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ABSTRACT
Maintaining high quality in automotive manufacturing is essential, as even small defects can lead to safety issues, costly recalls,
and increased operational costs. Manual inspection is often unreliable in fast-paced production, limited by human error and poor
scalability. Advanced imaging and deep learning-based Anomaly Detection and Localization (ADL) offer effective alternatives,
but their use in industry is challenged by factors like complex geometries, inconsistent lighting, and environmental noise. This
work presents an ADL framework for inspecting sealant application in car underbodies that combines a video acquisition system
with four state-of-the-art deep learning models. To overcome the lack of annotated data, a synthetic defect generation module
is introduced, creating realistic anomalies that improve model evaluation while reducing annotation effort. The framework was
tested on both synthetic and real-world data, achieving high localization performance (AUROC up to 99.7%, F1-score of 43.4%)
with inference times ranging from 0.08 to 3.33 s depending on model complexity. These results highlight the trade-offs between
speed and accuracy, and confirm the potential of ADL models for real-time quality control in industrial automotive settings.

1 | Introduction

Ensuring high product quality is crucial in modern industrial
manufacturing. In the automotive sector, even minor defects
can lead to costly recalls, safety risks, and increased operational
expenses [1–5]. Traditional manual inspection methods are vul-
nerable to human error and production variabilities. As a result,
they are increasingly inadequate in high-throughput environ-
ments [6, 7].

Advanced imaging technologies integrated with Artificial Intel-
ligence (AI) have emerged as effective tools for identifying and
localizing defects. They enable targeted interventions and help
reduce downtimes [8–17]. Deep learning models, in particular,

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.

© 2026 The Author(s). Engineering Reports published by John Wiley & Sons Ltd.

have enabled the development of highly accurate Anomaly
Detection and Localization (ADL) techniques.

This work addresses the above need by focusing on quality con-
trol of a sealant application process in automotive manufacturing.
Sealants play a crucial role in ensuring car durability by prevent-
ing water ingress and corrosion in key joints and seams. The
application process poses challenges due to the intricate geom-
etry of car underbodies and the difficulty in detecting subtle
defects, such as gaps, bubbles, or misalignments.

An ADL framework is presented that combines a video acqui-
sition system with sophisticated deep learning algorithms,
such as PatchCore [18], MemSeg [19, 20], EfficientAD [21, 22],

Engineering Reports, 2026; 8:e70652 1 of 28
https://doi.org/10.1002/eng2.70652

https://doi.org/10.1002/eng2.70652
https://orcid.org/0000-0003-0449-5752
https://orcid.org/0000-0003-2122-7178
mailto:fabrizio.lamberti@polito.it
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/eng2.70652
http://crossmark.crossref.org/dialog/?doi=10.1002%2Feng2.70652&domain=pdf&date_stamp=2026-02-25


and SimpleNet [23, 24]. A comparative analysis is provided,
highlighting trade-offs in terms of accuracy, computational effi-
ciency, and robustness to environmental variability. Benchmark-
ing state-of-the-art algorithms with real datasets provides valu-
able insights into their practical applicability to the automotive
sector.

Finally, an ad-hoc strategy is introduced to address imbalanced
datasets in industrial settings. The proposed method generates
plausible synthetic anomalies, enabling a more rigorous eval-
uation of model generalization. It tests performance on a syn-
thetic test set containing previously unseen defects. This strategy
reduces reliance on extensive annotated datasets, which are often
difficult and costly to produce in real-world scenarios.

In summary, the present work provides three contributions:

1. Real-world application of ADL techniques in the automo-
tive context: It investigates the application of advanced ADL
techniques in real-world automotive settings, particularly
regarding the use of sealants. Unlike other works that typ-
ically assess techniques in controlled environments, it is
assessed within an industrial setting, characterized by vary-
ing lighting conditions, ambient noise, and complex struc-
tural features.

2. Assessment of state-of-the-art deep learning models: It intro-
duces a benchmark that includes multiple state-of-the-art
deep learning models, providing a comprehensive evalua-
tion of their performance and inherent limitations within
the context of car sealant application tasks.

3. Synthetic Defect Generation Method: It introduces a method
for generating synthetic defects to address the challenge of
imbalanced datasets for the tackled process. This method
produces realistic defect simulations, enabling a more thor-
ough evaluation of the models’ ability to detect novel
anomalies while reducing dependence on labor-intensive
and expensive data annotation processes.

These contributions advance industrial ADL by improving exist-
ing models and introducing solutions tailored to the specific chal-
lenges of the automotive industry. The remaining sections pro-
vide an in-depth presentation of the methodology, experimen-
tal configuration, obtained results, and their significance for the
industrial domain.

2 | Related Work

In industrial environments, particularly manufacturing, ADL
and, more generally, anomaly detection are crucial for promptly
identifying defects, thereby maintaining product quality and cut-
ting down on operational expenses. Over the years, a variety of
methods have been formulated to tackle this need, commonly cat-
egorized as supervised or unsupervised.

Supervised methods require extensive labeled datasets and per-
form well in detecting known defect types but struggle with
unseen anomalies [6, 25, 26]. Unsupervised models can identify
novel defects without requiring large annotated datasets. This
makes them valuable when collecting defective underbodies is

costly and time-consuming. However, they often generate false
positives, particularly in highly variable production scenarios
such as automotive manufacturing [18, 27–29]. Robust solu-
tions are needed to handle unpredictable, real-world conditions
effectively, balancing the strengths and limitations of the two
approaches [30, 31].

