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Abstract

As information and sensor technologies advance swiftly, data-driven approaches have
emerged as a dominant paradigm in scientific research. In the petroleum industry, precise
forecasting of patterns of two-phase flow involving oil and water is essential for enhanc-
ing production efficiency and ensuring safety. This study investigates the application of
Kolmogorov–Arnold Networks (KAN) for predicting patterns of two-phase flow involving
oil and water and compares it with the conventional Multi-Layer Perceptron (MLP) neural
network. To obtain real physical data, we conducted the experimental section to simulate the
patterns of two-phase flow involving oil and water under various well angles, flow rates, and
water cuts at the Key Laboratory of Oil and Gas Resources Exploration Technology of the
Ministry of Education, Yangtze University. These data were standardized and used to train
both KAN and MLP models. The findings indicate that KAN outperforms the MLP network,
achieving 50% faster convergence and 22.2% higher accuracy in prediction. Moreover, the
KAN model features a more streamlined structure and requires fewer neurons to attain
comparable or superior performance to MLP. This research offers a highly effective and
dependable method for predicting patterns of two-phase flow involving oil and water in
the dynamic monitoring of production wells. It highlights the potential of KAN to boost the
performance of energy systems, particularly in the context of intelligent transformation.

Keywords: production logging; flow pattern prediction; oil–water two-phase flow;
Kolmogorov–Arnold network; multi-layer perceptron

1. Introduction
The rapid advancement of information and communication technologies, coupled

with the proliferation of connected devices and sensor networks, has resulted in an un-
precedented surge of data in numerous fields. This includes critical sectors such as financial
services [1,2], the oil and gas industry [3,4], and digital communication platforms [5]. These
extensive datasets encapsulate the intricate spatiotemporal characteristics of operational
processes, thereby providing valuable insights and strategic opportunities to optimize
efficiency [6–9]. The concurrent increase in computational capabilities, improvements in
hardware technology, enhanced data literacy, and the evolution of sophisticated data-driven
modeling techniques have collectively fueled the explosive growth of data-centric research
endeavors [10–12]. Such research has proven instrumental in enhancing performance and
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advancing the comprehension of exploration, development, and production optimization
within the petroleum sector [13–16]. As data-driven methodologies permeate various disci-
plines, we are witnessing the emergence of a new era in scientific inquiry—often termed
the “data-centric scientific paradigm.” In this paradigm, data serves as the primary basis
for decision-making, distinct from the conventional reliance on computational simulations
or theoretical frameworks that are strictly grounded in physical laws [17].

The initial triumphs in data-driven methodologies largely relied on multi-layer feed-
forward neural architectures, particularly MLPs. Researchers have long recognized MLPs
for their capacity to approximate complex functions, a capability supported by the uni-
versal approximation theorem [18,19]. Although MLPs excel at establishing nonlinear
relationships within high-dimensional spaces, they face notable challenges. These include
susceptibility to local minima, overfitting, and a “black-box” characteristic complicating
interpretability. Historically, researchers often disregarded the black-box nature of MLPs
due to their strong predictive performance. However, as the need for model transparency
and the ability to trace causal relationships in predictive tasks has grown, the scientific
community has increasingly focused on the interpretability of MLPs [20].

Addressing the limitations of MLPs in applications where transparency and inter-
pretability are crucial, researchers have proposed KANs as a promising alternative [21].
Grounded in the Kolmogorov–Arnold theorem, which asserts that any multivariate function
can be decomposed into the sum of univariate functions, KANs provide a new framework
for interpreting the complex nonlinear relationships in neural networks. This theorem
enables the decomposing of intricate multivariate functions into simpler, more interpretable
components. KANs have shown modeling accuracy comparable to or exceeds that of MLPs
while offering enhanced interpretability. However, the comparative performance of KANs
and MLPs in various practical applications, such as image recognition, text processing,
solving differential equations, predicting time-series data, simulating fluid dynamics, and
monitoring the dynamic behavior of production wells in the petroleum industry, remains
an ongoing topic of discussion [22–26].

