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ABSTRACT

The rate of penetration (ROP) is a critical statistic for evaluating drilling efficiency, and its accurate
prediction is essential for improving drilling performance and reducing operational costs. Conventional
physical ROP models are theoretically sound but exhibit limited predictive accuracy, while machine
learning algorithms can achieve higher precision yet often lack sufficient interpretability and general-
ization capability. Therefore, this study presents a physics-informed neural network (PINN)-based
hybrid model for ROP prediction and transfer generalization. The proposed approach integrates the
mechanical specific energy and Soares ROP models as physical constraints and establishes a hybrid deep
learning architecture that combines a squeeze-and-excitation residual network (SE-ResNet), bidirec-
tional long short-term memory (BiLSTM), and self-attention mechanism (SAM). Within this framework,
an adaptive loss weighting strategy is introduced into a unified loss function to dynamically balance the
contributions of data fitting and physical constraints during training. The experimental results show
that compared with traditional physical models and mainstream intelligent algorithms such as support
vector regression (SVR), back propagation neural network (BP), LSTM, the PINN model demonstrates
superior predictive performance, with a root mean square error (RMSE) of 6.214, mean absolute error
(MAE) of 3.483, mean absolute percentage error (MAPE) of 6.102%, and coefficient of determination (R?)
of 0.953. Furthermore, to evaluate the model’s cross-domain generalization capability, zero-shot and
few-shot transfer learning approaches are investigated. The few-shot transfer method achieves a MAPE
of 10.413%, confirming the model’s adaptability and robustness across different drilling datasets. This
study helps to advance the deep integration of artificial intelligence, big data, and other technologies
with traditional drilling mechanism models, and has significant theoretical and engineering application
value.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).
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1. Introduction

As oil and gas exploration advances into complex environments
such as deepwater and ultra-deep formations, drilling operations
face increasing challenges related to safety, cost, and efficiency
(Wang et al., 2022; Zheng et al., 2022). The geological complexity,
poor drillability, and high abrasiveness of deep formations signif-
icantly hinder drilling acceleration, becoming major constraints on
efficient hydrocarbon development (Etesami et al., 2021;
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Gooneratne et al., 2020). As a core component of modern intelli-
gent drilling systems, rate of penetration (ROP) prediction plays a
crucial role in improving drilling efficiency and reducing opera-
tional costs (Pei et al.,, 2024). Accurate ROP prediction enables
better control of drilling parameters, enhances time efficiency, and
ensures safe and effective operations, thereby supporting the
digital and intelligent transformation of drilling technologies
(Wan et al., 2024; Lee et al., 2025).

The development of drilling ROP prediction research can be
broadly divided into two stages: the first stage involves physics-
based ROP modeling, while the second is characterized by data-
driven prediction using intelligent algorithms. Early ROP predic-
tion efforts were primarily grounded in physical and empirical
modeling. The foundation of mechanical ROP modeling was laid by
Maurer (1962), who established a quantitative relationship among
ROP, weight on bit (WOB), and revolutions per minute (RPM).
Building on this, Bingham (1965), Bourgoyne Jr and Young Jr (1974)
extended the framework through empirical calibration and mul-
tiple regression to account for the combined effects of drilling
parameters and formation characteristics. Later studies enhanced
the physical realism of ROP formulations by introducing various
rock mechanical and operational factors, including internal fric-
tion, porosity, compressive strength, and bit wear effects (Warren,
1981; Walker et al., 1986; Hareland and Rampersad, 1994).
Motahhari et al. (2010) developed a quantitative ROP model for
polycrystalline diamond compact (PDC) bits that explicitly
accounted for bit wear and rock strength effects. In a subsequent
study, Al-Abduljabbar et al. (2019) enhanced the predictive accu-
racy of regression-based ROP models by applying advanced sta-
tistical optimization techniques.

The emergence of big data and artificial intelligence has
transformed ROP prediction modeling into a data-driven paradigm
(Li et al., 2024b; Akkus et al., 2025). Numerous researchers have
developed a variety of machine learning-based ROP prediction
models, such as artificial neural networks (ANN), random forest
(RF), support vector regression (SVR), time convolutional network
(TCN), and multi-layer perceptron (MLP), which have demon-
strated superior predictive performance compared to conven-
tional physics-based models (Elkatatny et al., 2020; Yin et al,,
2024; Ahmed et al, 2019; Fan et al, 2025a; Brenjkar and
Delijani, 2022). In recent studies, researchers have employed
advanced techniques such as temporal modeling, ensemble algo-
rithms, feature correlation analysis, improved optimization algo-
rithms, dynamic time warping, and data stream learning
frameworks to predict ROP. Compared with single-method ap-
proaches, these methods have effectively improved model pre-
diction accuracy and computational efficiency (Gan et al.,, 2022;
Shaygan and Jamshidi, 2023; Ghanitoos et al., 2024; Su et al,,
2024; Yang et al.,, 2025; Junior and Lavi, 2025). However, ma-
chine learning models are often characterized by their “black box”
nature. Lacking the constraints of physical prior knowledge, these
models face challenges in achieving strong generalization capa-
bility and interpretability while maintaining high predictive pre-
cision (Allawi et al., 2025; Tu et al., 2024).

As a result, hybrid modeling strategies that combine physical
mechanisms with intelligent algorithms have gained increasing
attention. Ren et al. (2023) and Jiao et al. (2024) established sys-
tematic hybrid frameworks that integrate machine learning with
physical equations through residual correction, weighted aggre-
gation, and ensemble coupling, effectively reducing prediction
bias and improving model consistency. Zhou et al. (2023) further
refined hybrid modeling by introducing a data similarity-based
fusion approach, where Euclidean distance was used to enhance
the adaptability of machine learning models to empirical data. Fan
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et al. (2025b) advanced this direction by proposing a correlation-
constrained ensemble (CCE) model that fuses geological and en-
gineering information, combining multiple learners through
gradient boosting and correlation-based regularization.

In conclusion, research combining intelligent algorithm-based
models with traditional physical ROP equations remains at an
early stage. Conventional physical equations are diverse and
complex, containing empirical coefficients that strongly depend
on geological conditions, making it difficult to evaluate their
coupling with data-driven models. Existing hybrid approaches,
such as residual modeling, weighted fusion, and ensemble
learning, also face inherent limitations. They typically optimize
physical and data-driven components separately, leading to
inconsistent convergence between physical and data residuals,
and their fixed or manually tuned weighting strategies limit
adaptability during training, reducing generalization under vary-
ing drilling conditions.

In contrast, the physics-informed neural network (PINN)
framework provides an end-to-end way to embed physical con-
straints directly into model training. Introduced by Raissi et al.
(2019), PINN incorporate governing equations by minimizing dif-
ferential residuals within the loss function, ensuring physical
consistency during learning. They have been successfully applied
in fluid dynamics (Raissi et al., 2020; Sun et al., 2020), heat transfer
(Cai et al., 2021), and geosciences and engineering modeling (Liu
et al.,, 2023; Li et al., 2024a; Ishitsuka and Lin, 2023). However,
the PINN model is prone to getting stuck in local optima during the
optimization process and has limited generalization ability under
unknown conditions. Overall, the PINN model shows significant
potential for modeling complex nonlinear coupled systems in
engineering problems, offering a promising approach to enhancing
the reliability and interpretability of ROP prediction models.

Thus, this study develops a PINN-based ROP prediction model
that combines physical modeling with deep learning. The
improved mechanical specific energy and Soares ROP models are
incorporated as physical constraints, while a hybrid deep learning
architecture—SE-ResNet-BiLSTM-SAM—is constructed to capture
multi-scale spatial-temporal features of drilling data. A unified
loss function combines regression and physical residuals, with
adaptive weights optimized jointly with network parameters to
balance data and physical constraints. Furthermore, the transfer
learning is utilized to evaluate the model’s generalization capa-
bility across different drilling datasets. By integrating physical
priors into a data-driven framework, this study aims to establish a
PINN-based ROP prediction model with high prediction accuracy
and a certain degree of generalization across different drilling
blocks. The overall technical workflow is illustrated in Fig. 1.

2. Theory and methodology
2.1. Physics model

Mechanical specific energy, first proposed by Teale (1965), re-
fers to the amount of energy required to break a unit volume of
rock. Mechanical specific energy represents the energy required to
break a unit volume of rock and reflects the rock-breaking effi-
ciency of the drill bit, making it a key indicator of drilling perfor-
mance. The mechanical specific energy can be calculated from
parameters such as ROP, WOB, RPM, drill string torque (torque),
and bit diameter. A higher mechanical specific energy value in-
dicates lower drilling efficiency and poorer compatibility between
the bit and the formation (Dupriest and Koederitz, 2005; Zhou
et al,, 2017).
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Fig. 1. The overall technical route for prediction rate of penetration.
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During actual drilling operations, the energy utilization rate is
usually only between 30% and 40% due to factors such as friction
and vibration. Some subsequent researchers revised Teale’s me-
chanical specific energy model by introducing the effective energy
utilization rate of the drill bit, denoted as Eg, and reconstructed the
energy balance equation for the mechanical rock-breaking process
of the drilling tools (Hammoutene and Bits, 2012; Chen et al.,
2014).
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Based on the sliding friction coefficient of the bit and the WOB,
and through double integral, the torque expression for the drilling
process can be derived.

ds
1 2 (2 4uW uWdg
T=—— / 2 -
1000 Jq /0 ! nd% dido 3000
Ultimately, the mechanical specific energy model can be
expressed as a function of the WOB and the RPM.

