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ABSTRACT

The growing demand for customized products is driving manufacturing towards more
flexible production systems. In this context, manual assembly lines remain essential
for complex or small-batch products, as human cognitive and advanced manipulation
capabilities enable better adaptation to changes in production processes. However,
the experience and working conditions of human operators significantly impact the
quality of the final product. External factors such as stress, fatigue, and cognitive
overload can lead to errors, especially in flexible environments that require rapid
adaptation. Monitoring human activity to detect errors during the process is, there-
fore, crucial. This paper presents a Siamese network-based approach to recognize
assembly steps and detect errors, easily adaptable to different assembly scenarios.
By comparing images captured during the process with a reference dataset, the
Siamese Neural Network (SNN) identifies the last assembly step performed and
possible discrepancies. The SNN is integrated into a Hidden Markov Model frame-
work to improve recognition accuracy and process reliability. Experimental valida-
tion demonstrated the model’s adaptability to various assembly scenarios, including
a real-world use case of industrial packaging, without the need to retrain the model.
The method also proved to be robust to different working conditions and human
variability.

KEYWORDS
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1. Introduction

With the advance of Industry 4.0, manufacturing is moving from rigid and large-batch
production to more flexible and highly customized systems (Y. Koren et al. 2010),
(F. Zhou et al. 2013). This paradigm shift responds to the growing demand for per-
sonalized products and shorter life cycles, but also introduces significant challenges.
Fully automated assembly lines, while widespread in industrial environments, strug-
gle to meet the requirements imposed by frequent changes in production processes or
product designs. These systems are optimized for consistent and repetitive tasks and
excel in high-volume manufacturing. However, they lack the adaptability needed to
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handle dynamic production scenarios and are neither practical nor cost-effective for
small-batch-size production.

Human-Robot Collaboration (HRC) offers a promising alternative to address these
challenges. Humans excel at decision-making, problem-solving, and adapting to new
situations, while robots efficiently perform repetitive, precise, or physically demanding
tasks. Together, they create a synergy that enables flexible and efficient production
while reducing the physical and mental effort of human operators (A. Ajoudani et al.
2018), (A. Borboni et al. 2023).

However, for economic and technological reasons, complex products with small batch
sizes are still preferably manufactured in manual assembly settings (A. Metzmacher
et al. 2019). In these environments, product quality and assembly efficiency depend
significantly on the skills, experience, and working conditions of the operator. In addi-
tion, factors such as stress, fatigue, and inconsistent working conditions can negatively
affect performance, leading to errors during assembly (Y. Torres et al. 2021). These
challenges are amplified in environments that require workers to quickly adapt to
changing processes. Furthermore, flexible deployment of workers and tasks reduces
the opportunity for adequate training, making it difficult to develop the experience
necessary to handle complex tasks without mistakes. At the production process level,
the high complexity and variability of products increase the cognitive load on workers,
requiring them to process more information, make faster decisions, and adapt to new
procedures (L. Merkel et al. 2018).

Within this scenario, Zero Defect Manufacturing (ZDM) emerges as a key paradigm
to improve quality and reliability in flexible and human-centered production systems.
ZDM aims to systematically remove defects by leveraging advanced digital technolo-
gies in four main fields: detection, prediction, prevention, and repair (F. Psarommatis
et al. 2024). In the context of defect detection, monitoring human movements and ac-
tions in real-time, identifying errors as they occur, and providing immediate feedback
are fundamental to address the challenges emerging both in HRC and fully manual
settings. These Cyber-Physical monitoring Systems (CPS) can provide the required
communication channels between humans and robots (H. Liu et al. 2018), but also be
an effective tool for early defect detection in the assembly process, not only improv-
ing product quality, but also reducing rework, production downtime, and waste. This
proactive approach ensures the mitigation of human limitations in flexible production
environments, enabling more reliable and efficient manufacturing processes.

With these purposes, this paper introduces a vision-based comparative method to rec-
ognize assembly steps performed by a human worker, simultaneously evaluating their
correctness and detecting errors during the process. The approach exploits a Siamese
Neural Network (SNN) trained to highlight chromatic and geometric differences be-
tween two input images of the same product at different stages of assembly. More in
detail, by comparing an image captured online with a reference dataset representing
the correct assembly steps, the system identifies the most recently completed opera-
tion and flags any variations or errors in its execution. The SNN provides real-time
observations of the current assembly state, which are then integrated into a Hidden
Markov Model (HMM) framework. To enhance prediction accuracy, the assembly pro-
cess is modeled as an HMM, leveraging the SNN’s outputs as observation data for the
current hidden assembly state.

The main contributions of this work compared to the state-of-the-art methods are
listed below.

e Adaptability to new products: The model does not require retraining or



fine-tuned model variants for new products introduced in the production line,
ensuring the required production flexibility and ready adaptability to new as-
sembly processes. Instead, the pre-trained model is used as-is, in combination
with a new set of application-specific reference images. The SNN compares the
current assembly image with this reference set, identifying the most visually
similar reference state, which is then flagged as the current assembly step. The
training dataset includes a variety of assembly types, capturing the visual fea-
tures commonly found in most industrial products, but does not contain any
application-specific examples. This design makes the model scalable and appli-
cable to a wide range of assemblies, including products with different complexity
and configurations compared to the training data, provided that the visual dif-
ferences between steps are adequately represented in both the training dataset
and the reference images.

e Integration of assembly dynamics: By combining the predictions of the
SNN with a-priori knowledge of assembly process dynamics embedded within
an HMM, the framework filters out inconsistent network outputs. Aligning the
predictions with the logical sequence of assembly steps increases the reliability
of the SNN predictions.

e Simultaneous error detection: The model recognizes assembly operations,
simultaneously detecting production faults and inconsistencies during the pro-
cess.

e Robustness to environmental variations: The composition of the training
dataset, including only images of real assembly parts and industrial items, and
the use of an accurate segmentation model, make the network robust to external
shadows, light reflections, and different light exposure.

2. State of the art

With the purpose of zero-defect manufacturing, detecting defects and production errors
is a key aspect required to provide timely corrective interventions (F. Psarommatis et
al. 2020). Several works in the scientific literature focus on analyzing manufacturing
quality in the direction of zero-defect production, developing methods both to detect
potential defects on the workpiece and to track human operations and execution errors
(G. Genta et al. 2020), (Y. Le et al. 2012).

This section collects relevant works on quality assurance in industrial settings. Starting
with state-of-the-art methods for detecting defects and production errors in Section
2.1, the discussion continues with the approaches for recognizing executed assembly
steps in Section 2.2. Special attention is paid to the use of Siamese Networks and
assembly dynamics for these purposes.

