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Offshore extended-reach drilling is widely employed for the efficient development of deepwater hy-
drocarbon fields. However, the complex subsea formation environment and downhole frictional losses
lead to significant inaccuracies and limitations in bottomhole weight on bit (WOB) calculations, severely
impacting drilling operations. Therefore, this study proposes an improved bottomhole WOB prediction
model that combines CNN-BiLSTM networks with Transformer encoders. By introducing a loss function
(named DRE) based on the rate of penetration equation into the intelligent algorithm, four models were
constructed: CNN-BiLSTM, CNN-Encoder-BiLSTM, CNN-BiLSTM (DRE), and CNN-Encoder-BiLSTM (DRE).
The eight models were compared and evaluated, including both the established models and conven-
tional models. Experimental results show that the newly developed CNN-Encoder-BiLSTM (DRE) model
parameters' influence degree basically conforms to the DRE with high generalization capability. On the
test well, it achieved MAE of 0.859, MRE of 0.1, MAPE of 10%, MSE of 1.201, and R? of 0.867, demon-
strating good performance. The research results prove that the new model is suitable for bottomhole
WOB prediction in offshore extended-reach wells, which is expected to improve drilling efficiency and
enable subsequent complex situation analysis, providing new ideas for intelligent drilling research in

the marine sector.

© 2026 Chinese Petroleum Society. 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/).

1. Introduction

With the continuous growth of energy demand in all industries
around the world, hydrocarbon resources, as an important part of
the energy industry, have received increasing attention. Countries
around the world have intensified further exploration and devel-
opment of hydrocarbon resources. At present, numerous studies
show that global hydrocarbon exploration and development are
gradually expanding to regions such as the ocean and deep water:
according to the assessment of the United States Geological Survey
(USGS), approximately 47% of the world’s undiscovered oil re-
sources and 46% of its undiscovered gas resources are located in
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marine areas, among them, deepwater and ultra-deepwater oil
and gas resources account for 60% of the discovered reserves in the
ocean, gradually forming deepwater oil and gas areas including the
Gulf of Mexico, West Africa, and the South China Sea (Liu et al.,
2020). Furthermore, due to the high oil prices in recent years,
the yield rate of offshore oil and gas has generally been above 15%,
attracting an increasing number of oil and gas companies to focus
on the development of offshore hydrocarbon resources (Yang et al.,
2023). In conclusion, it can be seen that the deep-water area of the
ocean, as an important region for increasing reserves and pro-
duction of hydrocarbon resources in the future, holds a significant
strategic position. However, in offshore oil drilling operations,
extreme seabed conditions (including high-pressure/low-
temperature conditions) and complex formation structures (such
as fault zones and shallow gas reservoirs) impose more stringent
technical requirements and greater challenges on deepwater
drilling technologies (Liu et al., 2020; Yang et al., 2023).
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At present, in deepwater drilling operations the extended-
reach well technology is widely used due to its low cost and the
ability to efficiently develop long-distance oil fields (Chen et al.,
2014). However, during offshore extended-reach drilling opera-
tions, as the drilling depth extends to the highly inclined section,
the wellbore friction force acting on the drill string increases, and
the frictional loss becomes severe, making it difficult to maintain
accurate bottomhole weight on bit (WOB). Bottomhole WOB, as a
critical parameter affecting drilling efficiency, may cause acceler-
ated bit wear, drill string buckling or even failure when excessively
high, potentially leading to major drilling incidents, polluting the
marine environment and even causing casualties; conversely,
insufficient bottomhole WOB can result in drilling difficulties and
reduced rock-breaking efficiency, causing significant time loss
(Abbas et al., 2022; Marck et al., 2014; Zhao et al., 2022). More
importantly, as a critical parameter characterizing the interaction
between the drill bit and the formation, bottomhole WOB directly
reflects the actual downhole dynamics during drilling operations.
In contrast, surface WOB data are subject to significant inaccura-
cies due to complex signal transmission and substantial time de-
lays, making it difficult to reliably distinguish downhole
conditions such as drill string sticking and bit balling, which
adversely affects the accuracy and timeliness of WOB control.
Direct measurement and analysis of bottomhole WOB enable more
precise identification of conditions including abnormal bit vibra-
tion, bit balling, stuck pipe, and severe bit wear. Such measure-
ment also provides a reliable basis for calculating the actual
friction at the bit, thereby supporting timely WOB adjustments
and improved drilling efficiency (Marck et al., 2014). This approach
compensates for the inability to identify drilling anomalies
without downhole sensor data and helps reduce associated costs.

Therefore, accurate prediction of bottomhole WOB is vital for
achieving efficient offshore drilling, with significant implications
for subsequent offshore drilling complexity analysis, real-time
drilling optimization, and feasibility assessment (Chen et al.,
2016; Ejike et al., 2024). However, the current bottomhole WOB
monitoring technology is still immature, with issues such as low
measurement accuracy and poor reliability. The traditional bot-
tomhole WOB calculation methods mainly rely on physical models
and empirical formulas, and these methods have limitations in
dealing with complex formations and dynamically changing dril-
ling environments. Currently, the maturation of artificial intelli-
gence technology has provided new approaches for efficient
drilling. In fact, the integration of artificial intelligence methods
with drilling operations has emerged as both a current research
focus and future trend in petroleum engineering (Dashevskiy et al.,
2008; Salminen et al., 2017). The prediction of bottomhole WOB in
offshore drilling by using artificial intelligence technology can
improve the ability of drilling operation analysis and real-time
monitoring of drilling parameters to a certain extent, minimize
the occurrence of incidents, and realize the automation of offshore
drilling operations.