B 4 0.16uR
mse = EfW<Jtdlza + dB-ROP>

(3)

(4)

where, mse is the mechanical specific energy, W is the WOB, R is
the RPM, dp is the bit diameter, T is the torque, Eris generally taken
as 0.35, l is the length of the infinitesimal radius of the drill bit, y is
the sliding friction coefficient of the drill bit (typically 0.25 for
roller cone bit and 0.50 for PDC bit), ROP is the rate of penetration.
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The B&Y drilling rate equation incorporates multiple influ-
encing factors, each with specific coefficients that are often diffi-
cult to determine directly. In addition, the equation strongly
depends on normalization constants for parameters such as depth
(D), WOB, and RPM.

To address these limitations, Soares and colleagues proposed a

modified ROP prediction model based on the B&Y equation. The
revised model removes normalization factors and fixed constants
while retaining the key variables, D, WOB, RPM, and flow rate (Q),
and redefines the coefficient ranges accordingly (Soares and Gray,
2019).
ROP = a; D% W% R% Q% (5)
where, ROP is the rate of penetration; D is the well depth, Q is the
flow rate. The coefficient range determined by the Cesar Soares
ROP prediction model is shown in Table 1.

2.2. Data model

2.2.1. SE-ResNet

The residual network (ResNet) is a classic and widely used deep
convolutional neural network architecture, which was proposed
by Kaiming He and coworkers in 2016 (Alaeddine and Jihene,
2021; He et al., 2016).

The core of this method lies in the design of the residual block.
By introducing an identity mapping through skip connections,
feedforward information can bypass several convolutional layers
and directly reach deeper network nodes. This mechanism effec-
tively alleviates the problems of gradient vanishing and model
degradation that arise with increasing network depth. As a result,
the model’s stability and computational efficiency are significantly
improved.
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Table 1
The coefficient range of the Cesar Soares ROP prediction model.

Coefficient Lower bound Upper bound
a; 0.0001 10,000

ay -2 0

as 0.5 2

ay 0.4 1

as 0.3 2

yi=h(x)) + F(x;, W) (6)

X1 =f) (7)

where, y; is the output feature of the residual block, x; is the input
feature, h is identity mapping, F is the feature mapping function,
used to perform nonlinear transformation on the input feature, W;
is the set of parameters of the convolutional layer, x; 1 is the input
feature of the next layer, fis the nonlinear activation function.

Squeeze-and-excitation ResNet (SE-ResNet) is an enhanced
variant of ResNet that integrates the squeeze-and-excitation net-
works (SENet) module into its architecture. By employing one-
dimensional convolution to model the interdependencies among
feature channels, it effectively strengthens the ability of convolu-
tional neural networks to capture cross-channel information (Wu
et al., 2024; Madani et al., 2021).

Fig. 2 illustrates the architecture of the SE-ResNet. The SE
module consists of two operations: squeeze and excitation. In the
squeeze stage, global average pooling is applied to each convolu-
tional channel, compressing the two-dimensional feature maps
into one-dimensional global descriptors that capture the overall
statistical characteristics of each channel. In the excitation stage, a
two-layer fully connected network performs nonlinear trans-
formation and normalization on these descriptors. The first layer
uses a rectified linear unit (ReLU) activation for feature mapping,
followed by a sigmoid activation in the second layer to generate
channel-wise weights. These weights adaptively recalibrate
channel importance, enhancing informative features while sup-
pressing redundant ones (Hu et al., 2018; Jin et al., 2022; Zhu et al.,
2024).

X X
v y
Residual | | Residual WxHxC
Global pooling 1x1xC
X Full connect 1x1x %
RelLU 1x1x %
Full connect 1x1xC
Sigmoid 1x1xC
 /
Scale WxHxC
+ WxHxC
X

Fig. 2. SE-ResNet model structure diagram.
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1 H W
Zc:FS(XC):H>< W Xe(i,J) (8)
im1 j=1
s=Fe(z, W) =0(W,5(W;2)) (9)
Xc :Sc'Xc (10)

where, X, is the two-dimensional convolutional feature, z. is the
scalar obtained after global average pooling, Fs denotes the
squeeze operation, H is the height of the convolutional feature, W

is the width of the convolutional feature, Hxlw is the normalization

coefficient, Zf":] Zj"Z] represents the aggregation of all spatial
information across the channel, s is the channel weight vector, Fe
denotes the excitation operation, z is the global description
generated by the squeeze operation, W is the weight matrix of the
first fully connected layer, W5 is the weight matrix of the second
fully connected layer, 5§ denotes the ReLU activation function, ¢
denotes the sigmoid activation function, X, is the weighted feature
mapping, X, is the input convolutional feature.

2.2.2. Bi-directional long short-term memory

The bidirectional long short-term memory network (BiLSTM) is
an extension and improvement of the standard long short-term
memory (LSTM) architecture. Its structure is illustrated in Fig. 3.

BiLSTM consists of two LSTM layers, one forward and one
backward, that jointly perform bidirectional learning and optimi-
zation on sequential data. Specifically, the forward LSTM processes
information from the beginning to the current time step, while the
backward LSTM propagates information from the end of the
sequence to the current time step (Schuster and Paliwal, 1997;
Michael et al., 2024).

In the analysis of sequential data, BiLSTM effectively integrates
information from both forward and backward directions, thereby
taking into account both historical data and future trends at each
time step. This enhances the understanding of contextual re-
lationships within the sequence. Consequently, it augments the
model’s capacity to comprehend and anticipate the data at the
current time step (Xiong et al., 2024).

hf::LSTnAf(xhlﬁ,l) (11)
R = LSTM, (xt,hg]) (12)
h;— [hf,hE] (13)

where, h{ is the hidden state of the forward LSTM at time step t, X;
is the input feature vector at time step ¢, h£_1 is the hidden state of
the forward LSTM at the previous time step, hf’ is the hidden state

of the backward LSTM at time step t, h?H is the hidden state of the
backward LSTM at the subsequent time step, h; is the final hidden
state of the bidirectional LSTM at time step t.

2.2.3. Self-attention mechanism

The attention mechanism (AM) is a computational model
inspired by human cognitive attention. This mechanism has been
widely applied in domains such as natural language processing,
statistical learning, and image recognition (Niu et al., 2021).

The self-attention mechanism (SAM) is a special form of the
attention mechanism in which the query (Q) and key (K) vectors
are identical. As shown in Fig. 4, the SAM computes the similarity
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Fig. 4. Structure diagram of self-attention mechanism.

between different parts of the input sequence, using the se-
quence’s own information to capture internal dependencies. This
mechanism can flexibly handle variable-length sequences and
greatly enhances the model’s ability to capture long-range de-
pendencies (Vaswani et al., 2017; Fu et al., 2022; Pan et al., 2023).

Q = XW K = XWX vV = XW" (14)
Attention (Q, K, V) = softmax (QKT> 74 (15)
o Vi

where, W9, WX and W' are learnable weight matrices, X is the
input sequence with feature dimension dy, Q is the query vector,
K is the key vector, Vis the value vector with dimension d,, di is the
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dimension of the Q and K vectors, used to prevent the dot-product
values from becoming excessively large.

2.3. Bayesian optimization algorithm

Bayesian optimization (BO) is an efficient global optimization
method, suitable for scenarios where the objective function is
unknown and the cost of parameter exploration is high (Wang
et al,, 2023; Du et al., 2022).

In hyper-parameter optimization, a probabilistic surrogate
model of the objective function is constructed, and the posterior
distribution is inferred from historical observations. Based on this
distribution, an acquisition function selects the next evaluation
point, enabling rapid approximation of the global optimum with as
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few objective function evaluations as possible (Victoria and
Maragatham, 2021; Alibrahim and Ludwig, 2021).

Bayesian optimization is essentially a sequential model-based
optimization (SMBO) strategy that balances exploration and
exploitation, thereby enabling efficient tuning of model hyper-
parameters.

The Bayesian optimization algorithm consists of two core
components: a probabilistic surrogate model and an acquisition
function. The surrogate model approximates the original objective
function and continuously updates the prior distribution to refine
this approximation. In most cases, a Gaussian process (GP) is
employed to represent the prior distribution of the objective
function f(x) (Binois and Wycoff, 2022).

f(x) ~ gp(m(x),k(x,X)) (16)

where, f(x) is the objective function, m(x) is the mean function, k(x,
x') is the kernel function. Based on the observed dataset, the GP
can predict the mean value u(x) and variance o(x) of the objective
function at any given point.

