Mining of Mineral Deposits

Volume 20 (2026), Issue 2, 22-30 “ JOURNAL / MINING.IN.UA

https://doi.org/10.33271/mining20.02.022

A Python-based modeling enabling lithology-driven friction
factor calibration

Gullu Jabbarova '™ @, Vusal Iskandarov '"*?©, Yelena Shmoncheva '*

! Azerbaijan State Oil and Industry University, Baku, Azerbaijan

*Corresponding author: e-mail i.vusal99@gmail.com

Abstract

Purpose. The purpose of this paper is to develop and validate a Python-based workflow for processing continuous hook-
load data and applying it to lithology-driven friction-factor calibration in torque-and-drag analysis during casing-running
operations in deep, high-pressure wells.

Methods. The proposed workflow is based on the automated processing of continuous mud-logging hook-load data recorded
during casing deployment. The procedure includes data cleaning, threshold-based segmentation, rolling filtering, outlier re-
moval, and extraction of representative tripping-in and tripping-out load trends. The processed trends are then compared with
field measurements and used to calibrate interval-specific friction factors in torque and drag simulations for two offshore wells.

Findings. The results show that the developed workflow converts noisy continuous hook-load records into stable load
trends suitable for calibration. In both analyzed wells, a single constant friction factor was insufficient to reproduce the full
mechanical response of the casing run. Better agreement was achieved when friction factors were calibrated for individual
depth intervals. The calibrated profiles also showed that changes in friction behavior were generally consistent with litholo gi-
cal transitions and heterogencous wellbore conditions.

Originality. The study’s originality lies in combining continuous mud-logging hook-load data, automated Python-based
processing, and interval-specific torque- and drag-calibration into a single workflow for lithology-sensitive interpretation of
casing-running behavior.

Practical implications. The proposed approach reduces reliance on manual point selection, improves the consistency of
post-run torque-and-drag calibration, and can serve as a practical engineering tool for analyzing casing-running performance in
geologically complex wells.

Keywords: torque and drag analysis; friction factor calibration; casing-running operations; mud-logging data; lithology;
Python workflow, wellbore mechanics

1. Introduction capability may still be limited by uncertainty in borehole

Running long, heavy casing strings in deep directional ~ geometry, contact cqnditions, trajectory represer}tation', a?nd
wells remains one of the most mechanically demanding stages friction-factor selection [3]-[5]. In routine practice, frlctlop
of well construction. The risk of excessive drag, inability to f.ac.tors are often S?leCt?d based on qffset CXperience, sensi-
reach target depth, local overloading of the string, and poor ~ tIVity ranges, or simplified assumptions for long well sec-
casing placement increases when long open-hole intervals, ~ tions. Such an approach may be sufficient at the planning
complex trajectories, and unstable formation conditions are  Stage, but it becomes less reliable when the objective is de-
combined within a single section. For this reason, torque and ~ tailed post-run diagnosis or field-based calibration.

drag analysis have long been used as a primary engineering This limitatipn is particularly impgrtant in wells drﬂl?d
tool for evaluating the mechanical feasibility of casing- through geologically heterogeneous .11.1tervals. Changes in
running operations and predicting axial load behavior under ~ lithology may affect wellbore condition, wall roughness,
downhole contact conditions [1], [2]. mud-cake quality, contact response, and local resistance

At the same time, the practical reliability of torque and during casing movement. As a result, the frictio'n factor can-
drag analysis depends not only on the model’s mathematical ~ Nt always be treated as a constant over the entire open-hole
structure but also on the quality of the input assumptions  Section. However, in many field applications, torque and drag
used during calibration. One of the most uncertain parame- calibration still relies on a limited number of manually select-
ters in this context is the friction factor. Farlier studies  ©d pick-up and slack-off points rather than the full continuous
showed that even when the general mechanics of string hook-load rec:,ord. This rqduces repqatability and may obscure
movement are adequately represented, the model’s predictive ~ interval-specific changes in mechanical response [6], [7].
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Recent work in drilling engineering has increasingly fo-
cused on automated interpretation, real-time monitoring, and
the integration of field data streams into torque-and-drag
workflows [8], [9]. These studies showed that digital me-
thods can improve the speed and consistency of engineering
analysis, especially in wells with large volumes of operatio-
nal data. At the same time, they showed that the value of
such methods depends on how reliably raw field measure-
ments can be transformed into interpretable trends suitable
for calibration and decision support. This is particularly rele-
vant for casing-running operations, where borehole quality,
local geometry, and drag-related risks directly affect the
string’s ability to reach target depth [10].