2.1. Production error detection

Traditional inspections, conducted at the end of the production line, result in de-
lays in error detection and high reworking costs and waste. To address this, there is
an increasing interest in leveraging Computer Vision algorithms during the assembly
process to early detect non-conformities and meet the quality standards (C. Chen et
al. 2020). For example, G. Di Leo et al. (2014) developed a camera-LED inspection
system to measure electromechanical components’ dimensions, correcting inconsisten-
cies, while S. Bhardwaj (2016) applied image subtraction, template matching, and



histogram matching to highlight defects in Surface Mounted Devices in PCBs. Despite
being effective in the validated contexts, these approaches are task-specific and lack
adaptability to different products and applications.

AT algorithms offer promising solutions for quality assurance, supporting the pro-
duction flexibility required by complex, dynamic manufacturing environments while
reducing costs and resources, and improving productivity. (S. Thamm et al. 2021),
(Y. Hui et al. 2022), (M. Getachew et al. 2024). For instance, M. Ojer et al. (2020)
developed a PCB real-time guiding and monitoring system using classifiers trained
with synthetic images demonstrating robustness for each mounted component in the
tested systems. However, it requires retraining whenever a new part is introduced in
the assembly, limiting applicability to frequently changing productions. Similarly, C.
Chen et al. (2020) proposed a Fully Convolutional Network to recognize parts present
in the assembled product, using CAD-rendered images as training data. Nevertheless,
this approach only works if the product’s CAD model is available, showing an addi-
tional limitation. Furthermore, A. Manimuthu et al. (2022) combined K-means and
SVM to monitor vehicle assemblies, enhancing productivity in volatile manufactur-
ing environments and reducing energy and material waste. While effective within the
trained context, the method requires retraining for different assembly systems or new
tasks, as it relies on system-specific training data.

Few-shot learning enhances Deep Learning adaptability to different scenarios, avoiding
retraining or Transfer Learning. In particular, Siamese Neural Networks (SNNs) learn
similarity metrics between two inputs and act as zero-shot methods by comparing the
test instance with a reference (S. Jadon et al. 2020). While SNNs were initially applied
to facial and handwriting recognition, their use has recently expanded to new areas,
such as defect detection. For instance, J. Kurek et al. (2020) used an SNN to assess
the drill wear level by comparing images of drilled holes. Moreover, H. Takimoto et
al. (2022) proposed an SNN-based approach for anomaly detection in industrial parts,
particularly useful when limited data representing defective parts are available.
Although training models to classify errors helps to focus attention on defect-related
features, enhancing detection performance, this approach requires prior knowledge of
all potential anomalies that might occur during the process. In dynamic industrial
environments, anomalies could be multiple and varied, making it difficult to collect
all defect-specific images. In this sense, recent studies on Large Language Models
(LLM) and Large Vision Models (LVM) bring significant contributions to fault diag-
nosis, enabling better generalization across diverse fault types, locations, and scenar-
ios (Z. Li et al. 2025). L. Peifeng et al. (2024) combined aviation knowledge graphs
with LLMs through prefix-tuning for fault localization in complex assembly settings.
Achieving 98.5% accuracy in real industrial tests and showing strong performance
and explainability, the method enables efficient, domain-adaptive reasoning without
high computational effort. However, its effectiveness depends on high-quality knowl-
edge graphs and application-specific fine-tuning. Another example is provided by K.
Qian et al. (2024), who employed large vision-language models and contrastive cross-
modal training to enhance industrial anomaly detection and precise localization by
aligning visual and textual features in a shared embedding space. While offering im-
proved interpretability and performance in terms of detection accuracy and localiza-
tion, the approach requires significant computational resources due to the complexity
of LVMs-LLMs. Given the required fine-tuning for specific applications and high real-
time computational effort, foundation models do not provide easily implementable
plug-and-play solutions for various manufacturing environments.

Another solution to address the issue of partially available labeled data is provided



by unsupervised learning to detect unknown faults. For example, J. Ju et al. (2023)
introduced a fault detection method using a dynamic convolutional GRU attention au-
toencoder, capable of effectively handling complex temporal dependencies in industrial
processes in an unsupervised manner. Despite strongly performing in several processes,
the approach is tailored to specific dynamic patterns, lacking generalizability to signifi-
cantly different process dynamics. Another example is represented by the unsupervised
fault detection method by Y. Byun et al. (2024), exploiting frequency-wise angular fil-
tering to isolate normal samples from vibration data. It improves non-labeled fault
detection but assumes normal patterns dominate the dataset, which may not hold in
all industrial settings.

Similar to unsupervised methods, SNNs have also been explored for fault detection
by identifying errors as deviations from reference manufacturing states, without clas-
sification. D. Lehman et al. (2024) proposed an error segmentation and localization
method, exploiting synthetic image pairs from 3D CAD models. The system detects
and localizes previously unseen errors by comparing test images with correct refer-
ences without the need for manual labels. However, the model generalizes poorly to
new states, requiring retraining for major configurations changes, and, also, was only
tested on single-view 2D images, despite using 3D data during training.

2.2. Assembly step recognition

Detecting errors as deviations from expected assembly states requires recognizing all
intermediate assembly steps composing the process. Classifying assembly correct steps
instead of mistakes allows for exploiting the known process dynamics, in terms of fea-
sible assembly sequences, to improve the accuracy of the data-driven detection, and to
expand the range of identifiable errors, including sequencing-related faults. All studies
in Section 2.1 use instantaneous detection without accounting for the whole assembly
process, limiting the method’s robustness and applicability.

In contrast, in our work, the process is modeled as an HMM that exploits the a-priori
known system dynamics, inferring hidden assembly states by treating the SNN’s pre-
dictions as observations of the state itself.

In industrial assemblies, an assembly state is the product’s static configuration at a
given step, while an assembly operation is the action enabling the transition from one
state to the next. Knowing the previous and current states reveals the executed op-
eration, allowing verification of correct steps through action monitoring rather than
waiting for state completion. Several studies focused on operator movements rather
than the appearance of the resulting assembled component, often using human-object
interaction to infer ongoing operations. For example, C. Chen et al. (2020) trained a
3D CNN to classify operations from image sequences. Although the method achieved
high accuracy, the training dataset is limited to nine common actions, requiring model
retraining for new operations. Moreover, the dataset creation is complex, involving
many participants and long recordings. Another example is the VR-based assistance
system by L. Eversberg et al. (2021), classifying manual assembly steps in real time,
using a multivariate time series convolutional neural network and 6DOF motion data
of the user’s head, hands, and tools. Although the model requires only a few assem-
bly recordings for training, it does not generalize to unseen sequences of operations
without task-specific training. Furthermore, this approach is not ideal for quality as-
sessment, as it classifies operations without evaluating their correctness or focusing on
the condition of the assembled part.



Table 1.: Methodology comparison

with recent state-of-the-art approaches.

