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Total inspection

In the mass production of metal-based products such as automobiles, continuous welding and assembly processes
are essential. The final product is created through multiple stages of welding, and the cumulative misalignment
at each stage can lead to excessive residual stresses or dimensional defects in the product. To compensate for
these issues, design modifications or significant post-processing costs have been required. Traditional dimen-
sional inspection methods, whether manual or automated, are limited in their ability to keep pace with the speed
required for mass production, as they focus on point-by-point measurements. While 3D vision-based methods
offer a solution, they are often costly and primarily suited for macro-scale inspections. Here, we propose a
machine learning-powered smart jig that enables precise, micro-level dimensional quality monitoring during
production, without interrupting the continuous manufacturing process. This method, designed for direct inte-
gration into continuous assembly welding lines, reduces inspection time from 12min to 2.79s, enabling the
detection of dimensional errors at the 500 pm level. Demonstrations conducted on the production line at a
commercial automobile manufacturer confirm the feasibility of this approach for comprehensive subassembly
inspections during mass production. This system is expected to be highly adaptable for various manufacturing
domains utilizing assembly jigs, offering transformative potential in quality inspection processes.

1. Introduction accumulate during this process, it can lead to issues such as body

distortion due to residual stress [10,11], water leakage, or collisions of

Dimensional quality control (QC) is a critical task for zero-defect
manufacturing [1-6] and ensuring flawless mass production in the
automotive industry [7]. A single vehicle body comprises dozens of
subassemblies, each precisely assembled by welding numerous compo-
nents [8]. If minor dimensional deviations [9] of these components

moving parts [12,13]. These problems are often detected only after a
significant portion of the subassembly has been completed, either during
intermediate or final inspection stages [14], resulting in unnecessary
production losses.

The automotive industry traditionally relies on manual and random
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sampling-based quality inspections (QI) during production [15]
(Fig. 1a). Skilled workers load randomly selected parts onto a checking
fixture and manually measure critical dimensions using a dial gauge and
perform visual inspection [16,17]. However, this method relies heavily
on operator experience [18], which leads to prolonged inspection times
per part. Detecting minor defects in unpainted panels also remains a
challenge, even for experienced inspectors. It is practically impossible to
inspect all intermediate products on every assembly production line.
Manual inspection accuracy typically varies between 75 % and 90 %,
depending on the inspector’s experience and fatigue level [19], with the
target defect detection rate generally set at 85 % or higher [20].
Consequently, undetected defects may persist in inspected parts, and
uninspected products may still contain defects [3,21,22].

To address these limitations, advanced technologies such as artificial
intelligence (AI) [23-25], touch probe measurement systems [26],
vision-based quality monitoring technologies [27-29], non-contact co-
ordinate measuring methods using laser scanning [26,30,31], and
LiDAR [32] have emerged. These techniques reduce human error but
often require costly equipment and are constrained by the size of
measurable parts. Recent research has shifted towards leveraging
time-series data collected from sensors embedded in equipment [33-35]
to predict defects [36], equipment failures, and component lifespan
[37-40]1, when anomalies in time-series data deviate from the normal
patterns [41,42]. These methods allow for cost-effective equipment
management and defect prevention [43] but remain limited in handling
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real-time QI for individual products. Moreover, capturing the specific
state and severity of defects solely through single time-series data is
challenging. In that sense, multivariate time series (MTS) data, obtained
from multiple sensors, presents opportunities for more complex and
accurate anomaly detection [44-50] . The MTS data can reveal intricate
relationships between temporal sequences and various variables [51,
52]. However, challenges such as the lack of anomaly labels, data
volatility, and the need for rapid inference times complicate the
implementation of MTS-based systems [53]. Algorithms such as
CNN-based methods [52,54-56], unsupervised learning autoencoders
[57], and LSTM-RNN-based GANs [58], have been proposed for
real-time anomaly detection, but these models often require extensive
computation and struggle with capturing long-term trends [53]. This
highlights the need for further research to manage and analyze MTS data
in industrial environments efficiently. Anomaly detection in MTS data
must consider the sequential nature of multiple timestamps [59] and
given the ambiguity in labeling defects (NG) and normal (OK) cases, it is
essential to reflect the complex relationships between the temporality of
data and variables [23]. To address this need, deep transformer net-
works have been demonstrated to be highly effective for quality in-
spection tasks involving MTS data due to their ability to capture
long-range dependencies and complex relationships across multiple
features [53,60]. The attention mechanism inherent in transformers
allows them to focus on relevant time steps, regardless of their distance
in the sequence, making them particularly suitable for detecting defects
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Fig. 1. A comparison of the traditional manual QI method and the Al-assisted automated QI system.
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that span across different time points and dimensions.

In this article, we propose a real-time, automated, in-line QI system
using a machine learning (ML) approach based on deep transformer
networks for anomaly detection to process MTS data. As shown in
Fig. 1b, ¢, the system uses lab-made sensors on the welding jig to detect
dimensional errors as small as 500 pm at various clamping positions.
Our system enables ultra-fast QI per part in just 2.79 s (Fig. 1b),
compared to several minutes required by traditional QI methods
(Fig. 1a). This is achieved by promptly identifying anomalies in MTS
data in real-time and distinguishing them from normal data. Further-
more, given the industrial environment’s predominance of normal
products, the consistency of MTS data trends for normal cases enables
the development of highly accurate Al models with minimal data
training. Finally, the performance of this system was validated through
its application on a production line for vehicle door parts at a com-
mercial automobile company. As the proposed QI method enables
anomaly detection from MTS data during manufacturing, it is broadly
applicable to other complex assembly domains, such as aerospace and
heavy equipment manufacturing.