A further difficulty concerns the use of continuous mud-
logging hook-load data. Although such data are routinely
recorded during casing deployment, they often contain opera-
tional noise, short-term disturbances, non-representative
intervals, and sensor-related scatter. Direct use of the raw
signal is therefore problematic. In practice, engineers often
exclude part of the data, select only a few representative
points, or apply simplified interpretation rules. As a result,
the calibration process becomes more subjective and less
reproducible. Under these conditions, obtaining an interval-
specific interpretation of friction behavior is difficult, even
though such an interpretation may be necessary in wells with
variable geological and mechanical conditions.

This issue is particularly relevant for deep offshore wells
in the South Caspian region, where high pressures, narrow
operational margins, long casing strings, and structurally
complex intervals create challenging conditions for drilling
and casing-running operations [11]. Field experience from
this region has already demonstrated the technical complexi-
ty of running long 13 3/8 in. casing strings and the im-
portance of accurate planning for pore pressure, mud weight,
zonal isolation, and well design [12]. However, the available
case-based literature still provides limited methodological
detail on how continuous hook-load data can be processed
and used to calibrate interval-specific friction factors while
preserving both mechanical meaning and geological context.

The present study addresses this gap by developing a Py-
thon-based workflow to process continuous hook-load data
and calibrate friction factors for torque and drag analysis
during casing-running operations, guided by lithology. The
workflow was tested on two offshore case wells. The study
focuses on extracting representative tripping-in and tripping-
out trends from noisy field data, comparing the processed
trends with field observations and model outputs, calibrating
friction factors for selected depth intervals, and interpreting
the calibrated values in relation to lithological changes and
wellbore heterogeneity.

2. Materials and methods

2.1. Study context and analyzed wells

The study focused on two offshore wells drilled in the
South Caspian region under deep, high-pressure conditions.
Both wells included a 13 3/8 in. casing-running operation
through a mechanically demanding interval with long open-
hole exposure, complex geology, and elevated operational
risk. The analyzed section was selected because it represented
the most critical part of the casing run in terms of drag be-
havior, uncertainty in friction-factor selection, and sensitivity
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to local wellbore conditions. Previous field experience in the
same regional setting has shown that long casing strings in
this interval require careful planning for mud weight, pore
pressure, casing design, and zonal isolation [11].

A typical well architecture and casing program for the
field under study is presented in Figure 1.

Well Status Schematic

Description

32.3" Casing shoe
28" Casing Shoe

24" Casing shoe

18 5/8" Casing shoe

N
X<

13 3/8" Casing shoe

\L
N

9 7/8" Casing shoe

N

7 5/8" liner shoe

N

51/2" x 7" liner shoe

I NN

<

Figure 1. Schematic representation of the well architecture and
casing program for the analyzed field

The analyzed interval corresponds to the 14 3/4 in. x 17 1/2
in. section, in which the 13 3/8 in. casing string is run through
a long open-hole interval below the previous casing shoe.

In this field, the 14 3/4 in. x 17 1/2 in. hole is typically
drilled with a 2.00-2.15 sg non-aqueous-based mud (NABM)
to run the 13 3/8 in. casing string to approximately 5000 m
MD [12]. The primary purpose of the 13 3/8 in. casing string
is to isolate the high-pressure Surakhany, Sabunchy, and
shaly Balakhany intervals, thereby enabling safe drilling into
the deeper depleted formations [13]. The previous 18 5/8 in.
casing string was set within the 2200-2500 m MD range to
isolate reactive and swelling shales in the overburden and to
provide sufficient shoe strength for drilling the next section.
This design is important because the wells in the analyzed
field follow a J-type trajectory and include a long open-hole
interval below the previous shoe, which increases the me-
chanical complexity of casing-running operations.

The primary geological and operational conditions of the
analyzed interval are summarized in Table 1.

The stratigraphic framework and lithology-based inter-
pretation of the analyzed section are presented in Figure 2.
This figure shows the relative positions of the main intervals
penetrated in the 14 3/4 in. x 17 1/2 in. section and provides
geological context for the subsequent interpretation of depth-
dependent friction-factor changes.

For clarity, the principal lithostratigraphic intervals inter-
preted from the section schematic are summarized in Table 2.
The tabular format is intended to make stratigraphic relation-
ships more explicit and to provide a clearer basis for inter-
preting changes in calibrated friction factor with depth.