The acquisition function selects the next evaluation point based
on the posterior probability distribution, prioritizing regions that
are likely to contain the optimum as well as unexplored areas
(Chen et al., 2024). In this study, the expected improvement (EI)
function is adopted as the acquisition function. When the current
best function value is v*, the EI function is defined for s/(x) > 0 as:

at (8 D1.¢) = (v — (X))@ (U;Tp:)(m) +ot®)e (U;Tp;‘t)(x))
(17)

where, a{x; D1.;) denotes the acquisition function value at itera-
tion t, based on the observed dataset D1.;, u{X) and o4(x) represent
the predictive mean and standard deviation of the GP model at
input x, respectively, ®(-) and ¢(-) denote the cumulative distri-
bution function and probability density function of the standard
normal distribution, respectively.

Start

A 4
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The purpose of Bayesian optimization is to identify the hyper-
parameter configuration X that yields the global optimum of the
objective function f{(x). The algorithmic flow is illustrated in Fig. 5
(Zulfigar et al., 2022; Chen et al., 2025).

2.4. Physics-informed neural networks model

Deep learning algorithms typically adopt the mean squared
error as the loss function to quantify errors in each iteration. In this
study, two physics-based constraint terms, the residual of the
mechanical specific energy model Lse and the residual of Soares
ROP equation Lsoares, are incorporated in a soft-constraint manner.
Together with the standard regression loss of the data-driven
model, they constitute the new loss function of the PINN. By
substituting the known drill bit effective energy utilization rate E¢
into Eq. (4), Eq. (20) can be derived.

1N 2
Laata = i1 (Roppredﬁi - Ropmle,i) (18)
2
[ <1 AW;  0.056uR;W;
1<=N nd2 . dp;-ROP,eq;
Lmse = NZi*l B l N (19)
77 1.4W; + 0.056uR;W;
ﬂd%ﬂi dB,i'ROPtruej
1N 2
Lsoares = NZi:1 <a1D?2 W;h R:'M Q,gs - Roptrue,i) (20)
Loss = Lgata + Lmse + Lsoares (21)

where, N is the sample size, ROPpeq; denotes the ROP value pre-
dicted directly by the PINN model, ROPye; is the true ROP for the
i-th sample, x is taken as 0.25/0.50 depending on the bit type.
Additionally, it should be noted that the predicted values output by
the neural network are only used to compute the physical re-
siduals and are not reused as inputs during training.

Define objective function and
hyperparameter search space

Is the model
initialized?

A 4
Randomly
generate initial
sampling points

n_iter =1

A 4

n_iter = max_iters?

Training

»

Build surrogate model:

Gaussian Process Regression

A
M)

Output the optimal
hyperparameter result

v

Determine the next sampling point based on
the acquisition function EI

End

Fig. 5. Bayesian algorithm parameter optimization process.
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As defined above, the total loss function of the proposed PINN
model consists of multiple terms that jointly constrain the
learning process. However, during gradient descent, different loss
terms often exhibit disparities in magnitude and gradient scale,
leading to an imbalance during training. This imbalance can cause
unstable convergence, biased optimization, and degradation of
the model’s predictive performance (Jahani-Nasab and Bijarchi,
2024).

To mitigate this issue, this study employs an adaptive loss
strategy that dynamically adjusts the weighting of different
components within the loss function through trainable co-
efficients. Unlike methods that rely on fixed or manually
assigned weights, the adaptive loss weighting mechanism
automatically optimizes the weight distribution and continu-
ously balances the contribution of each loss term during
training. This approach mitigates gradient-scale imbalance, pre-
vents any single component from dominating optimization, and
directs the model to focus on the most effective convergence
paths at various training stages. Consequently, the adaptive
weighting strategy enhances both convergence efficiency and
prediction accuracy.

The Softmax normalization is applied to constrain these co-
efficients, ensuring that they remain non-negative and sum to 1
(Xiang et al., 2022). During training, the PINN model uses the
adaptive moment estimation (Adam) optimizer to jointly update
both the network parameters and the weight coefficients.
Similar to the network weights, the coefficients are updated
through backpropagation in each iteration, thereby achieving
adaptive dynamic balance and improved convergence among the
different loss terms (Wang et al., 2021; McClenny and Braga-
Neto, 2023).

The weighted loss function can be expressed as:

Loss(@, Adata> Amse, Asoares) = Ldata (@, Adata) + Lmse (@, Amse)

+ Lsoares (@, Asoares)

(22)
1 N . 2 2
Lyata(®, Adata) :NZizl (’ﬁjata) [(Roppred,i - Roptrue,i) ]
(23)
2
1.4W; i 0.056uR;W;
Ed%j dB«,i'ROPpred,i

Lmse(®, Amse) :%Z?]zl (/'Linse)2 1.4W
: i

2
”dsj

0.0564R;W;
dBAi'ROPtrue,i

i )

(24)

Lsoares (@, Asoares) =

NS () (00D WE RGP ROPeue)']
(25)

During training, the adaptive weighting mechanism operates in
a min-max framework, where the network parameters are opti-
mized to minimize the overall loss, while the weight coefficients
are updated to maximize it. This formulation enables collaborative
optimization between the network parameters and adaptive
weight terms.

min max

@ Adata;Amse Asoares

Loss(®, Adata: Amse; Asoares) (26)

The weights are updated according to the following formula:
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o* ! = of - nkVwloss (wk7 Alcciatav }“’Ifnsev ﬂ‘léoares)

ﬂ'éﬁt]a = Aléata + 1V Agar, LOSS (wk’ igata’ }“icnse’ Aléoares) 27)
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where, @ is the trainable parameters of the neural network, Aqata,
Amses Asoares 1S the weight coefficients of different loss components
in the weighted loss function, 7 is the learning rate at iteration k,
V is the gradient operator, k is the iteration index.

The weight coefficients are updated in the opposite direction of
the loss gradients, thereby balancing the contributions of different
loss components and stabilizing the optimization process.

The framework of the PINN consists of four main modules, as
illustrated in Fig. 6. The original input data are simultaneously fed
into multiple SE-ResNet submodules, where high-level features
are extracted and recalibrated through residual connections,
global pooling, and activation functions.

The recalibrated feature sequences are then passed to a BILSTM
network, where the forward and backward layers capture bidi-
rectional temporal dependencies. After ReLU activation, the hid-
den states from both directions are fused and sent to the self-
attention module, which performs Q, K, and V mapping, scaled
dot-product computation, Softmax normalization, and matrix
multiplication to model global feature correlations. The output of
the self-attention mechanism is flattened and passed through a
linear layer to generate the final prediction.

During training, an adaptive weighted loss function that com-
bines data loss, mechanical specific energy residual, and Soares
model residual is employed. The model performs forward pre-
diction and backward optimization simultaneously, where both
network parameters and loss weights are jointly updated to ach-
ieve dynamic balance and improved training stability.

3. Data processing
3.1. Data overview

The dataset used in this study is derived from the well data of
the BZ block. The BZ 19-X structural area is located in an anticlinal
structural belt characterized by an intra-depression uplift, sand-
wiched between the southwestern sub-sag and the southern sub-
sag of the BZ Sag. Its northeastern part is adjacent to the main
depression of the BZ Sag, the eastern part borders the Bonan Low
Uplift, the southern part is connected to the Huanghekou Sag, the
southwestern part to the Chengbei Low Uplift, and the north-
western part to the Shaleitian Uplift. Stratigraphically, from top to
bottom, the sequence consists of the Quaternary Pingyuan Group,
the Neogene (Minghuazhen Formation, Guantao Formation), the
Paleogene (Dongying Formation, Shahejie Formation, Kongdian
Formation), and the Archean (Zhang et al., 2024; Xu et al., 2024).

The oil and gas resources in the Archean buried-hill strata are
buried at relatively great depths. The Archean metamorphic rocks
underwent varying degrees of migmatization after vein intrusion,
forming migmatites represented by migmatitic granite. These
rocks have complex lithological compositions and high strength,
which constrain the speed and efficiency of mechanical drilling
(Xue etal., 2021; Yiet al., 2022). The distribution and development
characteristics of the buried-hill formation in BZ 19-X structure are
shown in Fig. 7.

The dataset comprises a total of 42,674 records, including
drilling engineering parameters, geological parameters, among
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Fig. 6. The framework structure of physics-informed neural networks.

others. The parameters are diverse in type and numerous in
quantity, with the main ones being D, hook load (HL), WOB, RPM,
torque, stand pipe pressure (SPP), Q, ROP, bit run, bit time, pump
time, caliper (CAL), compensated neutron porosity (CNC), delta
time (DT), gamma ray (GR), and ZDL bulk density (ZDEN). The
descriptive statistical analysis of the raw data for well A is shown
in Table 2.

Fig. 8 shows the distribution of the original data for some pa-
rameters. There are significant differences in the distribution
characteristics of the parameters. The HL, WOB, RPM, torque, and Q
exhibit approximately normal distributions. The ROP, however,
shows a right-skewed distribution, with most of the data
concentrated in the low-value range and only a few samples
extending into the higher value range, forming a long tail.