Reference Method Context Input Validation Features
Scalability ~ Impl. effort ~ Comp. effort
G. Di Leo et al. (2014) (2% Damage detection Multi-vision Online None Low Low
S. Bhardwaj (2016) cv Fault detection 2D-vision Online None Low Low
M. Ojer et al. (2020) ML Assembly assistance 2D-vision Online Medium Low Medium
Assembly monitoring
C. Chen et al. (2020) FullyCN+3DCNN Fault detection 3D-vision Online Medium Low Medium
Operation recognition (tested only 2D)
A. Manimuthu et al. (2022) SVM-+Kmeans Fault detection 2D-vision Online Medium Low Medium
J. Kurek et al. (2020) SNN ‘Wear monitoring 2D-vision Offline Medium Medium Medium
H. Takimoto et al. (2022) SNN Anomaly detection 2D-vision Offline High Medium Medium
L. Peifeng et al. (2024) KG+LLM Fault detection Language data Offline High Low High
Fault localization
K. Qian et al. (2024) LVM+LLM Fault detection 2D-vision Offline High Low High
Fault localization
J. Ju et al. (2023) DCGRUA-AE Fault detection 3D-vision Online Medium Low Medium
Y. Byun et al. (2024) Unsupervised filtering Fault detection Vibration frequency data Online Medium Low Medium
D. Lehman et al. (2024) SNN Error detection Multi-vision Online Medium Low Medium
Error localization (partially tested)
L. Eversberg et al. (2021) DNN Assembly step recognition 2D-vision VR Low Low Low
A. Riedel et al. (2021) YOLOv4+MQTT Assembly guidance 2D-vision Online Medium Low Medium
Fault detection
Our approach SNN+HMM Assembly step recognition 2D-vision Online High Medium Medium

Error detection

(possible multi-view)

Regarding the assembly evolution, most of the studies exploit the assembly dynamics
for task allocation and scheduling to optimize manual, automated, or collaborative
processes (Z. Jia et al. 2025), (M. Cai et al. 2025). In the quality assessment field,
A. Riedel et al. (2021) introduced a modular assistance system using MQTT to de-
liver dynamic work instructions, preventing errors, and YOLOv4 for fault detection,
highlighting present components. Validated in real industrial settings, it demonstrated
efficient deployment with short data collection and annotation. However, it operates
with 2D-vision data, limiting its spatial awareness, and it lacks flexibility, as it can-
not generalize to new assemblies without fine-tuning the object detection model. In
addition, while the framework accounts for the process dynamics, it is used only for
guidance, not to enhance the YOLO recognition capabilities.

To the best of the authors’ knowledge, our approach represents the first application
of Hidden-Markov Models to enhance network predictions. Unlike previous methods,
it eliminates the need to retrain the model for specific assembly tasks, involving only
new reference images to adapt to different scenarios.

All relevant state-of-the-art methods have been compared with our approach in Table
1, highlighting key features like flexibility, use of multi-view vision, and implementation
effort.

3. Siamese Neural Network for assembly step recognition and error

detection

This Chapter presents the SNN specifically designed to recognize assembly steps and
detect execution errors, as shown in Figure 1.

After each operation the human performs, an image of the assembled part is captured
and compared with a set of reference images showing the correctly assembled part at
each process step. The SNN outputs a dissimilarity value for each reference image,
which is then compared to a predefined threshold properly customized for the specific
assembly process. The assembly step executed by the operator is identified as the one
corresponding to the lowest dissimilarity, provided this value is below the threshold.



Figure 1.: SNN-based assembly step recognition and error detection mechanisms.

On the contrary, if no dissimilarity meets the threshold criteria, the system highlights
an erroneous execution, indicating a possible mistake made by the operator.

This approach is based on the following assumptions, valid in a variety of real industrial
assembly processes.

e The assembly process can be monitored from a single perspective.
The assembly state is captured with a top-down camera view of the product,
in accordance with the standard industrial monitoring systems, allowing easy
installation, minimal intrusion into the workspace, and a wide field of view.

e Assembly error detection is more critical than error classification. This
assumption reflects the industrial request for early fault detection, allowing a
prompt human intervention to avoid error propagation and reduce rework costs.
The method is designed to flag deviations from the expected feasible assembly
state, without identifying the specific nature of the error. In real-world scenarios,
errors can be varied or unknown in advance, making it impossible to collect
sufficient faulty samples for each potential failure mode.

This Chapter first extends a previous SNN comparative approach for assembly step
recognition developed by M. Pelosi et al. (2024) to address limitations encountered
during early testing. Specifically, issues such as reflections on the assembled part, ex-
ternal shadows in the scene, or too subtle visual variations from one assembly step
to the next were found to negatively impact the model’s predictions. To handle these
challenging conditions, the current approach includes an image pre-processing stage
aimed at removing the background, thereby helping the network focus on relevant
visual information. In addition, a chromatic data augmentation procedure was im-
plemented to enhance the model’s robustness to color and lighting variations. The
training dataset was also significantly expanded to include a wider variety of objects
and assembly processes, improving the network’s generalization capability. Introducing
more elements with very subtle distinguishing features, the dataset extension also aims
to improve the model’s ability to recognize fine-grained visual details. Furthermore,
the SNN architecture was modified to improve feature learning and computational ef-



ficiency. The following sections detail the architectural improvements and the training
dataset composition developed to overcome these limitations.

3.1. Network’s architecture

The architecture of the SNN, as shown in Figure 2, consists of two identical Convolu-
tional Neural Networks (CNNs) that process squared RGB images, transforming them
into feature vectors to allow the SNN-based image comparison.

Compared to the original design, the input resolution has been reduced from 400x400

Figure 2.: Siamese Network’s architecture: two parallel Convolutional Neural Networks
with four convolutional layers with kernel k;, stride St; and channel number Ch;, four
max-pooling layers with kernel kp, and stride Stp, and four fully connected layers with
FC-units FCy,

to 150x150 pixels, which is considered a good compromise to limit the computational
time, significantly increased due to the expanded training dataset, while still well-
visualizing object details. Additionally, including an image pre-processing stage en-
hances feature extraction, making this resolution reduction feasible without compro-
mising performance. The images are processed by four convolutional layers (only three
in the original network architecture), each followed by the Gaussian Error Linear Unit
(GELU) activation function and a max pooling layer. The GELU replaced the more
common Rectified Linear Unit (ReLU) activation function, as it was proven to be more
effective and efficient, enhancing the extraction of valuable features and reducing the
learning time (D. Hendrycks et al. 2016). The structure of the CNNs is completed by
four fully connected layers, allowing the transformation of the input RGB image into
the feature vector.

