. For this reason, the physics-inspired
regularisation introduced in the PEN branch does not attempt to solve or embed these
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equations; it encodes a weaker qualitative prior, namely the spatial coherence of phase
structure, that remains compatible with image-based learning. Positioned against these
first-principles methods, the contribution of this work is therefore methodological rather
than that of a competing flow solver: it demonstrates how a physically motivated prior
can be incorporated into a learning-based classifier when full hydrodynamic modelling is
impractical. These numerical methods also point to a productive direction for future work,
in which high-fidelity simulations could supply synthetic training data or serve as physical
benchmarks for the learned representations.

This performance, combined with the industrial applicability of the approach sup-
ported by the semi-automated TinyLlama annotation pipeline, positions the hybrid model
as a versatile and robust solution for multiphase flow pattern identification.

3.6. Ablation Study and Statistical Significance Analysis

To quantify the contribution of each branch to the hybrid model and to test whether
the observed improvements are statistically meaningful rather than artefacts of random
initialisation, an ablation study combined with a multi-seed significance analysis was
performed. Seven configurations were evaluated: the three branches in isolation (CNN,
TNN, PEN), the three pairwise combinations (CNN+TNN, CNN+PEN, TNN+PEN), and
the full three-branch model (CNN+TNN+PEN). To ensure a controlled comparison, every
configuration was built from the same branch modules and the same probability-level
fusion head used in the full hybrid so that performance differences are attributable only to
which branches are present and not to architectural changes. Each ablated configuration
uses the integrated branch modules with the indicated branches removed, so no additional
architecture diagrams are required. Each configuration was trained three times using
independent random seeds (42, 123, 2024), and all models were evaluated on the same
held-out test set of 318 images. The mean and standard deviation of the test accuracy,
macro-averaged Fl-score, and weighted F1-score are reported in Table 12.

Table 12. Ablation study: test performance of each configuration (mean =+ standard deviation over
three seeds).

Configuration Test Accuracy (%) Macro F1 Weighted F1
CNN 95.81 £ 0.48 0.958 £ 0.005 0.958 + 0.005
TNN 88.68 £ 0.54 0.882 £ 0.006 0.884 + 0.005
PEN 78.62 £ 11.72 0.759 + 0.159 0.763 £ 0.157
CNN+TNN 96.75 £ 0.36 0.967 + 0.004 0.968 + 0.003
CNN+PEN 96.33 £ 0.65 0.963 £ 0.007 0.963 + 0.007
TNN+PEN 87.84 +£2.32 0.872 4+ 0.027 0.875 £+ 0.027
CNN+TNN+PEN (Full) 96.23 £+ 0.63 0.962 £ 0.006 0.962 + 0.006

The ablation reveals a clear hierarchy among the branches. The CNN is the indis-
pensable component: every configuration that includes it achieves at least 95.8% accuracy,
whereas every configuration without it remains below 89%. The TNN and PEN are weaker
as standalone classifiers, achieving 88.68% and 78.62%, respectively, and the transformer-
plus-physics combination without the CNN (TNN+PEN, 87.84%) does not recover this
gap. This confirms that local spatial feature extraction provides the dominant discrimi-
native signal for wire mesh sensor images, while the transformer and physics branches
are complementary rather than self-sufficient. The PEN configuration also exhibited the
largest variance across seeds, including one run that converged to a substantially lower
accuracy. This reflects the difficulty of training the physics-regularised branch as a stan-
dalone classifier, where the spatial smoothness penalty competes with the classification
objective without the stabilising influence of strong local features. Notably, this instability
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disappears when the branch is combined with the CNN: the CNN+PEN and full config-
urations are stable across all seeds, which supports the interpretation of the PEN as an
auxiliary regulariser rather than an independent classifier.

Adding either the transformer or the physics branch to the CNN produces a consistent
improvement across all seeds. Accuracy rises from 95.81% for the CNN alone to 96.75% for
CNN+TNN and 96.33% for CNN+PEN, and the full model reaches 96.23%. The per-class
F1-scores in Table 13 show that these gains are concentrated in the most difficult regimes:
the churn class improves from 0.88 for the CNN to 0.91 for the full model, and the churn—
annular transition improves from 0.92 to between 0.93 and 0.95. These are precisely the
turbulent and transitional regimes where local texture alone is least discriminative and
where global context and spatial regularisation are expected to help.

Table 13. Ablation study: per-class Fl-score (mean over three seeds).