The accurate prediction of bottomhole WOB is critically linked
to the modeling of the rate of penetration (ROP). However, current
research on ROP equations and other physical formulas remains
primarily focused on parameter analysis and experimental simu-
lation, which exhibited significant limitations. For instance, Reza
and Alcocer (1986) used field data to fit unknown constants and
exponents in the Bingham equation through linear regression and
validated the sensitivity of the new model via partial derivative
analysis. However, their model did not account for the effects of bit
type selection and formation environment. Alum and Egbon (2011)
analyzed the properties of drilling fluids and summarized the in-
fluence of their mechanical performance on the ROP equation,
proposing a semi-analytical model that incorporates plastic
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viscosity. However, this model was developed specifically for
certain formation types and drilling fluid systems, and its appli-
cability to other types of drilling fluids was not examined.
Shaabani et al. (2016) investigated ROP variations in carbonate
rocks through laboratory experiments, revealing a relationship
between the weight on bit exponent and the drilling rate expo-
nent, which provides valuable insights for ROP equation modifi-
cation. However, their experiments did not extend to other
lithological conditions. Bilim and Karakaya (2021) established an
ROP prediction equation based on rock physical properties and
WOB through rock drill ability experiments, yet the model lacked
field validation and overlooked other key factors besides WOB in
drilling parameters. Atashnezhad et al. (2020) introduced the
interfacial friction angle of Polycrystalline Diamond Compact
(PDC) bits and developed a corresponding ROP prediction model
using a differential evolution algorithm. Nevertheless, the model
was solely based on experimental data, had not been extended to
other types of drill bits, and lacked validation in actual field ap-
plications. Overall, traditional physical methods generally suffer
from incomplete factor consideration and limitations in experi-
mental conditions, resulting in insufficient applicability in prac-
tical operations.

In contrast, artificial intelligence methods have recently
garnered substantial attention and have shown remarkable prog-
ress within the drilling domain (Abahusayn et al.,, 2012; Li et al.,,
2023). Hegde et al. (2015) developed multiple machine learning
models, including a Random Forest (RF) model, for predicting the
ROP. The Random Forest model demonstrated the highest pre-
diction accuracy, achieving a Root Mean Square Error (RMSE) of
0.074, however, the study also highlighted that there is a risk of
overfitting in this model. Boukredera et al. (2023) developed an
artificial neural network-based model for predicting ROP, which
achieved an RMSE of 0.017, they also utilized the Particle Swarm
Optimization (PSO) algorithm to optimize surface drilling param-
eters, theoretically reducing drilling time. However, the system
could not integrate real-time logging data, limiting its practical
applicability in the field. Yehia et al. (2024) compared the accuracy
of various machine learning models, including XGBoost, in pre-
dicting the ROP, the XGBoost model achieved a coefficient of
determination (R?) as high as 0.91. However, the study was limited
to basic model analysis and suffered from insufficient data volume
and a lack of field validation. Quitian-Ardila et al. (2024) applied
machine learning methods to predict and optimize the rheological
behavior of drilling fluids. However, the influence of formation
conditions on the results was not sufficiently considered. Urdaneta
et al. (2024) employed a Transformer model for predicting the ROP,
achieving a Mean Absolute Percentage Error (MAPE) of 5.22%.
However, the study also faced the issue of insufficient training
data. Alsaihati et al. (2025) integrated multiple machine learning
models and optimization algorithms to enhance the ROP and
mitigate downhole vibrations, their study ultimately selected the
RF model and differential evolution algorithm for drilling param-
eter optimization, achieving an R? value of 0.86. However, the
proposed methodology did not adequately account for the condi-
tions of offshore drilling environments, nor did it evaluate the
impact of varying formation properties on model performance,
which limits its practical applicability.

In addition, some scholars have focused on predicting bot-
tomhole WOB and bottomhole torque. Oyedere and Gray (2020)
expanded drilling data using a Generative Adversarial Network
and subsequently predicted bottomhole WOB and torque using a
linear regression model, they evaluated model performance using
the RMSE and selected the gradient boosting algorithm as the
optimal approach. However, this method had certain limitations.
The model only incorporated inputs such as flow rate while
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neglecting strongly correlated physical parameters like well depth
and inclination angle, resulting in limited generalization capa-
bility. Marquez (2021) developed an XGBoost model for predicting
bottomhole torque in shallow water wells in the Gulf of Mexico,
although its prediction accuracy achieved an R? score of 0.83, this
study lacked supplementary evaluation metrics and did not
incorporate theoretical constraints, resulting in limited model
interpretability and transferability. Elzenary (2023) developed a
bottomhole WOB prediction model using support vector machines
(SVM) based on data from a high-angle well in North Africa, the
model achieved an exceptional R? score of 0.99 with only around
1000 training samples. However, the limited dataset size and the
lack of systematic evaluation of input parameter correlations
resulted in poor generalization capability. Wu et al. (2024) opti-
mized the Back Propagation (BP) and Long Short-Term Memory
(LSTM) networks using a genetic algorithm to improve the accu-
racy of bottomhole WOB prediction, achieving enhanced predic-
tive accuracy with a mean absolute error (MAE) of 0.4. However,
this study failed to specify the data sources or applicable well
conditions, nor did it incorporate relevant physical constraints,
resulting in model interpretability and generalization capability
that require further validation.