In the petroleum industry, multiphase flow phenomena are encountered throughout
the entire oil and gas exploration, production, and transportation lifecycle [27]. Among
these, patterns of two-phase flow involving oil and water is particularly prevalent and
significantly influences the efficiency of offshore oil field development, the safety of pro-
duction equipment, and overall economic benefits. For example, in non-vertical wells, such
as deviated and horizontal wells, the fluid within the wellbore is influenced by multiple
physical forces, including gravity, centrifugal force, and wall friction. These forces form
complex and dynamic flow patterns, such as stratified, slug, and dispersed flows. With
the expansion of offshore oil field development, the prevalence of non-vertical wells has
increased. However, these wells face several production challenges. Variations in flow pat-
terns can cause production fluctuations and reduce efficiency. The complex flow conditions
can also lead to pipeline corrosion and instrument failure, which increase maintenance costs
and cause production delays, ultimately harming economic benefits. Consequently, the
development of accurate, reliable, and interpretable methods for flow pattern recognition
has become a critical requirement for the advancement of petroleum engineering [28].

Addressing the aforementioned technical challenges and research opportunities, this
study systematically compares the performance of KANs and MLPs in fluid pattern predic-
tion. Utilizing a multidimensional evaluation framework that includes (1) model training effi-
ciency and (2) prediction accuracy (assessed through confusion matrix analysis of prediction
results across various categories), empirical results demonstrate that KAN models maintain
comparable prediction accuracy while reducing training steps by approximately 50%. This
represents a significant improvement over traditional MLP architectures. These findings pro-
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vide an interpretable and efficient modeling tool for dynamic optimization decision-making
in the energy extraction sector, offering substantial engineering application value.

This research is laid out as follows: in Section 2, we explore the details of how KAN
and MLP work. Section 3 details the experimental methodology employed in the study.
Section 4 examines how we trained the networks. In Section 5, we break down how KAN
and MLP compare. Finally, we wrap things up with some closing thoughts.

2. Method
2.1. Multi-Layer Perceptron

The Multi-Layer Perceptron (MLP) is a classic feedforward artificial neural network
and fundamental architecture for deep learning. Mathematically, an MLP with L hidden
layers maps an input vector x ∈ Rn to an output y ∈ Rm through a series of nonlinear
transformations applied layer by layer.

The architecture of an MLP network comprises three main components: the input
layer, hidden layers, and the output layer. The input layer functions to accept the initial
input x. Each hidden layer l(l = 1, 2, . . . , L) carries out the subsequent operations:

h(l) = σ(W(l)h(l−1) + b(l)) (1)

Here, h(l−1) ∈ Rdl−1 represents the output from the previous layer (h(0) = x), W(l) ∈
Rdl×dl−1 and b(l) ∈ Rdl are the learnable weight matrix and bias vector, respectively, and
σ(·) is a fixed nonlinear activation function (such as ReLU, Sigmoid).

The output layer generates the final prediction through a linear transformation:

y = W(L+1)h(L) + b(L+1) (2)

The Universal Approximation Theorem ensures that an MLP with at least one hidden
layer and sufficient width can approximate any continuous function on a compact domain.
However, the theorem does not provide an explicit method for constructing the network.
Figure 1 illustrates an MLP network model with two hidden layers. For a more in-depth
understanding of the MLP’s operation, refer to [29–32].

Figure 1. MLP with two hidden layers model diagram.
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2.2. Kolmogorov–Arnold Network

The KAN is a new type of neural network architecture based on the Kolmogorov–
Arnold representation theorem, which states that if f (x) is a continuous multivariate
function defined on a bounded domain, then it can be expressed as a finite composition of
continuous single-variable functions and the binary operation of addition.

The theorem of Kolmogorov–Arnold indicates that any continuous multivariate func-
tion f (x) ∈ C([0, 1]n) can be expressed as:

f (x) =
2n+1

∑
q=1

Φq(
n

∑
p=1

ψq,p(xp)) (3)

Here, ϕq,p maps the interval [0, 1] to R, and ψq,p maps R to R. This representation
suggests that addition is the fundamental multivariate operation, as other functions can be
constructed by combining unary functions through summation.

