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Abstract. This paper presents TubeBEND, a real-world dataset comprising 318 rotary tube
bending processes, which were collected and sorted by experts from various fields to evaluate
machine learning and signal analysis methods. The dataset addresses the industrial challenge
of predicting the geometry of a first-stage bend, which can be beneficial for designing machine
clamping molds for the second-stage bend in two-stage rotary draw bending. Some geometry
criteria, such as the tube's final bent angle (or springback) and its cross-sectional deformation,
are being recorded in this dataset. This dataset enables the development of machine learning
models for geometry prediction and improved machine setup, supporting operators in reducing
springback and deformation. Moreover, by recording some process parameters, such as tool
movements and forces or torques applied to them, we deliver detailed information about their
impacts on the final tube geometry. The focus of our work is to discover solutions that can
replace traditional methods, such as trial-and-error or simulation-based predictions, by
including experimental process variables in ML algorithms. Our dataset is publicly available
as a Dbenchmark to improve data-driven methods in this field at:
https://github.com/zeyneddinoz/tubebend and https://zenodo.org/records/18458823.

Introduction
Bent tubes are important components in various fields, including HVAC (heating, ventilation,
and air conditioning) systems for homes, aerospace, medical, automotive, and other
applications. They play an important role in supporting structures and transferring fluids.
Achieving acceptable dimensional accuracy is challenging due to springback (the elastic
recovery of bending angles after releasing machine tools) and other forming defects, such as
collapse and wrinkling [1]. These geometrical differences lead to errors in structural strength
calculations, turbulent flow in fluid transformation, and assembly problems [2,3].

Mathematical methods, physical trial-and-error bending processes, and Finite Element (FE)
simulations have traditionally been used to address these geometry mistakes [4]-[9]. FE
simulations can reduce physical tests, but they are not optimal because they cannot simulate all
the possible forming conditions due to their simplified models, and they cannot fully capture
the factors that occur in real production [10]. In addition, they require large computing times,
which reduces the cost efficiency of Rotary Draw Bending (RDB) [11]-[14].

Machine Learning (ML)-based strategies offer an alternative solution; however, their
accuracy, efficiency, and flexibility in geometry control have not yet been studied enough [15]-
[20]. Recent work on ML-based geometry prediction has used simulated data, achieving high
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accuracy and rapid prediction [21]. However, the effectiveness of these data-driven models for
tube bending in real industrial applications is heavily dependent on the availability and quality
of real-world data that capture the missing factors that deterministic simulations cannot fully
replicate [15]-[20,22].

To fill this gap and improve the performance of prediction and compensation models, this
paper presents a dataset derived from real-world experiments of industrial rotary tube bending
processes, aiming to support advanced ML and signal analysis research in this area.

Related Work

The design and optimization of forming processes, particularly in complex operations like
RDB, have significantly benefited from both advanced simulation techniques and,
increasingly, the integration of real-world sensor data. This section reviews existing
contributions, distinguishing between studies that primarily utilize simulated datasets and those
based on real-world measurements, to highlight the current state of research and contextualize
the TubeBEND dataset.

Datasets from simulations. Historically, the geometry of active tool surfaces in RDB has
been designed using FE process simulations, often incorporating empirical knowledge [23].
However, these simulations frequently exhibit deviations between the calculated and actual
component geometries due to unmodeled physical phenomena, parameter fluctuations, and
transient effects within the forming system [3]. Such discrepancies are particularly pronounced
in multi-bent components, where errors in a first bend can propagate and amplify in subsequent
bends. For example, FE simulations of components with nested bends have revealed clear
differences in geometry when Computer-Aided Design (CAD)-designed mold clamping dies
are used compared to 'ideal' tapered mold clamping dies.

To address these deviations, numerous authors have developed methods for the simulation-
based generation of working surface geometry to precompensate for component errors and
dimensional inaccuracies such as springback [4,5,10]. Two prominent approaches are the
Displacement Adjustment (DA) method and the Spring Forward (SF) method. The DA method,
initially published by [5], involves iteratively shifting tool mesh nodes in the FE environment
according to springback displacement vectors until the desired component geometry is
achieved. Subsequent developments have taken advantage of the NURBS functions to generate
continuous three-dimensional tool surfaces [6]. In contrast, the SF method, introduced by [7],
determines the contact forces in the closed tool state by FE simulation and then applies these
forces in a linear-elastic simulation to derive the geometry of the tool. Both the DA and SF
methods are only effective if the simulation models fully account for material-relevant
influences, such as flow line curves, hardening behavior at work, and a decrease in modulus of
elasticity with plastic deformation [12,13]. The researchers of [10] further emphasized the
importance of including the parameters of the formation system, such as tool and machine
elasticities, in the simulation models to achieve accurate and effective surface design.
Specifically for RDB, the authors of [8] presented a procedure for the automated generation of
complete CAD datasets based on knowledge databases, parametric designs, and FE models.