Some researchers have also focused on integrating physical
methods with artificial intelligence, an approach that has emerged
as a new interdisciplinary research field. For instance, Negara and
Saad (2020) analyzed parameter importance in the ROP equation,
used a physical model to select input features, and incorporated
these parameters into a machine learning model for ROP predic-
tion. However, their method relied on too few parameters and
suffered from insufficient constraints. Li et al. (2025) combined
mechanical analysis with machine learning to predict build-up
rates. After calculating mechanical parameters such as lateral
force, they integrated them as inputs to expand the dataset and
enhanced prediction accuracy by modifying the loss function.
Nevertheless, their approach has limitations: the mechanical
model parameters are difficult to measure accurately in practice,
and its applicability in marine environments remains unvalidated.
Albattat et al. (2025) simulated mud loss scenarios by adjusting
fluid parameters and applied machine learning to predict fracture-
induced losses using synthetic data, achieving promising results.
Despite this, the study was constrained by limited data availability
and practical applicability. Qi et al. (2025) developed a drilling
optimization model that integrates physical mechanisms with
machine learning. They incorporated mechanical specific energy
calculations into the input data and optimized drilling parameters
under vibration constraints, demonstrating superior performance.
A key limitation, however, is that the model was developed and
tested on a single dataset, lacking validation with field data.
Similarly. Atheaux et al. (2025) combined spectroscopic analysis
with machine learning to analyze mineral elements in drilling
fluid, enabling accurate solid content measurement. This method,
however, remains confined to laboratory research and has not yet
been deployed in field operations.

In summary, although artificial intelligence methods have
made a lot of progress in the field of drilling, there are relatively
few studies in the field of bottomhole WOB prediction. At present,
the existing bottomhole WOB prediction models are primarily
data-driven and do not give much consideration to the physical
meaning behind the models, resulting in low interpretability, poor
generalization capability, and difficulty in capturing the charac-
teristics of long-term changes. Moreover, there is a scarcity of
research specifically focused on bottomhole WOB prediction for
offshore extended-reach wells.

Therefore, this paper takes the typical extended-reach wells in
the South China Sea as the research object. Aiming at the problems
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such as low accuracy, poor interpretability and generalization
ability of the existing pure data-driven models, multiple groups of
different bottomhole WOB composite prediction models are
established, and the constraints of the ROP equation are integrated
into the models to combine the physical equations to the greatest
extent. By systematically comparing and verifying the newly
established model with other existing prediction models on the
new well data, the optimal model is selected, and the sensitivity
analysis and interpretability analysis of the input parameters that
affect the optimal model are carried out. This approach not only
achieves accurate bottomhole WOB prediction for offshore
extended-reach wells but also successfully overcomes the
inherent limitations of traditional purely data-driven models.

2. Physics theories and intelligent methods
2.1. Rate of penetration equation

The ROP refers to the depth a drill bit advances into the for-
mation within a unit of time, serving as a critical metric for eval-
uating drilling efficiency (Shaabani et al.,, 2016). In the actual
drilling process, the ROP is influenced by a combination of multi-
ple factors, including the WOB, rotations per minute of drill bit
(RPM), hydraulic conditions, and the performance of the drill bit.
The ROP equations vary depending on the type of drill bit selected,
and there have been studies by various scholars on ROP equations
for different types of drill bits (Khoshouei and Bagherpour, 2023).
Since PDC bits are generally used for drilling operations in
extended-reach offshore drilling, this study primarily considers
the relevant ROP equations for PDC bits (Heydari et al., 2017). The
following equations were established by Bingham, Hareland,
Motahari, and others, which take into account different factors for
the ROP equations of PDC bits (Mazen et al., 2021).

Bingham ROP Equation (Bingham, 1965):

b
ROP=a x RPM x (WD—(ZB) (1)

in the equation, Dy represents the diameter of the drill bit, while a
and b denote the influence coefficients of rock strength.
Hareland ROP Equation (Hareland et al., 2010):

14.14 x N: x RPM x Ac
Dy,
Ac = cosasin (N1 — N2)

d\*
N1 = (7) cos (1
05
N2 — d. x DOC B DOC? dc x DOC
B cos 6 cos? 6 2 cosé
in the equation, N, represents the number of cutting teeth, Dy
denotes the diameter of the drill bit, Ac stands for the cutting area
in front of the cutting teeth, d. signifies the diameter of the cutting
teeth, DOC indicates the depth of cut, « is the side rake angle of the

PDC bit’s cutting teeth, and 9 represents the back rake angle.
Motahari ROP Equation (Motahhari et al., 2010):

G x RPM* x WOBY
Db x S

ROP =

2DoC

_ eVt (2)
2 cos 0 x dc¢

(3)

ROP =W x (

in the equation, G represents the coefficient calculated from the bit
geometry and the size of the cutting teeth, Wy denotes the bit wear
function, x and y signify the exponents that influence the ROP
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model, and S stands for the confined rock strength.

2.2. Convolutional neural networks

Depending on the type of problem to be solved, convolutional
neural networks (CNN) can transform the input data structure into
the required structure type through dimensional changes, mainly
including one-dimensional, two-dimensional, three-dimensional
and other different structures. Among them, one-dimensional
convolutional networks are primarily used for processing
sequential data, while two-dimensional convolutional networks
and three-dimensional convolutional networks are used to pro-
cess dimensional changes (Alzubaidi et al., 2021; Zhou et al., 2017).
Typically, a convolutional structure is composed of convolutional
layers, pooling layers, and fully connected layers (Krizhevsky et al.,
2017). The convolutional layer extracts local features from the
input data, the pooling layer reduces computational complexity,
and the fully connected layer produces the final output. Between
the convolutional and pooling layers, activation functions are
typically applied to enhance the model’s expressive power and
mitigate issues such as underfitting.