The rest of this paper is organized as follows: Section 2 provides a
detailed description of the hardware and software components of the
proposed QI system. This includes the working principles of the sensor
module developed to detect micro-scale dimensional defects, the process
of collecting MTS data, the transformer-based ML model for real-time
anomaly detection, parameter optimization methods, and a custom
graphical user interface (GUI) environment designed for operators.
Section 3 describes the experimental setup and the simulation of defects
in both single and assembly parts. Section 4 presents extensive experi-
mental results and discussions. Finally, the paper concludes in Section 5,
where future research directions and the potential implications of the
study’s findings on smart manufacturing and autonomous QI systems
are discussed.

2. Proposed real-time micro-level dimensional inspection
method

Integrating a new QI system into an existing production system poses
challenges, particularly in developing suitable sensors for defect mea-
surement and managing the risks associated with modification of pro-
duction systems. Automobile companies that operate based on
accumulated expertise over decades often adopt a conservative stance
toward technological changes that impact quality and safety [61]. Thus,
bold investments and risk-taking are necessary to redesign and imple-
ment a QI system on-site. Therefore, applying a new QI system in in-
dustrial settings requires the following conditions: (1) high
compatibility with existing equipment and systems, (2) easy sensor
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Extension
Wires

amplifiers

Shielded
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attachment and detachment for simplified maintenance, (3)
cost-effectiveness to facilitate application across multiple production
lines.

The smart welding jig for the real-time QI system consists of four
major components: a welding jig (Figs. 2a), 3D-printed strain gauge-
embedded sensor caps (Fig. 2b), data acquisition (DAQ) equipment
(Fig. 2¢), and a GUI environment (Fig. 2d).

2.1. Sensor cap

2.1.1. Fabrication

The lab-made sensor cap has the following characteristics. We have
developed a novel sensor module for measuring dimensional deviations
of automobile parts in welding jigs. The strain gauge-based sensor cap
comprises a strain gauge sensor module (BF350-3AA, with a nominal
resistance of 350 Q and fatigue life of > 107 times) and a 3D printed
sensor cap made of a Fused Deposition Modeling (FDM) printer (Ulti-
maker S3) with TPU 95 A filament (Ultimaker, with hardness of 48
Shore D and 96 Shore A, elongation at break >560 %). The sensor caps
can be custom designed to fit various dimensioned clamps, leveraging
the design flexibility provided by 3D printing. Utilizing the versatility of
3D printing, the strain gauge can be embedded inside the sensor cap
during the printing process (Fig. 3). The fabrication of the sensor cap
involves four steps: Step 1. Printing 2 mm-thick bottom layers incor-
porating a cavity for sensor placement; Step 2. Pausing the print once the
final layer of the designated space for the strain gauge is completed then
attaching the strain gauge using cyanoacrylate adhesive (Tokyo Sokki)
at the designated location; Step 3—-4. Resuming the print to encapsulate
the upper surface of the strain gauge using melted filament, thereby
completing the remaining printing process. The bottom layers of the
sensor cap are designed with a 50 % infill to enhance deformation
flexibility.

The sensor readings measured at different clamp positions may
exhibit varying trends due to multiple factors, including pressure de-
viations in the air cylinders actuating the jigs, non-uniform clamping
forces caused by manufacturing tolerances of the jigs, differences in the
geometry of the clamp contact surfaces, and local geometric variations
of the panel at each clamping location. To prevent the sensors from
operating at their limits, each sensor was individually calibrated using a
trimmer potentiometer such that, under the reference pressure of
9.9 kgf cm™ applied by the air piston, the sensor output would reach
80 % of its maximum value within the full measurement range (0-1024)
when clamping a normal panel.

First, Fig. 2b illustrates the sensor cap, fabricated by 3D printing and
custom-made to precisely fit various dimensions of contact surfaces on
jig clamps. Second, the sensor cap can be easily attached and detached

""" 3D Printed strain gauge
embedded sensor cap

GUI environment
with Al algorithm

Fig. 2. Hardware system of the smart welding jig.
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Fig. 3. The fabrication procedure of the strain gauge embedded sensor module via FDM printing (scale bar: 5 mm).

from the clamps, allowing for selective attachment to clamps at points
that critically impact the quality of the automobile. Third, it offers
universal applicability to diverse welding jigs and enables flexible sensor
placement in terms of attachment positions and quantities. Therefore,
the installation is highly convenient, as all components are low-cost and
compatible with existing facility systems without any modifications.

2.1.2. Working principle

The working principle of defect detection of our QI system is illus-
trated in Fig. 4. Fig. 4a presents the example scenario of clamping a
defective panel. Defects on the panel such as dings, dents, or bending
induce subtle shape deformations across a wide area that are difficult to
detect visually. Panels that deviate from the normal shape cause uneven
deformations on the bottom surface of the sensor cap under compressive
pressure (Fig. 4b).

