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1. Screw Process Anomaly Visualization (SPAV)

Following the recent industrial revolutions (Industry 4.0 and 5.0),
several assembly companies are currently under pressure to lower costs
and increasing operational efficiency through Artificial Intelligence (AI)
tools [1,2]. In particular, screwdriver systems are often used in the
assembly industry (e.g., electronic components), generating hundreds
of angle-torque real-time pair values for a single screw tightening.
Then, the full tightening curve can be analyzed for quality assessment
purposes (e.g., anomaly detection). The screw tightening process is
inherently dynamic, requiring frequent updates to defect catalogs and

recalibration of screwing zones through human evaluation of tightening
curves and quality estimates. Although defects are rare, detailed and
automated inspection is essential to prevent faulty assemblies from
progressing along the production line.

Currently, screwdriver systems provide a “Good or Fail” (GoF)
status based on predefined normal screw historical catalogs, making
it susceptible of generating false positives and false negatives. As an
alternative, a successful Machine Learning (ML) approach to model
screw tightening GoF was proposed in [3,4], assuming only two inputs
(angle and torque values) and an unsupervised one-class classification
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learning, such as Isolation Forests (IF) and deep AutoEncoders (AE).
These ML models are trained only with normal examples and when
tested with new screw tightening instances, the models are capable of
outputting anomaly scores for a real-time angle-torque pair, allowing
also to compute an overall abnormal score for the complete tightening
process (full screwing cycle). In [4], we have shown how these anomaly
scores can be used to generate local eXplainable Artificial Intelligence
(XAI) graphs, namely to help in identifying the most probable anomaly
angle-torque locations of faulty screw processes (Fig. 4(a) is an example
of the XAI graph proposed in [4]).

Recently, there has been a growing research interest of the Al com-
munity in the XAI topic. Indeed, there are popular methods (e.g., LIME
and SHAP) that provide visualizations that can help in local XAlI,
the understanding of particular prediction made by a supervised ML
model [5]. However, our XAI approach is targeted to a more specific
ML goal: the identification of most probable anomaly regions of a
screw tightening process that was detected as faulty. Thus, methods
such as LIME or SHAP are not directly applicable to this relevant
industrial task. Within our knowledge, there is only one other work
that performs a similar XAI In [6], the authors proposed a modified
version of LIME applied to Convolutional Neural Networks (CNN)
trained on images related with sequential vibration data from rotary
machines, aiming to detect anomalies. The visualizations consisted of
spectral representations of the CNN and LIME responses, helping to
identify anomaly regions in the spectral space. In contrast, our XAI
screw tightening approach operates directly on the real-time angle-
torque pairs using the one-class ML responses, which are more easily
understood by human screw operators. We further note that we perform
a pure unsupervised ML and XAI approach. Indeed, when a screw
fastening process is considered faulty we have the GoF label (“Fail”)
but there is no ground truth regarding the specific angle-torque regions
that produced such anomalous tightening. As such, it is not possible
to objectively benchmark our visualizations with other XAI methods.
As an alternative, the proposed visualizations were validated by using
human screw operator feedback, as detailed in Section 2.

In this work, we describe the Screw Process Anomaly Visualization
(SPAV) Python module, which implements the screw tightening XAI
graph used in [4] and also other novel XAI plots. The proposed visual-
izations can be applied to any screw tightening ML model that has two
inputs (angle and toque instant values) and that outputs an anomaly
score (the higher the value, the more probable is the anomaly), in-
cluding both unsupervised (e.g., IF and AE) and supervised learning
algorithms (e.g., Random Forests, Neural Networks). For demonstration
purposes, the SPAV tool is exemplified with the deep AE algorithm,
under two Python ML modeling frameworks: Keras [7] and H20 [8].

Keras offers a greater modeling flexibility by allowing users to
customize deep learning algorithms, such as individual layers with
different activation functions, data distribution assumptions and layer
types, while H20 is an Automated ML (AutoML) tool that focuses on
facilitating the model selection and hyperparameter tuning process for
non-ML experts. For Keras, the selected AE incorporates a bottleneck
layer consisting of a single hidden unit to define the latent space and
it is trained using the Adam optimization algorithm with the Mean
Absolute Error (MAE) as the loss function, as detailed in [3,4].

To demonstrate the SPAV XAI graphs, we used the open-source
Pyscrew dataset [9], focusing specifically on the scenario titled “As-
sembly Conditions 2” (S04). The AEs were trained by using 500 normal
screw tightening processes, with each process being related with hun-
dreds of angle-torque values. Then, the AEs were tested using 256
unseen screw tightening cycles, which contain 64 abnormal processes
(a full anomaly tightening example is shown in Fig. 3, which includes
around 1,700 angle-torque values).

In terms of the AE screw tightening test predictive results, we report
(as an example) the Keras AE Receiver Operating Characteristic (ROC)
curve [10] in the left of Fig. 1. The obtained 97% value of the Area
Under the Curve (AUC) suggests an excellent AE discrimination. The
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right of Fig. 1 shows the respective confusion matrix when adopting
a selected threshold value of 1.13 (as signaled in the left of Fig.
1, the threshold was optimized in terms of getting the highest True
Positive Rate for a low False Positive Rate value). The classification
results demonstrate strong performance across both classes. The model
achieved an overall accuracy of 98% on the test set, comprising 256
screw tightening processes. For the Normal class, precision and recall
were 98% and 99%, respectively, indicating that the model correctly
identified nearly all normal instances with minimal false positives. For
the Anomaly class, precision was 97% and recall 94%, reflecting a
high ability to detect faulty processes while maintaining low misclas-
sification rates. Moreover, the Fl-score for the Anomaly class reached
95%, confirming a high quality trade-off between precision and recall.
These results suggest that the predictive model is highly reliable for
distinguishing between normal and abnormal screw tightening cycles,
even in the presence of class imbalance.