In light of these two paradigms, numerous ADL approaches have
been developed for industrial inspection. The following overview
presents some of the most representative models, highlighting
their typical use cases, advantages, and limitations.

Supervised methods have achieved notable success in indus-
trial applications, where ample labeled data is available. Mod-
els like Faster R-CNN [32], YOLO [33], and RetinaNet [34] are
particularly effective in environments like automotive manu-
facturing, where visible surface defects critically impact prod-
uct quality. These models offer high accuracy by leveraging
large, well-annotated datasets. For instance, Faster R-CNN, and
YOLO are extensively utilized for detecting surface-level defects,
enabling rapid and precise identification of visual imperfections
[34].

However, reliance on substantial labeled datasets represents a sig-
nificant challenge in industrial contexts with rare, costly-to-label
anomalies. Additionally, the performance of these models dimin-
ishes when dealing with subtle anomalies or limited datasets,
especially in complex setups involving multiple viewpoints [34].
Advanced approaches like Modulated Intensity Decoding (MID)
[35] enhance defect detection on reflective surfaces by minimiz-
ing reflections through encoded fringe patterns. This improves
accuracy when integrated with models like Faster R-CNN, YOLO,
and DETR [36]. Despite its robustness, MID is computationally
intensive and demands extensive labeled data, limiting its scala-
bility for real-time applications.

Multi-view inspection systems [34] enhance detection accu-
racy by capturing defects from multiple viewpoints. While this
approach improves precision, it increases computational costs
and system complexity.

In real-time scenarios, lightweight models like YOLO deliver
faster performance but sacrifice precision, especially for subtle
anomalies. Besides advanced, computationally intensive meth-
ods, simpler solutions employing low-cost hardware are also
valuable in specific industrial scenarios [16].

To mitigate computational requirements, models like TinyDefec-
tRNet [37] provide improved efficiency while maintaining rea-
sonable accuracy, making them suitable for industries with lim-
ited processing resources. Nonetheless, they are less effective at
detecting complex defects compared to architectures like Reti-
naNet or DETR [36].

Template matching approaches, exemplified by RDNN [38], com-
bine object detection with predefined templates to reliably detect
defects. This dependence, however, limits flexibility and makes
adaptation to novel anomalies difficult. In contrast, models
like Faster R-CNN and RetinaNet offer greater adaptability to
new defect types, enhancing versatility in dynamic industrial
environments.
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Few-shot learning methods, such as CAVGA [39], address the
scarcity of labeled data by training anomaly detectors with small
datasets. While these methods reduce data dependency, they
often struggle to generalize to unseen anomaly types. Similarly,
iDAAM [40] employs dense modules and attention mechanisms
to improve defect classification. However, it may still struggle
with defect classes not present in training data.

Unsupervised methods, which do not require labeled datasets,
are increasingly preferred in industrial settings where labeled
data is scarce. These methods learn normal data patterns and
identify deviations as potential anomalies. This makes them ideal
for settings with rare or evolving anomalies. However, their effec-
tiveness depends strongly on the industrial context.

A prominent framework in this category is the Teacher-Student
model [27], where a student network is trained to replicate the
outputs of a teacher network using anomaly-free data. Anomalies
are detected when the student’s predictions significantly devi-
ate from the teacher’s, providing an efficient unsupervised detec-
tion mechanism. However, the model may struggle with sub-
tle anomalies or shifting data distributions, requiring periodic
retraining.

PatchCore [41], in turn, offers a scalable solution by construct-
ing a core-set of normal patterns and detecting deviations. This
method excels at identifying subtle changes, making it suitable
for applications where labeling is impractical. While PatchCore
handles high-dimensional data efficiently, it may underperform
in tasks requiring detailed feature representations, as it empha-
sizes broader deviations.

MemSeg [19] enhances anomaly localization by using memory
modules, especially effective in imbalanced datasets. It provides
high precision for small anomaly detection. However, its compu-
tational cost may hinder real-time applicability.

Conversely, models like SimpleNet [23] and EfficientAD [21] bal-
ance accuracy and efficiency. SimpleNet suits real-time indus-
trial use, learning normal patterns with minimal computational
overhead. Although it performs well in many use cases, it may
struggle with complex or subtle anomalies. Similarly, EfficientAD
employs attention to focus on relevant data regions, optimizing
resource use while maintaining solid performance. Still, like Sim-
pleNet, it may not fully capture intricate anomalies, and may need
to be complemented by more advanced models in complex tasks.

A common challenge across unsupervised methods is generaliz-
ing to unseen anomalies. Template-based supervised models like
RDNN [38] perform reliably for known defects but fail to gener-
alize. In contrast, approaches like PatchCore and MemSeg better
accommodate new anomaly types without retraining or template
updates, providing more flexibility in dynamic industrial settings.

3 | Production Line Analysis

A proper knowledge of the production line considered in this
work is crucial for the effective deployment of deep learning mod-
els for defect detection in car underbodies during the sealing pro-
cess. The industrial environment presents substantial challenges,

including variable lighting, product diversity, and process incon-
sistencies. These challenges were addressed through a detailed
examination of the environment, which informed the optimiza-
tion of model performance.