2.1.3. Finite element analysis

The bespoke TPU 95 A based 3D printed sensor cap, attached to the
clamp tip of a welding jig, enhances the measurement sensitivity of
embedded strain gauge by leveraging material deformation induced by
pressure during panel clamping. To conceptually validate the deforma-
tion mechanism of the sensor cap under clamping forces, its mechanical
behavior was evaluated under the assumption that an arbitrary dimen-
sional defect (~500 pm) existed in the vicinity of the sensor cap. The
proposed methodology employs finite element analysis (FEA) simula-
tions to examine whether dimensional defects that could impact welding
quality near the sensor cap cause distinguishable differences in the
deformation behavior of the sensor cap.

The FEA simulation was performed using the commercial software
COMSOL. The material properties of TPU 95 A can deviate from those of
the raw filament due to process-induced variations such as layer-by-
layer deposition and internal infill settings in additive manufacturing
[62-64] . In this study, the material properties of raw TPU 95 A (Young’s
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Fig. 4. Schematic illustration of the working principle for defect detection on the panel using the sensor cap and results of the FEA simulation.
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modulus, E = 39 MPa; Poisson’s ratio, v = 0.4; density, p = 1.2 g cm™)
were assumed to investigate how panel defects influence the strain
distribution of the sensor cap and to identify correlation patterns be-
tween defects and strain response. Simulation was conducted to evaluate
the deformation and mechanical response of the sensor cap under a
compressive load of 9.9 kgf cm™, representing clamping-induced
compression. A vertically downward force was applied to the surface
in contact with the clamp, while the surface in contact with the panel
was assigned a fixed boundary condition. In addition, an arbitrarily
shaped defect was also considered on the fixed surface, and a 500 pm
upward displacement was imposed to model the corresponding defor-
mation behavior.

Fig. 4c and Fig. 5 show FEA results of the sensor cap and the dif-
ference in trends of MTS data between normal and defective cases. The
MTS data are measured at approximately O in the unclamped state with
baseline noise. Then the strain value increases simultaneously with
clamping (tp), and it converges to a constant value a few seconds later.
To quantitatively define the clamping onset, a clamping threshold
(Threshold,) was set at 150 which is the average strain value of all sen-
sors, and that time point was defined as the clamping state (t;). The
measuring range is 0-1024 without units (Fig. 5), and the trends of
sensor value vary depending on the bottom area of the sensor cap and
the shape of the panel at each clamp position. In particular, Fig. 4c il-
lustrates that the strain values and their time-dependent patterns differ
significantly between normal and defective cases, as confirmed by FEA-
based deformation simulations. These simulations reveal how the sensor
cap undergoes sequential deformation depending on the surface geom-
etry of the clamped panel. As the clamping force is applied, the sensor
cap deforms in accordance with the local shape of the panel, and the
resulting bending strains are recorded as multivariate time series data
that reflect the panel’s three-dimensional deviations.

The changes in this MTS data can be figured out through FEA results
as differences in the degree of material deformation occur in the sensor
cap when clamping both normal and defective panels. Defects on the
panel lead to different trends in the measured strain values between
normal and defective cases. The sensor made of ductile material is not
only structurally stable enough to maintain its overall shape despite
repeated impacts, but it is also sensitive enough to detect differences by
causing local deformations due to minor defects. The results of the FEA
simulation suggest that the presence and severity of structural defects
can be readily assessed using the sensor cap. Furthermore, this approach
can be further developed into a more efficient and accurate defect
detection method across the entire panel by incorporating numerical
techniques based on surrogate models [65] and adaptive sampling [66,
67], which are well-suited for exploring high-dimensional design
spaces. Our method offers a highly efficient approach, as it relies solely
on the characteristics of patterns within the MTS data, eliminating the
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need for complex and precise analysis of the forces applied to multiple
clamps. This makes it particularly advantageous for universal applica-
tion across various types of welding jigs.

2.1.4. Fabrication repeatability and durability test of the sensor cap

To comprehensively evaluate the reliability of the sensor cap, both
fabrication repeatability and long-term durability tests were conducted
(Fig. 6). As illustrated in Fig. 6a, five sensor caps fabricated under
identical 3D printing conditions were mounted at the Sensor 1 position
of the test jig. All five caps exhibited consistent sensor responses within
an acceptable error range under clamping across time points. This
confirms the excellent repeatability of the sensor cap fabrication pro-
cess. In addition, a durability test was conducted to verify the long-term
stability of the sensor performance (Fig. 6b). The durability test was
conducted by attaching three sensors to the test jig. The sensors main-
tained consistent performance and measured constant values, without
any degradation, over 1000 clamping cycles. The clamping time was set
to 4 s, which is longer than the time required for QI, and the unclamping
time was also set to the same 4 s.

2.2. DAQ system

Four sensors were installed in the test jig, and eight sensors were
attached to the production jig in the real factory. The DAQ system was
configured to acquire ten strain data points per second from the installed
sensors. In addition, a first-order low-pass filter with a cutoff frequency
of 4 Hz was applied, enabling the extraction of signal features by
reducing sensor noise and eliminating the influences of interference
data.