Table 3 presents the bit usage data for well B. Five types of bits
were used during the drilling process, with diameters of 660.4,
406.4, 311.2, 215.9, and 152.4 mm, respectively. It should be noted
that the bit diameter was directly incorporated as a calculation
factor in the mechanical specific energy, and therefore was not
treated as an input feature of the model.

3.2. Data cleaning and filtering for noise reduction

Due to factors such as data acquisition methods, sensing de-
vices, and complex environments, datasets often contain missing
values, anomalies, and considerable noise. Accordingly, mean
imputation is applied to handle missing values, and the Isolation
Forest (iForest) algorithm is applied to detect anomalies, thereby
improving data quality and model reliability. Fig. 9 shows the
underlying principle of the iForest algorithm.

The iForest is an unsupervised anomaly detection algorithm. It
builds multiple random trees and detects anomalies by using the
path length required to isolate each data point (Al Farizi et al.,
2021). The algorithm defines anomalies as ‘points that can be
readily isolated’, that is, as points with low data density and
located far from the main data cluster. The anomaly score is
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obtained by normalizing the path length, with the original algo-
rithm identifying points with higher scores as anomalies (Xu et al.,
2023; Zhang and Liu, 2022).

This study implements the iForest anomaly detection algo-
rithm using Scikit-learn. It is worth noting that the decision_-
function() method in Scikit-learn changes the way anomaly scores
are represented: negative scores correspond to anomalies,
whereas positive scores indicate normal observations.

Taking WOB and ROP as examples, Fig. 10 presents the scatter
plots of anomaly detection results and the histograms of the cor-
responding anomaly scores.

In the scatter plot, blue ‘**’ markers represent normal samples,
while red ‘+ markers denote detected anomalies. The iForest al-
gorithm effectively differentiates normal data from anomalous
points. Anomalies are mainly concentrated in regions with
significantly lower or higher values, whereas normal samples
exhibit a continuous and stable trend as the well depth increases.

The histogram of anomaly scores shows that each sample is
assigned an anomaly score by the iForest algorithm, with lower
scores indicating a higher likelihood of being classified as anom-
alies. A distinct boundary is observed in the score distribution
between normal and anomalous samples, where negative scores
correspond to the detected anomalies.

After detecting and analyzing anomalous data, the wavelet
transform is applied to suppress noise within the signal. The
principle of this method is based on the distinct differences in the
wavelet coefficients of the signal and noise across multiple scales.
According to the characteristics of the signal, an appropriate
wavelet basis and decomposition level are first selected, after
which an optimal thresholding strategy is applied to reconstruct
the denoised signal (Zhang, 2019; Zhang et al., 2023).

This approach effectively reduces the influence of random noise
while capturing sudden changes and non-stationary features
within the data. It also offers strong smoothing capability and
frequency-band separation performance, enabling the recon-
structed signal to preserve the essential features of the original
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Table 2
Descriptive statistical analysis table of raw data for Well A.
D, m HL, t WOB, RPM, Torque, Q, SPP, ROP, Bit run, Bit Pump  CAL, CNC, DT, GR, ZDEN,
t rpm kN-m L/min MPa m/h m time, time, in PU us/ft API g/cm®
h h
mean 2881.00 133.03 5.79 74.01 12.87 3228.22 16.96 48.09 47189  13.00 1938 12,13 2286 8539 8940 239
std 163433 38.78  3.62 20.8 4.15 133839 6.05 47.83 41689 1144 1382 127 634 10.85 18.05 0.14
min 51.00 41.30 0.00 13.00 0.01 53.00 0.24 0.30 0.10 0.00 0.03 2.63 6.42 56.26 49.79 1.65

25% 1466.00 102.80 2.20 60.00 10.26 1939.00 13.11 14.00 12420 4.20 8.95 12.03 1886  76.48 74.43 2.30
50% 2881.00 13850 6.30 61.00 12.75 3617.00 19.88 3400 339.10 9.70 16.18 12.18 21.73 83.75 88.04 2.40
75% 4296.00 166.20 8.90 80.00 15.49 4378.00 22.04 68.50 735.70 18.9 27.79 1235 25.68 94.43 103.95 2.49
max  5711.00 190.80 15.80 132.00 26.96 5428.00 24.85 338.00 1561.80 54.60 6243 21.14 106.15 12529 14035 2.75
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Table 3
Summary of the drill bit usage of Well B.
Number Bit size, in Bit model Bit diameter, mm Start depth, m End depth, m Bit run, m Drilling time, h
1 26 TS1951SS 660.4 51.00 238.00 187 2.50
2 16 CKS605 406.4 238.00 1296.00 1058.00 12.00
3 16 CKS605 406.4 1296.00 1803.00 507.00 11.25
4 12 1/4 STS935M 311.2 1803.00 3128.00 1325.00 43.25
5 12 1/4 STS935RS 311.2 3128.00 3830.00 702.00 45.00
6 81/2 MS1951RS 215.9 3830.00 4337.00 507.00 31.50
7 81/2 MS1951RS 215.9 4337.00 4765.00 428.00 25.50
8 81/2 TP1654 215.9 4765.00 4907.00 142.00 27.50
9 6 U613M 152.4 4907.00 5050.00 143.00 24.00
10 6 U613M 1524 5050.00 5335.00 285.00 54.75
11 6 MD637HDY 1524 5335.00 5341.00 6.00 6.00
12 6 U613M 152.4 5341.00 5448.00 107.00 20.75
13 6 U713M 1524 5448.00 5649.00 201.00 46.00
14 6 U713M 1524 5649.00 5711.00 62.00 13.50

Isolation Forest

Anomaly ITree
score
Anomalies
Normal rare
samples

Normal common
samples

Fig. 9. Isolation forest algorithm schematic.
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data to the greatest extent possible (Harrou et al., 2024; Gan et al.,
2019).

W, ()= [ +oson(L0)dr (28)

where, W,(f, a, b) is the transform coefficient at scale a and posi-
tion b, f(t) is the signal, w(-) is the wavelet basis function.

In this study, Daubechies 10 was chosen as the wavelet basis
function, and the soft thresholding method based on the squared

logarithmic rule /2 logn was applied. The denoising procedure
was repeated four times. A periodic extension mode was employed
to minimize boundary effects while maintaining the continuity
and integrity of the overall signal structure (Nigam and Srivastava,
2023).

Fig. 11 presents the denoised curves of selected parameters.
As shown in the figure, by applying the wavelet transform with
multi-scale decomposition and reconstruction, the high-
frequency random noise in the data was effectively suppressed,
while the low-frequency key features were well preserved.
Consequently, the processed data exhibit smoother and more
stable trends, with enhanced robustness and resistance to noise
interference. This denoising process ensures high-quality input
data for subsequent feature extraction and model training,
thereby improving the overall reliability of the predictive
modeling framework.
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3.3. Feature correlation analysis

In the feature correlation analysis, the first step is to
examine the distribution of each feature to identify its type and
statistical characteristics, ensuring that an appropriate correla-
tion method is selected. By quantifying the relationships among
features, the correlation analysis helps uncover the intrinsic
dependencies between variables and identify the key features
most strongly associated with the target variable. This process
effectively filters redundant or irrelevant inputs, thereby
enhancing the interpretability and predictive performance of
the model.

The Shapiro-Wilk test is a statistical method used to determine
whether a data sample follows a normal distribution. It works by
comparing the sample values with the expected values under a
normal distribution to evaluate whether the data conforms to the
normality assumption (Gonzalez-Estrada et al., 2022; Monter-
Pozos and Gonzalez-Estrada, 2024).

The test statistic W reflects the degree of deviation of the data
from a normal distribution. A value of W closer to 1 indicates that
the sample more closely follows normality, whereas lower values
suggest departures from the normal distribution.

2
~ (Zhaixg)

- —\2 (29)
St (% —%)
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Fig. 11. Comparison of original and denoised curves for selected parameters. (a) HL; (b) WOB; (c) ROP; (d) Torque; (e) GR; (f) DT.

where, W is the test statistic, a; denotes the constants weights
derived from the normal distribution, x(;y represents the ordered
sample data, X is the sample mean.

When the assumption of normality holds, the p-value, repre-
senting the probability of observing the sample difference from
the normal distribution under the null hypothesis, is used to assess
normality. The significance level is set at 0.05. If the p-value is less
than the significance level, the data are considered to deviate from
normality. If the p-value is greater, the data can be regarded as
approximately normally distributed (Arnastauskaite et al., 2021).
The results show that the p-values of all parameters are well below
the significance level, indicating that the distributions of these
variables do not conform to normality.

The correlations between drilling engineering parameters and
geological parameters were analyzed using the Spearman’s rank
correlation coefficient (Ali Abd Al-Hameed, 2022; Yu and Hutson,
2024), and the correlation heat map is shown in Fig. 12.