In automotive manufacturing, sealant application is an essen-
tial process that safeguards the vehicle’s structural stability and
shields it from environmental impacts. The examined produc-
tion line includes three main stages: manual sealing, automated
sealing, and quality inspection and correction. In the initial man-
ual sealing cell, skilled operators manually apply the sealant to
specific joints and seams of the car body. It is used in areas
where complex geometries limit automation. Operators adjust
their technique based on each car model’s geometry, ensuring
precision and flexibility. The second stage involves the auto-
mated sealing cell, where robotic systems apply the sealant to the
remaining sections of the car body, specifically the underbody.
Automation enhances efficiency and reduces human-induced
variability. The robotic application ensures uniform sealant dis-
tribution, which improves consistency and throughput. After
automated sealing, the car body moves to the quality inspec-
tion & correction cell. Here, trained personnel inspect the sealant
application through visual checks and sensor-based measure-
ments. Defects such as gaps, bubbles, or incomplete coverage are
manually detected and rectified. This step is essential for main-
taining sealant effectiveness and vehicle durability. An intermedi-
ate sealing cell exists between the manual and automated stages. It
gathers environmental parameters (e.g., temperature and humid-
ity) and vehicle-specific features (e.g., underbody dimensions and
material attributes). This data supports adjustment of the sealing
process, helping ensure adhesion consistency and product relia-
bility during automation.

To support ADL framework development and evaluation, a video
acquisition system was deployed within the inspection cell. Sev-
eral camera viewpoints were evaluated to identify the one captur-
ing the widest range of sealant patterns applied by the robots.

The most effective view, referred to as “lower,” was obtained by
placing the camera on the ground, aligned with the conveyor and
pointing upward, capturing a full underbody view. Despite occa-
sional occlusions from vehicle components and a fixed viewpoint,
capturing frames at predefined intervals allowed effective analy-
sis of the sealant application with a relatively simple setup.

4 | Data Acquisition and Preparation
for Robust Anomaly Detection

This section outlines the critical steps for acquiring and process-
ing data. These steps support the training of unsupervised deep
learning models for ADL. The procedure starts with video-based
data collection. It then continues with systematic underbody
extraction and dataset preparation for model training and evalua-
tion. Emphasis is placed on ensuring data diversity and integrity.
A dedicated section then introduces the types of sealant defects
considered in this study. Given the scarcity of defective underbod-
ies, synthetic data augmentation is employed to investigate model
robustness. Pre-processing techniques, such as binary masking,
are applied to focus on areas of interest and minimize background
noise, further improving frameworks’ accuracy. A design of the
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entire procedure, from data acquisition to model training and
evaluation, is illustrated in Figure 1.

Within this pipeline, ROI-based binary masking, the subse-
quent size-aware analysis of missed defects, and statistically
grounded model comparison (detailed in Sections 7 and 8) are
conceived as distinctive methodological components of the pro-
posed framework, tailored to the requirements of industrial
sealant inspection.

Unlike several prior industrial ADL studies that rely on con-
trolled laboratory settings or multi-camera acquisition setups,
the data considered in this work are collected directly on a
single-camera underbody sealant line in a real automotive plant.
The resulting dataset combines scarce real defects with a sys-
tematically generated set of synthetic anomalies, enabling a
more realistic assessment of model behavior under practical
constraints.

4.1 | Data Collection and Car Underbody
Extraction

Video recordings of car underbodies were acquired following the
automated application of sealant in the intermediate sealing cell.
Subsequently, a systematic and automated underbody extrac-
tion process was developed and implemented. This approach
suits real-time data acquisition systems. Prompt and efficient
extraction of informative underbodies is essential for accurate

analysis and continuous monitoring. The Template Matching
technique from the OpenCV library [42, 43] was utilized. This
technique entails sliding a predefined template image across the
target image to identify regions that exhibit high similarity based
on specific similarity metrics. Three distinct templates were
employed to extract three different viewpoints: “lower front”,
“lower center”, and “lower back” (Figure 2). The multi-template
approach addresses the dynamic movement of the car underbody.
As the vehicle moves, different sections are exposed at different
time intervals. Consequently, the first template effectively cap-
tures the frontal section of the underbody at its peak visibility,
followed sequentially by the central and rear sections.

By means of the OpenCV’s cv.matchTemplate() function, a
sliding-window operation is performed across underbodies, pro-
ducing a similarity map based on normalized cross-correlation
(CCOEFF_NORMED). cv.minMaxLoc() is then used to localize
the Region of Interest (ROI) by identifying the coordinates with
the highest similarity scores. A user-defined threshold is applied
to retain only potentially relevant underbodies. Despite possi-
ble challenges such as variations in scale, rotation, or lighting,
the generally consistent visual appearance of car underbodies
ensured reliable extraction.

4.2 | Sealant Defect Types

Automated sealant application commonly encounters defects
such as the absence of sealant, where robotic applicators fail to

FIGURE 1 | Overview of the proposed Anomaly Detection and Localization (ADL) pipeline for sealant inspection on car underbodies during the
automatic sealing process. The figure illustrates the main processing stages, including video acquisition in the inspection cell, template-based underbody
extraction, and inference producing pixel-wise anomaly heatmaps used to support operator inspection and manual correction.
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deposit sealant in designated areas, leaving sections vulnerable to
water ingress and corrosion. Sealant misalignment occurs due to
displacements between the car underbody and the robotic nozzle,
resulting in irregular application that weakens the protective bar-
rier and increases the risk of leaks. Sealant bifurcation and nar-
rowing arise from partial nozzle blockages, causing uneven split-
ting of the sealant stream and reduced flow rates, respectively,
which lead to incomplete or insufficient sealant layers. Addition-
ally, the presence of sealant holes, caused by interruptions in flow,
creates gaps in the protective layer, facilitating moisture, and air
entry that accelerate corrosion. The different types of defects are
visually illustrated in Figure 3.