2.3. Quick dimensional inspection ML algorithm

In this work, we developed an ML model, QuickDimML (Quick
Dimensional inspection ML model), capable of detecting outliers in MTS
data with high accuracy and speed while clamping a panel for body
manufacturing at various positions to detect subtle dimensional de-
viations. This QuickDimML model is based on a deep transformer
network [53], designed to process real-time MTS data (Algorithm 1),
and specializes in outlier detection.

The construction of the model and the entire process are based on
Python 3.7 and Torch 1.13, along with other libraries. The training and
experiments for all models were performed on a system equipped with
an Intel i5-11400 CPU, 16 GB RAM, Nvidia GTX 1650 GPU, and Win-
dows 10 operating system, which are commonly conducted in factory-
built systems.

Algorithm 1. Real-time anomaly detection algorithm
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Fig. 5. Trend comparison of MTS data points between normal and defective samples under the test jig.
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2.3.1. Data collection

Data collection was performed under controlled laboratory condi-
tions as well as in an operational factory environment. Fig. 7 shows
representative MTS data obtained from eight sensors integrated in the
actual production jig in factory described in Section 3.2, illustrating
distinct trend patterns corresponding to three clamping states unclam-
ped, clamped with a normal panel, and clamped with a defective panel.
MTS data can vary significantly depending on the type, location, and
severity of defects. For example, excessive pressure applied to the sensor
cap due to a defect may result in higher sensor values than normal. In
comparison, incomplete clamping may show lower sensor values or
time-series trends similar to the default state. Moreover, in cases where
no defect is detected at the clamping position, the trend may exhibit a
pattern similar to that of a normal panel. These trends can be observed
immediately after clamping, highlighting the importance of data
collection during this phase for effective training of the QuickDimML
model.

We conducted data collection and performance evaluation of defect
detection using lab-scale test welding jig with ten panels provided by a
commercial automobile manufacturing company. Test samples consist
of five normal samples and five reference defective samples with various
defects located in different positions. Detailed explanations of the setup
and samples are provided in Section 3.1. First, to assess the accuracy and
consistency of the sensor measurements and to create the training and
test datasets, we alternately clamped each sample and collected a total
of 120 normal datasets and 20 abnormal datasets. As shown in Fig. 8,
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five normal parts were measured 24 times each, resulting in a total of
120 normal data sets, which fall within the 20 standard deviation range,
indicating that Al training does not require a large amount of data due to
the high proportion of normal products in industrial conditions. In
contrast, MTS data for defective samples are generally distributed well
outside the normal range, showing distinct trends. However, when the
defective region is not near a specific sensor, the corresponding time-
series data may remain within the normal range, despite the presence
of a defect in the part.

2.3.2. Data preprocessing and building datasets

The collected data were preprocessed through cropping and reor-
ganizing to generate training and testing data. (Fig. 9). To determine the
optimal data segment length that enables accurate QI at the earliest
possible time after clamping, we compared five different time ranges, as
shown in Fig. 10. The initial 1-second interval immediately following
the clamping state recognition point (t.) was excluded due to potential
disturbances caused by transient vibrations and noise during the
clamping process. Therefore, F1 scores were evaluated for five data
segments ranging from 2 to 6 s after t.+ 1. Among them, the segment
corresponding to the first 3 s (50 data points) exhibited the highest F1
score of 0.9862. Based on this result, the collected raw data were
cropped into specific regions labeled A to D and A* to D*, which were
subsequently used to construct the training dataset (Fig. 9a) and test
dataset (Fig. 9b), respectively. The cropped data were then merged into
a single file for learning, and Min-max normalization was applied to
each sensor between 0 and 1, as shown in Eq.1.
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/X — Xmin a series of processes using QuickDimML (Fig. 11a, Algorithm 1). The

X

(€8]

Xmax — Xmin + €

where a small constant (¢) is employed to prevent dividing by zero
errors.

We randomly divided the training and test datasets into a 100:40
ratio. The training dataset was constructed by randomly selecting 50
data points from each of the 100 normal datasets, resulting in a total of
5000 data points (Fig. 9a). The test dataset included 50 data points from
the remaining 20 normal and 20 defective datasets, concatenated in
random order to yield 2000 data points (Fig. 9b).

2.3.3. Model architecture

In this study, a transformer model is employed to detect anomalies in
the car door assembly process from the MTS data collected from sensors.
The transformer was originally developed for natural language pro-
cessing, where it processes an input sequence with multiple attention-
based transformations [60]. The encoder processes the input sequence
using a stack of self-attention and feed-forward layers. Each position in
the sequence attends to all other positions via multi-head self-attention,
allowing the model to capture both local and long-range dependencies
without recurrence. The decoder generates output sequences by
attending to both the encoder output (via encoder-decoder attention)
and its own previous outputs. As shown in Fig. 11a, for the case of MTS
data, the encoder processes the entire sequence up to the current time-
stamp C, assigning focus scores which is the reconstruction loss for the
first decoder. Using this information, the window encoder generates an
encoded representation of the input window W, which is then recon-
structed by two decoders. The first decoder attempts to perfectly
reconstruct the input window W (i.e., O; = W), thereby generating a
degenerate (zero vector) focus score to fool the second decoder. How-
ever, the second decoder attempts to distinguish between the input and
the reconstruction from phase 1 by maximizing the difference
I 0, — W||,, using the focus scores.