In the upper triangular region, ellipses are employed to repre-
sent the magnitude and direction of the Spearman’s correlation
coefficient. Elongated ellipses indicate stronger correlations,
whereas shapes closer to a circle denote weaker correlations. The
orientation of the ellipses reflects the relationship type, with el-
lipses inclined from the lower left to the upper right representing
positive correlations, and those from the upper left to the lower
right representing negative correlations.

In Spearman'’s correlation, a value of 0 indicates no correlation,
-1 indicates a negative correlation, and 1 indicates a positive cor-
relation. The closer the absolute value is to 1, the stronger the
monotonic correlation. It can be observed that parameters such as
D, WOB, HL, torque, and DT exhibit strong monotonic correlations
with ROP, whereas parameters such as RPM and bit run show
relatively weak monotonic correlations with ROP.

However, according to established mechanical rock-breaking
theory in drilling engineering, parameters such as D, WOB, RPM,
torque, and bit run are known to be important influencing factors
of ROP. Spearman’s rank correlation primarily evaluates linear
monotonic and nonlinear monotonic relationships between
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variables. In cases involving complex multivariate nonlinear
coupling, Spearman correlation alone may not fully capture such
intricate dependencies.

To further explore potential nonlinear dependencies among
variables, the maximal information coefficient (MIC) was utilized
to quantify the maximum degree of nonlinear statistical associa-
tion between each input parameter and the target variable. As an
improvement over the traditional mutual information method,
MIC can effectively capture both linear and non-linear relation-
ships between two variables by partitioning the data space into
multi-scale grids and identifying the optimal division that maxi-
mizes mutual information (Kinney and Atwal, 2014; Chen et al.,
2023).

106Y) =3 S px.y)log (1%) (30)
1(X; Y)
BAKXX,Y):qnaxcwﬂiiﬁﬁﬁ¥ﬁiﬁij (31)

where, I(X; Y) is the mutual information, p(x, y) is the joint prob-
ability distribution of X and Y, p(x) and p(y) are the marginal
probability distributions of X and Y, respectively, Gy, denotes the
two-dimensional grid partitions used to capture different de-
pendency patterns between X and Y, log(min{m,n}) is the
normalization factor that constrains the MIC value between 0 and
1, where m and n represent the sample sizes of X and Y, max in-
dicates the maximum normalized mutual information score ob-
tained across all possible grid partitions.

Fig. 13 presents the importance scores of all features. After
ranking by MIC values, the five features most strongly correlated
with the ROP are D, Q, HL, WOB, and bit run, while features such as
SPP, pump time, CNC, and ZDEN show relatively weak correlations.
With a threshold of MIC > 0.40, 11 effective input features were
obtained: D, Q, HL, WOB, bit run, GR, RPM, torque, DT, bit time, CAL.

Considering the sequential characteristics of the drilling pro-
cess, the lagged feature ROP(t—1) was also included to enhance the
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b Qo786 Table 4
Q Qo745 The final input parameters of the model.
HL Qo698 Parameter type Parameter name
Q -
wos 90659 Geological parameters GR, DT, CAL
Bit run Qo638 Engineering parameters D, Q, HL, WOB,
GR @o0.609 RPM, torque, ROP(t—1)
RPM Qos3 Drill bit parameters Bit run, bit time
Torque 00.540
DT Qo527
Bit time Qo512 X —
_ H
CAL Do.453 z= = (32)
SPP A 0.382
Pump time 0.287 where, x is the original data value, x is the mean of the original
CNC A 0.257 Q@ vic data, ¢ is the standard deviation of the original data, z is the
score .
ZDEN 0.215 standardized value.
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Fig. 13. MIC importance scores of parameters.

model’s ability to capture dynamic variations. Finally, 12 parame-
ters were selected as the input parameters for the ROP prediction
model, as shown in Table 4.

3.4. Data standardization

Due to the substantial differences in the numerical ranges of
drilling parameters, the z-score standardization method was
applied to normalize the data. This transformation scales the pa-
rameters to have a mean of 0 and a standard deviation of 1, thereby
eliminating the effects of differing dimensions across features and
improving both the convergence speed and performance of the
model (Al-Faiz et al., 2018; Owen et al., 2022).

4. Experimental design and analysis
4.1. Model training and optimization

This paper presents a systematic process of model training and
hyper-parameter optimization to ensure optimal model perfor-
mance. The process consists of four stages: initial model training,
Bayesian hyper-parameter optimization, controlled variable anal-
ysis, and training with optimal parameters combined with dy-
namic learning rate scheduling.

Considering that the drilling data are arranged sequentially
with respect to depth and exhibit continuity, the dataset was
treated as a depth-based sequence and partitioned into training,
validation, and test sets with a ratio of 6:2:2. This approach allows
the training set to be used for model learning, the validation set for
hyper-parameter tuning and overfitting control, and the test set
for evaluating model generalization performance, while effectively
preventing data leakage between subsets.
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The PINN model was trained and predicted using the PyTorch
framework, and the training and optimization were performed
using NVIDIA GPU parallel computing, which can accelerate the
convergence process and improve computational efficiency. In the
initial model training phase, empirically preset hyper-parameters
were employed for baseline training to establish the model’s
performance benchmark. To mitigate the risk of overfitting, the
dropout mechanism was introduced during training, randomly
dropping some neurons with a certain probability during forward
propagation to reduce the model’s complexity. The model’s initial
hyper-parameter settings are shown in Table 5.

To optimize the network structure and improve model perfor-
mance, the minimization of root mean square error (RMSE) was
defined as the optimization objective. A Bayesian hyper-parameter
optimization algorithm was implemented within the Optuna
framework to jointly search the learning rate, the number of LSTM
layers, the number of hidden units, and the dropout rate, thereby
identifying the optimal initial hyper-parameter configuration.

During sampling, the algorithm employs the tree-structured
parzen estimator (TPE) strategy, which constructs two probabil-
ity density functions to represent superior and average hyper-
parameter distributions. Parameters are preferentially selected
from the superior distribution to accelerate the optimization
process and improve search efficiency (Zhou et al., 2024; Hanifi
et al, 2024). The hyper-parameter optimization settings and
value ranges are shown in Table 6.

The results of the Bayesian optimization process indicate that
the optimal hyper-parameter configuration consists of a learning
rate of 1e-4, 3 LSTM layers, 64 hidden units, and a dropout rate of
0.4. Under this configuration, the model achieves the minimum
error.

To further evaluate the independent effects of different hyper-
parameters on model performance, the control variable method
was adopted. With all other parameters fixed, each hyper-
parameter was varied individually, and the corresponding
changes in RMSE were recorded. Fig. 14 illustrates the performance
response curves of the model under different hyper-parameter
settings.

The results indicate that the learning rate, the number of LSTM
layers, the number of hidden units, and the dropout rate all exert
significant influence on model performance. The model is highly
sensitive to the learning rate, an appropriately chosen value ac-
celerates convergence, whereas values that are too large or too
small cause noticeable degradation in performance. The number of

Table 5

The initial hyper-parameter settings of the model.
Parameter Setting Parameter Setting
Input dimension 12 Output dimension 1
Activation function ReLU Optimizer Adam
Loss function Loss Training epochs 100
Learning rate 0.0001 LSTM layers 3
Hidden units 64 Dropout rate 0.3
Batch size 64 Residual blocks 2
Input channels 1 Convolution kernel size 3
Output channels 128 Attention heads 8

Table 6

The hyper-parameter optimization settings and value ranges.
Parameter Value range
Learning rate [1e-6, 1e-5, 1e-4, 1e-3, 1e-2, 1e-1]
LSTM layers [1,2,3,4,5,6]
Hidden units [32, 64, 96, 128, 160, 192, 224, 256]

Dropout rate [0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5, 0.55, 0.6]
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LSTM layers plays a decisive role in feature extraction, where an
optimal depth enables more effective pattern learning. Similarly,
the number of hidden units determines the model’s representa-
tional capacity and directly affects its learning ability. The dropout
rate acts as an important regularization factor. When set to 0.4, it
effectively suppresses overfitting and enhances generalization,
achieving the best overall performance.

A composite strategy combining static hyper-parameter opti-
mization with dynamic learning rate scheduling is adopted. After
the optimal hyper-parameter configuration is determined, the
OneCycleLR scheduler is introduced to adaptively adjust the
learning rate according to training progression, thereby improving
training efficiency. During the early training phase, the scheduler
gradually increases the learning rate to its maximum value
through either a linear or cosine function, and subsequently de-
creases it to a minimum. This scheduling mechanism enables the
model to escape local optima and expedites the convergence
process (Smith and Topin, 2019). In this study, the core parameters
of the OneCycleLR learning rate scheduler are shown in Table 7.

Fig. 15 shows the loss function curves of the model along with
the corresponding variations in the learning rate. The step size of
the learning rate scheduler is defined as the product of the number
of mini-batches per epoch and the total number of training epochs,
which is simplified to the number of epochs for visualization
purposes.

At the beginning of training, both the training and validation
losses exhibit a clear downward trend, and their trajectories
remain largely consistent. As training proceeds, the training loss
decreases rapidly and then stabilizes, while the validation loss
shows mild fluctuations but ultimately remains at a relatively low
level. These patterns indicate that the model achieves fast and
stable convergence, successfully learning the feature de-
pendencies within the data without significant overfitting.