The comparative SNN architecture is enabled by the Contrastive Loss Function (CL),
employed to learn the dissimilarity between feature vectors. It is defined as:

1

1
CL=(1- Y)§D2 + ¥ Smax(0,m — D)?, with D = || Fout, — Fou, || (1)



Table 2.: Dataset composition: nine assembly groups and nine similar object groups

Group type Group name N. classes Classes differences
Assembly Angle grinder 15 Different assembly steps
3D-printed planetary gearbox 11 Different assembly steps
USB flash-drive case 5 Different assembly steps
Torch 4 Different assembly steps
Screws assembly 3 Different assembly steps
Plastic statuette 4 Different assembly steps
3D-printed gear wheel system 6 Different assembly steps
Remote control (external) 4 Different assembly steps
Remote control (internal) 5 Different assembly steps
Similar objects Screwdriver 9 Different screwdrivers (or similar) in color or/and shape
Pliers (or similar) 12 Different pliers (or similar) in color or/and shape
Scissors 4 Open and closed configuration of scissors
Colored cubes 4 Different colored cubes (same geometry)
3D-printed base 2 Different bases in shape (same color)
Paper clips 2 Different clips in shape (same color)
Plastic statuette 10 Different colored statuettes (same shape)
Plastic bars 3 Different bars in color or/and geometry
Internal assembly configuration 2 Different component position

with Fl,y, the output feature vector of the i-th CNN, Y € {0, 1} the label of the input
image pairs (0 for identical images, 1 for different ones), and m = 2 the margin.

3.2. Training dataset

The goal is to train the model to detect subtle visual differences in the assembled
part, characterizing distinct steps within the same assembly process. To achieve this,
the dataset must contain image pairs that reflect these variations. Thus, including
some pairs of images showing completely unrelated or structurally different assembled
objects is not only unnecessary but also counterproductive. The differences between
these pictures do not provide relevant information to learn for the desired task, in-
troducing unnecessary variability, distracting the network from learning more critical
visual details, and, thus, increasing the convergence time.

The following explains all the steps to collect and diversify the training dataset to
meet these requirements.

3.2.1. Data collection and data augmentation

The dataset was composed from scratch, including 18 distinct groups of objects. The
first nine groups involve various assemblies, each characterized by a different number of
assembly steps (classes), ranging from simple to more complex processes. In addition,
nine groups of objects, such as industrial tools, clips, and plastic parts, were added to
further enhance the capability of the model to learn subtle visual variations: each group
includes a different number of classes, representing objects of the same type slightly
differing in shape, color, or configuration. These objects contain features common in
real-world assembly components, such as holes, sharp edges, screws, and specific mate-
rials, enabling the network to learn discriminative visual features for various assembly
contexts. As shown in Table 2, the 18 groups of items produce 106 classes of different
assembly steps and similar objects in total. For each class, 20 images of the part were
captured by randomly moving and rotating the object on a white work surface, to
make the final model positional and rotational invariant, enabling the recognition of



the components even if rotated and translated within the assembly zone.

The collected data were digitally augmented to enlarge the dataset, resulting in 60 ad-
ditional files for each class. Digital variations, such as small random horizontal and/or
vertical translations up to 10% of the original image dimension, rotations up to 10°,
and random contrast and brightness changes, made the model more robust to envi-
ronmental differences.

3.2.2. FastSAM-based object segmentation and background removal

After data collection and augmentation procedures, the entire dataset was pre-
processed employing Fast-Segment Anything Model (FastSAM) (X. Zhao et.al 2023)
to enable the network to focus on the object of interest. FastSAM, leveraging the
YOLOvS8-seg architecture for efficient instance segmentation, was used to segment the
target subject. This process involved segmenting the object from its surroundings,
removing the background and any potential external shadows in the workspace, and
cropping the image around the object. These steps were designed to minimize irrel-
evant information in the image and reduce the number of non-essential features the
network needs to process, allowing the final model to focus only on the relevant as-
pects for similarity detection. Furthermore, the use of FastSAM in the dataset creation
improved the overall quality of the training data, making the images more uniform
and drastically reducing noise caused by variations in lighting and shadows. To clar-
ify, Figure 3a shows the pre-processing procedure applied to an example image of the
training dataset.

FastSAM was employed not only during the training phase but also to test the model
performance in the experimental validation. The use of this segmentation model en-
sured the network’s adaptability across various surfaces, as background removal miti-
gated the influence of surface-specific features. For example, while the training dataset
was prepared using a white surface, some experiments described in Section 5 were
conducted on a green table with holes. Thanks to FastSAM’s ability to remove back-
grounds during training and testing, these surface variations did not significantly im-
pact the network’s performance.

3.2.8.  Color augmentation

A systematic chromatic augmentation process was adopted to improve the model’s
ability to recognize chromatic variations, reducing the negative impact of external
shadows and reflections in color recognition, thus improving the model’s generaliza-
tion across different assembly contexts. In fact, many real-world manufacturing sys-
tems produce components within the same industrial class of products, which often
share similar shapes and geometries, but may differ in colors or textures. These chro-
matic differences can be critical for correctly identifying the current assembly state,
especially when geometric cues are insufficient. Therefore, all those classes showing
relevant chromatic features were digitally augmented. Specifically, for each class, three
new classes were generated in the same object group by altering the color channels in
the key chromatic regions, as shown in Figure 3a.

After adding the chromatically modified classes, 355 folders were obtained in total.
With each class including 80 images, the final dataset contains 28400 files, resulting
in 3.64 GB!.

1The training dataset used to train the model can be found at the following link:
https://osf.io/cvwqp/?view_only=bd2b68dd24a34bf3974701a388e38033
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(a) Dataset creation process: FastSAM-based pre-processing of the original image and color data augmentation.

(b) Examples of training image pairs with the corresponding label. 0: same assembly step/item with different
position, orientation, and/or contrast and brightness; 1: different assembly steps and items with small visual
variations.

Figure 3.: Dataset creation process and examples of training image pairs.

3.2.4. Image pairing and labeling

Image pairing is required to finally train the network, and a targeted approach was
designed to improve the network’s ability to highlight subtle differences between the
input images. The first image is selected randomly from the entire dataset, while
the second image is chosen from the same object group as the first. Moreover, for a
balanced dataset, the second image is chosen from the same class and a different one
with equal probability. The pairs of images are labeled with 1 when the data belong to
different classes and 0 when they come from the same class. With this approach, the
training pairs represent, with 50% probability, the exact same object or assembly step
and, with 50% probability, similar objects or different assembly steps with small visual
differences in color and/or shape. This maximizes the relevance of the training pairs
to enhance the network’s performance in discerning small chromatic and geometrical
variations.

Some examples of training image pairs are shown in Figure 3b, together with the
corresponding labels.
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3.3. Training configuration and results

A grid search tuning process was conducted to optimize two critical hyperparameters
significantly affecting model performance: learning rate (A) and batch size (b).

The model was trained for 50 epochs for every possible combination of values from
the following predefined sets:

A = [0.001,0.0001,1 - 107°,0.0005,5 - 1075, 5 - 1079

b = [16, 32, 64, 128, 256

After evaluating the loss function and accuracy trends for each combination, the op-
timal values were identified as:

A = 0.0001,b = 128

This combination represents a good balance between performance and computational
efficiency. Higher learning rates caused unstable loss trends and reduced accuracy,
probably due to the model overshooting minima in the optimization process. Smaller
batch sizes resulted in more oscillatory loss functions with slower convergence and
higher final loss values. On the other hand, lower learning rates and higher batch sizes
improved stability but produced excessive computational costs, significantly increasing
training times.