Therefore, by incorporating this algorithmic flow into our system,
the prepared datasets were used to perform training and testing through
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QuickDimML model consists of an encoder, window encoder, and two
decoders for reconstruction and prediction. The training process is
composed of reconstruction of input window and optimization of
attention weights. The MTS data are divided into a complete sequence
corresponding to a sliding window and the current timestamp, which are
each input into two separate encoders for adversarial training and
reconstruction. The outputs from Decoder 1 and Decoder 2 (D, D2) in
Phase 1 are denoted as O; and O, respectively, and the result from D, in

Phase 2 is represented as O,. In phase 1, Dy is trained to generate a focus
score (||O; —W]||) to deceive Dy, while Dy is trained to produce an output
O, similar to the input. In phase 2, D, learns to differentiate between W
and the reconstruction generated by D; in phase 1. Consequently, the
training objective of the QuickDimML was defined as follows:

minmax]|| 0, — wi, 2)
D 1D 2

In addition, the average score (S) for test data (/VV), which was not

used for training, is as follows.
1 — 1~ =
S= EHOl - W, +§H02 - W, 3)

The result of the anomaly prediction by QuickDimML is visualized in
Fig. 11b. The QuickDimML model accurately sorts out the locations of
abnormal segments within the input test raw dataset, providing an
anomaly score for each sensor. The high-abnormality segments are
highlighted in red, and they precisely match the unlabeled true anomaly
of the test dataset highlighted in orange in Fig. 9b. The results of our
QuickDimML model indicate its capability to accurately detect anoma-
lies within a dataset where normal and defective MTS data are randomly
intermixed without distinct separation.

The F1 score is defined as the harmonic mean of precision and recall
(Egs. 4-6), and it is a widely used metric to evaluate the performance of
classification models, especially in various industrial applications where
the dataset is imbalanced [68-70].
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Precision — TP @ both the system’s ability to correctly identify defective components
" TP+ FP (recall) and its ability to avoid misclassifying normal components as
defective (precision).
TP
Recall = ——— (5)
TP +FN 2.3.4. Parameter optimization
L. The optimal parameter for the QuickDimML model and its perfor-
Precision x Recall . . ; .
F1 Score = 2 x 6) mance are evaluated in Fig. 12, Fig. S1, and Table 1. The relationship

Precision + Recall

For the QI system, the F1 score was selected over other metrics, such
as precision, recall, or area under the receiver operating characteristic
curve, because it provides a single, interpretable metric that reflects
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between the training loss (Fig. 12a) and the F1 score (Fig. 12b) over
epochs shows that, while training loss converges to zero as the number
of epochs increases, the highest F1 score (0.9862) was achieved at epoch
5. This means that the epoch 5 for the best F1 score should be set as the
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optimal parameter for the QuickDimML model as follows the protocol in
the previous studies [71,72] . The model was trained for five epochs and
we utilized AdamW [73] as the optimizer with an initial learning rate of
1072 and a weight decay of 10~°. The F1 score, comprising recall and
precision, was employed to evaluate the model performance. In addi-
tion, the performance of the QuickDimML model showed the best per-
formance compared with that of USAD [57], MAD-GAN [58], and
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CAE-M [74] models, developed for anomaly detection (Fig. S1 and
Table 1).

Peak over threshold (POT) [75] is used to classify the status of the
part, determining it as anomalous if the anomaly score of the given time
series exceeds the threshold. In addition, this method employs Extreme
Value Theory to model the data distribution with a Generalized Pareto
Distribution, enabling the dynamic determination of threshold values by
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identifying the appropriate value at risk (Fig. 12¢, d). From these al-
gorithms, POT method automatically determines threshold levels
without requiring manual specification or making assumptions
regarding specific data distribution. Accordingly, the POT method has
been utilized in numerous studies due to its advantages, and it is
regarded as highly effective for its ability to select thresholds [75,76] .
The proposed method was evaluated using two types of jigs (test jig and
welding jig), for which two separate thresholds were computed by the
POT method during model training, each rounded to the third decimal
place. Here, to account for cases where the anomaly score for normal
cases may lead to misjudgment due to slight variations, a margin was
applied when setting the threshold.

2.3.5. Real-time defect detection performance

In an automated production line, dozens of body parts are continu-
ously manufactured sequentially on welding jig lines. Once the panel is
loaded onto the jig and clamped, welding typically begins within
approximately four seconds, necessitating QI within that timeframe. The
exploration of time intervals is described in Section 2.3.2 of the Methods
part. The time required for the QI process is shown in Supplementary
Video 1. MTS data values rapidly increase immediately after clamping,
followed by an indication that the final quality judgment can be ach-
ieved within 2.79 s. Ultimately, the Al-assisted QI system successfully
satisfied the time constraints required for implementation on the actual
production line.

Supplementary material related to this article can be found online at
doi:10.1016/j.jmsy.2025.07.001.