The architecture of KAN consists of three main layers: the input transformation layer,
the feature aggregation layer, and the output synthesis layer. In the input transforma-
tion layer, each input variable xp is independently transformed through 2n + 1 learnable
univariate functions

{
ψq,p

(
xp

)}
:

hq,p = ψq,p
(
xp

)
, q = 1, . . . , 2n + 1; p = 1, . . . , n (4)

The feature aggregation layer sums the transformed results along the input dimension
to generate intermediate variables

{
zq
}

:

zq =
n

∑
p=1

hq,p (5)

The output synthesis layer synthesizes the final output through univariate functions{
Φq

(
zq
)}

:

y =
2n+1

∑
q=1

Φq
(
zq
)

(6)

Like MLP, KAN employs a fully connected architecture. However, whereas MLP
utilizes fixed activation functions at each node (“neurons”), KAN incorporates learnable
activation functions on the edges (“weights”). Figure 2 depicts a standard three-layer KAN
model. For a more in-depth understanding of the KAN’s operation, refer to [33–35].

 

Figure 2. KAN model diagram.
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3. Experimental Work
3.1. Experimental Device

This study conducted experimental research on oil–water two-phase flow dynamics at
the Multiphase Flow Laboratory of the Key Laboratory of Exploration Technologies for Oil
and Gas Resources (Ministry of Education) at Yangtze University. Figure 3 illustrates the
schematic diagram of the experimental setup. The main platform consists of a transparent
cylindrical glass conduit with an inner diameter of 15.6 cm and a total length of 12 m,
equipped with stainless steel observation sections (1 m each) at both ends for real-time
recording of flow pattern dynamics. The experimental system integrates an oil–water
mixing unit, a flow regulation module, and a data acquisition device. The oil phase is
composed of No. 10 industrial white oil (density 0.8263 g/cm3, viscosity 2.92 mPa·s), while
the water phase is tap water (density 0.9884 g/cm3, viscosity 1.16 mPa·s). The two phases
are precisely proportioned through a mixer controlled by an electric ball valve.

Figure 3. Schematic of experimental setup. 1—simulation borehole simulator, 2—well deviation
regulator, 3—oil–water mixer, 4—positioning control valve, 5—flow meter, 6—pump, 7—water
storage tank, 8—oil storage tank, 9—phase separator.

The experimental platform is equipped with a Resistance Array Tool (RAT) and a
Capacitance Array Tool (CAT), developed by Sondex Ltd. (Farnborough, UK), which are
used to monitor the fluid’s electrical conductivity and dielectric constant distribution, re-
spectively. The RAT captures real-time changes in the oil–water interface resistance through
12 bow-shaped spring sensors (see Figure 4). Based on circular capacitive measurement
principles, the CAT analyzes the spatial distribution characteristics of different phases (see
Figure 5). Data acquisition is set at a rate of 10 m/min and synchronized with high-speed
camera recordings to obtain flow pattern images and physical parameters simultaneously.

Figure 4. A photograph of the actual RAT device.
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Figure 5. A photograph of the actual CAT device.

3.2. Experimental Design

The experimental program encompasses four wellbore inclinations (0◦ vertical, 60◦

deviated, 85◦ near-horizontal, and 90◦ horizontal), three total flow rates (100, 300, and
600 m3/day), and five water cut levels (20%, 40%, 60%, 80%, and 90%). The experiments
are conducted in a constant temperature environment (20 ± 1 ◦C) and under atmospheric
pressure to replicate actual operating conditions. Each experimental run lasts 2 min, with
data recorded after flow stabilization. A rapid valve-closure technique is employed to
freeze the flow pattern, ensuring data representativeness instantaneously.