4.3 | Synthetic Defect Generation

Due to the scarcity of real defective underbodies, synthetic
anomalies were created. Advanced image manipulation tech-
niques were used to mimic real-world defects.

The GIMP open-source image editing software [44] and its Resyn-
thesizer plugin were used. The plugin employs texture synthe-
sis techniques, such as inpainting and resynthesis, which enable
the reconstruction of missing or altered sections of an image by
extrapolating from the surrounding content. These techniques
were leveraged to simulate realistic defects. For instance, the

FIGURE 2 | Template matching strategy used to extract three underbody viewpoints (lower front, lower center, and lower back) at different time
instants while the vehicle moves on the conveyor. Each template is matched on the incoming frame stream to localize the corresponding Region of
Interest (ROI) associated with the sealant trajectories.

FIGURE 3 | Visual representations of different sealant defect types used for illustration purposes: (a) correctly applied sealant, and (b–f) represen-
tative defect types observed in the production line, including bifurcation, missing sealant, narrowing, misalignment, and hole.
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absence of sealant was obtained by selectively removing por-
tions of the sealant and filling the gaps with textures that blend
seamlessly with the original image. As a result, synthetic defec-
tive underbodies were created, each associated with correspond-
ing Gound Truth (GT) annotations. It is worth noting that these
image-level operations do not incorporate physical process mod-
eling or photometric variability, which bounds the realism of the
generated defects.

The dataset was assembled by extracting 345 “normal” and 15
“defected” unique high-quality car underbodies, divided into
training, validation, and test sets. For each underbody in the
training set, 5 video frames (same underbody at different time
points) were randomly selected; only one video frame each was
selected for validation and testing underbodies. Synthetic defec-
tive underbodies were generated by modifying video frames orig-
inally classified as “normal,” evenly distributed between the val-
idation and test subsets to ensure a balanced representation of
anomalies.

To ensure exhaustive coverage of the underbody, each speci-
men was systematically partitioned into predefined regions des-
ignated for defect generation. Specifically, the “lower front”
region was subdivided into four sections, the “lower center”
region into eight sections, and the “lower back” region into five
sections. For each region, a series of anomalies were synthe-
sized and incorporated to produce defective underbodies spe-
cific to that region. This region-centric methodology enables
the systematic simulation of defects across diverse underbody
sections, ensuring comprehensive coverage and enhancing the
dataset’s capability to represent a broad spectrum of defect
scenarios.

Table 1 reports the distribution of synthetically generated
underbodies across each designated viewpoint. For every view-
point, a variable number of synthetic defects were synthe-
sized. Table 2 provides a detailed overview of the final dataset
distribution, encompassing the allocation of both synthetic
and authentic underbodies across the training, validation, and
test subsets. Examples of generated defects are illustrated
in Figure 4.

While this approach supported systematic evaluation under con-
trolled conditions, it relies on 2D texture–based manipulations

TABLE 1 | Distribution of synthetically generated defects across the
three viewpoints (lower front, lower center, lower back). Numbers in
parentheses indicate the count of single anomalies injected within each
region-specific generation slot.

Defect
Lower
front

Lower
center

Lower
back

Bifurcated sealant 8 (2) 8 (1) 5 (1)
Missing sealant 24 (6) 32 (4) 30 (6)
Narrow sealant 4 (1) 8 (1) 5 (1)
Sealant misalignment 12 (3) 8 (1) 15 (3)
Hole 8 (2) 8 (1) 5 (1)
Total 56 64 60

TABLE 2 | Dataset distribution by viewpoint and split (train, valida-
tion, test).

Viewpoint Split Normal
Real
def.

Synthetic
def.

Lower front Train 69 (345) 0 (0) 0 (0)
Validation 23 (23) 0 (0) 28 (28)

Test 23 (23) 3 (3) 28 (28)
Lower center Train 67 (335) 0 (0) 0 (0)

Validation 23 (23) 0 (0) 32 (32)
Test 24 (24) 6 (6) 32 (32)

Lower back Train 70 (350) 0 (0) 0 (0)
Validation 23 (23) 0 (0) 30 (30)

Test 23 (23) 6 (6) 30 (30)

Note: Values report the number of unique underbodies; values in parentheses
report the total number of extracted video frames for those underbodies. Real
defects are included only in the test split, while synthetic defects are evenly
distributed between validation and test.

(inpainting and resynthesis) that do not model the underlying
deposition physics (e.g., sealant rheology, flow, nozzle dynamics,
and wetting) nor the scene photometry (variable illumination,
specular highlights, and shadows).

Consequently, certain defect classes, such as fine scratches,
low-contrast discontinuities, or geometry-dependent irregular-
ities near welds, may be underrepresented or less realistic in
the synthetic set. These root causes and potential mitigations
(e.g., physics-aware simulation and photometric rendering, tar-
geted acquisition, and active learning) will be discussed in
Section 8.4.

In contrast to anomaly simulation mechanisms embedded within
specific architectures, such as the internal synthetic pattern gen-
eration used in MemSeg, the proposed pipeline operates directly
at input-image level, is model-agnostic, and is explicitly struc-
tured around geometry-aware regions of interest. This design
allows the four benchmark ADL models to be evaluated on a
consistent mixture of real and synthetic defects tailored to the
operational constraints of the single-camera industrial scenario
considered here.

4.4 | Binary Masking

Detecting anomalies in the sealant applied to car underbodies
poses significant challenges due to the inherent variability in both
the sealant materials and the assembly line processes. Underbod-
ies exhibit a range of features, including perforations, manually
applied sealant patterns, unique structural characteristics, and
substantial background noise.