Beyond tool design, simulated data have been a crucial source for training ML models,
especially where real-world experimental data is scarce or costly [17]-[20]. In [21], for
example, researchers used a Random Forest (RF) algorithm to calculate optimal forming paths
for stretch bending. Another study used the same methodology with their entire training dataset
derived from FE simulations that mapped input parameters to output quality [16]. This enabled
the trained RF model to replace computationally intensive FE simulations effectively.
Similarly, [18] used hierarchical Gray Wolf Optimization with Support Vector Machines
(GWO-SVM), trained on FE simulation data, to predict wrinkle formation during RDB,
achieving an accuracy of 74.5\%. The authors of [20] also used digital twins based on FE
models to perform real-time regressions and error classifications for the prediction of RDB
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springback, feeding measured data and machine parameters into a Multi-Task Learning (MTL)
model.

Datasets from actual processes. Parallel to advances in simulation, there has been a
significant trend towards integrating a large number of sensors into forming systems to capture
physical influences from the real world on the process [24]-[29]. This sensor integration
provides invaluable data for understanding and improving forming operations. Standard
machine sensors, such as displacement or position sensors for axis control and force/torque or
pressure sensors for load monitoring, have been widely used in processes like deep drawing to
record process conditions [24].

Specialized sensors have been developed to capture specific phenomena. For instance, sheet
metal feed during deep drawing has been measured using eddy current, magnetic, or optical
sensors installed in hold-down surfaces [25]. Local hold-down forces and temperatures have
been measured using thin-film sensors applied to tool surfaces [30]. In RDB, a line scanner
was used to detect wrinkling in the area of smoother wrinkles [31]. Newer concepts involve
soft sensors to record dynamic material properties by combining various sensor data (e.g., eddy
currents and temperatures to calculate hardness and deformation degrees, or the magnetic
Barkhausen effect) [26]-[28]. Direct hardness measurements are also used to calculate internal
stresses during bending [29].

Real-world data are also increasingly utilized to train ML models. The [19] predicted
geometric features based on the torque data of the machine axis drive motors during the
production of hairpin stators. Their training dataset comprised 672 hairpins that were measured
and linked to the torque and speed data of the four motors of the production machine, providing
a clear example of a substantial real-world dataset. The author of [20] also leveraged measured
data and machine parameters, available as time series, in an MTL model for RDB springback
prediction. However, many previous research papers, despite their use of real-world data,
explicitly noted limitations due to sparse real-time data acquisition, indicating that not all
relevant process parameters could be comprehensively considered [9,32]-[35]. This highlights
a critical gap that the present project aims to address.

In the TubeBEND dataset, the aim was to employ an extensive real-world data collection
strategy, including the recording of system variables in each bending cycle (e.g., tool
movements, tool forces, geometry characteristics). Additionally, semi-finished product
characteristics (e.g., springback, cross-sectional geometry) are measured per batch or at regular
intervals. The objective is to establish an automated, time-synchronized measurement
periphery. We were specifically tasked with creating a system to analyze the sensor data stream
and preparing a reliable data pipeline for feature generation and common error classification.
Thus, we created a "benchmark" reference dataset that provides a data-based representation of
the process sequence. As a result, the TubeBEND dataset is particularly valuable, as it
combines sensor readings with expert human knowledge and is currently publicly available at:
https://github.com/zeyneddinoz/tubebend and https://zenodo.org/records/18458823.

Dataset Collection

In this section, we summarize the data collection pipeline (overview in Figure 1) and the five
subsections that follow: Bending Machine, Parameter Variations, Machine Data, Sensor Data,
and Geometry. Briefly, these cover the RBV 35 hardware and control, the chosen process
window (collet factors, pressure-die feed, mandrel timing), PLC-based axis/readout and
recording cadence, dedicated force sensors with synchronized acquisition, and optical scanning
plus geometry post-processing. The force and movement directions used in the dataset are
defined in Figure 2, and the geometric features (springback, collapse, section diameters, and
the Linear-1 / Arc / Linear-2 cut regions) are illustrated in Figure 3.
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Figure 1: The data collection process delivers a variety of machine sensor data from
integrated sensors in a 2016 WAFIOS RBYV 35 tube bending machine, during
the bending of a variety of stainless steel tubes.