The inclination profiles of the two wells analyzed are
shown in Figure 3. Although both wells were drilled within
the same general field setting, their trajectories were not
identical, and these differences were accounted for in subse-
quent torque and drag analysis and friction-factor calibration.
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Table 1. Summary of geological and operational conditions for the 14 3/4 in. x 17 1/2 in. hole section (13 3/8 in. casing string)

Parameter Description
Previous casing 2200-2500 m MD
Casing shoe depth 4900-5100 m MD

Total depth criteria

30 m above the top of the Balakhany V formation, accounting for depth uncertainty; isolation of the
high-pressure Surakhany, Sabunchy, and shaly Balakhany intervals

Drilling fluid

2.00-2.15 sg non-aqueous based mud (NABM)

Geological hazards and risks

Fault crossing at approximately 4500 m; expected water and gas influx; risks of wellbore collapse, tight
hole, and losses; overpull, slack-off, and multiple stuck-pipe events reported in the previous two wells

Cementing objective

Safe and efficient operations; provision of a competent shoe for drilling the next 12 1/4 in. section;
successful formation integrity test (FIT)

Table 2. Lithostratigraphic intervals of the analyzed 14 3/4 in. x 17 1/2 in. section

Formation / interval n;f(li/ll)]’) ]?I(l)tlt\zg’ Thlcll;ness, Geneg;lalrl;l;gfglcal Relevance to friction-factor interpretation
Surakhan 2500 3750 1250 Predominantly sandy- Upper high-pressure interval requiring
Y shaly interval separate friction-factor interpretation
. . An intermediate interval is associated
Sabunchy 3750 4300 550 Mixed clastic interval with a distinct change in friction behavior
Shaly Balakhany / . Lower interval characterized by a distinct
Top Balakhany 4300 5100 800 More shale-rich interval friction-factor response
Lower-most part 5100 5120 20 Lower boundary marker Section-bottom reference associated
of the analyzed section of the analyzed section with the 13 3/8 in. casing shoe
= l=| % Well Schematic for i field observations collected during the run. In addition to the
2 g 2 14 3/4" x 17 1/2" Section b continuous mud-logging data, discrete pick-up and slack-off

Classification, ipsom
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Figure 2. Stratigraphic framework and lithology-based represen-
tation of the analyzed 14 3/4 in. x 17 1/2 in. section
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Figure 3. Inclination profiles of Well A and Well B as a function
of measured depth

2.2. Input data

The input dataset used in this study consisted of continu-
ous hook-load measurements recorded during casing-running
operations, along with the corresponding depth record and
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measurements taken by the rig crew were used for validation
and interpretation. Well trajectory data, casing design param-
eters, and lithostratigraphic interval information were also
incorporated into the workflow to support torque and drag
analysis and interval-specific calibration.

Continuous hook-load and depth data were exported from
the rig mud-logging system at a 10 s recording interval and
referenced to measured depth.

Continuous hook-load data were treated as the primary
diagnostic signal because they directly reflect the casing
string’s axial response during movement in the wellbore.
However, in raw form, this signal usually contains opera-
tional interruptions, sensor noise, local spikes, and short-term
disturbances that are not representative of actual downhole
mechanical behavior. For that reason, the raw signal was not
used directly for calibration. Instead, it was processed to
extract representative tripping-in and tripping-out trends
suitable for comparison with model outputs.

Trajectory data were used to define the geometric path of
each well and to provide the basis for axial load calculations
in the torque-and-drag model. Casing design data were used
to describe the mechanical characteristics of the string during
the analyzed run. Lithostratigraphic information was incor-
porated as an interpretive layer to determine whether changes
in calibrated friction behavior were consistent with formation
boundaries and expected changes in wellbore condition. In
this way, the dataset combined operational measurements,
well geometry, string design, and geological context within a
single calibration workflow.

2.3. Python-based hook-load processing workflow

A Python-based workflow was developed to transform
the continuous hook-load record into a calibration-ready
dataset. The workflow was designed as a post-run analytical
sequence that links raw operational data to interval-specific
friction-factor interpretation. The workflow’s general logic is
shown in Figure 4.



G. Jabbarova, V. Iskandarov, Y. Shmoncheva. (2026). Mining of Mineral Deposits, 20(2), 22-30

casing running
intervals

discrepancies and
refine processing

‘e hon-based data . L
Data Acquisition Pyt . Validation Torque and drag model calibration
processing
Acquire Import Excel file into Interpret calibrated Update the
mud-logging > Python-based FFs against lithology T&D model
hook load workflow for future
data ¢ ? operations
Calibrate interval
Run the processing specific FFs
ipt
Y scrip Yy
Clean and compile * YES
data in Excel
Identify actual Identify

Update the T&D
model or inputs

rolling filtering and
outlier removal

v

parameters acceptable?
v i
Apply threshold- NO
based
segmentation,

Compare the
processed trends
with T&D model

YES o]

Automatically
extract
representative
tripping-in and
tripping-out
weights.

A 4

Vzlidate extracted
trends against field
measurements

Figure 4. Flowchart of the proposed Python-based workflow for hook-load data processing and friction-factor calibration

The data-processing workflow was implemented in Py-
thon using standard analytical libraries, whereas torque-and-
drag simulations were performed in WellPlan. Intervals cor-
responding to actual casing movement were identified from
the depth record and the continuity of the hook-load re-
sponse; records associated with static periods, slips, and
other non-running operations were removed from the dataset
before further processing. The signal was then smoothed
with a five-sample rolling window, and anomalous values
were excluded using a Z-score threshold of 3.0. Representa-
tive tripping-in and tripping-out envelopes were subsequent-
ly extracted over 12 m depth intervals and used for validation
and friction-factor calibration.