During the process, the original data were verified, and photos and videos were
taken. Figure 6 presents the two-phase flow involving the oil and water pattern diagram
(schematic source: literature [36]) and high camera records, which are as follows:

• SS (a1,a2): The oil and water flow in distinct layers with a smooth interface.
• ST & MI (b1,b2): The oil and water flow in layers, but there is some mixing at the interface.
• W/O (c1,c2): The water is dispersed in the oil phase.
• DW/O & O/W (d1,d2): The upper layer is water dispersed in oil, and the lower layer

is oil with water droplets.
• DO/W & W (e1,e2): The upper layer is oil dispersed in water, and the lower layer is water.

a1

b1

c1

d1

e1

a2

b2

c2

d2

e2

Figure 6. Comparison of theoretical (left) and experimental (right) flow patterns.

3.3. Experimental Data Processing

Upon completion of the experiment, to facilitate statistical analysis, the smooth strati-
fied flow (SS) and the stratified flow with mixing at the interface (ST&MI) were merged
into a single category termed stratified flow (ST). To effectively compare the MLP neural
network’s and KAN’s prediction performance in identifying patterns of two-phase flow
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involving oil and water, a total of 60 experimental datasets were selected for this study. The
well inclination angle, total flow rate, and water cut were utilized as features, while the
flow pattern served as the label.

The experiment collected 60 valid datasets divided into training and testing sets in a
7:3 ratio. The sample data are depicted in Figure 7. The well inclination angle, total flow
rate, and water cut were utilized as features, while the flow pattern served as the label. The
input features included wellbore inclination, total flow rate, and water cut. Since neural
networks cannot process non-numerical inputs during training, the four flow patterns were
assigned target values, as detailed in Table 1. The data underwent standardization using the
Z-score method to eliminate dimensional discrepancies. The formula for standardization is:

z = x−µ
σ (7)

Here, x denotes the original data point, µ represents the mean of the data, and σ

indicates the standard deviation of the data.

 
(a) (b) 

  
(c) (d) 

Figure 7. (a) illustrates the flow pattern for vertical upward flow (0◦). (b) depicts the flow pattern at
an inclination angle of 60◦. (c) shows the flow pattern at an inclination angle of 85◦. (d) presents the
flow pattern for horizontal flow (90◦).

Table 1. Numerical representation of flow patterns.

Flow Pattern Num

W/O 0
ST 1

DO/W 2
DW/O&O/W 3
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4. Network Training
4.1. Implementation Steps of MLP

Data preprocessing uses the MLP to predict patterns of two-phase flow involving oil
and water. Subsequently, the MLP network is trained using the preprocessed data to optimize
the training samples’ performance. The detailed implementation process is as follows:

Construct an MLP network with two hidden layers. Hidden layers 1 and 2 contain 12
and 6 neurons, respectively. The learning rate is manually adjusted to 0.001.

Proceed with the network training. Choose the suitable training function and training
method. This study selects the ReLU activation function for the hidden layer and applies the
softmax activation function to the output layer. The network uses the ‘model.fit()’ function
in the Keras framework for model training, and then sparse_categorical_crossentropy is
the loss function.

The data is accessible via the network, and the predicted value is subsequently derived.
Figure 8 illustrates the training process. Upon reaching 600 training steps, the Train

Loss converges. The prediction results obtained from the MLP neural network training
consist of 42 sample datasets, as depicted in Figure 9. The solid blue circles represent the
actual values, while the orange crosses denote the predicted values. The predicted values
closely match the actual values, with only five incorrect predictions made by the MLP
neural network in total.

Figure 8. MLP neural network training process.

Figure 9. MLP training results.
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4.2. Implementation Steps of KAN

When employing KAN to predict the patterns of two-phase flow involving oil and
water, the same dataset as that used for the MLP neural network is selected, with 30%
allocated as the test set. The detailed implementation process is as follows:

Construct a KAN with two hidden layers and set the number of training steps to 300,
matching the configuration of the previously used MLP network. However, only seven
neurons must be set per layer (2n + 1). Due to the characteristics of KAN, the learning rate
is adjusted by the model itself, but it needs to give an initial value set to the same 0.001 as
the MLP.

Continue to conduct network training. In KAN, the core implementation of the
activation function is based on the B-spline basis function, and cubic B-splines are used in
this study.