Bending Machine. The RBV 35 tube bending machine, built in 2016 by WAFIOS AG,
Reutlingen, is used for practical bending tests. The machine can be used for both rotary draw
bending and three-roll push bending. The ten servo-controlled machine axes are programmed
using the WAFIOS WPS 3.2 EasyWay control program, which is located on a separate
industrial PC. The basis for the block structure of the control commands is DIN 66025 and the
G and M commands contained therein. Individual commands are combined into lines in the
program sequence. The control commands are converted into movements of the machine axis
by the operating system. The Windows Control and Automation Technology (TwinCAT) 2
from Beckhoff Automation GmbH \& Co. KG, Verl, of a programmable logic controller (PLC).
Tubes with an outer diameter of up to 35 mm, a maximum radius of 170 mm, and a maximum
bending angle of 190° can be bent on up to three levels. The maximum bending moment is 6
kNm. By parameterizing the program sequence accordingly, selected process parameters such
as bending angle, pressure die kinematics, mandrel retraction time, and collet kinematics can
be quickly adjusted (see Figure 1).

Parameter Machine. The production of a nested bend requires that the previous bend be
flawless. For this reason, the parameter ranges examined are primarily determined by
considering the failure characteristics in rotary draw bending as outlined in VDI 3430 [36]. In
contrast to the formation of wrinkles on the inner arc, crack formation on the outer arc plays a
minor role in the present bending task. Furthermore, the technical limitations of the bending
machine must be considered.

The collet is a central element in controlling the flow of material. Depending on the bending
task and the semi-finished product to be bent, the kinematics of the collet can be selected as
pushing, pulling, or traveling. With pulling kinematics, the distance traveled by the collet
during bending is shorter than the unwound length of the geometric center line of the tube in
the bending area. This delay induces tensile stresses that counteract the formation of wrinkles
on the inner bend [37]. The ratio between the collet movement and the unwound geometric
center line of the tube is referred to as the collet factor and is used to quantify the collet
kinematics. The collet kinematics are limited downward by the holding capacity of the
pneumatic collet within the collet. If the collet factor is below 0.85, there is a risk that the tube
will slip through the collet. The upper limit of the parameter range for collet kinematics was
set so that, with the tool setting used and a lateral pressure die feed of 0.9 mm, the onset of
wrinkling is visible. This was the case with a collet factor of 0.95. This ensures that the limits
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of the process window are considered when evaluating the process parameters. The collet
factors selected were 0.95, 0.92, 0.90, 0.87, and 0.85.

The pressure die acts as a counterbalance to the applied bending moment and prevents the
tube from buckling. The pressure die lateral feed is achieved by placing a shim under the slide
rail. The increments selected for the lateral feed of the pressure die were 0.9 mm, 0.6 mm, and
0.3 mm. As the study by [21] shows, a lateral feed of the pressure die in the range of 0 to 0.3
mm has no significant influence on the geometry during rotary draw bending [21]. For this
reason, increments of 0.9 mm, 0.6 mm, as well as 0.3 mm were selected for the lateral feed of
the pressure die. The pressure die kinematics can be selected in a manner comparable to the
collet kinematics: stationary, traveling, as well as pushing. Pushing kinematics promotes the
formation of wrinkles on the inner arc and is therefore not used.

The mandrel serves as a support for the tube cross-section during bending. If the mandrel is
pulled back too early, more cross-section deformation can be expected. The timing of the
mandrel retraction is specified in degrees before the end of the bend. The latest point for
mandrel retraction is after completion of the bend, i.e., 0° before the end of the bend. Since the
mandrel is also responsible for transferring the pressure die force to the wiper die, premature
retraction can contribute to wrinkling on the inside arc. Furthermore, due to the opposite
movement between the tube and the mandrel, increased stress due to friction is to be expected.
Against this background and based on previous experience, the earliest point for mandrel
retraction was set at 10° before the end of the bend. An intermediate point was defined as
mandrel retraction at 5° before the end of the bend.
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Figure 2: Directions of force and movements in relation to the tube axis as defined in the
dataset for all machine components.