2.4. GUI environment

We developed a user-friendly GUI of the QI system to enhance us-
ability. The GUI consists of two main components: the monitoring panels
(Fig. 13a, e) and the control panels (Fig. 13b-d). Fig. 13a displays real-
time sensor data for up to 10 sensors, with the option to add or remove
sensors based on the user requirements. Fig. 13b presents a panel for
collecting and labeling MTS data for Al model learning. The Auto
Recording function can automatically detect the clamping status to
initiate data acquisition, allowing for automatic storage of time-series
data of a length suitable to the user’s on-site conditions. The length of
time-series data may vary depending on the required QI time in the
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industry and the trend of MTS data. Fig. 13c demonstrates the Model
Generator feature. Clicking the ’Generate new model’ button randomly
extracts MTS data from pre-acquired normal and defective datasets to
generate training and test datasets, initiating data preprocessing and
model training. Upon the generation of the Al model, it is displayed as
’Model is ready’ and ready for immediate use in QI. In Fig. 13d, the trend
of real-time MTS data obtained right after clamping determines the
defectiveness of the clamped parts and notifies the user accordingly.
Finally, the clamping status can be monitored as shown in Fig. 13c. In
conclusion, our GUI environment not only facilitates real-time moni-
toring for QI but also supports data collection and Al model generation
for user convenience.

3. Experimental setup
3.1. Test jig setup and single-part preparation

Test welding jig and test parts were provided by a commercial
automobile manufacturing company. The lab-made sensor modules
were attached to four clamps in the test jig suitable for attachment. The
wiring was routed along the jig surface and shielded to avoid contact
with the welding machine. The shielded DAQ equipment was attached
to a welding jig bed.

A total of ten test panels were prepared, with five serving as normal
samples and the remaining five modified to represent realistic defects in
various cases (Fig. 14). The defective samples were deformed to mimic
the defective situation around the clamping spots for defect localization
testing. To create a reference defective sample, a dimensional deviation
of 500 pm was mimicked at the panel boundaries, an area with the most
significant impact on product quality.

3.2. Welding jig setup on the production line and assembly-part
preparation

This on-site verification was conducted at the door part production
line of a commercial automobile manufacturer (Hyundai Motor Com-
pany), and a demonstration was performed on one of the welding jigs
used in the actual vehicle door part production process. Clamps for
sensor attachment were selectively placed at critical points affecting the
quality of the part, with a total of eight sensors attached, four on each
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Fig. 11. Schematic diagram of the QuickDimML model.
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Performance comparison between QuickDimML and baseline methods (MAD-
GAN, USAD, CAE-M) for 5 epochs. The best results are highlighted in bold.

Training Time (s) Precision Recall F1 Score
TranAD 3.7288 0.9702 0.9999 0.9849
MAD-GAN 57.7803 0.9146 0.9999 0.9554
USAD 43.3364 0.9294 0.9999 0.9634
CAE-M 36.6113 0.9410 0.9999 0.9696

side of the door part. Additionally, two dummy sensors were separately
attached to adjust the height of the clamp contact surfaces (Fig. 15b).

To produce the door assembly, the inner panel and door member
(DM) are loaded on the jig and then welded (Fig. 15a). Fig. 15b shows
the door components loaded onto the jig before welding, and it shows
the positions of sensors attached to the clamps. Fig. 15¢ and Fig. S2 show
the eight combinations of assembly cases of the inner panels and DMs.

Provided test parts consist of inner panels, with two being normal
and three being defective, and door members (DM), with one being
normal and one being defective (Fig. 15¢ and Fig. S2). Defects in NG Part
1 and NG Part 3 were simulated by the experienced field worker and
involved dents, bends, and twists. Additionally, NG Part 2 was sourced
from defective parts discovered during the QI process of actual inner
panel production using a checking fixture. NG Part 2 exhibits minute
defects that are difficult to discern visually. The degree of defect in-
creases in the order of NG Part 2, NG Part 1, and NG Part 3. In the case of
the DM, it was bent at both ends, creating gaps and leading to imperfect
contact when coupled with the inner panel on the welding jig.

4. Results and discussion

External factors such as equipment malfunctions and damaged part
delivery to subsequent production lines can also contribute to these
defects. Defects on the panel surface typically occur during the initial
manufacturing stages [77], particularly due to imperfect springback in
the pressing process [78,79]. While defects may occur sporadically at
random locations, there is also the possibility of recurring defects at
specific points. Therefore, quick identification of the defect location and
understanding the variability in quality can significantly save costs,
time, and manpower required for identifying the causes of defects when
quality issues arise.

4.1. Demonstration of defect detection for a single part

As illustrated in Fig. 16, the real-time QI system enables the confir-
mation of individual sensor locations with high anomaly scores, allow-
ing for the estimation of approximate defect locations. To assess the
system’s performance, defective panels were prepared with simulated
defects around each of the four sensors, as depicted in Fig. 14. These five
samples were sequentially loaded to the jig for a real-time defect
detection demonstration, which can be observed in Supplementary
Video 2. The MTS data measured during the demonstration are plotted
in Fig. S3, with the normal data overlaid with each of the four defective
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average anomaly score exceeds threshold, the panel is classified as
defective. The first graph in Fig. S3 shows the raw data of a normal panel
and a panel with a defect near Sensor 1. Notable differences in sensor
values and anomaly scores (Fig. 16a) are observed at the location of
Sensor 1, where the defect is present. In contrast, Sensor 4, positioned
furthest away from Sensor 1, shows no difference in trend between
normal and defective conditions. The primary factors contributing to the
increased anomaly scores include excessive clamping or poor contact
between the door part and the clamp near defect sites. Additionally, due
to the principle of the lever, sensors on the opposite side of the actual
defect may also cause high anomaly scores. For instance, the difference
between the anomaly scores of Sensors 1 and 3 could arise from these
factors, as illustrated by Defective #1 in Fig. 16a. In the MTS and
anomaly score graphs of Defective #2 (Fig. 16a and Fig. S3), high
anomaly scores are recorded at Sensors 2 and 3, which are close to the
defective locations, while Sensors 1 and 4 show minimal differences
from the normal range. Likewise, minimal variations of MTS data are
observed at Sensor 4 for Defectives #1, # 2, and #3, whereas Defective
#4 exhibits significant differences in the trend.