The data is accessible via the network, and the predicted value is subsequently derived.
The training process is depicted in Figure 10. Upon reaching 300 training iterations,

the Train Loss value stabilizes. Following the training of the KAN model, predictions were
made for 42 sample datasets in the test set, with the results presented in Figure 11. The
solid blue circles represent the actual values. At the same time, the orange crosses indicate
the predicted values. The KAN model’s predictions align closely with the actual values
when predicting the patterns of two-phase flow involving oil and water. Nevertheless,
additional evaluation is necessary to determine the model’s accuracy in the test set.

Figure 10. KAN training process.

Figure 11. KAN training results.
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5. Result & Discussion
This study employs the trained KAN model to align the prediction results more

closely with actual production logging dynamic monitoring requirements to achieve more
accurate predictions of the patterns of two-phase flow involving oil and water. During the
experiment, analysis of the flow pattern diagrams for well inclinations of 0 degrees (vertical
upward), 60 degrees (upward inclined), 85 degrees (upward inclined), and 90 degrees
(horizontal) in Figure 7, revealed that the two-phase flow involving oil and water is
influenced by three primary factors: inclination angle, flow rate, and water content. The
outcomes of the KAN model are in agreement with the experimental findings.

Comparison of the KAN Model with the MLP Neural Network

A comparative analysis of Figures 8 and 10 reveals that while MLP requires 600 training
steps to achieve convergence in Train Loss values, KAN attains convergence in merely half
the number of steps. A comparative analysis of Figures 9 and 11 reveals that KAN exhibits
superior predictive performance on the test dataset relative to MLP, thereby indicating that
the model trained with KAN possesses enhanced generalization capabilities compared
to the MLP-trained model. This demonstrates that MLP’s performance in patterns of
two-phase flow involving oil and water prediction is only 50% of that of KAN.

Figure 12 shows the Test Confusion Matrix of KAN and MLP, respectively, which can
clearly show whether the prediction effect of the two is good or bad. The horizontal axis
represents the flow pattern predicted by the model, while the vertical axis shows the actual
flow pattern obtained from the physical experiment. The higher the value on the main
diagonal, the more accurate the model’s prediction is. KAN has only one value that is not
on the main diagonal, while the image of MLP is rather chaotic, with five values not on the
main diagonal.

 
Figure 12. Left is the confusion matrix of the KAN test set. Right is the confusion matrix of the MLP
test set.

Table 2 illustrates the prediction results for the MLP neural network across 18 test
sample points, whereas Table 3 provides the corresponding results for the KAN model. The
bold rows in the table represent the incorrect predictions. By analyzing these two tables, it
can be quickly concluded that the MLP neural network prediction error is significant. In
contrast, the error of the KAN model prediction is minor.
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Table 2. Flow pattern prediction results of MLP test points.

Well Angle
(◦)

Flow Rate
(m3/Day) Water Cut (%) Oil Density

(g/cm3)
Water Density

(g/cm3)
Actual
Pattern

Predicted
Pattern

0 100 80 0.8263 0.9884 DO/W&W DO/W&W
0 100 90 0.8263 0.9884 DO/W&W DO/W&W
0 300 20 0.8263 0.9884 DO/W&W DW/O&O/W
0 300 40 0.8263 0.9884 DO/W&W DW/O&O/W
0 600 20 0.8263 0.9884 W/O W/O
60 100 20 0.8263 0.9884 DO/W&W DO/W&W
60 100 40 0.8263 0.9884 DO/W&W W/O
60 300 60 0.8263 0.9884 W/O W/O
60 300 80 0.8263 0.9884 DW/O&O/W DW/O&O/W
60 600 90 0.8263 0.9884 DW/O&O/W DW/O&O/W
85 100 20 0.8263 0.9884 ST ST
85 100 90 0.8263 0.9884 ST ST
85 300 80 0.8263 0.9884 DO/W&W DO/W&W
85 300 90 0.8263 0.9884 DO/W&W DO/W&W
85 600 60 0.8263 0.9884 W/O DO/W&W
90 100 80 0.8263 0.9884 ST ST
90 300 40 0.8263 0.9884 DW/O&O/W DW/O&W
90 600 80 0.8263 0.9884 DW/O&O/W DW/O&O/W

Table 3. Flow pattern prediction results of KAN test points.