Machine Data. Machine data are acquired during the bending process with the aid of a PLC
module within the machine control system. The machine data to be read out includes the current
positions and loads of the machine axes. The load on the machine axes is output based on the
configuration of the PLC module in relation to the nominal or maximum torque of the axis
motor. The Automation Device Specification (ADS) protocol is used for communication with
the TwinCAT-based Beckhoff machine control system for the purpose of configuring data
recording and reading the recorded machine data. The machine data is read in packets with a
maximum size of 32767 values. The frequency at which the machine axes can be scanned and
the data recorded is determined by two factors. On the one hand, it must be an integer multiple
of the internal cycle time of the machine control, which is 2 ms. On the other hand, a packet
released for transmission must be read out faster than is required for the next packet to be
released. A release occurs when the defined size of the packet is reached, or the bending is
completed, and the remaining data is to be read out. If a release for data transmission occurs
while a previous packet is still being transmitted, it is partially overwritten, and the data is
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transmitted incorrectly. To ensure error-free reading of the machine data, a frequency of 20 Hz
was specified for scanning the data recording. The start and end of the data recording can be
specified via the G code of the bending program. Directions of force and movements, as defined
in the dataset, are illustrated in Figure 2.

Sensor Data. Since the load on the machine axes, especially those driven indirectly via
gears, toothed belts, or spindles, only allows limited conclusions to be drawn about the tool
forces acting on them, additional sensors were integrated to measure tool forces. A tension-
compression sensor from TOX Pressotechnik SE & Co. KG, Weingarten, was integrated into
the mandrel bar to measure the mandrel force. The ZPS 004.030.090.003 sensor has a nominal
force of 52 kN in the compression direction and a nominal force of 25 kN in the tension
direction. In addition, two HBM CO9B pressure transducers from Hottinger Briiel & Kjaer
GmbH, Darmstadt, with a nominal force of 20 kN each, were installed in the pressure die. All
force sensors are connected to a computer for data recording via an MGC measuring amplifier
from Hottinger Briiel & Kjaer GmbH, Darmstadt.

The computer has two PCle-6531 measurement cards from National Instruments
Corporation, Austin, which are connected to two BNC-2090A connection blocks from National
Instruments Corporation, Austin. The measurement cards are configured, and the sensor data
is recorded using DIAdem 2020 software from National Instruments Corporation, Austin. A
frequency of 100 Hz was set for recording the sensor data. The start and end of data recording
are analogous to the recording of machine data by commands within the G-code of the bending
program. This ensures synchronized recording of machine and sensor data.

Geometry. The GOM ATOS Q 8M scanner, in conjunction with the MV500 measuring
volume (500 x 370 x 320 mm?) from Carl Zeiss GOM Metrology GmbH, Braunschweig, is
used to digitize the bent tubes. To capture the entire geometry of the bent tubes, a motorized
turntable is used, which is integrated into the software of the ZEISS INSEPCT Pro Line 2023
scanner from Carl Zeiss GOM Metrology GmbH, Braunschweig. After confirmation of an
initial scan, the bent tubes are digitized by automatic measurements during rotation of the
turntable. The sensor works on the principle of fringe light projection.

Before the digitized tubes can be evaluated, the scan data must be transformed from the
sensor coordinate system into the machine coordinate system in accordance with VDI 3430.
For this purpose, the bending plane is reconstructed from the center axes of the straight tube’s
legs, and the intersection of the two axes is shifted along the bisector of the component angle
to the center of the target bending radius. The target bending radius is 33 mm. The tube scans
are then intersected along and perpendicular to the tube center line. The distances between the
cuts are 1° in the curved area and 2 mm in the straight tube legs. The sections are used to
determine the geometric features: collapse, secondary axis, and main axis.
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Figure 3: For each bending process, geometry data contains features such as the
springback (top left). For a series of cross-cuts along the tube (see the regions
Linear-1, Arc, and Linear-2 in the bottom diagram), the collapse (middle left)
and the diameters along the main and secondary bending axes (top right) are
recorded.