2.3. LSTM memory networks

LSTM networks can make up for the drawback that traditional
recurrent neural networks have a limited ability to capture
temporal and sequential data (Sutskever et al., 2014). When
dealing with such problems, the LSTM processes sequential data
through iterative time steps. Its gates selectively filter informa-
tion, updating the cell state by forgetting irrelevant data and
incorporating new inputs, thereby propagating only the most
relevant information forward. Therefore, the LSTM structure can
effectively solve the prediction problems of long sequence and
temporal data, and can alleviate the problem of gradient explo-
sion and vanishing (Chen et al., 2024). As illustrated in Fig. 1, the
LSTM unit structure centers on three gating mechanisms: the
forget gate, input gate, and output gate. The relevant calculation
equations are shown as Equation (4) (Graves and Schmidhuber,
2005).

ir = o(Wjlxe, he_1] + by)
fe = o(Wylxe, he 1] + by) (4)
or = o(Wolxt, hy_1] + bo)

in the equations, x; denotes the current input feature and h;_1
represents the previous hidden state, ¢ represents the activation
function; ir, W;, and b; denote the output, weight matrix, and bias
term of the input gate, respectively; f;, Wy, and by represent the
output, weight matrix, and bias term of the forget gate,

b
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respectively; o, Wy, and b, signify the output, weight matrix, and
bias term of the output gate, respectively.

Bidirectional Long Short-Term Memory (Bi-LSTM) is an exten-
sion of the standard LSTM architecture, incorporating both for-
ward and backward LSTM layers (Chen et al., 2024). This dual
structure enables each cell to utilize information from both past
and future hidden states, thereby capturing richer contextual
features and achieving higher stability (Greff et al., 2016).

2.4. Transformer method

The Transformer model was initially proposed by Vaswani et al.
(2017) to better capture dependencies between elements in a
sequence. As shown in Fig. 2, the model’s core unit consists of an
Encoder and a Decoder (Liu et al., 2021). Furthermore, internally,
both components are constructed from a looped stack of identical
sub-layers, including multi-head self-attention mechanisms, Add
& Norm operations, and position-wise feedforward networks. This
structure provides a key architectural advantage in paralleliz-
ability over recurrent models like Recurrent Neural Networks
(RNNs), as unlike their sequential data processing method, the
Transformer processes all elements simultaneously, significantly
reducing computation time.

The self-attention mechanism is the core of the Transformer
model, designed to enable the model to focus on the correlations
between different parts of the entire input elements (Kang and
McAuley, 2018). Specifically, in this process, the input is linearly
projected into three matrices: Query (Q), Key (K), and Value (V).
These matrices are then used to dynamically compute attention

Soft max
Linear

Add & Norm "

Feed
Forward
¥
Add & Norm Add & Norm .
Feed Maulti-Head
Forward Aftention
T o £s
Facolse Add & Norm Add & Norm Duvoes
Multi-Head Masked
Attention Multi-Head
. Aftention
1 £
Positional (—, ) qu ) (I (/Y Positional
Encoding b Encoding
Tnput Outpat
Embedding Embedding
= ¥
Inputs Outputs

Fig. 2. Transformer architecture.

; ;

P
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XRK—D =
A Lebet] | A
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Fig. 1. LSTM structure diagram.
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weights, allowing the self-attention mechanism to effectively
capture dependencies (Mauricio et al., 2023). The equation for this
is expressed as follows:

QK™

Attention(Q, K, V) = Softmax (—)V (5)

vd

In the equation, Q, K, and V represent the Query matrix, Key matrix,
and Value matrix, respectively.

3. Data processing and intelligent model structure design
3.1. Data processing

This study selects data from three extended-reach wells (Well
A, Well B, and Well C) in a complex deepwater block in the South
China Sea. The dataset includes 13 features, such as well depth,
bottomhole WOB, weight on hook (WOH), torque, RPM, ROP, flow
rate, bit time, pump time, standpipe pressure (SPP), Inclination
(Inc), Azimuth (Azi), and mud density, totaling over 800,000 data
points. Table 1 shows the parameter ranges for the three wells. Due
to interference from external environmental factors such as vari-
ations in temperature and pressure, combined with complex
geological and wellbore conditions, the acquired raw data exhibit
substantial noise and outliers. This makes the data unsuitable for
direct use as model inputs. Therefore, the original data require
preprocessing and noise reduction before model development.

Firstly, the original data need to be processed for duplicate
values, missing values and outliers. Since the volume of the orig-
inal data is large, both duplicate values and outliers are directly
deleted. For missing values, the random forest filling method is
adopted for data filling. Then, noise reduction processing is carried
out. In this study, a data noise reduction method combining
Gaussian filtering and wavelet transform is used. Due to the
characteristics of Gaussian filter weight distribution, it assigns less
weight to the data boundaries and small amplitude anomaly
points, avoiding excessive interference with these points and
ensuring data integrity with overall smoothness characteristics
(An et al., 2015; Pan et al., 2022). In this study, a standard deviation
(o) of 1 was adopted for the Gaussian filter, thereby preserving the
majority of underlying trends and critical features. The wavelet
transform then processes this smoothed data at different di-
mensions, analyzing it from both frequency and time windows,
achieving multi-scale transformation of the data and thus pro-
cessing the noise points. Finally, the inverse transform is per-
formed through soft thresholding to obtain the denoised data. This
combined methodology effectively enhances the signal-to-noise
ratio while preserving critical details.