To further enhance the model, the most influencing architecture-related parameters
were tuned using a random search approach. The adjusted key parameters include:

e Number of channels (Ch;) and kernel size (k;) for each convolutional layer
e Number of units (F'Cy,) for each Fully Connected layer

Final optimized values, derived from the overall tuning processes, are detailed in
Figure 2 and were then employed for model training.

Stride values for both convolutional and max pooling layers (respectively St; and
Stp,), as well as the kernel size for max pooling (kp,), were kept fixed and user-defined,
as their impact was observed to be minimal compared to the other hyper-parameters.

After tuning, the network was trained for 100 epochs. The whole dataset was
split into the training and validation sets, respectively, corresponding to 85% and
15% of the original. The resulting training and validation curves, depicted in Figure
4, show the trends over the epochs for loss and accuracy. A dissimilarity threshold
(Thgiss) equal to 1 was used to compute the accuracy, classifying input image pairs
as identical if their dissimilarity was below this threshold and different otherwise.
The resulting curves reveal a strong positive training trend, reflecting a significant
improvement over epochs in the model’s capability to classify instances correctly.
The loss, initially oscillatory, stabilizes during later epochs, converging to approxi-
mately 0.01, and the accuracy steadily improves over epochs, ultimately reaching a
near-perfect value of 0.99. Moreover, validation curves closely track training curves,
indicating no overfitting and generalization capability to unseen data.
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(a) Loss (b) Accuracy

Figure 4.: Training and validation curves for hyperparameters reported in Figure 2

Figure 5.: Hidden Markov Model architecture and data flow

4. Integrating Hidden Markov Model with Siamese Network
observations for enhanced assembly step recognition

As explained in Section 3, the method initially employs an SNN to recognize oper-
ations and detect errors. However, it relies only on the network’s output, ignoring
the dynamics of the process. Essentially, the SNN provides a snapshot of the current
assembly state without considering how the process evolves over time. This approach
does not use prior knowledge about the feasible sequences of operations to complete
the assembly correctly. Instead, it relies only on the instantaneous predictions per-
formed by the network.

To address this limitation, an HMM was introduced to model the assembly process.
This new framework integrates the data-driven approach provided by the SNN with
a model-based understanding of the process dynamics. The SNN delivers instanta-
neous observations related to the current hidden state. At the same time, the overall
HMM framework refines the state predictions by incorporating knowledge about the
expected sequences of operations, as shown in Figure 5a.

4.1. HMM filtering

Considering an assembly process made of M steps, an HMM-based filtering process is
implemented to compute the probability distribution of the hidden state X; at time
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instant ¢, given the sequence of SNN observations Yj.; up to now:
P(Xt\YO:t) = [P(Xt = xl’YO:t)7P(Xt = $2’Y0:t)7 -~-7P(Xt = XN\YO:t)]

with IV the number of possible states describing the assembly process.

The forward recursion algorithm, going from step 0 to step (M — 1), is used to get the
current assembly state.

At the first iteration, ¢ = 0, the probability P(X¢ = z,|Y)) is computed as:

P(Xo = zj|Yp) = aop - P(Yo|Xo = ;) - P(Xo = ;) (2)

where:

1
SN P(YolXo = a5) - P(Xo = ;)

(3)

@

j=1,..,N and P(X, = x;) being the stationary probability of state x;.
Then, for the next iterations, the filtering algorithm can be divided into two steps:

e Prediction step:

N
P(X; = xj|You1) = 3 P(Xp1 = 2i[You 1) - P(Xe = 2| X1 =) (4)
=1
e Update step:
P(Xy = x[Yo:) = o - P(Yy| Xy = 2j) - P(Xy = 2[Y0:-1) (5)

where:

1
TSN P(YX; = 1) - P(X; = il You—1)

(6)

Qi

j=1,..,N,P(X; = z;|X;—1 = z;) being the transition probability from state z; to
xj, and P(Y;|X; = x;) the emission probability of the SNN observation Y; given the
current state x; at time instant ¢ , as shown in Figure 5b.

To compute the probability distribution at each assembly step, allowing the final
prediction of the hidden state as the one with the highest probability, the definition of
the transition matrix, the emission matrix, and the stationary distribution is required.

4.1.1.  State evolution: transition matriz and stationary distribution

To integrate the prior knowledge about the assembly state evolution, the transition
probabilities from one state to the next are defined as:

P(Xt = :L‘j|Xt_1 = JJZ) = aij
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i,j=1,...,N.
The general formulation of the transition matrix A is:

aip a2 ... QaiN

a1 azz2 ... AN
A pu—

anNi1 anN2 ... QNN

which is an N x N square matrix and is predefined and fixed.

Knowing the previous assembly state X; 1, the probability of the current state is
equally distributed among all possible immediate next states and the previous state
itself. This probabilistic framework allows the operator the flexibility to either proceed
with the assembly or leave the assembly state unchanged.

Furthermore, the first iteration of the forward algorithm requires the definition of the
stationary distribution, i.e., the state probability distribution at time instant ¢ = 0:

II = P(Xo) = [P(XO = ml),P(XO = 1’2), ,P(XO = J,‘N)] = [7‘(‘1,7‘1‘2, ...,7TN]

where 7;, with j = 1,..., N, is predefined. In particular, m; is chosen close to 1 to
privilege the first assembly state, as it represents the initial assembly condition required
to start the process, while 7; is computed as:

1—m
T )

j=2,...,N.

This formulation allows the model to set a strong prior bias toward the expected
starting state x; while assigning a small non-zero probability to all other states. This
choice ensures robustness to hand-tracking errors at the beginning of the process.
For instance, if the first state is missed, due to tracking delays or missed detections,
resulting in an initial observation corresponding to a later state, setting m; # 0 for
J > 1 prevents the model from rejecting potentially correct SNN predictions.

4.1.2.  State observation: threshold customization and emission matric

The second key element of the HMM formalism is the emission matrix, which encloses
the probability distribution of the network observations given the state:

P(Y; = | Xy = ;) = by

EIj‘llle: glejn.e':.r’a]lvt:ormulation of the emission matrix B is:
_bn bl ... bin ]
5_ bor b2 ... bon
vt bn2 ... b |
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which is a N x N square matrix. Each row represents a probability distribution. Specif-
ically, the element b;; is the probability of observing the feature embedding of state x;
when the true hidden state is x;.

Note that since the SNN already provides an estimate of the present state, the emission
probabilities are simply related to the accuracy obtained after the training process.
Matrix B is computed offline based on the reference dataset, containing N,.; images
for each assembly state. The process involves the SNN to measure the dissimilarity
between images from this dataset, which is used to estimate the probabilities of ob-
serving certain outputs given each specific hidden state.