The actual bending angle is calculated from the component angle enclosed by the center
axes of the straight tube legs, minus 180°. The springback angle corresponds to the difference
between the target and actual bending angles. The target bending angle is 47°. The geometry
of the bent tubes is available in three degrees of abstraction. The lowest level of abstraction is
an STL file based on the scan data of the respective tube. The discrete geometric features along
the tube centerline, including the bending and springback angles, represent the highest level of
abstraction. The coordinates of the sections along the tube centerline are available as a middle
ground. The main geometric features considered in this study (springback, collapse, and cross-
sectional diameters) are illustrated in Figure 3.

Dataset Structure and Content

This dataset is made from experimental data obtained directly from rotary tube bending
production processes, all from the same tube material. It involves real-world data from 318
rotary tube bending processes, including 3 failed cases (IDs 1, 48, and 166). Its collection
directly addresses the need for high-quality real-world data to train robust ML models. Unlike
methods that use FE simulations or experiments in the laboratory, this dataset reflects the
natural variability and complexity of real industrial production. This collection is
approximately 800 MB in size and serves as a standard for many data-driven methods.

This dataset is arranged as a nested dictionary and serialized to a Python pickle file. Each
leaf node is a Pandas dataframe with tabular measurements, and the keys (and subkeys)
represent data types and categories. The structure resembles a tree, where internal nodes
represent branches (data categories), and leaves represent tables.

Individual tables are selected by indexing the dictionary with the desired key path. For
example, to extract the geometry key-characteristics table (the “Linear 1 side table) for
experiment 47, we load the pickled nested-dictionary dataset and index the dictionary by the
experiment identifier and the leaf key. Listing I shows the exact code used to load our dataset
and obtain this table. This layout is easily extensible, allowing for straightforward navigation
between different data types and experimental conditions.

145



BIEGEN IN SIEGEN. Tagungsband zum 7. Biegeforum 05. - 10. Marz 2026: S. 139 — 150

The dataset is comprehensively structured into three main categories and is listed as follows:

Bending Setups. Details the initial configuration parameters serving as independent input
variables for ML models, influencing deformation behavior:

e Tube: Outer Diameter, and Wall Thickness.

e Machine: Bending Target Angle, Wiper Die Shortening, Pressure Die (Lateral Position,
Distance, Boost), Mandrel (Position, Retraction Timing), Collet Boost, and Clamp Die
Lateral Position.

Process Parameters. It captures dynamic measurements reflecting tool-tube interactions,
which are critical for understanding process mechanics. Acquired from:
e Loads:
o Machine: Bend Die (Lateral, Rotating, Vertical), Clamp Die Lateral, Collet
(Axial, Rotating), Mandrel Axial, and Pressure Die (Axial, Lateral, Left Axial).
o Sensor: Mandrel Axial, and Pressure Die (Lateral 1, Lateral 2).
e Movements: Bend Die (Lateral, Rotating, Vertical), Clamp Die Lateral, Collet (Axial,
Rotating), Mandrel Axial, and Pressure Die (Axial, Lateral, Left Axial).

Geometry Data. This provides detailed geometric information of the bent tube, and can be
listed as follows:

o STL-Suitable: Mesh data for 3D reconstruction of three sections:
o Linear I: A series of data from one endpoint of the arc.
o Arc: Datasets ranging from 0 to the bending target angle, increasing by 1 degree.
o Linear 2: A series of data from another endpoint of the arc.
o Key Characteristics: Quantitative features for Linear 1, Arc, Linear 2 sections:
o Linear 1: Secondary Axis, Main Axis, and Out of Roundness.
o Arc: Secondary Axis, Main Axis, and Out of Roundness.
o Linear 2: Secondary Axis, Main Axis, and Out of Roundness.
e A single .stl file built from STL-Suitable data

Dataset Usage and Applications
This real-world dataset offers potential for various applications in advanced manufacturing and
data science:

Machine Learning and Signal Analysis Benchmarking. This TubeBEND dataset is explicitly
designed to serve as a benchmark for the development and evaluation of ML algorithms, such
as Random Forest Regression or Artificial Neural Networks (e.g., enhanced Particle Swarm
Optimization-Backpropagation (PSOBP) neural networks and Long Short-Term Memory
(LSTM), and signal analysis methods for industrial processes. Its "real-world" aspect, which
comes from industrial production, captures the impacts that are essential for creating workable
and reliable solutions.

Springback Prediction and Compensation. By including target bending angles and the
resulting final bent angle in the geometry dataset, it is possible to train machine learning models
for prediction, create compensation models, and create a data-driven "bridge" connecting input
variables to the resulting springback.