The first stage of the workflow involved collecting availa-
ble mud-logging and operational data for the casing-running
interval under analysis. These data were then cleaned and
organized into a structured format suitable for further pro-
cessing. At this stage, clearly non-informative or corrupted
parts of the record were excluded to improve data consistency.

The second stage involved identifying intervals of actual
pipe movement and separating them from periods of rig
inactivity, operational pauses, or irregular surface events.
This step was necessary because the continuous field record
contains many segments that do not represent stable casing
movement and should therefore not be used directly for me-
chanical interpretation.

The third stage involved signal processing. Threshold-
based segmentation, rolling filtering, and outlier removal
were applied to suppress local fluctuations while preserving
the underlying depth-dependent trend. This reduced the
influence of isolated spikes and short-lived anomalies that
were not representative of the casing string’s actual fric-
tional response.
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The next stage was to extract representative tripping-in
and tripping-out trends from the processed dataset. These
extracted envelopes were treated as the primary field-based
response curves for calibration. Their purpose was to provide
a clearer, more repeatable representation of hook-load beha-
vior than the original unsorted data cloud.

The following stage involved validating the processed
trends against field observations. At this stage, the extracted
responses were compared with measured values recorded
during operations. The purpose of this step was to ensure that
the processed envelopes preserved the physical meaning of
the field response and could be used with sufficient confi-
dence in the next stage of modeling.

The final stage compared the processed field response
with torque-and-drag model outputs under different fric-
tion-factor assumptions. This structure aligns with the gen-
eral direction of recent drilling studies, which have increas-
ingly focused on automated interpretation, digital torque-
and-drag workflows, and the integration of field data into
engineering analysis [14].

2.4. Torque and drag modeling basis

Torque and drag analysis served as the physical framework
for interpreting the processed hook-load data in this study.
Classical torque and drag approaches describe the axial re-
sponse of a tubular string moving through a curved wellbore
under the combined influence of string weight, buoyancy,
normal contact force, and friction [15]. In practical applica-
tions, the reliability of this analysis depends strongly on the
assumed friction factor and on how well the model reflects
actual well geometry and field conditions [16].

In this study, the model was used to simulate hook-load
behavior during tripping-in and tripping-out for the 13 3/8 in.
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casing string. The initial analysis included multiple friction-
factor sensitivity cases to assess how well a single constant
value could reproduce the field response over the full inter-
val. This step provided an initial estimate of the general
range of friction behavior in each well.

However, the study’s purpose was not limited to global
sensitivity analysis. The main objective was to determine
whether the friction response remained uniform with depth or
varied across intervals (or lithologies). For this reason, the
model was subsequently used to calibrate the interval-
specific friction factor. Separate friction-factor values were
considered for selected geological intervals and for tripping-
in and tripping-out conditions.

2.5. Calibration procedure

The calibration procedure compared the processed hook-
load trends with the modeled torque and drag responses. Cali-
bration was performed progressively rather than through a
single global fit. First, the full interval was analyzed using a
set of constant-friction-factor scenarios to determine whether
a single value could reproduce the measured trend. After that,
the section was subdivided into intervals based on the behav-
ior of the processed load curves and geological segmentation.

For each interval, the friction factor was adjusted until the
simulated tripping-in and tripping-out responses matched the
extracted field trends. The calibration criterion was not a
strict point-by-point match. Instead, priority was given to
reproducing the field response’s overall depth-dependent
behavior within a practical range. This approach was adopted
because field data inevitably contain operational variability
that cannot be eliminated even after processing.

Special attention was given to distinguishing between
cased-hole and open-hole sections, as well as to the main
formations within the analyzed interval. This enabled compar-
ison of friction behavior not only between the two wells but
also across intervals with different geological characteristics.

2.6. Validation and comparative analysis

Validation of the extraction workflow was conducted by
comparing the processed tripping-in and tripping-out trends
with field measurements. For this purpose, both local depth-
based error behavior and summary statistics were considered.
The validation stage was intended to confirm that the ex-
tracted envelopes provided a sufficiently accurate representa-
tion of the observed field response for torque and drag cali-
bration. Validation was performed against 8 independent
pick-up and slack-off measurements recorded by the rig
crew, and extracted values were matched to field checkpoints
using the nearest depth interval.

MAPE, RMSE, and R? were computed separately for the
tripping-in and tripping-out series to quantify extraction
accuracy before interval-specific friction-factor calibration.