Wix.y) =%M [ rwe(SY)ar

As shown in Equation (6), which represents the wavelet
transform equation, x and y are the two scales of the wavelet

(6)

Table 1

Partial parameter range table.
Parameter range Well A Well B Well C
Depth (m) 845-4096 1027-4267 997-4101
Inc(®) 1.93-87.43 2.05-88.14 1.75-87.2
SPP(psi) 396-3248 242-3948 442-3914
ROP(m/h) 1.07-165.54 0.58-151.47 2.33-180.7
Torque (kIbf.ft) 2.56-22.24 2.42-18.81 2.38-17.93
Bottomhole WOB(klbs) 1.6-21.05 2.04-15.75 2.18-184
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transform, controlling the scaling and translation of the wavelet
function ¢, respectively, and t is the sliding window of the time
step. This study selects a Gaussian filter kernel with a standard
deviation of 1, uses the biorthogonal ‘bior3.5’ wavelet basis, ex-
tracts the second layer of decomposition results, and applies the
soft thresholding method to obtain the final denoised data. As can
be seen from Fig. 3, the denoised data effectively eliminates most
typical noises. Its change curve becomes significantly smoother,
while retaining the main features of the original data and main-
taining a high degree of consistency with the trend of the original
data, which can provide a reliable data basis for the subsequent
analysis.

The next step is to conduct a correlation analysis. Since the
bottomhole WOB can be considered, to some extent, as sequential
data that varies with well depth, this study adopts the Spearman
correlation coefficient, which is suitable for ordinal data. The
Spearman correlation coefficient ranges from [-1, 1]. A value
closer to 1 indicates a stronger positive correlation between the
parameters, while a value closer to —1 indicates a stronger nega-
tive correlation. When the coefficient is close to 0, it suggests a
very low correlation between the parameters. The heatmap of
correlation analysis for Well A is illustrated in Fig. 4.

From the correlation comparison images, it can be deduced that
most of the collected data are positively correlated with the bot-
tomhole WOB, while the bottomhole WOB is negatively correlated
with the ROP, flow rate and Azi. The correlation coefficient be-
tween pump time and bottomhole WOB is less than 0.3, however,
pump time has a strong relationship with other parameters, sug-
gesting that pump time indirectly affects changes in bottomhole
WOB through its influence on other parameters and should not be
entirely excluded. After comprehensive consideration, it is
concluded that all selected parameters can serve as input param-
eters for the predictive model. After data denoising, a standardi-
zation process is applied to transform the input data into a normal
distribution with a mean of 0 and a standard deviation of 1, in
order to eliminate the influence of different units of measurement
among the input parameters (Krizhevsky et al., 2017). For the di-
vision of model input data, this study constructs the training,
validation, and test sets as follows: first, data from the same depth
intervals of Well A and Well B are merged and uniformly pre-
processed to form the input dataset. From this dataset, the first
70% of the data sorted by depth is used as the training set, and the
remaining 30% serves as the validation set. The complete data from
Well C is used as the test set for model evaluation.

The process studied in this study is shown in Fig. 5 as follows.
Firstly, the drilling parameters are preprocessed, including oper-
ations such as data cleaning, data denoising, and correlation
analysis. Subsequently, multiple prediction models are estab-
lished, including both the existing traditional prediction models
and the new model combining the mechanism established in this
study. Hyperparameter tuning is performed on these models to
obtain the best model. The third step involves dividing the pro-
cessed data and substituting it into the model for prediction and
evaluation to verify the applicability of the newly established
model. Finally, an interpretability analysis is conducted on the
model with the best performance to analyze the influence degree
of each parameter on the model results.

3.2. CNN-BiLSTM model

This section establishes a Convolutional-Bidirectional Long
Short-Term Memory Neural Network (CNN-BiLSTM) model for
predicting bottomhole WOB. The model sequentially combines a
CNN with a BiLSTM network. Specifically, as shown in Fig. 6, the
architecture and prediction process proceed as follows: firstly, the
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processed data is transformed through convolution and other
operations into a higher-dimensional representation to meet the
input format requirements of the BiLSTM network. The second
step is to input the transformed data sequence into the BiLSTM
network to extract the association information and hidden fea-
tures between adjacent data within each window. Finally, the final
prediction result is output through the feedforward neural
network (FNN). Next, the PSO algorithm is employed to identify
the optimal hyperparameters for the established CNN-BiLSTM
model. After continuous tuning, the selected hyperparameters of
the final model are listed in Table 2.

3.3. CNN-encoder-BiLSTM model

This section establishes a Convolutional-Encoder-Bidirectional
Long Short-Term Memory fusion neural network model (CNN-
Encoder-BiLSTM). Since the prediction of bottomhole WOB outputs
continuous values, which is a regression problem, there is no need
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Table 2
Internal hyperparameters of the CNN-BiLSTM network.