The learning rate follows a typical single-cycle cosine schedule,
gradually increasing during the initial epochs to help the model
escape local optima and enhance its global search ability. After
approximately 30 epochs, it reaches the maximum value and then
gradually decreases, enabling finer parameter adjustments in later
stages. This scheduling strategy effectively balances the needs for
rapid convergence and stable optimization.

In addition, the evolution of the adaptive loss weighting reveals
that, at the early stage of training, the three loss components
maintained approximately balanced weights, representing the
learning phase dominated by physical constraints. As the model
parameters and gradients were continuously updated and opti-
mized, the weight of the data-driven term Lq,¢; gradually increased
and stabilized at around 0.65 by the end of training, while the two
physics-based constraint losses, Lyse and Lspares, cOnverged to
approximately 0.15 and 0.20, respectively.

To balance the gradient magnitudes among different loss
components, the adaptive mechanism automatically increases the
weight of the data-driven term as the model progressively learns
and internalizes the underlying physical relationships. This
adjustment guides the optimization process toward a more effi-
cient convergence direction and ensures the stability of the
training process. Although the final numerical weights of the
physics-based terms are relatively small, their gradient signals
continuously play a regularizing and constraining role throughout
training, ensuring the physical consistency of the model
predictions.

Overall, the adaptive weighting strategy enables a natural dy-
namic transition during training, evolving from an initial stage of
physics-guided learning to a later stage of data-driven optimiza-
tion. This evolution illustrates the model’s ability to autonomously
shift learning focus based on convergence feedback, ensuring both
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Fig. 14. Performance response curves under different model hyper-parameters. (a) Learning rate; (b) LSTM layers; (c) Hidden units; (d) Dropout rate.

Table 7

The core parameter settings of OneCycleLR learning rate scheduler.
Parameter Setting Parameter Setting
Maximum learning rate 0.001 Annealing strategy Cosine
Initial learning rate factor 25 Final learning rate factor 1000

empirical accuracy and physical fidelity, thereby achieving a dy-
namic balance between physics-informed guidance and data-
driven learning.
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4.2. Prediction results analysis

This study uses RMSE, mean absolute error (MAE), mean ab-
solute percentage error (MAPE), and the coefficient of determi-
nation (R?) as evaluation metrics to assess model performance
from multiple perspectives (Bai et al., 2024).

To comprehensively evaluate the performance of the proposed
PINN model, three classical physical models for ROP prediction,
the Bourgoyne and Young model (B&Y), the Bingham model, and
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Fig. 15. Loss function and learning rate variation. (a) Model loss function curve; (b) Learning rate change curve.
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the Soares model, were selected to perform ROP prediction on the
same dataset.

The B&Y model describes the relationship between the ROP and
eight influencing factors from multiple perspectives.

8 8
ROP = exp <a1 -+ Zizaix,-> = Hi:]fi

(33)

where, aq is a proportional coefficient, x; represents the influencing
parameters of ROP, and f;—fg denote the corresponding functional
relationships of the influencing factors. Specifically, f; represents
formation strength, f, is the depth influence, f3 corresponds to
formation compaction, f4 accounts for the pressure differential, f5
represents the WOB effect, fg denotes RPM, f; describes bit wear,
and fg reflects hydraulic effects.

However, due to the absence of several parameters required in
the original B&Y model within the collected dataset, a simplified
six-factor version of the B&Y equation was developed in this study.
The simplified form considers the effects of formation drillability,
D, WOB, RPM, Q, and bit diameter.

2
D-D,
_D_ | 7000 WN® /R\% /7Q\% /dg\%
ROP=K.e%71000.¢ ( )() (7) (7) (i)
Wo Ro Qo dpo
(34)

where, K is the formation drillability coefficient, Dg, Wo, Ro, Qo, dgo
are the reference parameters used for normalization, a; and ap
represent the compaction and undercompaction coefficients, and
as—ag are the exponents of WOB, RPM, Q, and bit diameter,
respectively.

Bingham established a function relating ROP to WOB and RPM.

a
ROP=K (w) R
dp

(35)
where, K is a proportional constant, which takes into account the
influence of rock strength, and a is the drill bit index.

Based on the principle of least squares, the curve_fit function in
the Scipy library was used to perform nonlinear regression fitting
for the three drilling rate equations respectively, and the dimen-
sionless parameters in the three equations were obtained.

The evaluation indicators of the physical model are shown in
Table 8. It can be seen that the prediction accuracy of the phys-
ical model is relatively low, and the error between the predicted
results and the true values is large. Among the three physical
models, the Soares model has the lowest MAE and MAPE, which
are 16.54 and 58.89% respectively, and the R? is 0.46.

The prediction results of the physical models are illustrated in
Fig. 16. In each scatter plot, the horizontal axis represents the
true ROP values, while the vertical axis represents the predicted
ROP values. Points that lie closer to the diagonal line, or are evenly
distributed along both sides of it, indicate higher prediction ac-
curacy. Conversely, larger deviations from the diagonal imply
lower predictive accuracy.

Table 8
Comparison of performance evaluation indicators for physical model.
B&Y Bingham Soares
RMSE 26.22 49.63 21.75
MAE 19.35 30.08 16.54
MAPE, % 62.92 93.49 58.89
R? 0.31 0.06 0.46
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It can be observed that the prediction results of all three
physical models show considerable deviations from the measured
values, indicating relatively low accuracy. In contrast, machine
learning models can flexibly capture nonlinear correlations and
hidden coupling effects among multiple drilling parameters by
learning directly from historical drilling data, without relying on
explicit physical equations.

Therefore, to further verify the predictive performance and
overall superiority of the proposed PINN model, several commonly
used machine learning algorithms, SVR, BP, LSTM, and convolu-
tional neural network-bi-directional long short-term memory
(CNN-BILSTM), were selected for comparative analysis against the
PINN model. All models were tested on the same dataset to ensure
consistency.

The core parameters of the SVR model include the radial basis
function (RBF) as the kernel, a penalty coefficient C = 1.0, and a
kernel coefficient y set to “scale”. For the BP neural network, the
key settings consist of a ReLU activation function and three hidden
layers with 128, 64, and 32 units, respectively. In both the LSTM
and CNN-BiLSTM models, the main hyper-parameters, such as the
number of LSTM layers, hidden units, learning rate, dropout rate,
and convolution kernel size, are consistent with the optimal
configuration used in the SE-ResNet-BiLSTM-SAM architecture,
which constitutes part of the proposed PINN framework.

Table 9 presents the performance evaluation metrics of the
different models, providing a direct comparison across RMSE,
MAE, MAPE, and R?. Fig. 17 further depicts the radar chart of model
performance, which highlights the overall disparities among the
five models across all evaluation dimensions.

For the proposed PINN model, the RMSE is 6.214, the MAE is
3.483, the MAPE is 6.102%, and the R? is 0.953. Compared with the
SVR, BP, LSTM, and CNN-BiLSTM models, the PINN model out-
performs across all four metrics. Specifically, MAPE decreases from
21.193% in the SVR model to 6.102% in the PINN model, while R?
increases from 0.777 to 0.953. These results demonstrate that the
PINN model not only reduces prediction errors but also achieves
higher goodness of fit, while additionally exhibiting superior sta-
bility and generalization ability.

In order to further reveal the differences in error distribution
characteristics among the models and to verify their stability and
predictive precision, a comprehensive analysis of the cumulative
error distribution and error satisfaction was performed for each
ROP prediction model.

Fig. 18 illustrates the cumulative error distribution and statis-
tical comparison of different models. In subplots (a-e), the cu-
mulative error curves depict the discrepancies between the
predicted and measured ROP values. The metrics dqo, dso, and dgg
represent the error magnitudes corresponding to the 10th, 50th,
and 90th percentiles, respectively, reflecting the model's predic-
tion accuracy across different confidence levels.

The results indicate that the PINN model achieves the highest
prediction precision and stability. Its error distribution is sharply
concentrated around zero, forming a narrow and steep peak,
which signifies that the vast majority of prediction residuals are
minimal. In contrast, the SVR and BP models exhibit wide error
dispersion with heavy tails, indicating a significant number of
large deviations. The LSTM and CNN-BiLSTM models perform
moderately better, showing a more compact distribution with
reduced volatility compared to the traditional machine learning
models. Among them, CNN-BiLSTM shows a more compact dis-
tribution than LSTM, approaching the performance of the PINN
model.

Additionally, subplot (f) presents the boxplot comparison of
prediction errors, which further highlights the better stability of
the PINN model. Its interquartile range (IQR) and variance are the
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Fig. 16. Scatter plot of the prediction results of the physical model. (a) B&Y model; (b) Bingham model; (c) Soares model.