Configuration Bubbly Bubbly-Slug Slug Slug-Churn Churn Churn-Annular Annular
CNN 0.98 0.98 0.98 0.97 0.88 0.92 1
CNN+TNN 0.99 0.98 0.98 0.96 0.91 0.95 1
CNN+PEN 0.97 0.98 0.98 0.98 0.9 0.93 1
CNN+TNN+PEN (Full) 0.98 0.97 0.97 0.98 091 0.93 1

To quantify these differences, the configurations containing the CNN were com-
pared using the exact McNemar test on the paired test-set predictions, pooled across the
three seeds, together with 95% bootstrap confidence intervals for the accuracy difference
(20,000 resamples). The results are summarised in Table 14. All pairwise McNemar p-values
exceed 0.05, and every bootstrap confidence interval for the accuracy difference includes
zero, so the differences are small relative to run-to-run variability. The full model and the
strongest two-branch configuration (CNN+TNN) differ by only 0.52 percentage points
(p = 0.49), a negligible margin. This is consistent with the model-level McNemar result
reported in Section 3.3 and reflects the limited resolving power of a 318-image test set for
differences of this magnitude.

Table 14. Statistical comparison of configurations (McNemar exact test and bootstrap 95% confidence

intervals, pooled over three seeds).

Comparison Dié:::;:?;%) 95% CI (%) McNemarp  Significant
Full vs. CNN 0.42 [—0.63, +1.57] 0.58 No
CNN+TNN vs. CNN 0.94 [—0.31, +2.20] 0.19 No
CNN+PEN vs. CNN 0.52 [-0.52, +1.57] 0.44 No
Full vs. CNN+TNN —0.52 [—1.68, +0.63] 0.49 No
Full vs. CNN+PEN —0.10 [—1.26, +1.05] 1 No

Taken together, these results lead to three conclusions. First, although the pairwise
differences on the test set are small and fall within run-to-run variability (all McNemar
p > 0.05, with bootstrap intervals including zero), every multi-branch configuration out-
performs the CNN baseline across all three seeds; this consistent ranking indicates that
the transformer and physics branches contribute genuine complementary information
rather than random fluctuation. Second, the resolving power of a single 318-image test
set is limited for accuracy differences of this magnitude, so a higher-powered comparison
based on all out-of-fold predictions from repeated cross-validation is reported in Section 3.7.
Third, the full three-branch model is retained not on the basis of a decisive accuracy margin,
which the present data do not establish, but because it integrates the transformer’s global
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context with the physics branch’s spatial regularisation and interpretability, providing the
most physically consistent representations while matching the accuracy of the strongest
configuration. This is consistent with the characterisation of the PEN as a physics-inspired
regulariser in Section 2.5.

3.7. Cross-Validation and Generalisability Analysis

The results reported so far rely on a single held-out test set. Given the moderate size of
the dataset, a repeated cross-validation analysis was performed to confirm that the reported
performance is not an artefact of one particular partition and to provide a higher-powered
test of the difference between the hybrid and the CNN. The 2131 images were pooled and
divided into five stratified folds that preserved the class distribution; each fold served
once as the held-out evaluation set while the remaining folds were used for training, with
15% of the training portion reserved for validation-based early stopping. Both the full
hybrid model and the CNN backbone were evaluated under this protocol. Because the
perceptual-hash audit in Section 2.1 found no near-duplicate frames across the dataset, the
folds are not contaminated by near-identical images.

Table 15 reports the mean and standard deviation of the test accuracy and macro
Fl1-score across the five folds. The hybrid achieved 95.96% == 2.02% accuracy with a macro
Fl-score of 0.958 + 0.021, and the CNN achieved 95.26% =+ 1.32% with a macro Fl-score of
0.951 £ 0.013. The cross-validated mean for the hybrid is almost identical to the 95.91%
obtained on the original held-out test set, which indicates that the reported performance
is representative of the model’s behaviour across different data partitions rather than
the result of a favourable split. This directly addresses the concern that a model of this
capacity might overfit a dataset of this size: the close agreement between the single-split
and cross-validated results, together with the small fold-to-fold variation, indicates stable
generalisation across the available data.

Table 15. Five-fold cross-validation performance (mean + standard deviation).

Model Accuracy (%) Macro F1-Score
Hybrid (CNN+TNN+PEN) 95.96 £+ 2.02 0.958 + 0.021
CNN 95.26 4+ 1.32 0.951 £+ 0.013

Pooling the out-of-fold predictions yields one prediction for every image in the
dataset, allowing the hybrid and the CNN to be compared on 2131 paired samples rather
than the 318 of the single test set. On these pooled predictions, the hybrid achieved
95.96% accuracy and the CNN 95.26%, a difference of 0.70 percentage points (95% boot-
strap confidence interval —0.52 to +1.92). The exact McNemar test gave p = 0.15, with the
hybrid correct on 55 samples that the CNN misclassified and the CNN correct on 40 that
the hybrid misclassified. Although this margin remains modest even at the full dataset
scale, the hybrid is directionally favoured, and its per-class out-of-fold F1-scores are greater
than or equal to those of the CNN for every regime, with the clearest gains in the churn
(0.91 versus 0.89) and bubbly-slug transition (0.97 versus 0.95) classes. This is consistent
with the ablation in Section 3.6 and supports the interpretation that the additional branches
provide a small but consistent benefit concentrated in the most difficult regimes rather than
a large overall accuracy gain.