The same methodological sequence was then applied to
both wells analyzed: preparation of the field dataset, signal
processing, extraction of representative load trends, torque
and drag analysis under multiple friction-factor assumptions,
and interval-specific calibration. This comparative approach
enabled evaluation of whether the workflow remained appli-
cable across two wells in the same general field setting and
whether the resulting friction-factor profiles exhibited recur-
ring or well-specific behavior.

From an engineering perspective, the workflow was con-
sidered successful if it met three conditions. First, it had to

26

convert noisy continuous hook-load records into stable trip-
ping-in and tripping-out trends. Second, it had to improve
agreement between field-derived responses and modeled
torque and drag behavior. Third, it had to provide a basis for
interval-specific interpretation of friction behavior in relation
to lithologic and wellbore heterogeneity.

3. Results

3.1. General response of the processed hook-load data

Application of the developed workflow showed that the
raw continuous hook-load record could not be used directly
for friction-factor calibration without prior processing. In
both wells, the original signal contained short-term fluctua-
tions, isolated spikes, operational interruptions, and non-
representative intervals associated with irregular rig activity.
These features complicated direct interpretation and made it
difficult to distinguish the actual downhole mechanical re-
sponse from surface-related variability.

After cleaning, filtering, and extraction, the hook-load rec-
ord became significantly more interpretable. The processed
data enabled the identification of stable tripping-in and trip-
ping-out trends and the suppression of the portion of the signal
with no clear diagnostic value for torque and drag analysis.
This was important not only for improving visual clarity but
also for reducing reliance on manually selected calibration
points. As a result, the extracted curves provided a more relia-
ble basis for comparing field response with modeled behavior.

A general observation from both wells is that the me-
chanical response was not uniform across the entire analyzed
interval. Instead, the processed trends showed depth-
dependent changes, indicating that a single constant friction
factor could not adequately represent the entire casing-
running section. This observation formed the basis for the
interval-specific calibration presented below.

3.2. Application of the workflow to Well A

For Well A, the raw hook-load record showed substantial
scatter and several non-representative fragments, reflecting
operational variability during the casing run. Therefore, the
first task was to extract representative tripping-in and trip-
ping-out trends from the continuous dataset before any com-
parison with torque and drag outputs was attempted.

The extracted trends shown in Figure 5 provide a clearer
representation of the field response than the original unsorted
data cloud. They preserve the main depth-dependent behav-
ior of the casing-running loads while suppressing local scat-
ter and isolated irregularities. These processed envelopes
were then used as the basis for subsequent modeling.

The reliability of the extracted trends was evaluated using
a depth-based percentage-error analysis. The validation pro-
file for Well A is shown in Figure 6.

The error profile confirms that the extracted tripping-in
and tripping-out trends remain within a limited range of
deviation over the analyzed interval and therefore retain the
physical meaning of the field response. The summary statis-
tics are presented in Table 3.

The values in Table 3 show strong consistency between
the extracted load trends and the measured field response. The
close agreement in both movement directions confirms that
the processing workflow produces calibration-ready input
data that are sufficiently accurate for engineering analysis.
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Figure 5. Well A — extraction of representative tripping-in and
tripping-out hook-load trends from the raw continuous
dataset for the 13 3/8 in. casing run
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Figure 6. Well A — depth-based validation profile for extracted
tripping-in and tripping-out loads expressed as percen-
tage error (MAPE)

Table 3. Summary validation metrics for the extracted pick-up and
slack-off trends in Well A

Series MAPE, % RMSE,t R?
Slack-off 3.00 8.31 0.993
Pick-up 2.99 10.10 0.991

After validating the extracted curves, the processed field
response was compared with torque and drag model outputs
generated across multiple friction-factor sensitivity cases.
The purpose of this stage was to assess whether a single,
constant friction factor could reproduce the full behavior of
the casing-running response.

Figure 7 shows that the model curves capture the general
trend of the load response, but their agreement with the field-
derived tripping-in and tripping-out behavior varies with
depth. In some parts of the interval, one friction-factor sce-
nario provides a reasonable approximation. In contrast, in
other parts, a different friction response is required to main-
tain agreement with the observed measurements. This indi-
cates that a single constant friction factor is insufficient for
the full section and that calibration should be performed on
an interval-specific basis.

The resulting calibrated friction-factor behavior for Well
A is shown in Figure 8.

The calibrated friction-factor profile does not remain
constant across the analyzed interval. Several depth ranges
show relatively stable values, followed by intervals where a
noticeable change in friction response is required. The differ-
ence between tripping-in and tripping-out friction factors is
also preserved, indicating asymmetric mechanical behavior
during casing movement. This behavior is consistent with the
idea that local contact conditions vary with depth and cannot
be represented by a single global friction factor [10].

The interval-specific calibrated values for Well A are
summarized in Table 4.