The first XAI example is shown in Fig. 2. When using the H20
trained AE, the plot shows all 256 test screw cycles colored in terms
of a normalized (€ [0, 1]) AE anomaly scores. This visualization clearly
facilitates the identification of global faulty screw signatures (colored
more light green to yellow).

A local XAI example is provided in Fig. 3. In this case, the Keras
trained AE was tested using a single (thus local) screw tightening that
was abnormal (process ID number #815 with a “Fail” GoF status). The
local XAI curve is colored using normalized (€ [0, 1]) abnormal scores.
This graph highlights the initial screwing phase (yellow colored points)
as the most probable faulty region, suggesting a deviation from the
expected behavior at the initial stage. Two additional local XAI plots are
provided in Fig. 4.The left plot (Fig. 4(a)) highlights all points (colored
in orange) with an anomaly score higher than a user selected threshold
(as an example, the threshold value was set to 5.5), while the right
plot (Fig. 4(b)) uses a Kernel Density Estimation (KDE) to estimate the
highest abnormal density regions (for the same threshold of 5.5). All the
three exemplified local XAI graphs can be instrumental in diagnosing
specific faulty deviations within individual executions.

In terms of the computational effort, the proposed visualizations
are fast and scale linearly with the number of angle-torque pairs per
cycle N: O(N). For example, on a personal computer (Intel i9 2.3 GHz
processor), the Global XAI plot requires a total of 3 s when handling
128 screw cycles and 6 s when processing the full 256 test set (Fig. 2).
As for the local XAI visualizations, when using the demonstrated AE
model, an average time elapsed of 0,42 s is required to generate each
plot (e.g., Fig. 3 or Fig. 4(a)). Thus, the proposed visualizations can be
adopted in a real-time industrial analyses.

2. Impacts and potential outcomes

While demonstrated here with the open-source Pyscrew dataset [9],
the SPAV Python module is being tested and validated in a automotive
assembly company (Bosch Car Multimedia). In effect, research and
software is being deployed on the Project n°® 179826 with the funding
reference: SIFN-01-9999-FN-179826. Using real-world data collected
from the company, high quality predictive results were achieved by
the adopted ML approaches, as shown in [3,4]. Moreover, using more
recently collected data (in the year of 2025) and the H20 AE model,
we obtained a high quality predictive discrimination for unseen data
(e.g., above 95%). Furthermore, we have shown the global and local
XAI screw tightening AE graphs to the company experts (including
manufacturing engineers and operators), which provided a positive
feedback. In effect, it was mentioned that by analyzing the concentra-
tion of anomalous points, the XAI visualizations can help in adjusting
and calibrating the screwing systems, improving both their precision
and reliability. The proposed XAI graphs were considered particularly
valuable in manufacturing environments where screwing processes are
extensively used, involving distinct types of products and suppliers. By
incorporating the proposed XAI graphs into a continuous screw tight-
ening process optimization, there is potential to reduce the occurrence
of anomalies, leading to increased productivity, higher revenue and a
lower environmental impact.
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Fig. 1. AE ROC curve (left graph) and confusion matrix using the selected threshold (right plot).
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Fig. 2. Global XAI plot with all test screw processes colored by their normalized anomaly score values.
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Fig. 3. Local XAl for a single faulty screw process colored by normalized anomaly score values.

3. Limitations and future work

Screw Process Anomaly Visualization (SPAV) is a Python software
module that was recently developed to address the specific challenge
of performing a data-driven support to the calibration of screwing
machines in manufacturing environments, which is a frequent issue in
real-world industrial manufacturing settings. The primary goal of SPAV

is to provide a suite of XAl visualization techniques (e.g., density plots)
that enable non-ML expert users to easily identify critical anomalous
points from predictive ML models and that arise during the screwing
process.

Initially, the SPAV module was tested using the H20 tool and AE
model and then demonstrated also with the Keras framework. Never-
theless, as described in Section 1, the SPAV module can be executed
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Fig. 4. Local XAl plots for a faulty screw process (#815), Keras AE and fixed threshold (value of 5.5): left — with orange colored values above the threshold;
and right — with abnormal density colored regions. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version

of this article.)

with other ML algorithms (e.g., IF, Random Forests) and frameworks
(e.g., scikit-learn [11]). In terms of limitations, it is worth mentioning
that a pure unsupervised learning XAl approach was adopted, since we
did not have access to labels regarding specific anomaly regions for
all faulty screw tightenings. Moreover, we only approached anomaly
detection ML and not an ahead-of-time prediction of anomalies. In
addition, the SPAV software was validated offline, where the results
for a batch (previously collected) dataset were shown to the company
operators.

In future work, we aim to handle the mentioned limitations by
integrating the proposed SPAV module into the real screw tightening
assembly environment. This will allow us to gather valuable feedback,
such as a supervised (human) identification of the true anomaly angle-
torque regions. Furthermore, we aim to apply predictive ML models
(e.g., by employing a time series approach), allowing to gather other
interesting performance measures (e.g., detection delay time).
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