To address these challenges, a binary mask is generated based
on car underbody templates to isolate ROIs. This methodology
leverages the same template-matching technique employed in
the car underbody extraction process. The binary mask effectively
concentrates the analysis on the sealant regions while exclud-
ing irrelevant background details. To accommodate potential

6 of 28 Engineering Reports, 2026
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FIGURE 4 | Examples of synthetic defect generation. Each triplet shows (left-to-right): The original normal frame, the corresponding synthetically
generated defect, and the associated Ground-Truth (GT) binary mask. Rows illustrate different defect types (missing sealant, misalignment, bifurcation,
narrowing, and hole).
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misalignments, a margin is incorporated into the mask design,
ensuring that critical image regions are not accidentally omitted.
The binary mask is applied during both training and inference. It
filters out extraneous information and improves data consistency.
As illustrated later, a series of experiments were conducted to
evaluate the efficacy of this preprocessing step by comparing the
performance of models trained and evaluated on masked images
with those trained and evaluated on unprocessed images.

5 | ADL Models for Industrial Applications

This section reviews state-of-the-art deep learning models devel-
oped for ADL based on unsupervised or semi-supervised learn-
ing for scenarios with limited access to anomalous data. These
approaches allow models to learn from nominal conditions using
a small set of video frames.

PatchCore [18], MemSeg [19], EfficientAD [21], and SimpleNet
[23] were considered in this study. Each model is designed to
address ADL challenges in variable environments with low defect
prevalence, using different strategies to optimize detection and
localization.

5.1 | PatchCore

PatchCore is a method designed for ADL in images. It employs
patch-level features derived from a pre-trained encoder and uses
these features to identify anomalies. The procedure consists of
several pivotal stages, each enhancing the efficacy and robustness
of the process. The overall functioning is depicted in Figure 5.

The PatchCore workflow consists of the following steps.

1. Extraction of patch-level features. Feature maps are extracted
from a network such as ResNet. These feature maps,
denoted as 𝜙𝑖,𝑗 , are obtained from intermediate layers to
achieve a balance between abstraction and localization.
Patches of dimension 𝑝 × 𝑝 are then sampled from these fea-
ture maps. Each patch centered at a spatial location (ℎ,𝑤)
is represented by the feature vector 𝜙𝑖,𝑗(ℎ,𝑤) ∈ ℝ𝑐 , where 𝑐

denotes the number of channels in the feature map.

2. Aggregation of local features. To account for spatial
variations and enhance robustness, PatchCore aggregates

features from local patch neighborhoods. A local aggrega-
tion function, such as adaptive average pooling, is applied
over the neighborhood 𝑁𝑝(ℎ,𝑤):

𝜙𝑖,𝑗

(
𝑁𝑝(ℎ,𝑤)

)
= 𝑓agg

({
𝜙𝑖,𝑗(𝑎, 𝑏) ∣ (𝑎, 𝑏) ∈ 𝑁𝑝(ℎ,𝑤)

})
. (1)

3. Coreset reduction. To reduce memory and ensure efficient
inference, a representative subset of the patch features
(coreset) is selected. This is done via a minimax facility loca-
tion algorithm:

𝑚𝑖 = arg max
𝑚∈𝑀−𝑀𝐶

min
𝑛∈𝑀𝐶

∥ 𝜓(𝑚) − 𝜓(𝑛) ∥2, (2)

where 𝑀 is the full set of patch features, 𝑀𝐶 the current
coreset, and 𝜓 a random linear projection function.

4. Anomaly detection and localization. At test time, the
anomaly score 𝑠∗ for a patch 𝑚test in image 𝑥test is computed
as:

𝑠∗ = max
𝑚test∈𝑃 (𝑥test)

max
𝑚∈𝑀𝐶

∥ 𝑚test − 𝑚 ∥2, (3)

where 𝑃
(
𝑥test

)
denotes all patches from the test image. The

score is then scaled to emphasize rare matches:

𝑠 =

(
1 −

exp ∥ 𝑚∗
test − 𝑚∗ ∥2∑

𝑚∈Nb(𝑚∗) exp ∥ 𝑚∗
test − 𝑚 ∥2

)
⋅ 𝑠∗, (4)

where Nb(𝑚∗) denotes the 𝑏 nearest neighbors of 𝑚∗ in the
coreset. This score is used to build an anomaly heatmap over
the image.

5. Inference phase. The inference phase applies the detection
and localization procedure described above to each test
image. The same equations and scoring scheme are used
to produce anomaly heatmaps for unseen data, supporting
both identification and localization of anomalies.

5.2 | MemSeg

MemSeg is a semi-supervised approach specifically designed
for surface defect detection in images. It integrates multiple

FIGURE 5 | PatchCore architecture [18]. It essentially relies on the extraction and local aggregation of patch-level features, facilitated through the
construction of a memory bank that consolidates local feature representations derived from the intermediate layers of a pre-trained network.
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components that collectively support anomaly detection, gen-
eration, and localization. The overall workflow is illustrated in
Figure 6.

MemSeg comprises the following key components:

1. Anomaly Simulation Strategy. Anomalies are simulated dur-
ing training to improve robustness. This is achieved by gen-
erating a mask using Perlin noise and combining it with a
binarized version of the input image. The result defines the
region where artificial noise is injected. The final simulated
anomaly image 𝐼𝑠 is computed as:

𝐼𝑠 = 𝐼𝑏 + 𝐼𝑛. (5)

This strategy creates realistic-looking defects that support better
model generalization.