Hook load, metric ton

0 100 200

1000

393
[=3
(=3
(=]

Running depth, m MD
W
(=2
(=3
(=)

4000

5000

Tripping in (0.40 - CSH; 0.40 - OH)
Tripping in (0.25 - CSH; 0.25 - OH)
Tripping out (0.15 - CSH; 0.15 - OH)
Tripping out (0.30 - CSH; 0.30 - OH)
4 Actual hook load measurements

Figure 7. Well A — comparison of torque and drag model responses

Tripping in (0.35 - CSH; 0.35 - OH)
Tripping in (0.20 - CSH; 0.20 - OH)
Tripping out (0.20 - CSH; 0.20 - OH)
Tripping out (0.35 - CSH; 0.35 - OH)

300 400 500

Tripping in (0.30 - CSH; 0.30 - OH)
Tripping in (0.15 - CSH; 0.15 - OH)
Tripping out (0.25 - CSH; 0.25 - OH)
Tripping out (0.40 - CSH; 0.40 - OH)

across multiple friction-factor sensitivity cases, using continuous

hook-load measurements and discrete field pick-up / slack-off data

The calibrated values confirm that friction response
varies not only between cased- and open-hole sections but
also among individual geological intervals. In particular, the
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Surakhany and Sabunchy intervals required different friction
factors, whereas the top Balakhany interval exhibited a nar-
row tripping-in range rather than a single fixed value.
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Figure 8. Well A — variation of calibrated friction-factor values
with measured depth for tripping-in and tripping-out

Table 4. Interval-specific friction factors calibrated for tripping-in
and tripping-out in Well A

Tripping-in Tripping-out

This supports the interpretation that friction behavior
during casing running is influenced by interval-specific well-
bore conditions and lithologic variability rather than by a
uniform mechanical regime.

3.3. Application of the workflow to Well B

The same workflow was applied to Well B to test whe-
ther the methodological logic developed for the first case
remained valid for another well trajectory within the same
general field setting. As with Well A, the raw continuous
hook-load data contained operational scatter and non-
representative fragments that required preprocessing before
comparison with model outputs.

After applying the same extraction and calibration se-
quence, the processed field response for Well B was compared
with torque-and-drag model outputs across a range of friction-
factor sensitivity cases. The results are shown in Figure 9.

The comparison in Figure 9 shows the same general ten-
dency as in Well A. The model reproduces the overall depth-
dependent trend of the casing-running response, but the
match quality varies across the interval. No single constant-
friction-factor scenario provides equally good agreement
across the full section. This again indicates that the mechani-
cal response changes with depth and that a depth-sensitive
calibration strategy is required.
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Top Balakhany 0.15-0.20 0.20
0 0 50 100 150 200
1000
S
= 2000
<
53000
g
£ 4000
&
5000
6000

Tripping in (0.40 - CSH; 0.40 - OH)
Tripping in (0.25 - CSH; 0.25 - OH)
Tripping out (0.15 - CSH; 0.15 - OH)
Tripping out (0.30 - CSH; 0.30 - OH)

4 1/2" liner running operation

Tripping in (0.35 - CSH; 0.35 - OH)
Tripping in (0.20 - CSH; 0.20 - OH)
Tripping out (0.20 - CSH; 0.20 - OH)
Tripping out (0.35 - CSH; 0.35 - OH)
B Actual SO

250 300

350

400 450 500

Tripping in (0.30 - CSH; 0.30 - OH)
Tripping in (0.15 - CSH; 0.15 - OH)
Tripping out (0.25 - CSH; 0.25 - OH)
Tripping out (0.40 - CSH; 0.40 - OH)
e Actual PU

Figure 9. Well B — comparison of torque and drag model responses across multiple friction-factor sensitivity cases, using continuous
hook-load measurements and discrete field pick-up/slack-off data

The depth-dependent friction factor profile for Well B
appears in Figure 10. Figure shows that the friction response
in Well B also varies across the analyzed interval. Some
depth ranges exhibit relatively stable calibrated values,
whereas others require distinct shifts in friction behavior.
The difference between tripping-in and tripping-out friction
factors is preserved here as well, confirming that the direc-
tional asymmetry of casing movement observed in Well A is
not an isolated feature of a single well.

Although the exact friction-factor distribution differs
from that in Well A, the second case still supports the same
general conclusion: the full interval cannot be adequately
represented by a single friction-factor value. Instead, the
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calibration results suggest that casing-string interaction
should be interpreted in the context of depth-dependent geo-
logical and wellbore conditions.