A customized threshold value Thg;,s is required to obtain network predictions. It is
empirically computed for the specific assembly process based on the reference dataset
as follows:

e Compute the average dissimilarity for:
o Similar pairs (Deguqr): images of the same assembly step.
o Different pairs (Dgirs): images of different assembly step.
e Calculate the customized threshold Thg;ss as a weighted average:

Thdiss = Dequal + B ' (Ddsz - Dequal) (8)

with g = %, empirically tuned.
The computation of the emission matrix can be summarized with the following steps.

e Image pair definition and dissimilarity computation
An image in the reference dataset is chosen as the hidden state X; = xz;. It is
compared with N reference images, one from each reference state in the dataset.
The SNN outputs the dissimilarity value as the Euclidean distance for each image
pair (actual state, reference state).

e Network prediction
For the actual state X; = x;, the network prediction Y; is the reference state x;
corresponding to the lowest dissimilarity value, provided it is below the threshold
Thdiss-

e [terative computation of prediction occurrences
The process is repeated for all combinations of reference images and every pos-
sible actual state x;. For each actual state x;, the number of predictions C;; of
reference state x; is recorded.

e Emission probabilities computation
For each actual state x;, the prediction occurrences are normalized to compute
the required emission probabilities:

Ci

P, =a|X; =) = by = ———
Zk:l Cik

(9)

5. Experimental validation

This Chapter comprehensively summarizes the tests conducted to validate the pro-
posed methodology. It includes an ablation study highlighting the performance im-
provements achieved by the new SNN model compared to the previous (M. Pelosi et
al. 2024) and by introducing the HMM framework. In this Section, the experimental
setup is described, as well as all the experiments performed to prove the robustness of
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the method. Tests were conducted across different environmental conditions, human
operators, and production faults.

5.1. Ezxperimental setup and hand-tracking strategy for detecting
assembly step completion

As SNN recognition requires an image of the assembled part at each assembly stage,
tracking the operator’s hands to highlight when each operation has been completed is
necessary.

All the experiments exploit a Kinect V2 vision sensor. The camera was mounted above
the working table, providing a suitable field of view to monitor the operator’s hand
movements during the assembly process while simultaneously capturing detailed visual
features of the object.

The Mediapipe Hand Landmarker solution (F. Zhang et al. 2020) was used to track the
operator’s hands. Precisely, the position of the Middle Finger Metacarpophalangeal
joint (MFM in Figure 6¢) of both hands, corresponding approximately to the center of
the hand, was monitored. When both MFMs leave the green reference working area,
shown in Figure 6, to grab the next assembly component, the current step is con-
sidered completed. An image of the current assembly state, corresponding to the red
assembly area, is taken and given as input to the SNN. Using a hand-tracking strategy
avoids the need for explicit human communication or complex Human-Machine Inter-
faces (HMIs) to signal the operation’s completion, enabling a seamless execution of
the assembly. To ensure process continuity, avoiding production downtime caused by
hand-tracking failures or occlusions, the following strategy was adopted: if the tracking
system fails to detect one hand, due to either model limitations or occlusions caused by
the other hand or external elements, the visible hand is still tracked and used to deter-
mine the completion of the assembly step. In cases where both hands are temporarily
undetected, the system waits until no hands are present in the reference working area
for a predefined number of consecutive frames before capturing the current assembly
image, to reduce the risk of incorrect detections. This approach assumes that at the
end of each assembly step, the operator removes the hands and any tools from the
predefined working area. This assumption is based on the workspace layout, where
components and tools are intentionally placed outside the green reference assembly
zone. As a result, the operator naturally exits this area to retrieve the next item,
enabling the system to detect the end of a step based on hand-tracking data. This
design reflects common real-world industrial settings, where workspaces are organized
to minimize clutter, maximize visibility, and support quality inspection or automation
tasks in central assembly zones. Therefore, this assumption is not only valid in our
experimental setup but also generalizable to many industrial contexts.

A Lenovo Legion 5 laptop, equipped with an Intel Core i7 processor and an NVIDIA
GeForce RTX 3060 GPU, was used for both model training and experimental valida-
tion. Combined with a Windows 11 operating system and Python 3.9-based develop-
ment environment, this hardware configuration ensures the computational efficiency
required to run the algorithm online, maintaining consistent performance with mini-
mal latency.

The experiments exploited two types of working tables, shown in Figures 6a and 6b.
First, a uniform-white background was chosen to replicate the environmental condi-
tions used during the composition of the training dataset. Then, a green table with
threaded holes was also tested. This choice is motivated by the need to evaluate the
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(a) Uniform-white background (b) Holed-green background (¢) Middle Finger
Metacarpopha-
langeal joint

Figure 6.: Experimental setup and hand-tracking strategy

method’s robustness and adaptability to different industrial environments.

5.2. Push-button panel assembly: tests and results

To prove the method’s performance, a push-button panel was chosen for the tests?.
It includes all the challenges of the recognition problem to assess the model’s capa-
bilities. The assembly includes two buttons: a red button with a matte surface and
a yellow-green striped button with a shiny surface. These buttons allow testing the
ability to discern colors and robustness to possible reflections caused by the button
with the shiny surface. In addition, four small screws complete the assembly, introduc-
ing a subtle visual detail that is challenging to detect. It is important to notice that
the push-button panel assembly process was not part of the SNN training dataset,
demonstrating the model’s ability to generalize to unseen tasks.

The possible sequences to complete the assembly process are represented in the proba-
bilistic automaton of Figure 7. The assembly involves five steps and can be completed
in six valid sequences:

Assembly sequence 1: 0 — 1 — 2a — 3a — 4
Assembly sequence 2: 0 — 1 — 2a — 3b — 4
Assembly sequence 3: 0 — 1 — 2b — 3a — 4
Assembly sequence 4: 0 — 1 — 2b — 3¢ — 4
Assembly sequence 5: 0 — 1 — 2¢c — 3b — 4
Assembly sequence 6: 0 — 1 — 2¢c — 3¢ — 4

Overall, the assembly can take nine possible states during its evolution: 0, 1, 2a, 2b,
2¢, 3a, 3b, 3¢, and 4.
The transition matrix A and the stationary distribution I, defined a-priori as detailed

2A demonstrative video of the push-button panel tests can be found here: https://youtu.be/sFicz0TDWjk
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Figure 7.: Feasible transitions between hidden states of the push-button panel assembly

in Section 4.1.1, are given below:
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The experimental validation focused on two key objectives: recognizing assembly steps
and detecting production faults. The performance of the SNN alone was compared to
that of the complete HMM framework.

Regarding the first task, two sets of tests were conducted. The first test, discussed
in Section 5.2.1, evaluated the method’s robustness to background variations. In fact,
by introducing FastSAM-based object segmentation during the image pre-processing
stage, the method is designed to perform effectively on backgrounds different from
those used during training without any degradation in performance. The second set
of tests, shown in Section 5.2.2, involved multiple human operators to verify that the
SNN model was robust enough to handle the variability introduced by the human
factor.

Furthermore, to prove the method’s capability to effectively integrate assembly state
recognition with error detection, tests were conducted on two types of production
errors introduced by the operator during the assembly process, as will be explained in
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Section 5.2.3.