Model Parameters Value
Number of channels in Convolutional Layer 1 32
Number of channels in Convolutional Layer 2 91
Number of channels in Convolutional Layer 3 50
LSTM Hidden Layer Size 138
Number of LSTM Layers 3
Dropout Rate 0.2
Batch size 20
Sequence Length 8
Number of Training Epochs 94
Learning Rate 0.0028

for specific decoding in the output. Therefore, the composite model
structure does not require the Decoder module of the Transformer.
As shown in Fig. 7, the structure and prediction process of the
model is presented: The framework consists of a CNN-Encoder for
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feature extraction and a BIiLSTM module that acts as the decoder. In
the CNN-Encoder module, on the one hand, the input parameters
undergo dimension changes through the one-dimensional con-
volutional network structure to expand the data and increase the
dimension. On the other hand, the data after partial CNN opera-
tions is encoded through the Encoder layer to locate each feature.
Next, the two sets of data are merged. Finally, the output features
are passed into the BiLSTM network to identify the interrelation-
ships among the data within each window, and then undergo
dimension reduction to output the prediction result. Subsequently,
the PSO optimization algorithm was employed to fine-tune the
model’s hyperparameters. After optimization, the key parameters
of the constructed hybrid model are presented in Table 3.

3.4. Design of composite model constrained by rate of penetration
equation

To enhance the prediction accuracy and interpretability of the
model, theoretically, establishing an appropriate loss function is
one of the feasible approaches. Therefore, the method adopted in
this study involves introducing a ROP constraint into the original
loss function. From Equations (1)-(3), it can be concluded that the
ROP equation is generally proportional to the bottomhole WOB
and RPM. Since in field operations, bit wear changes are difficult to
measure, and various constraint coefficients require extensive
computation, consuming significant time and resources, this study

Table 3

Hyperparameters of the CNN-encoder-BiLSTM network.
Model Parameters Value
Number of channels in Convolutional Layer 1 30
Number of channels in Convolutional Layer 2 48
Encoder Layer Dimension 48
Number of Attention Heads 8
Number of Encoder Layers 2
LSTM Hidden Layer Size 150
Number of LSTM Layers 3
Number of Training Epochs 21
Dropout Rate 0.2
Learning Rate 0.0019
Batch Size 20
Sequence Length 8
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selects partial equation parameters to flexibly adapt to the con-
struction of the loss function, using RPM - WOB* as the loss func-
tion unit for input.

The calculation method for the custom loss function within
each computation window is shown in Equation (7). Specifically,
for the Mean Squared Error (MSE) calculated within any step
window, the variation error of the computed N value within the
window is added. If the error exceeds a set threshold, it indicates
that the predicted bottomhole WOB value at this window node is
significantly incorrect, representing a larger deviation from the
true value. Therefore, the calculated variation error is multiplied
by a coefficient pf to enable the model to learn the hidden features
within the current window and thereby reduce the error magni-
tude. For data where the error is below the set threshold, it in-
dicates that the predicted bottomhole WOB value at this window
node is close to the true bottomhole WOB value, and thus the pf
coefficient is set to 1. Subsequently, the computed variation error
of the N value within the window is multiplied by a relevant
weighting coefficient to ensure the overall stability of the model.

ROPxRPM-WOB*
N__ RoP
- RPM-WOB*
m )Ntrue — Npreq| > threshold
pf=
1 ‘Ntrue — Nppeq| < threshold
7
(Ntrue - Npred) (7)
delatN = pf S
1
MSE ga¢q = HZ?:1 (Ntrue - Npred)
a
MSEdelatN = —0del]:1tN

LOSS =24 'MSEdata + }\Z'MSEdelatN

in the equation, N represents the ratio of RPM - WOB*, serving as a
newly added physical constraint factor in the custom loss function.
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Ntrye and Npred denote the constraint factor values calculated based
on the actual and predicted bottomhole WOB, respectively.

By replacing the original loss functions of the two models with
the newly established loss function, the corresponding Rate of
Penetration equation-constrained models are obtained: the CNN-
BiLSTM(DRE) model and the CNN-Encoder-BiLSTM(DRE) model,
where DRE represents a custom loss function term incorporating
the ROP equation constraint. Subsequently, sensitivity analysis
was performed on the models with different pf values and
threshold values to obtain the optimal model. Fig. 8 shows the
parameter comparison chart after the sensitivity analysis, from
which it can be concluded that the optimal threshold value is 0.04
after sensitivity analysis, and when ﬁ\ltme —Npred) > threshold , the
optimal pf value is 1.4.

4. Model evaluation criteria and result
4.1. Model evaluation criteria

Since this study focuses on the prediction of bottomhole WOB,
a regression problem characterized by continuous variables.
Therefore, in this paper, MAE, Mean Relative Error (MRE), MSE,
MAPE, R? are selected as the model evaluation indicators. The
smaller the MAE, MRE, MSE and MAPE are, the greater the pre-
diction accuracy of the model is. The larger the R? is, the higher the
degree of model fitting is indicated.

4.2. Model results

According to Section 3 of the paper, we established four pri-
mary models: the CNN-BILSTM model, CNN-Encoder-BiLSTM
model, and their enhanced versions incorporating the rate of
penetration equation loss function - CNN-BiLSTM(DRE) and CNN-
Encoder-BiLSTM(DRE). For comparative evaluation, we also
implemented several benchmark models including a SVR model
with Radial Basis Function (RBF) kernel function, a RF model
configured with 100 decision trees and a maximum depth of 10, a
BP Neural Network model featuring a five-layer architecture with
neuron counts of 200, 100, 50, 25, and 1 respectively, and a base-
line LSTM model with 150 hidden units and 3 layers. Table 4
present the comparative results of bottomhole WOB predictions
and evaluation metrics for each model using test data from the
training wells (Wells A and B). The data partitioning scheme is
identical to that described in the previous chapter, with 70% used
for model training and 30% reserved for testing and evaluation.
Fig. 9 shows that all models achieve high consistency between
predicted and actual bottomhole WOB values, with predicted
trends closely matching the actual variations along well depth.
Fig. 10 presents a comparative analysis of all models across