Supplementary material related to this article can be found online at
doi:10.1016/j.jmsy.2025.07.001.

Accordingly, to evaluate whether the quality standards are satisfied,
the average value of the overall anomaly scores from the sensors is used
as the benchmark (Fig. 16b). Here, a threshold of 0.1 was set as the
criterion for the presence of defects. Normal samples exhibited anomaly
scores close to zero across all sensors and were classified as normal. In
contrast, for the four types of defective samples, high anomaly scores
were measured at sensors adjacent to defect locations, and the average
anomaly scores exceeded the threshold, classifying them as defective.

4.2. Demonstration of defect detection for assembly part

Previously, the capability of detecting defects on a single panel and
identifying their locations was confirmed using only four sensors on the
test jig. Next, we conducted demonstrations with assembly door parts at
the actual production line in an automotive manufacturing plant to
verify the scalability and compatibility of our QI system.

In Supplementary Video 3, eight cases are tested in a random order a
total of twelve times. The demonstration followed the sequence of cases
1-5-6-52-8->4—>2->1->7-3-4- 2). The demonstration
results show anomaly scores per sensor (Fig. 17a) and the average
anomaly scores for each case (Fig. 17b). Anomaly scores for normal
samples, corresponding to Case 1 and 2, both undergoing a total of five
quality measurements, remain close to 0 with minimal variation
(Fig. S4). Case 6, which combined a reference defective inner panel with
a normal DM, shows the lowest anomaly score among the defective
cases. A quality threshold of 0.150 was established for this demonstra-
tion, and the micro-dimensional defects in the reference sample excee-
ded this threshold by only 0.08. In Case 7, when defective DM is paired
with the same inner panel as in Case 6, the anomaly score shows a
further increase compared to the previous case (Fig. 17b). Defects
around the welding joint points on DM cause abnormal pressure at the
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contact surface with the inner panel, leading to changes in the trend of
sensor values detected by nearby sensors.

Supplementary material related to this article can be found online at
doi:10.1016/j.jmsy.2025.07.001.

To evaluate the quality of the DMs, we alternately combined normal
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and defective DMs with the same normal inner panel, assessing whether
our system could effectively detect quality issues in the DMs. Testing
Case 4 followed by Case 2, or Case 1 followed by Case 3, accurately and
consistently revealed the influence of DM quality on the product. For
both Case 3 and 4, the average anomaly scores remained consistently
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close to 1.5 (Fig. 17b). The system was also evaluated to determine
whether differences in anomaly scores could accurately reflect the
severity of defects in the inner panel when using the same DM. The
severity of the defect increases in the order of Case 6, Case 5, and Case 8,
accompanied by corresponding increases in anomaly scores.

The model consistently demonstrated high performance during the
field test, achieving an overall accuracy of 97.7 % (95 % confidence
interval (CI): 96.12 %-98.61 %) across 30 trials per sample. The lowest
recorded accuracy was 93.3 % for the sample with a 500 pm dimension
error (95 % CI: 78.68 %-98.15 %), whereas the highest accuracy of
100 % was achieved where all 30 predictions were correct. However,
due to production constraints, the same set of samples was used
repeatedly in the field tests. While the model exhibited high predictive
performance in both test dataset and field testing, the limited number of
field samples may restrict the generalizability of the results.

4.3. Visualization of defect locations

Relying solely on anomaly score to identify defects can provide
limited and non-intuitive information to field workers and may hinder
prompt corrective actions. Visualizing defect locations on a virtual door
panel as a heatmap allows workers to intuitively understand the extent
and location of defects, facilitating quicker responses. In our approach,
we mapped the potential defect regions onto the panel surface by plot-
ting the average anomaly scores from each sensor at their respective
positions. To visualize the anomaly score heatmap, we utilized the
Matplotlib 3.7.5 in Python to overlay the heatmap onto the door panel
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image, ensuring precise alignment with the sensor positions. Since the
anomaly scores are discrete, interpolation was employed using the SciPy
1.10.1 to generate a continuous heatmap representation. Figs. 18 and 19
present the visualized results based on defect detection data previously
gathered from single parts (Fig. 16, Fig. 18) and the assembly parts
(Figs. 17 and 19). The average anomaly scores for each sensor all time
stamps are displayed in bar graphs (Fig. 18b). These values are applied
to their corresponding sensor locations on a virtual door panel to create
a heatmap (Fig. 18c). In the heat map, the highlighted defect locations
closely match the actual defect positions, with areas of more severe
defects emphasized in darker red.