Well Angle
(◦)

Flow Rate
(m3/Day) Water Cut (%) Oil Density

(g/cm3)
Water Density

(g/cm3)
Actual
Pattern

Predicted
Pattern

0 100 80 0.8263 0.9884 DO/W&W DO/W&W
0 100 90 0.8263 0.9884 DO/W&W DO/W&W
0 300 20 0.8263 0.9884 DO/W&W DO/W&W
0 300 40 0.8263 0.9884 DO/W&W DO/W&W
0 600 20 0.8263 0.9884 W/O W/O
60 100 20 0.8263 0.9884 DO/W&W DO/W&W
60 100 40 0.8263 0.9884 DO/W&W DO/W&W
60 300 60 0.8263 0.9884 W/O W/O
60 300 80 0.8263 0.9884 DW/O&O/W W/O
60 600 90 0.8263 0.9884 DW/O&O/W DW/O&O/W
85 100 20 0.8263 0.9884 ST ST
85 100 90 0.8263 0.9884 ST ST
85 300 80 0.8263 0.9884 DO/W&W DO/W&W
85 300 90 0.8263 0.9884 DO/W&W DO/W&W
85 600 60 0.8263 0.9884 W/O W/O
90 100 80 0.8263 0.9884 ST ST
90 300 40 0.8263 0.9884 DW/O&O/W DW/O&O/W
90 600 80 0.8263 0.9884 DW/O&O/W DW/O&O/W

The MLP neural network exhibits some prediction errors under specific conditions.
For instance, when the well inclination is 0 degrees (vertical up), the flow rate is moderate,
and the water cut is low, DO/W&W is incorrectly predicted as DO/W&O/W. Similarly,
when the well slope is 60 degrees (upslope), the flow rate is low, and the water cut is
low, DO/W&W is predicted as O/W. When the well slope is 85 degrees (updip), the flow
rate is high, and the water cut is moderate, W/O is predicted as DO/W&W. Additionally,
when the well inclination is 90 degrees (horizontal), the flow rate is moderate, and the
water cut is low, DO/W&O/W is predicted as DO/W&W. In contrast, the KAN model
demonstrates smaller prediction errors than the MLP neural network. For example, when
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the well slope is 60 degrees (upslope), the flow rate is moderate, and the water cut is high,
DW/O&O/W is accurately predicted as W/O. Overall, the KAN model’s predictions align
well with the experimental results, whereas the MLP neural network’s predictions show
larger discrepancies.

In addition, in this study, both KAN and MLP were provided with two hidden layers,
but only seven neurons were provided in each hidden layer of KAN. In contrast, 12 neurons
were required in the first hidden layer of MLP and six neurons in the second hidden layer.
The accuracy of the prediction results combined with the actual training of KAN and MLP
shows that KAN is superior to MLP in predicting patterns of two-phase flow involving oil
and water.

6. Conclusions
This paper primarily investigates the utilization of KAN for forecasting patterns of two-

phase flow involving oil and water. It compares their performance with the traditional MLP
neural network. The research findings demonstrate that KAN achieves greater accuracy in
predicting the flow configurations of oil–water mixtures. Experimental validation indicates
that the KAN model’s predictions under various operating conditions closely match the
flow configurations. KAN exhibits higher training efficiency, with a significantly lower
training loss value than the MLP network. As a result, KAN can monitor production
logging records in real time. Implementing this approach to forecast additional uncertain
factors in oil fields, like solid deposits, can safeguard the reliable functioning of production
facilities, markedly lower operational expenses, and fulfill stringent production efficiency
demands, thus possessing substantial practical significance in engineering applications.

Recognizing the significant differences between the surface experimental environment
and the downhole logging environment is essential. Directly using the experimental results
can cause mistakes. When using the KAN model to interpret multiphase flow in production
logging downhole, we still need to check if its calculations are accurate.
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