Table 4

Performance evaluation table of different models on the known data test set.
Model MAE MRE MSE MAPE R2 score
CNN-BiLSTM Model 1.07 0.131 1.581 124% 0.814
CNN-Encoder-BiLSTM Model 0.788 0.104 1.145 103% 0.871
CNN-BiLSTM(DRE)Model 1.00 0.125 1.458 123% 0.821
CNN-Encoder-BiLSTM(DRE)Model 0.787 0.104 1.144 10.4% 0.872
BP Network Model 0.823 0.102 1.137 10.1% 0.858
LSTM Model 0.832 0.110 1.221 11.0% 0.834
RF Model 0.633 0.087 0.861 8.6% 0921
SVR Model 0.742 0.101 1.107 10.1% 0.873
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different evaluation metrics, demonstrating that each model ex-
hibits generally consistent performance in terms of MRE, MAPE,
and other indicators, all maintaining good fitting capability.
However, validation solely on training well test data remains
insufficient for determining the most suitable model for bottom-
hole WOB prediction. Therefore, comprehensive testing of all
models on completely unknown wells within the same depth
range is necessary to further evaluate their respective
performances.

As shown in Fig. 11, the curves depict the variation relationship
between the predicted bottomhole WOB values and the actual
values for four newly established models and four other commonly
used models in the new well (Well C). It is evident from the figure
that, compared to conventional prediction models, the four newly
developed composite models exhibit a close alignment between
the predicted bottomhole WOB and the actual values. Additionally,
the figure illustrates the degree of fit between the trend lines of the
predicted values from the four new models and the trend lines of
the actual values.

Fig. 12 and Table 5 provide a comprehensive performance
evaluation of the four newly developed models. Comparative
analysis demonstrates that models incorporating Transformer’s
Encoder module exhibit superior performance across all metrics
when benchmarked against the CNN-BiLSTM model. The integra-
tion of ROP equation-based loss function further enhances the
performance of all baseline models, with the CNN-Encoder-
BiLSTM (DRE) variant showing particularly remarkable improve-
ment and achieving the best overall performance. Quantitative
comparisons show that compared to the original CNN-BiLSTM and
the original CNN-Encoder-BiLSTM models, the proposed model
achieves reductions in MAE by 36% and 10%, in MRE by 30% and
19%, in MSE by 27% and 26%, and in MAPE by 29% and 11%,
respectively, along with improvements in R? score by 24% and 7%.

As shown in Fig. 13 and Table 6, ROP, Torque, Azi, RPM, and SPP
consistently rank as the five most influential features on the model
output, with contributions significantly higher than those of other
parameters. Among these, ROP is the most prominent feature,
ranking first in importance. RPM, as one of the key variables
incorporated into the custom loss function, also stably remains
among the top five features. Moreover, as the perturbation level
increases, the importance of RPM shows a pronounced upward
trend, reflecting the model’s growing sensitivity to this parameter.
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Specifically, as perturbation amplitude increases, the incremental
importance of ROP decreases from 0.047 to 0.041. The importance
difference between ROP and Torque shows a non-monotonic trend
(first rising then declining). The importance differences between
ROP and SPP and between ROP and RPM exhibit continuous in-
creases at diminishing rates. Torque and Azi rank as the second and
third most important features, respectively. The importance of
Torque grows steadily with perturbation. The incremental impor-
tance of Azi declines from 0.039 to 0.036. The importance of SPP
strengthens with perturbation, with its incremental importance
dropping from 0.033 to 0.029.

5. Discussion
5.1. Model discussion and engineering value

Based on the results from Section 4 (Figs. 10 and 12, Tables 4
and 5) and the performance of the optimal CNN-Encoder-BiLSTM
(DRE) model, the main findings are presented.

First, the composite model effectively integrates the advan-
tages of individual models and demonstrates stable predictive
performance across diverse datasets. In contrast, although single
models such as BP, LSTM, RF, and SVR perform well on known test
sets, their accuracy decreases significantly when applied to new
well data, failing to capture the actual variation trends of bot-
tomhole WOB. This phenomenon reveals the inherent short-
coming of excessive reliance on training data in single models. By
leveraging its integrated structure, the composite model ensures
reliable prediction trends without significant anomalies.

Furthermore, the incorporation of a physics-constrained loss
function enhances both predictive accuracy and physical plausi-
bility. As shown in the 2500-3500 m interval in Fig. 11, predictions
from the model without physical constraints exhibit an overly
smooth, nearly linear distribution, deviating from actual condi-
tions. In contrast, with the physics-constrained loss function, the
predictions not only achieve higher accuracy but also display
fluctuations closer to real measurements, confirming the correc-
tive and interpretative role of physical constraints in refining
model predictions.