5.2.1.  Assembly step recognition: robustness to different backgrounds

All six possible assembly sequences were tested five times each to validate the model,
resulting in 30 complete assembly processes and 150 assembly steps to recognize. For
each experiment, the position of the part in the assembly area was slightly changed to
prove the rotational and translational invariance of the trained model.

These tests were performed using both the uniform-white and holed-green back-
grounds. The reference dataset for each working table was collected offline by cap-
turing 10 images for each assembly state.

Based on the reference datasets, the emission matrix B and the dissimilarity thresh-
old Thy;ss were computed for both backgrounds following the procedure detailed in
Section 4.1.2. The resulting matrices and thresholds are shown below:

1 0 0 0 0 0 0 0 0
0 073 001 0 025 0 001 0 0
0 0 061 0 0 0 039 0 0
0 0 0 0.67 0 0 0 033 0
Byhite =10 027 0.01 0 071 0 001 0 0
0 0 0 0 0 059 0 0 041
0 0 042 0 0 0 058 0 0
0 0 0 024 0 001 0 075 0
0 0 0 0 0 035 0 0 0.65

Thdisswhite = 0.61

1 0 0 0 0 0 0 0 0
0 058 0 0 037 0 0.05 0 0
0.01 0.01 0.65 O 0 0 0.31 0 0.02
0 0 0 0.7 0 0 0.03 0.23 0.04
Bgreen =1 0 0.3 0 0 o067 0 0.03 0 0
0 0 0.01 002 0 052 0 0.01 0.44
0.01 0.04 031 0 0.02 0 061 O 0.01
0 0 0 038 0 0.02 0 0.57 0.03

0 0 0 001 O 0.36 0 0.01 0.62]

Thdissgreen = 0.87
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(a) Uniform white background

(b) Holed green background

Figure 8.: Confusion matrices for step recognition tests on different backgrounds

The emission matrices show the highest values along the diagonal, indicating that the
network can recognize most assembly states. However, only the assembly step 0 is al-
ways correctly identified by the SNN. For all the other states, off-diagonal entries with
significant values reveal the network’s tendency to confuse similar states. Looking at
Figure 7, it is possible to notice that the mistakes are primarily related to the addition
or removal of small screws that are difficult to see in the images. The pattern of the
emission probabilities suggests the network has learned structural relationships in the
data, as errors occur between visually similar states. Moreover, the matrices are simi-
lar for both backgrounds, revealing the SNN’s robustness to background variations.
The results, in terms of confusion matrices, accuracy, macro-average precision, macro-
average recall, and F1-score, are summarized in Figure 8 and Table 3a. These metrics
compare the performance of the SNN alone and the complete HMM framework.

For the white background, the model previously proposed by M. Pelosi et al. (2024)
was also tested to highlight the improvements of the updated approach. The confu-
sion matrix of the previous model is characterized by several randomly positioned
off-diagonal entries, which reveal unstructured recognition errors. On the contrary,
the recognition mistakes of the new model are all related to the presence of the tiny
screws, as anticipated by the pre-computed emission matrix. While the updated model
improved performance, detecting such subtle details remains challenging. However, the
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Figure 9.: Confusion matrices for step recognition tests with 10 different operators

HMM framework significantly improves the accuracy, solving the majority of the vi-
sual issues caused by the screws. This proves that by accounting for the assembly
dynamics, the HMM framework can provide information about the evolution of the
assembly state, greatly enhancing the accuracy in recognizing the overall assembly
sequence. The remaining errors are related to SNN misrecognitions of feasible states
in the transition tree that the HMM framework is not able to filter out.

Regarding the tests performed on the green table with threaded holes, a slight degra-
dation in recognition performance was observed. This can be attributed to less ac-
curate FastSAM-based object segmentation, as the holes occasionally interfere with
background removal.

Table 3.: Test results for the push-button panel assembly: assembly state recognition
and fault detection.
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5.2.2.  Assembly step recognition: robustness to human variability

To evaluate the method’s robustness to human variability, 10 operators were asked
to assemble the push-button panel three times each, selecting the assembly sequence
randomly for every attempt. In this experiment, the uniform white background was
exclusively used to isolate the effect of human variability from the background’s influ-
ence. These experiments are motivated by the need to assess the method’s robustness
in handling variations in part placement, which may arise from individual user ex-
perience or implicit assembly strategies. In addition, the people involved were not
informed about the system’s working principle to verify the possibility of deploying
the application in real-world scenarios without requiring specialized training for the
workers.

The total number of occurrences of each assembly sequence is reported below:

Assembly sequence 1: 0 — 1 — 2a — 3a — 4, 5 times
Assembly sequence 2: 0 — 1 — 2a — 3b — 4, 4 times
Assembly sequence 3: 0 — 1 — 2b — 3a — 4, 7 times
Assembly sequence 4: 0 — 1 — 2b — 3c — 4, 5 times
Assembly sequence 5: 0 — 1 — 2¢ — 3b — 4, 5 times
Assembly sequence 6: 0 — 1 — 2¢ — 3¢ — 4, 4 times

The results, in terms of confusion matrix, accuracy, macro-average precision, macro-
average recall, and Fl-score, are summarized in Figure 9 and Table 3a. Again, these
metrics compare the performance of the old SNN model, the updated SNN model, and
the complete HMM framework.

The results confirm that the variability introduced by changing human operators does
not significantly impact performance, as similar KPI values were found in the previous
experiments involving a single operator. The new SNN model demonstrates improved
accuracy, precision, recall, and F1-score compared to the old model, while the HMM
framework further enhances these metrics. As shown in Table 77, the HMM frame-
work achieves the highest accuracy and robustness in step recognition with different
operators, highlighting its ability to effectively account for assembly dynamics. SNN
misrecognitions that do not align with feasible assembly sequences are all filtered out.

5.2.83.  Production fault detection

Two types of production faults were tested to evaluate the system’s ability to detect
errors during the assembly process: placement of wrong buttons and wrong external
cases. First, two incorrect buttons, blue and green, were inserted in place of the red or
striped buttons. These errors were tested at all feasible assembly stages, as shown in
Figures 10a and 10b. The blue and green buttons replaced the red or striped buttons
at the third, fourth, and final assembly steps. Each of these error scenarios was tested
5 times, resulting in 40 tests per button color. Second, the black external case was
replaced with two incorrect cases, which can be seen in Figure 10c: one “damaged”
and the other with a different design. To simulate the faded surface of the damaged
case, some random white/grey zones were reproduced on the surface, while the wrong
case presents some yellow and green stripes instead of being monochromatic. For these
experiments, 15 tests per case type were conducted.