2. Memory Module and Spatial Attention. A memory module
stores representative patterns from non-defective data and
enables comparison with test samples using L2 distance:

𝐷𝑖 = ∥ 𝐹𝑖 −𝑀𝑗 ∥2 . (6)

Spatial attention maps are then generated from these dis-
tances to highlight abnormal areas:

𝐴𝑖 =
1
𝐶

𝐶∑
𝑐=1

𝐷𝑖,𝑐 . (7)

3. Multi-Scale Feature Fusion. Features from the encoder and
memory are fused using convolution, coordinate attention,
and upsampling. The final fused feature map is:

𝐹fused = Conv
(
UpSample

(
𝐹aligned

))
. (8)

This enhances the model’s ability to capture defects at vari-
ous spatial resolutions.

4. Loss Function. MemSeg optimizes a combined loss:

𝐿total = 𝜆1𝐿𝐿1 + 𝜆2𝐿focal, (9)

where L1 loss ensures pixel-level accuracy and Focal Loss
addresses class imbalance between normal and anomalous
regions.

5. Inference Phase. The inference process follows the same
architecture. Features extracted via a ResNet18 encoder
are compared against the memory bank using L2 dis-
tance. Spatial attention maps are generated from these dif-
ferences across multiple scales. The attention is used to
build a pixel-wise anomaly heatmap that highlights regions
deviating from learned normal patterns. This multi-scale
and memory-based analysis allows for accurate and inter-
pretable anomaly localization.

5.3 | EfficientAD

EfficientAD is a framework designed for real-time visual anomaly
detection, integrating an efficient patch descriptor network with
a student–teacher model. The architecture supports both struc-
tural and logical anomaly detection with high computational effi-
ciency. An overview is shown in Figure 7. The following sections
detail the main components and mechanisms that constitute the
EfficientAD framework.

1. Efficient Patch Descriptors. EfficientAD employs the Patch
Description Network (PDN), a compact convolutional net-
work that extracts features from 33 × 33 patches in a sin-
gle forward pass. The PDN is trained by distillation from a
deeper pre-trained classifier, minimizing the mean squared
error between its output and the original network’s features.

2. Student–Teacher Learning. Both the teacher and student
use the PDN. The teacher is trained on normal images, while
the student is trained to replicate the teacher’s outputs. The
discrepancy between the two identifies anomalies. The stu-
dent is guided by the hard feature loss:

𝐿hard = mean
(
𝐷𝑐,𝑤,ℎ ≥ 𝑑hard

)
, (10)

where 𝐷𝑐,𝑤,ℎ is the squared difference and 𝑑hard is a
quantile-based threshold. A regularization term using
ImageNet-like data prevents the student from overfitting to
anomalies.

3. Logical Anomaly Detection. A separate autoencoder learns
to reproduce the teacher’s output, capturing logical relation-
ships in the data. The student is also trained to predict this
reconstruction, thus learning systematic patterns. Logical

FIGURE 6 | MemSeg architecture [19]. Simulated abnormal underbodies are fed into an encoder. The encoded features pass through a matching
stage and combine with the memory module’s output, which stores representative features. A Contextual Information Multi-Scale Feature Fusion (CI
MSFF) module and spatial attention mechanism enhance the features. The decoder then produces a predicted sample. During training, predictions are
compared to GT underbodies, and errors are minimized using L1 and Focal Loss functions for accurate anomaly detection and segmentation.

Engineering Reports, 2026 9 of 28
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FIGURE 7 | EfficientAD architecture [21]. The model employs a
teacher-student framework where the teacher generates a global map of
the data distribution, while the student refines its learning through local
maps. This differential approach enhances the detection of intricate pat-
terns in high-dimensional data efficiently.

anomalies are then identified as discrepancies between the
student and autoencoder outputs.

4. Fusion of Anomaly Maps. EfficientAD combines local
(student–teacher) and global (autoencoder–student)
anomaly maps. To align the two, quantile-based normaliza-
tion is applied: scaling factors are computed on validation
data, followed by a linear transformation to align the
score ranges. The final anomaly map is then obtained by
averaging the normalized local and global maps.

5. Inference Phase. During inference, both teacher and student
extract patch features from test images. The difference at
each patch yields an anomaly score. A heatmap is generated
by aggregating these scores spatially. The final output is the
normalized average of structural and logical anomaly maps,
providing a comprehensive defect visualization.

5.4 | SimpleNet

SimpleNet is a network developed for detecting and localizing
anomalies in images, featuring a straightforward and efficient
architecture. It is composed of four main modules, illustrated in
Figure 8. The architecture of SimpleNet consists of four primary
components, detailed below. A separate section outlines the infer-
ence procedure during test time.

1. Feature Extractor. A pre-trained WideResNet50 is used to
extract local feature representations 𝜙𝑙,𝑖 from input images
𝑥𝑖 ∈ ℝ𝐻×𝑊 ×3, using selected levels 𝑙 to balance abstraction
and localization. Features are downscaled using adaptive
average pooling and concatenated into a unified represen-
tation 𝑜𝑖.

2. Feature Adapter. To reduce domain bias, the extracted fea-
tures 𝑜𝑖,ℎ,𝑤 are projected into a new feature space via a fully
connected layer without bias, producing adapted features
𝑞𝑖,ℎ,𝑤 = 𝐺𝜃

(
𝑜𝑖,ℎ,𝑤

)
. This adaptation better aligns the repre-

sentation with the anomaly detection task.