Table 9

Comparison of performance evaluation indicators for different models.
Model RMSE MAE MAPE, % R?
SVR 13.939 8.544 21.193 0.777
BP 11.402 6.978 17.788 0.851
LSTM 10.002 5.877 15.008 0.905
CNN-BIiLSTM 7.839 4.548 10.503 0.929
PINN 6.214 3.483 6.102 0.953

smallest among all models, confirming that the proposed PINN
approach effectively suppresses large deviations and ensures
consistent predictive performance.

In engineering practice, predictive results are generally allowed
to deviate within an acceptable error range. To address the limi-
tations of conventional evaluation metrics such as RMSE and
MAPE, which are highly sensitive to individual extreme errors, Fan
et al. (2025b) proposed the “error satisfaction” metric.

This metric evaluates the reliability of overall predictions by
calculating the relative error between predicted and true values
and by determining the proportion of sample points that fall
within a predefined error range. Compared with RMSE and MAPE,
the error satisfaction metric is less sensitive to individual
anomalies and offers a method of greater engineering value for

the reassessment and improvement of model predictive
performance.

Tj o
Sj = x 100% (36)

where, j denotes the permissible error range, S; represents the
error satisfaction when the error range is set to j, T is the total
number of samples, Tj is the number of samples with prediction
errors falling within the error range. The error ranges used for
calculating error satisfaction are shown in Table 10.

Fig. 19 shows the error satisfaction bubble charts for the
different models. The results indicate that as the error range in-
creases, the error satisfaction of all models improves markedly.
Among the five models, the PINN model achieves the highest error
satisfaction. When the error range is set to Si5, the PINN model
attains an error satisfaction of 89.71%, which further increases to
97.62% at Sys. This means that 97.62% of the predicted values
deviate from the true observations by less than 25%. The CNN-
BiLSTM model ranks second, showing higher error satisfaction
than the LSTM, BP, and SVR models under the same conditions. In
contrast, the SVR, BP, and LSTM models exhibit lower overall error
satisfaction, indicating larger deviations between predictions and
true values.
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Fig. 20 compares the prediction curves of different models. The
results indicate that although all models can capture the overall
ROP trend, notable differences exist in local fitting accuracy and
error control.

The SVR and BP models exhibit significant overall deviations
and insufficient fitting between predicted and true values, with
certain predictions showing clear discrepancies. This highlights
that an accurate overall trend does not necessarily guarantee su-
perior error metrics, as large deviations in individual samples can
still elevate the global error level. In contrast, the LSTM and CNN-
BiLSTM models demonstrate closer alignment with the true
values, effectively capturing the overall trend but showing local-
ized fluctuations in certain intervals. The PINN model, however,
exhibits the best performance, closely matching the true values
and accurately representing both global trends and local
variations.

These results suggest that by integrating physical constraints
with an adaptive loss-weighting mechanism, the PINN model
mitigates the “black box” nature of traditional data-driven ap-
proaches, achieving enhanced predictive accuracy and stability.

4.3. Ablation experiment and feature analysis

To further investigate the internal mechanism of the proposed
PINN model, a series of ablation experiments were conducted to
quantify the contributions of different structural and physical
components to the overall prediction performance.

The ablation study, a widely adopted analytical approach in
artificial intelligence and machine learning research, involves
removing or replacing specific modules, features, or training stra-
tegies to examine how such changes affect model performance. This
helps to identify the relative importance of individual components
and clarify their functional roles within the overall framework.

In this study, six ablation experiments were systematically
designed to evaluate the effects of the physical constraints, hybrid
deep-learning architecture, and adaptive loss weighting strategy
in the PINN model. Apart from the removal of individual compo-
nents, all other experimental settings, parameters, and training
conditions remained consistent with those of the full model. The
specific design of the ablation experiment is as follows:

(1) Experiment 1 removes all physical constraints, reverting the
framework to a purely data-driven model for ROP
prediction;

(2) Experiment 2 eliminates the mechanical specific energy
constraint while retaining the Soares ROP model as a single
physical term,;
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Fig. 17. Radar chart of performance indicators for different models. (a) RMSE; (b) MAE; (c) MAPE; (d) R%

(3) Experiment 3 removes the Soares model constraint and
keeps only the mechanical specific energy constraint;

(4) Experiment 4 excludes the SAM module from the hybrid
architecture;

(5) Experiment 5 removes the SE-ResNet module while keeping
the remaining architecture unchanged;

(6) Experiment 6 replaces the adaptive loss-weighting mecha-
nism with fixed weights for the different loss components,
where the data-driven term Lyga, is set to 1.0, and the two
physics-based constraint terms Lyse and Lsoares are each set
to 0.1.

As shown in Fig. 21, the performance metrics of different
ablation experiments indicate that removing various components
leads to different degrees of degradation in model accuracy, sug-
gesting that each module plays an essential role in the PINN
framework.

In Experiment 1, removing all physical constraints increased
the RMSE by 48% and reduced the R? to 0.903. Without physical
guidance, the model generated extreme, non-physical predictions,
illustrating that physical constraints are essential for maintaining
prediction stability and physical plausibility.

In Experiments 2 and 3, removing the mechanical specific en-
ergy and Soares constraints led to RMSE increases of 28% and 22%,

respectively. The former contributed more strongly because of its
closer relationship to the energy balance in rock-breaking, effec-
tively suppressing non-physical fluctuations.

In Experiments 4 and 5, excluding the SAM and SE-ResNet
components raised the RMSE by 38% and 56%, and reduced the
R? to 0.925 and 0.892, respectively. The SAM module mainly cap-
tures global feature interactions and has a moderate influence,
whereas the SE-ResNet module is crucial for extracting nonlinear
features, with its removal severely weakened feature representa-
tion capability.

In Experiment 6, replacing the adaptive loss weighting with
fixed weights increased the RMSE by 24%. Although the model
still achieved reasonable predictive accuracy under the domi-
nance of the data-driven term, several predictions deviated
from the physically reasonable range. Moreover, the conver-
gence became slower and the overall training stability was
reduced.

Overall, embedding physical information loss restricts model
predictions within a physically reasonable range, while the SE-
ResNet-BiLSTM-SAM architecture effectively captures the multi-
scale and long-sequence dependencies among drilling parame-
ters. Therefore, the proposed PINN model not only achieves higher
predictive accuracy but also demonstrates improved interpret-
ability and physical consistency.
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Table 10
Error range of error satisfaction.

Number Type Error range
1 Ss Relative error < 5%
2 S1o0 Relative error < 10%
3 Si5 Relative error < 15%
4 S20 Relative error < 20%
5 Sos Relative error < 25%
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Fig. 19. Error satisfaction bubble chart for each model.

For the inherently non-transparent “black box” models, the
self-attention mechanism and the SHAP method were jointly
employed to quantitatively analyze the contribution of each
feature to the ROP prediction in the proposed PINN framework.

Within the PINN model, the SAM is primarily designed to
capture the global dependencies and interaction weights among
input features, thereby enhancing the model’s ability to represent
complex coupled relationships among drilling parameters. By
integrating the SHAP post-hoc explainability approach, which is
based on a game-theoretic allocation principle to compute each
feature’s marginal contribution to the model output, the internal
decision process of the model can be interpreted in a statistically
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meaningful way. This enables a deeper understanding of how
different drilling features influence the predicted ROP. The feature
importance dependencies are illustrated in Fig. 22.

The horizontal axis in the figure represents the contribution
magnitude of each input feature to the predicted ROP. Each point
corresponds to an individual sample, and the color indicates the
feature value, where red represents higher values and blue rep-
resents lower values. The vertical dispersion of points reflects the
variability of each feature’s influence across all samples, while the
horizontal direction indicates whether the feature has a positive or
negative effect on the predicted ROP.

Overall, ROP(t—1), torque, WOB, and D are the main factors
affecting the predictions of the PINN model. ROP(t—1) has the
highest SHAP value, showing that the sequential dependency of
drilling rate strongly influences prediction accuracy. torque and
WOB have clear positive effects, where higher torque and bit load
lead to higher predicted ROP. D shows a bidirectional effect. ROP is
higher in shallow intervals, while it exhibits a negative contribu-
tion at greater depths. In addition, Q, bit run, and RPM have a
certain degree of positive influence on ROP. In contrast, the effects
of GR, DT, and CAL are relatively small, mainly reflecting the in-
direct influence of formation properties on ROP. HL and bit time
have low SHAP values, indicating that these two features are not
persistent dominant factors.

The SHAP-based analysis confirms that the relationships
identified by the PINN model between drilling parameters and
ROP are consistent with established drilling mechanics. The results
show that the physics-constrained hybrid model effectively en-
hances the explainability and stability of traditional machine
learning approaches. It also avoids the occurrence of non-physical
prediction results and improves the physical and knowledge
consistency of the proposed prediction framework.

4.4. Model generalization analysis

Although PINN can effectively integrate physical constraints
into the learning process, their generalization performance often
degrades when applied to data from different physical or geolog-
ical regimes. This limitation becomes particularly evident in
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Fig. 21. Comparison of evaluation metrics for ablation experiments.

drilling engineering, where variations in geological conditions,
drilling tools, and sensor acquisition lead to significant differences
in parameter distributions across regions.