In summary, the CNN-Encoder-BiLSTM(DRE) hybrid model
proposed in this study holds significant engineering application
value in practical drilling operations. The model can be trained
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Fig. 11. Comparison of the actual bottomhole WOB of the new well (Well C) with the predicted bottomhole WOB.
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Table 5
Performance Evaluation Tables for newly established Different Models.
Models MAE MRE MSE MAPE R2 score
CNN-BiLSTM Model 1351 0.143 1.641 14.3% 0.701
CNN-Encoder-BiLSTM Model 0.951 0.112 1.640 11.2% 0.812
CNN-BiLSTM (DRE) Model 1.103 0.124 1.838 12.4% 0.797
CNN-Encoder-BiLSTM (DRE) Model 0.859 0.100 1.201 10.0% 0.867

using data from offset wells or existing wells within the same
block, enabling high-precision prediction of bottomhole WOB with
strong trend consistency for new target wells. It provides critical
data support for field personnel to monitor downhole con-
ditions—such as abnormal vibrations, bit wear, and lithological
characteristics—through predicted bottomhole WOB values and
their dynamic variations. This capability offers the potential to
achieve early risk diagnosis and adaptive optimization of drilling
parameters.

5.2. Feature importance analysis

Through analysis of the changes in the top five important fea-
tures of the model under varying perturbation levels in Table 6, the
following content was revealed.

Specifically, ROP serves as the most important feature, directly
reflecting the interaction between bottomhole WOB and the for-
mation. As the perturbation amplitude increases, the growth rate
of its importance slows down. Torque, which directly reflects bit
cutting resistance and downhole friction, exhibits a strong corre-
lation with bottomhole WOB, and its importance rises with
increasing perturbation intensity. Although Azi lacks a direct
physical relationship, its significance may stem from its joint role
with Inc in characterizing formation properties and wellbore tra-
jectory, thereby indirectly influencing predictions. Its gradual
importance growth suggests that it functions more as a model
constraint rather than a direct driver of outcome changes. As a
hydraulic parameter, SPP reflects wellbore cleaning and circula-
tory system stability, indirectly affecting mechanical parameters
such as bottomhole WOB. While its importance continues to
strengthen, the growth rate decelerates, indicating a trend toward
stabilization in its contribution. In contrast, the importance of RPM
shows an accelerating upward trend, demonstrating a sustained
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and significant increase in the model’s
parameter.

The analysis of the importance changes in ROP and RPM reveals
a divergence in feature significance. This phenomenon is consis-
tent with the design concept of the custom loss function: by
incorporating physical constraints among ROP, RPM, and the pre-
dicted values, the loss function dynamically adjusts the weights of
these parameters during inference, guiding the model to learn the
relationship between them rather than relying solely on inde-
pendent statistical patterns. As perturbation intensifies, the
importance of RPM increases at an accelerating rate, indicating
that when input data deviates from the training distribution, the
model tends to rely more on the patterns jointly represented by
ROP and RPM. By adhering to the custom constraints, the model
maintains the rationality of its predictions.

In summary, the introduction of a physics-constrained loss
function enables the model to go beyond the parameter learning
approach confined to statistical correlations in purely data-driven
methods, allowing it to capture the actual interaction mechanisms
among parameters, thereby enhancing both the reliability and
interpretability of the model. In drilling engineering, integrating
physical equations among parameters into intelligent learning can
provide a theoretical basis for drilling parameter prediction,
optimization, and risk identification.

sensitivity to this

5.3. Research limitations

Through the analysis of the predictive model and parameter
importance evaluation, although this study has certain contribu-
tions, it still has some limitations. In terms of input data, due to the
lack of detailed geological data, the model did not fully learn
knowledge related to geological conditions, which has a certain
impact on generalizability. In addition, through the analysis of the
loss function and changes in input parameter importance, the
currently introduced physical constraints are insufficient: the
ability to represent relevant formulas such as the hydraulic
equation represented by SPP and drilling fluid properties is weak.

6. Conclusion and future work

This study addresses the challenge of predicting bottomhole
WOB in offshore extended-reach drilling by proposing a composite
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Table 6
Influence rankings of the top five parameters under different perturbation
amplitudes.

Feature Level = 0.2 Level = 0.5 Level = 0.8
ROP 0.0328 0.0798 0.1211
Torque 0.0291 0.0731 0.1191

Azi 0.0263 0.0653 0.1012

SPP 0.0245 0.0579 0.0869
RPM 0.0237 0.0617 0.101

modeling approach that integrates physical constraints. The
following conclusions can be drawn.

(1) The composite model integrating the Transformer Encoder
with CNN-BiLSTM demonstrates superior performance,
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exhibiting significant improvements in both prediction ac-
curacy and generalization capability compared to conven-
tional models.

(2) By incorporating the ROP equation as a physical constraint
into the loss function, a new loss function (DRE) is con-
structed, which effectively enhances the model’s accuracy
and stability. Interpretability analysis reveals that the CNN-
Encoder-BiLSTM (DRE) model appropriately captures the
coupling effect between ROP and RPM, thereby verifying its
interpretability at a mechanistic level.

(3) Among all evaluated models, the CNN-Encoder-BiLSTM
(DRE) model delivers optimal performance for predicting
bottomhole WOB, with the following metrics: MAE = 0.859,
MRE = 0.100, MAPE = 10.0%, MSE = 1.201, and R? = 0.867.
Owing to its high predictive accuracy, the model provides
reliable support for practical applications such as bit wear
monitoring, downhole risk identification, and drilling
parameter optimization, underscoring its substantial prac-
tical value. Furthermore, the proposed modeling framework
can be extended to the prediction and optimization of other
drilling parameters, offering valuable insights for broader
drilling engineering applications.

For subsequent research, this work will focus on the deep
integration of mechanistic models, geological constraints, and
deep learning models. Specific directions include, but are not
limited to: further optimization of the loss function, structural
adjustments of the model, and synergistic combinations of input
parameters.
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