3. Anomaly Feature Generator. During training, anomalous
features are synthetically created by adding Gaussian noise

ϵ ∼ 𝒩
(
𝜇, 𝜎2) to the adapted features:

𝑞−
𝑖,ℎ,𝑤

= 𝑞𝑖,ℎ,𝑤 + ϵ. (11)

This enables the network to learn from both normal and per-
turbed (anomalous) examples.

4. Anomaly Discriminator. A two-layer MLP acts as a binary
classifier, trained to distinguish between 𝑞𝑖,ℎ,𝑤 (normal) and
𝑞−
𝑖,ℎ,𝑤

(anomalous). The truncated 𝑙1 loss function used is:

𝑙𝑖,ℎ,𝑤 = max
(
0, 𝑡+

ℎ
−𝐷𝜓

(
𝑞𝑖,ℎ,𝑤

))
+ max

(
0,−𝑡−

ℎ
+𝐷𝜓

(
𝑞−
𝑖,ℎ,𝑤

))
,

(12)
where 𝐷𝜓 is the discriminator, and 𝑡+

ℎ
, 𝑡−

ℎ
are truncation

thresholds guiding training toward informative features.

5. Inference Phase. At test time, the Anomaly Feature Genera-
tor is removed. An input image is passed through the Fea-
ture Extractor and Adapter to produce 𝑞𝑖,ℎ,𝑤, which the dis-
criminator evaluates to generate an anomaly map 𝑆AL

(
𝑥𝑖

)
.

The maximum score in the map can be used as a global
anomaly indicator.

6 | Experimental Setup

This section delineates the experimental framework and the
hyperparameter optimization procedures employed for training
the four ADL models considered. Each model’s hyperparameters
were meticulously tuned to enhance performance based on the
specific application requirements.

For PatchCore, ResNext101 was selected as backbone network,
with feature extraction executed at the layer2 and layer3 stages.
To manage computational overhead, the memory bank was sub-
sampled to 5% of its original size. Both the patch size and the
number of nearest neighbors were set to 3, and the embedding
dimensions for both pretraining and targeting were configured to
1024 each to ensure robust feature representation. Input images
were uniformly resized to 848 × 480 pixels to standardize the res-
olution. The experiments were conducted on three subsets of the
dataset: lower back, lower front, and lower center. Each combina-
tion of backbone network and dataset subset was systematically
evaluated to ensure consistency and reproducibility.

MemSeg was configured to utilize input images resized to 256 ×
256 pixels. Data preprocessing incorporated a structural grid size
of 8. The transparency range for anomaly detection was defined
between 0.8 and 1.0. Texture anomalies were synthesized with a
probability of 0.9 using Perlin noise. Perlin noise parameters were
set to a scale of 5, a minimum scale of 3, and a noise threshold
of 0.5. A memory bank with a capacity of 30 samples was main-
tained to facilitate efficient memory management. The model
employed a ResNet18 architecture as the feature extractor with-
out any pre-training. The loss function comprised a weighted
combination of Focal Loss and L1 Loss, with weighting coef-
ficients of 0.7 and 0.3, respectively. The Focal Loss utilized a
gamma parameter of 4, without any alpha weighting. The model
was trained with the AdamW optimizer for 15,000 iterations with
a batch size of 8, learning rate of 0.003 and a weight decay of 5 ×
10−4. A cosine warmup scheduler was employed, progressively
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FIGURE 8 | SimpleNet architecture [23]. It consists of a feature extractor and a feature adapter that processes input data to produce adapted features.
A discriminator distinguishes between normal and anomalous features, generating anomaly maps that highlight areas of concern. This architecture
effectively captures subtle anomalies in the data while ensuring computational simplicity.

adjusting the learning rate with a minimum threshold of 1 × 10−4

and a warmup ratio of 0.2.

In the implementation of EfficientAD, the model was trained
with a batch size of 1 and an initial learning rate of 0.0001.
A learning rate decay strategy was used, reducing the learning
rate to 10% of its initial value after completing 95% of the total
training iterations, which amounted to 70,000 iterations. The
training process utilized both PDN-Medium (EfficientAD-M) and
PDN-Small (EfficientAD-S) configurations for feature extraction,
with a channel size set to 384. Input images were resized to
256 × 256 pixels, and the teacher input size was configured to 512.

SimpleNet was implemented using the WideResNet50 architec-
ture as its backbone, with additional configurations allowing for
flexibility in layer selection and embedding dimensions. Specif-
ically, the model utilized layers layer2 and layer3 within its fea-
ture adapter module. Both the pre-trained and target embedding
dimensions were set to 1536, ensuring a robust feature represen-
tation. A patch size of 3 was employed to capture fine-grained
details in the input data. Training was conducted over 40 meta
epochs and 4 GAN epochs to balance learning efficiency and
model performance. The batch size was maintained at 8, and
images were resized and cropped to 322 × 322 pixels to standard-
ize input dimensions. The embedding size was configured to 256,
providing a compact yet expressive latent space. The anomaly
generator incorporated a standard deviation parameter, 𝜎, set to
0.015, introducing controlled noise to enhance the model’s abil-
ity to detect anomalies. The discriminator network was designed
with a hidden size of 1024 and comprised 2 layers, facilitating
effective discrimination between real and generated samples. A
margin of 0.5 was applied to the discriminator’s loss function to
promote robust training dynamics. Additionally, a pre-projection
setting of 1 was utilized to prepare the input features before they
were fed into subsequent layers.