In the assembly part, defects can arise not only in the inner panel but
also from various issues related to the DM. Fig. 19a, b clearly show the
characteristics observed when a defective DM is combined with a
normal inner panel. The impact of the defective DM is also evident in
Case 7 (Fig. 19¢, d). Specifically, the anomaly scores of sensors 4, 5, 8,
and 9, located near the DM joints, show a marked increase. A defective
DM can cause bending in the inner panel fixed to the jig, leading to
deformation in the central area of the panel. This consistent tendency is
further supported by the anomaly scores per sensor in Fig. 19b, ¢, where
sensors 4 and 8 exhibit increases in both cases. These results indicate
that our system provides a highly consistent detection capability for
similar types of defects. Moreover, the deformation in the center of the
panel can be observed, caused by the abnormal pressure exerted by the
DM on the inner panel. The visualization results from the defect location
prediction simulation, based on anomaly scores from each sensor,
effectively inform the approximate location and severity of defects to
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Fig. 16. Defect detection demonstration of the single parts. (a) Anomaly scores of MTS data measured from four sensors. (b) Average anomaly scores of MTS. Each
data point represents the anomaly score at the corresponding time point.

workers. Ultimately, the demonstration across 12 tests of 8 cases, as
shown in Supplementary Video 3, successfully differentiated between
defective and normal samples. The anomaly scores are obtained from

the clamp positions, where multiple parts come into contact and welding
is primarily performed, making these regions prone to most defects.
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However, due to the lack of direct measurements, defects away from the
clamps are represented by interpolated values, potentially enlarging the
estimated defect locations.
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Fig. 17. Defect detection demonstration of the assembly-parts. (a) Anomaly scores of MTS data measured from eight sensors. (b) Average anomaly scores of MTS

data measured from each sensor.

4.4. Discussion

Our work applied an unsupervised ML model for total QI, achieving
an F1 score of 0.9862, effectively eliminating uninspected defective
products and human factor errors, issues commonly associated with
traditional QI, which relies on random sampling and manual in-
spections. Humans conduct QI on randomly sampled products, which
can result in undetected defects due to uninspected products and human
factor errors. Al-based QI allows for total inspection of all products,
detecting all defects except for a few wrong predictions. We anticipate
that implementing total QI across all 300,000 sub-assemblies corre-
sponding to the total production will significantly enhance quality
reliability (Fig. 20a, ¢). Random sampling with manual QI results in
irregular accuracy for a small number of products [19,20], whereas our
method achieves an F1 score of 0.9862 for the total inspection. This
advancement is projected to reduce QI costs by 20 %. Moreover,
Al-based QI provides results in under 3 s, significantly reducing time
compared to manual inspections that require multiple procedures and
take several minutes [17,18] to just 2.79 s per product (Fig. 20b),
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making total QI feasible. This improvement is projected to save
approximately 3 million dollars annually by reducing the costs associ-
ated with poor-quality products and quality corrections (Fig. 20c).

5. Conclusion

We report a real-time, automated QI system to detect micrometer-
scale dimensional deviations in parts loaded onto welding jigs during
automotive sub-assembly production. The sensing system utilizes 3D-
printed sensor caps embedded with strain gauges made from high-
elasticity TPU, that are highly responsive to shape changes under
clamping pressure. These sensor caps, attached to welding jig clamps,
compress to conform to the door panel shape when the jig clamps the
parts, enabling them to detect strain differences caused by dimensional
errors as small as 500 pm.

Our approach employs a deep-transformer network algorithm to
detect anomalies in MTS data collected from multiple clamps, providing
a quality status notification to the operator within 2.79 s, thus main-
taining production speed. Using only MTS data from normal panels
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Fig. 18. Comparison of the predicted and actual defect location for single-part cases.

collected during the first three seconds of clamping, we achieved an F1
score of 0.9862 with five epochs of training, outperforming other
baseline methods in accuracy and computational speed. We simulated
various defects occurring at random locations across two welding jigs
and their corresponding parts, successfully demonstrating the system’s
capability to detect these defects accurately. The system also evaluates
defect locations and severity based on anomaly scores from the MTS
data of sensors attached to clamps at multiple panel positions.

Furthermore, the system provides defect localization via heatmap
visualization of anomaly scores from each sensor, assisting workers in
the rapid identification and resolution of issues. This QI system is ver-
satile and adaptable to various vehicle models and sub-assembly lines,
indicating potential for enhanced productivity, simplified processes, and
cost savings compared to manual inspection or non-contact coordinate
measuring machines.

Nevertheless, although the feasibility of the proposed system has
been demonstrated, challenges remain for large-scale commercialization
due to the limitations of the current 3D printing-based sensor fabrication
process, and the restricted clamp placement on the jig affecting defect
localization. Therefore, to enable the large-scale and long-term imple-
mentation of the proposed QI system in industrial manufacturing envi-
ronments, further optimization of core components is necessary. Future
research will focus on improving the mechanical durability and fabri-
cation consistency of the sensor caps to ensure stable performance under
high-cycle operation. In parallel, optimized sensor placement strategies,
such as full utilization of existing clamps or strategic addition of new
sensing points, will be investigated to enhance the detection accuracy of
localized defects across the panel and reduce false positives. Addressing
these challenges is expected to improve both the reliability and scal-
ability of real-time quality inspection systems in actual production
settings.

The extensive quality data generated during production will also
serve as a foundation for future comprehensive factory-wide quality
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diagnostics, management, and improvement through digital systems.
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