3.4. Comparative discussion of Wells A and B

The comparison of the two analyzed wells shows that the
proposed workflow delivered consistent methodological
benefits in both cases. In each well, the raw continuous hook-
load record contained useful mechanical information, but
noise, irregular events, and operational scatter initially ob-
scured it. After processing, both datasets produced more
stable tripping-in and tripping-out trends suitable for compar-
ison with torque and drag outputs.
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Figure 10. Well B — variation of calibrated friction-factor values
with measured depth for tripping-in and tripping-out

The first key finding is that a single friction factor was in-
sufficient to capture the full casing-running response in either
well. In both cases, global sensitivity analysis captured the
general trend only partially, whereas interval-specific calibra-
tion yielded a more realistic match between modeled and
field-derived behavior. This aligns with previous studies that
identified friction-factor uncertainty as a major limitation of
conventional torque-and-drag interpretation [2], [5], [8].

The second common result is that the calibrated friction re-
sponse was depth- and direction-dependent in both wells. The
tripping-in and tripping-out friction factors did not coincide, and
the locations of the main friction shifts were not randomly dis-
tributed along the interval. Instead, they were associated with
changes in local mechanical response that can be interpreted in
relation to lithological segmentation and wellbore heterogeneity.
This behavior aligns with the broader trend reported in recent
digital and automated torque-and-drag studies, where field data
are increasingly used not only for global matching but also for
more detailed operational interpretation [9], [16].

At the same time, the two wells were not identical. Their tra-
jectories and friction-factor profiles differed. This is an im-
portant result in itself because it shows that the workflow should
not be used to transfer a single fixed friction template from one
well to another. Its value lies in providing a reproducible proce-
dure for extracting the mechanical signature of each casing-
running operation from continuous field data and interpreting
that signature within its own geological and operational context.

From a practical standpoint, the proposed workflow of-
fers three advantages. First, it reduces reliance on manual
selection of isolated calibration points. Second, it improves
the consistency of model interpretation by using continuous
processed trends rather than sparse observations. Third, it
enables identification of specific intervals where the mechan-
ical response deviates from the average behavior, thereby
requiring closer attention during post-run analysis and in
planning future operations.

4. Conclusions

This study developed and applied a Python-based work-
flow to process continuous hook-load data and to use the
results for friction-factor calibration in torque and drag ana-
lysis during casing-running operations. The workflow was
tested on two offshore wells drilled in the South Caspian
region under deep, high-pressure conditions.
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The results showed that raw continuous hook-load data
could not be used directly for reliable calibration because the
original signal contained operational scatter, short-term dis-
turbances, and non-representative intervals. After cleaning,
filtering, and extraction, the processed datasets provided
stable tripping-in and tripping-out trends that preserved the
main depth-dependent mechanical response of the casing run
and were suitable for further analysis.

Validation of the extracted trends for Well A confirmed
that the proposed processing procedure provided sufficiently
accurate calibration input. The obtained MAPE, RMSE,
and R? values showed close agreement between the extracted
load trends and the measured field response, which supports
the practical applicability of the workflow for post-run
engineering analysis.

Comparison of the processed field data with torque and
drag model outputs showed that a single constant friction factor
was insufficient to reproduce the full casing-running response
in either well. Better agreement was achieved when calibration
was performed for individual depth intervals. The resulting
friction-factor profiles showed that the mechanical response
varied with depth and that tripping-in and tripping-out behavior
remained distinct throughout the analyzed interval.

The calibrated interval-specific friction factors also
showed a meaningful relationship with geological segmenta-
tion. The most pronounced changes in friction response oc-
curred during intervals where lithologic variation and changes
in wellbore condition were expected. At the same time, the
results indicate that lithology should not be treated as the sole
controlling factor, since borehole quality, local geometry, and
operational conditions also affect casing-running behavior.

Comparison of the two wells confirmed that the proposed
workflow is applicable beyond a single case. Although the
exact friction-factor distributions were not identical, both wells
showed the same general pattern: continuous hook-load data,
when processed properly, can be used to identify depth- and
direction-dependent friction behavior more reliably than sparse
manual observations and a single global calibration value.

Overall, the proposed workflow is a practical tool for
post-run analysis of casing-running operations in geological-
ly complex wells. It improves the consistency of torque and
drag calibration, reduces reliance on manual point selection,
and provides a more realistic basis for interval-specific inter-
pretation of casing-string behavior
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Python-monenoBaHHs AJ1s1 KaaiOpyBaHHs KoediliecHTa TepTHA 3 yPaXyBaHHAM JiTOJIOTII
I'. Ixxab6aposa, B. Ickanmapos, €. [lImoryena

Meta. Metoto po6otu € po3pobiieHHs Ta Bajifganis Python-opienToBanoro miaxomy 1o oOpoOneHHs Oe3nepepBHUX JaHUX MPO HaBaH-
Ta)KeHHsI Ha TaKy Ta HOTO 3aCTOCYBaHHS JUIsl KaliOpyBaHHsS KoedillieHTa TepTs 3 ypaxyBaHHSM JITOJOTIYHOI OYZOBH MiJ Yac aHai3y CHII
OTIOpY 1 HABaHTAXXEHb Y MPOLEC] CIyCKY 00CaAHUX KOJOH y TIIMOOKHX CBEPATIOBUHAX 3 BUCOKHM ILUIACTOBUM THCKOM.