Only the performances of the original (M. Pelosi et al. 2024) and revised SNN models
were compared for the error detection task. No comparison between SNN and HMM
performances is provided, as the SNN logic manages error detection. Either involving
the SNN alone or the overall HMM framework, an error message is instantaneously

23



(a) Wrong button placement (blue)

(b) Wrong button placement (green)

(c) Damaged and wrong case

Figure 10.: Tested assembly errors.

triggered when all dissimilarity values exceed the threshold, and the current assembly
state cannot be recognized. All experiments were performed on the uniform-white
background, applying the customized threshold computed for that environment.

The results, summarized in Table 3b, show a significant performance improvement with
the new SNN model. Both models generally performed better in detecting errors with
substantial visual differences. Detecting the placement of the wrong striped case is the
most straightforward task, as it introduces significant chromatic variations compared
to the reference state 1. On the other hand, detecting the blue button insertion was
more challenging, as the dark blue color was less visible in the images.

6. Real industrial use-case

The push-button panel assembly, described in Section 5, serves as an exhaustive vali-
dation case to prove the method’s robustness to different geometrical and chromatic
features, environmental conditions, and human variability. It also provides significant
examples of execution faults to demonstrate the network’s ability to detect deviations
from reference states.

However, this scenario involves a controlled manual assembly process that slightly
differs from real-world industrial applications, which are often characterized by noisy
and cluttered environments and more complex and varied components. To assess the
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(a) Assembly process

(b) Assembly workstation captured by the 3D vision sensor Smart Robots

Figure 11.: Caleffi Hydronic Solutions use case: packaging of hydronic components.

method’s applicability in real-world industrial contexts, it was applied to a practical
use case involving the manual packaging of hydronic components on an active assem-
bly line at Caleffi Hydronic Solutions in Novara (Italy). Unlike the push-button panel
scenario, which was specifically designed for validation purposes, this industrial use
case was not tailored to the method but represents a well-established and consolidated
manual process provided by the company. Notably, the packaging assembly process
was also not included in the training dataset, providing an additional demonstration
of the model’s generalizability to different tasks.

Figure 1la represents all feasible assembly states and transitions. The assembly
process consists of five steps and can take ten possible states: 0, la, 1b, 1¢, 2a, 2b, 2¢,
3a, 3b, and 4.

Five reference images per assembly state were used to create the reference dataset for
this use case. The transition matrix Ak, the stationary distribution II,,., and the
emission matrix B, are provided below.
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Hydronic components were packaged five times by an operator working in the assem-
bly line, recorded using the 3D vision sensor Smart Robots?, as shown in Figure 11b.
The operator followed the same sequence of operations each time: 0 — la — 2a — 3a
— 4.

Table 4 summarizes the results for assembly state recognition, comparing the per-
formance of the new SNN alone and the whole HMM framework. The resulting per-
formance is slightly decreased compared to the value obtained with the push-button
panel assembly due to the more complex and noisy industrial environment. However,
the recognition accuracy of the HMM framework is still relatively high, demonstrating
the model’s generalizability across different and unseen use cases and the method’s
effectiveness when applied to real and consolidated industrial workflows.

3Smart Robots company website: https://smartrobots.it/en/
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Table 4.: Test results for Caleffi Hydronic Solutions use-case: comparison between SNN
alone and combined SNN-HMM framework.

Step 0 Step la Step 2a Step 3a Step 4 Accuracy
SNN proposed in this work 5/5 2/5 3/5 3/5 4/5 0.68
SNN + HMM 5/5 3/5 4/5 4/5 4/5 0.80

7. Managerial insights

The proposed approach offers significant advantages from an industrial management
perspective, making it a practical, cost-effective, and scalable solution for real-world
production quality assurance. The main advantages are listed here to better highlight
the relevance of this solution:

¢ Reduced rework and waste. Step-by-step fault detection prevents error prop-
agation along the production line, significantly reducing rework costs and pro-
duction waste, major sources of annual operational losses in industrial settings.

e Plug-and-play deployment. The system requires no retraining. Only a few
reference images are needed for new assemblies, enabling quick adaptation with
minimal effort.

e Improved Return Of Investment (ROI). By reducing inefficiencies, sup-
porting consistent product quality, and minimizing retraining costs, the system
reduces the payback period, lowering deployment overheads and improving cost
benefits.

e No specialized personnel training required. Designed to be easy to use,
the method provides intuitive feedback to operators, who do not need technical
knowledge of the algorithm’s working principle. Experimental tests with users
unfamiliar with the system confirmed its reliability and ease of use for the oper-
ators.

e Reduced data collection time in manual processes. Since the system oper-
ates online and is seamlessly integrated with ongoing human activities, it reduces
the time and effort for data collection in manual industrial processes.

8. Conclusions

Positioned in the subfield of defect detection within the ZDM paradigm, this paper
introduces a novel approach that integrates a Siamese Neural Network into a Hidden
Markov Model to address the challenges of assembly operation recognition and error
detection in flexible, human-operated manufacturing environments. Leveraging the
SNN for visual comparison and the HMM framework to account for process dynam-
ics, the proposed approach exhibits high adaptability to various assembly scenarios
without the need for retraining in the case of new products. It only requires the offline
collection of a set of reference images and the customization of the error detection
threshold to suit the specific assembly case.

Experimental validation on both a lab-controlled test case and a real industrial use
case, the latter not specifically tailored for the method, demonstrated the method’s
strong robustness to human variability, lighting changes, and background differences.
The model achieved up to 93% accuracy in assembly step recognition and 80% in er-
ror detection, with consistent performance in the presence of different operators and
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environments. The use of the HMM to filter SNN outputs based on logical assembly
sequences, combined with FastSAM-based background removal, significantly improved
prediction reliability. An ablation study confirmed that these additions improved clas-
sification accuracy up to 40%, compared to the previous version of the SNN model
(M. Pelosi et al. 2024).

These results highlight the model’s potential as a practical decision-support tool to im-
prove product quality, reduce rework costs and production waste, and enhance process
reliability in real-world production systems.

8.1. Future perspectives

Despite the promising results in real setups, the method currently relies on assump-
tions, such as top-view visibility of assembly processes and no need for assembly fault
classification. Such assumptions, although valid in many industrial contexts, may limit
its applicability in more complex and cluttered environments or in scenarios where the
main purpose is error classification. For this reason, multi-view setups will be explored
to handle occlusions and improve component visibility from different angles. In addi-
tion, fault classification will be investigated by incorporating labeled error data to
enable not only detection but also identification of error types. Efforts will also be
made to enhance the system’s sensitivity to subtle variations by increasing the input
images’ resolution and by expanding the dataset, including more diverse components.
Although the method’s capabilities have been thoroughly tested using laboratory data,
future work could further evaluate its fault detection performance in the context of
real-world industrial assembly errors. Such validation was not conducted in the present
study, as the data provided by the company included only correctly assembled cases.
Additionally, extending the evaluation to encompass a wider range of faults, such as
incorrect relative orientations, component misalignments, skipped steps, or sequenc-
ing errors, would provide further opportunities to demonstrate the versatility of the
HMM framework in detecting deviations from the expected dynamics of the assembly
process.
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