Cross-sectional Deformation Analysis. Predicting and controlling cross-sectional
deformation is crucial for ensuring product quality, which is made possible by recording
precise geometry-specific measures, including Secondary Axis, Main Axis, Out of Roundness,
and Collapse.

Physics-Informed Neural Networks (PINNs): The combination of high-frequency process
data (forces, movements) and high-quality geometric outcomes (springback, collapse) makes
this dataset ideal for training PINNs. These models embed physical laws (e.g., deformation,
elasticity, plasticity) into the learning process as soft constraints or loss terms. This helps
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address data sparsity, improves generalization beyond the observed parameter range, and
ensures that the predictions remain physically consistent. PINNs can be used to capture stress—
strain relationships or to build accurate surrogate models for springback and cross-sectional
deformation.

Process Parameter Optimization. By utilizing the wide variety of bending configurations,
researchers can find the best settings that reduce defects and improve product quality. The most
predictive characteristics, including collet boost and mandrel retraction timing, can be found
by using the importance analysis of features, which helps guide the choice of the best
tactics [21].

Anomaly Detection and Process Monitoring. The high-frequency sensor and machine data
provide a perfect benchmark for developing real-time anomaly detection algorithms. Models
can be trained to identify signatures of impending failures (e.g., severe wrinkling, tool
overload, or machine faults) from the force and position signals before they result in a scrap
part, enabling predictive interventions.

Root Cause Analysis for Defects. By correlating specific parameter sets (e.g., low collet
factor + early mandrel retraction) with geometric results (high collapse, wrinkles), the
TubeBEND dataset can be used to build classifiers and models that not only predict defects but
also identify the most likely contributing process parameters, helping to rapid diagnosis and
correction on the shop floor.

Optimizing Mold Design. The TubeBEND dataset can be used to build models to predict the
geometry of the tube, which can later help to improve clamp mold designs, potentially lowering
manual rework, material damage, and repetitive compensation in production.

Predictive Maintenance. The recorded loads on the machine axes (e.g., bending arm,
pressure die) reflect the mechanical stress on the system. This data can be used to model wear
and tear, helping to predict maintenance needs for critical components such as servomotors,
gears, and ball screws before they fail, reducing unplanned downtime.

Multi-Objective Optimization. The TubeBEND dataset allows for exploration of trade-offs
between competing quality goals. For instance, a parameter set that minimizes collapse might
increase springback. Algorithms can be developed to find Pareto-optimal solutions that best
balance multiple objectives such as geometric accuracy, tool wear, and cycle time.

Handling Stochastic Impacts. The TubeBEND dataset directly reflects the impacts that are
inherent in industrial production and are challenging to represent deterministically, in contrast
to datasets that are only produced from simulations. This makes it possible to create prediction
models that are more reliable and applicable to real-world production settings.

Enabling Closed-Loop Control and Digital Twins. The information can serve as a basis for
incorporating machine learning models into production processes, looking for self-adaptive
improvement, and investigating closed-loop control techniques for defect control and
springback compensation. In addition, it supports the development of digital twins by offering
real-world process data for visualization, model coupling, and defect classification [20].

Discussion and Outlook
This real-world dataset provides a resource for advancing data-driven approaches in rotary tube
bending. It provides a chance to create and evaluate machine learning and signal analysis
techniques by including bending configurations, dynamic process parameters, and the resulting
geometric features from 318 real industrial steel tube bending processes. The TubeBEND
dataset can be used to improve production adaptations, optimize tooling designs, regulate
cross-sectional deformation, and improve springback compensation.

Since the efficiency of ML models depends on the amount and types of data they receive,
increasing their dataset is important to reduce error changes and develop strong compensation
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strategies. This means that the generalizability of the model across diverse industrial scenarios
may be constrained by the current dataset’s scope. Specifically, the model’s performance is
limited by the dataset's size, its reliance on a single material and machine, and the lack of
variation in bending radius, angles, and parameter ranges.

To address this problem, future work can combine FE simulation-based experiments with
real-world production data to create a larger "hybrid big-data source" and determine the optimal
dataset size that balances prediction accuracy with computational speed. Ultimately, this
expanded base can facilitate the development of closed-loop control systems through self-
adaptive model enhancement utilizing real-time production data. This progress from the
traditional "trial and error" method could accelerate intelligent, adaptive tube-bending
production, reduce production costs, and minimize compensation errors.
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