MeToauka. 3anponoHOBaHUH MiAXiJ IPYHTYETHCS Ha aBTOMAaTH30BaHOMY OOpOONeHHI Oe3lMepepBHHUX AaHHX T'€0JIOTO-TEXHOJIOTIYHOTO
KOHTPOJIIO I[0/I0 HABaHTa)KEHHs Ha raKy, 3apeeCTPOBAHHX IIiJl Yac CIycKy obcanHoi KomoHH. IIpomenypa BKIOYa€e OYMIICHHS JaHHX, Cer-
MEHTAIliI0 Ha OCHOBI MOPOTOBHUX 3HAYECHB, KOB3HE (DiIbTPYBaHHs, BUAAICHHS BUKUIIB, a TAKOXK BUAJICHHS PENPE3CHTATHBHUX TPEH/IIB HaBa-
HTa)XEHHS MiJ 9ac CIycKy Ta miaiomy. OTpHMaHi TPEHAN Jajli MOPIBHIOIOTHCS 3 MOJLOBHMH BUMIPIOBAHHSMH Ta BUKOPHUCTOBYIOTHCS VIS
KaJIiOpyBaHHA KOe]illieHTIB TepTs 32 OKPEMHUMH iHTEpBAJaMU B MEXaX MOJICTIOBAHHS CHJI TEPTS i MO3JOBXKHIX HaBaHTAXEHb VIS J[BOX
MOPCBKHX CBEPJUIOBUH.

PesyabTaTu. [TokasaHo, 1110 po3po0ieHUi MiaXi Jae 3MOTry MepeTBOPIOBATH 3allyMIIeHI Oe3lepepBHi 3allMcH HAaBaHTAXCHHS Ha Taky y
CTabIbHI TPEHIM HaBaHTA)KEHHS, MPUIATHI Ui KamiOpyBanHS. {1 000X MpoaHalli30BaHUX CBEPUIOBHH BCTAHOBICHO, IO BHUKOPHCTAHHS
OJTHOTO CTaJoro KoedillieHTa TepTs He 3a0e3nedye HAICKHOTO BiITBOPEHHS TOBHOI MEXaHIYHOI peakilii 00caJHOl KOJOHHM IIiJI Yac CITYCKY.
Kpamma y3rookeHicTh ocATaeThesl 32 KamiOpyBaHHS KOe(ilieHTiB TepTs I OKpeMHX IMMOMHHMX iHTepBaiiB. OTprMaHi podini Takoxk moka-
3aJTH, 110 3MiHH XapakKTepy TepTs 3arajioM y3roIKYyIOThCS 3 JITOJIOTTYHUMH HEPEX0aMH Ta HEOAHOPIAHUMH YMOBaMH CTOBOYpa CBEP/UIOBHHH.

HaykoBa HoBu3Ha. [ToejHaHHS B MEXaX €IMHOTO MiAX0Ay Oe3MepepBHUX JaHUX Fe0JIOr0-TEXHOIOTTYHOTO KOHTPOJIIO HABaHTAXKEHHS Ha
raKy, ix aBTOMaTH30BaHOTo 0OpoOseHHs 3acobamu Python i moiHTepBanbHOTrO KaniOpyBaHHS MOJENI CHII TePTS Ta MO3JOBXKHIX HaBaHTa-
JKEHb, 1110 3a0e3Meuye JITOJOTYHO Yy TIIMBY IHTEPIIPETALiI0 MOBEIHKN 00CaIHOT KOJIOHH Mij 4ac CITyCKY.

IIpakTHYHA 3HAYUMICTH. 3aPONOHOBAHMIT MiJXi 3MEHIIY€e 3aleKHICTh BiJl PyYHOIO BHOOPY OKPEMHX TOYOK, MiJABHILYE TOCIIJOB-
HICTh TOJANBIIOrO KaniOpyBaHHS MOJENICH CHII TepTs 1 MO3/OBXKHIX HAaBaHTa)XEHb Ta MOYKe OYTH BHKOPHCTAHHH K MPAKTHYHUH iHKEHEp-
HHI IHCTPYMEHT JUIsl aHaJli3y MPOIeCy CIyCKy 00CaHUX KOJIOH Y Te0JIOTIYHO CKJIaJHUX YMOBaX.

Knruosi cnosa: ananiz cun mepms i n03008H#CHIX HABAHMACEHb, KANIOPY8aHHs KoediyieHma mepms, cnycKk 00CAOHOI KONOHU, OaHi
2€0J1020-MEXHON02IUH020 KOHMPOII0; Nimoao2is;, Python-nioxio,; mexanika cmogbypa ceeponosuru
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