In response to this limitation, this study employs a transfer
learning strategy by applying the pretrained model to other dril-
ling blocks and evaluating its cross-regional adaptability and
robustness (Zhuang et al., 2020; Hosna et al., 2022).

Transfer learning is a machine learning method that leverages
knowledge learned in the source domain to improve learning
performance in the target domain (Fang et al., 2021). Instead of
retraining a model for new tasks, transfer learning only requires
appropriate adjustments to a pretrained model to enable ROP
prediction in the target domain. The principle of transfer learning
is illustrated in Fig. 23.

In terms of the transferred content, the approach employed in
this study is classified as feature-based transfer learning, where
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knowledge transfer is achieved by learning and extracting shared
feature representations between the source and target domains.
With respect to tasks and data distributions, the transfer learning
in this study is classified as isomorphic transfer learning, since the
source and target domains share the same feature spaces and task
types, although their data distributions may differ (Li et al., 2021;
Huang et al., 2024).

To evaluate the cross-domain generalization capability of the
proposed model, two transfer learning schemes were designed:
zero-shot transfer and few-shot transfer. In the zero-shot transfer
scheme, the model is directly applied to the target domain after
data preprocessing, without using any target-domain training
samples. In contrast, the few-shot transfer scheme introduces a
small portion of target-domain samples to fine-tune the pre-
trained model, thereby improving its adaptability to new geolog-
ical conditions (Guo et al., 2019; Soleimani-Babakamali et al.,
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2023). In this study, the fine-tuning dataset in the few-shot
transfer setting accounts for 10% of the total target-domain data.

For clarity and comparison, the source-domain test is referred
to as Model A, the zero-shot transfer as Model B, and the few-shot
transfer as Model C. The BY block in the eastern South China Sea
was selected as the target domain for transfer learning. Compared
with the source domain, the BY block was developed at a later
stage and has relatively limited data availability.

Two wells, BY5-X and BY5-Y, were chosen as representative
target-domain wells for model transfer experiments. The
descriptive statistical analysis of the original data for well BY5-X is
shown in Table 11.

By comparing Table 11 with Tables 2, it can be seen that there
are significant statistical differences in the drilling data of the two

Source domain
labels

Source domain

Data distribution shift
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blocks. The mean values of most parameters in the BY block are
higher than those of the corresponding parameters in the BZ block.
The mean value differences of some parameters reach more than
200%, more than 100%, more than 50%, and more than 40%
respectively. At the same time, there are obvious differences in the
standard deviations of the data sets of the two blocks. The
parameter variability of the BY block is significantly greater than
that of the BZ block. These statistical differences reflect the
essential differences in the drilling engineering characteristics and
geological characteristics of the two different blocks, providing a
data-based basis for the transfer learning of the BY block.

The feature parameters, data preprocessing, feature correlation
analysis, and data standardization procedures used in the target
domain were kept consistent with those employed in the source
domain to ensure comparability and reliability of the transfer
results.

Comparisons of model performance across the source domain,
zero-shot transfer, and few-shot transfer, along with comparisons
between true and predicted values under the two transfer
schemes, were plotted, as shown in Figs. 24 and 25.

The figures reveal distinct differences between the two ap-
proaches in both performance metrics and predictive outcomes.
Under zero-shot transfer, the model performs substantially
worse than the source-domain model, showing higher RMSE,
MAE, and MAPE, a significantly lower R? and larger deviations
between predictions and true values. Specifically, it yields a
MAPE of 13.673% and an R? of only 0.734. In contrast, the few-
shot transfer scenario demonstrates notable improvements af-
ter fine-tuning with a small number of target-domain samples.
The model achieves an RMSE of 12.037, an MAE of 9.311, a MAPE
of 10.413%, and an R? of 0.852, with predicted values more
closely aligned along the diagonal line representing the true
values.

Although zero-shot transfer has limitations in adapting to the
differences in geological and data distributions between the
source and target domains, few-shot transfer effectively mitigates
performance degradation and adaptability issues across different
blocks. Fine-tuning with a small amount of data allows the model

Target domain
labels

Target domain

data

v

data

ROP prediction I o o0
task (source) . PP . #‘ ™ Shared feat ROP
L ® L * » are eiat_ure prediction
e o » - " representation task (target)
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Task-related
knowledge
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=
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Fig. 23. Schematic diagram of transfer learning method.
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Table 11
Descriptive statistical analysis table of raw data for Well BY5-X.
D, m HL,t  WOB, RPM, Torque, Q SPP,  ROP, Bitrun,  Bit Pump CAL, CNC, DT, GR, ZDEN,
t rpm kN-m L/min MPa m/h m time, time, in PU us/ft API g/cm®
h h
mean 2614.00 36092 1949 10858 7.05 3707.37 1833 4380 40970 2439 3870 1578 3520 103.80 12835 241
std 102177 5359 944 2372 2.89 101045 483 2736 32800 2270 3023 325 1464 1735 1783 0.18
min  845.00 24372 020 0.00 0.00 44300 023 266 0.00 0.01 0.12 341 659 4676 5022 1.4
25% 172950 311.50 14.10  100.00 545 221500 14.12 1656 14200 722 13.98 1266 2444 9119 11962 230
50%  2614.00 35992 1860 111.00 6.62 410000 1923 4079 33494  17.11 2951  17.24 3403 10508 129.84 244
75% 349850 407.62 2410 121.00 851 412300 2279 6346 577.68 3490 5710 176 4188 11355 13846 2.54
max  4383.00 46125 13230 140.00 15.25 5211.00 2654 166.53 1269.87 100.08 13049 21.87 97.84 163.18 21140 2.73
Model A Model C robustness and predictive performance in transfer learning
_____ contexts.

Model B Model B The performance discrepancy between the source and target
domains is a common phenomenon in transfer learning, often
referred to as domain adaptation. Although few-shot transfer
learning can enhance the model’s adaptability and prediction ac-
curacy in the target domain, there remain inherent geological

Model C Model A heterogeneities and differences in data feature distributions be-
tween the two domains. Such disparities cannot be fully
compensated for through limited fine-tuning samples.

Moreover, the calibration of the physical model coefficients
strongly depends on the quality and representativeness of the

Model A Model C

Model B Model B

Model C Model A

Fig. 24. Comparison of model performance across the source domain (Model A), zero-
shot transfer (Model B), and few-shot transfer (Model C).
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Fig. 25. Comparison of true and predicted values under zero-shot transfer (Model B)
and few-shot transfer (Model C).

to better adapt to the feature distribution of the target domain,
thereby improving prediction accuracy.

These results demonstrate that the PINN model exhibits strong
cross-domain generalization capability. By integrating physical
constraints with data-driven learning, the model maintains good
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available drilling data, and these calibrated values may differ
across geological blocks. In addition, the physical constraints
embedded in the PINN are constructed based on the physical laws
derived from the source-domain data. While these physical prin-
ciples are generally applicable, certain key parameters within the
equations, such as the energy factor Et, which is assumed constant,
and the friction coefficient x, which varies depending on the drill
bit type, may require recalibration for the target domain.

5. Conclusions

This study proposed a novel approach for ROP prediction and
transfer generalization based on PINN. The traditional drilling
mechanism models were embedded into a deep learning frame-
work as physical constraints in the loss function. Through the
regularization and constraint of physical prior knowledge, the
model not only improved prediction accuracy but also mitigated
the limitations of purely data-driven approaches in interpret-
ability and generalization. Based on this study, the following
conclusions can be drawn:

(1) An enhanced mechanical specific energy model and the
Soares ROP model were integrated into the SE-ResNet-
BiLSTM-SAM architecture, while an adaptive loss weight-
ing strategy was applied to dynamically balance physical
constraints and data-driven residuals. A Bayesian optimi-
zation algorithm based on the Optuna framework was
further employed to systematically evaluate the influence of
hyper-parameters such as learning rate, LSTM layers, hidden
units, and dropout rate, thereby improving model stability
and convergence.

(2) Experimental results show that the PINN model is signifi-
cantly superior to traditional physical models and intelligent
prediction methods such as SVR, BP, and LSTM. The RMSE,
MAE, MAPE and R? values of the PINN model are 6.214,
3.483,6.102% and 0.953 respectively. Furthermore, when the
error range is 25%, the model’s error satisfaction is 97.62%,
indicating that the engineering applicability and error
tolerance of the PINN model are better.



M. He, Q.-R. Yuan, ]. Li et al.

(3) The proposed PINN model also demonstrated strong trans-
fer generalization capability. Zero-shot transfer learning is
difficult to directly accommodate the differences in
geological conditions and data distribution between
different regions. However, few-shot transfer learning has
better prediction performance in the target domain, with a
prediction accuracy of 89.59%, demonstrating good adapt-
ability and generalization ability.

(4) In future research, an unsupervised domain adaptation
approach will be explored to further improve the model’s
applicability across diverse geological environments. At the
same time, a drilling parameter optimization method that
integrates multiple physical models based on the PINN
framework will be developed to enable real-time and dy-
namic optimization of drilling parameters.
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