This analysis evaluates generalisation across partitions of the present wire mesh
sensor dataset. Generalisation to genuinely different operating conditions, fluids, and
pipe geometries is a separate question, examined qualitatively on independent datasets in
Section 3.4, and remains an important direction for future work.
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3.8. Sensitivity to the Physics-Weight Parameter

The physics regularisation term in the hybrid loss is scaled by a weight A, set to 0.05
in the main experiments. To assess the model’s sensitivity to this choice and to determine
whether the physics penalty itself drives classification performance, the full hybrid was
retrained with A € {0, 0.01, 0.05, 0.1, 0.2}, each over three random seeds, under the controlled
protocol of Section 3.6. The case A = 0 corresponds to the full architecture with the physics
penalty disabled, which isolates the effect of the penalty from that of the physics branch
itself. The results are reported in Table 16.

Table 16. Sensitivity of the hybrid model to the physics-weight A (mean = SD over three seeds).

A Test Accuracy (%) Macro F1

0 (penalty off) 97.38 £ 0.65 0.974 £ 0.007
0.01 95.60 £ 0.63 0.956 + 0.006
0.05 96.96 £ 0.48 0.970 £ 0.005
0.1 96.86 & 0.54 0.968 £ 0.006
0.2 97.17 £ 0.31 0.972 £ 0.003

The model is robust to the choice of A: accuracy varies by about one percentage point
across the full range, and the differences are minor, with A = 0 versus A = 0.05 giving
an exact McNemar p-value of 0.45. The penalty does not by itself increase accuracy; the
configuration with the penalty disabled performs comparably to those with it enabled.
This confirms that the discriminative performance of the hybrid is supplied by the data-
driven branches, while the physics-inspired penalty acts as an accuracy-neutral regulariser.
Two practical conclusions follow. First, the default of A = 0.05 is a robust rather than a finely
tuned choice since neighbouring weights perform comparably. Second, increasing A as
far as 0.2 does not degrade performance on the turbulent and transitional regimes: the
churn Fl-score remains between 0.93 and 0.94 across all non-zero weights. This is directly
relevant to the concern that enforcing spatial smoothness could be inappropriate for churn
flow. Because the penalty operates on learned feature-map activations rather than on the
raw phase distribution and is applied with a small weight, it regularises the representation
without suppressing the discriminative structure of turbulent regimes.

4. Conclusions

This study presented a hybrid neural network architecture that integrates convolu-
tional, transformer, and physics-encoding networks for multiphase flow pattern identifi-
cation in vertical pipelines. A semi-automated annotation pipeline combining TinyLlama
auto-labelling with physics-encoded rule-based correction was used to produce a labelled
dataset of 2131 images spanning seven flow regimes.

Each standalone model demonstrated complementary strengths. The CNN achieved a
test accuracy of 94.34%, reflecting its capacity for extracting local spatial features from wire
mesh sensor images. The TNN achieved 88.05% accuracy by capturing long-range spatial
dependencies through multi-head self-attention. The PEN achieved 85.22% accuracy while
enforcing physical consistency through gradient-based spatial regularisation applied to the
learned feature maps. Integrating these three branches into a unified hybrid architecture
improved overall classification performance to 95.91% test accuracy with a macro F1-
score of 0.96. The fusion of spatial, long-range, and physics-informed representations
reduced misclassifications in turbulent and transitional regimes, including churn and slug-
churn transition, where visual distinctions between flow structures are least pronounced.
A multi-seed ablation study confirmed that the convolutional branch provides the dominant
discriminative signal, while the transformer and physics-inspired branches contribute

https://doi.org/10.3390/fluids11090210


https://doi.org/10.3390/fluids11090210

Fluids 2026, 11, 210

44 of 47

References

smaller, complementary improvements that are small but consistent across seeds on the
held-out test set. The physics-inspired branch was most effective as a regulariser within
the hybrid rather than as a standalone classifier.

These results demonstrate that combining data-driven learning with physics-inspired
regularisation produces a classifier that is at least as accurate as its strongest individual
component while offering improved spatial consistency and interpretability. The hybrid
model offers a scalable solution for flow pattern monitoring in industrial pipeline systems,
with the potential to reduce risks associated with transitional instabilities that affect pressure
gradients, throughput, and equipment safety. The model also provides interpretable
outputs through Grad-CAM and attention maps, supporting operator understanding of
the classification decisions.

It should also be noted that the dataset was acquired from a single wire mesh sensor
facility using a single air-silicone oil fluid pair; establishing generalisation to other facilities,
fluids, and pipe geometries would require independent datasets and remains an objective
for future work. Future work could extend this framework to real-time sensor streams and
multimodal inputs, building on recent advances in neural network-driven flow metering.
Deployment across a wider range of pipeline geometries and fluid combinations would
further validate the generalisability of the proposed approach and its suitability for diverse
operational conditions.
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//www.mdpi.com/article/10.3390/fluids11090210/s1, Figure S1: Experimental flow loop facility;
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against independent expert labels; Table S1: Per-class agreement of the automated labelling stage
with independent expert labels.
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