The experiments were executed on a workstation equipped with
an AMD Ryzen 77,700 processor, 32GB of DDR5 RAM, and
an NVIDIA RTX3090 GPU. The models were validated using a
dataset comprising synthetically generated anomalies in sealant
application and were further evaluated on real-world anomaly
underbodies provided by plant operators during inspection pro-
cesses, thereby assessing the models’ adaptability and robustness
in identifying anomalies in sealant application across various
regions of the car underbody.

Each model in this study was configured with a distinct input res-
olution, reflecting recommended practices or common usage in
prior work. For instance, PatchCore employed a higher resolution
(848 × 480) to capture detailed patch-based features, while Mem-
Seg and EfficientAD used moderate sizes (256 × 256) to balance
accuracy and computational load. SimpleNet retained the reso-
lution of its pretrained backbone (322 × 322) to ensure consistent
feature representations.

For reproducibility, Table 3 summarizes, for each evaluated
model, the key training settings (input resolution, backbone,
training regime, and method-specific hyperparameters) together
with the hardware used for all experiments.

7 | Results

This section presents the experimental evaluation of the four con-
sidered ADL models (PatchCore, MemSeg, EfficientAD, and Sim-
pleNet) based on quantitative metrics, inference time, and quali-
tative analysis.

Quantitative metrics include AUROC (Area Under the
Receiver Operating Characteristic), AU-PR (Area Under the
Precision–Recall curve), Precision, Recall, F1-Score, and IoU
(Intersection over Union), assessed at both image and pixel
levels. Specifically, for a binary problem (anomalous vs. normal),
let 𝑌 ⊆ Ω be the set of truly anomalous pixels (GT) and let 𝑌𝜏 ⊆ Ω
be the set of pixels predicted as anomalous from the thresholded
anomaly map 𝑆 ∶ Ω → ℝ that is 𝑌𝜏 = {𝑥 ∈ Ω|𝑆(𝑥) ≥ 𝜏}. The
operating threshold is chosen, for each model, as the value that
maximizes IoU:

𝜏⋆ = arg max
𝜏

IoU
(
𝑌 , 𝑌𝜏

)
.

Under this choice, IoU is computed as:

IoU
(
𝑌 , 𝑌𝜏⋆

)
=

∣ 𝑌 ∩ 𝑌𝜏⋆ ∣

∣ 𝑌 ∪ 𝑌𝜏⋆ ∣
= TP

TP + FP + FN
,

where TP, FP, and FN are pixel-level counts.

The error mix is quantified using the false-positive share:

FP share = FP
FP + FN

, (13)
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TABLE 3 | Summary of key training settings and hardware for each evaluated model.

Model Input size Backbone/encoder Training regime Optimizer/LR
Key method-specific

settings

PatchCore 848× 480 ResNeXt101 (features
from layer2, layer3)

No gradient training;
memory bank built

from training set

— Coreset subsampling 5%;
patch size 3; k-NN= 3;
embed dim 1024/1024

MemSeg 256× 256 ResNet18 (no
pretraining)

15,000 iterations;
batch size 8

AdamW; LR 0.003; wd
5× 10−4

Memory bank size 30;
grid size 8; Perlin-based
anomaly synthesis; loss

0.7 Focal +0.3 L1
EfficientAD-S 256× 256 (teacher

input 512)
PDN-Small

(student–teacher +
AE)

70,000 iterations;
batch size 1

LR 1e-4; decay to 10% at
95% iterations

Structural + logical
anomaly maps;
quantile-based

normalization and
fusion

EfficientAD-M 256× 256 (teacher
input 512)

PDN-Medium
(student–teacher +

AE)

70,000 iterations;
batch size 1

LR 1e-4; decay to 10% at
95% iterations

Same as EfficientAD-S;
channel size 384

SimpleNet 322× 322 WideResNet50
(features from layer2,

layer3)

40 meta epochs +4
GAN epochs; batch

size 8

As in reference
implementation

Patch size 3; embed dim
1536/1536; anomaly

noise 𝜎 = 0.015;
discriminator 2 layers,

hidden 1024; margin 0.5

Note: All experiments were run on a workstation with AMD Ryzen 7 7700 CPU, 32GB DDR5 RAM, and NVIDIA RTX 3090 GPU. Inference times are measured with batch
size equal to 1.

Computed at the chosen evaluation granularity. For size-aware
FN analysis, for each test image 𝑖 with height 𝐻𝑖 and width 𝑊𝑖, let
𝑀𝑖 ∈ {0, 1, . . . }𝐻𝑖×𝑊𝑖 denote the GT mask, where any non-zero
value indicates a defect pixel. We measure defect size via the
image-normalized mask area

area ratio(𝑖) = 1
𝐻𝑖𝑊𝑖

∑
𝑝∈Ω𝑖

𝟏
[
𝑀𝑖(𝑝) > 0

]
, Ω𝑖 =

{
1, . . . ,𝐻𝑖

}
×
{

1, . . . ,𝑊𝑖

}
.

(14)
To make size bins comparable within each camera view 𝑣,
we compute view-specific tertiles on the test-set distribution
𝐴𝑣 = {area ratio(𝑖) ∶ 𝑖 ∈ 𝑣}; letting 𝑄𝑞(⋅) denote the empirical
𝑞-quantile, we set

𝑏1 = 𝑄0.333
(
𝐴𝑣

)
, 𝑏2 = 𝑄0.667

(
𝐴𝑣

)
. (15)

Each false negative is assigned to exactly one bin based on the GT
mask size of its image:

small if area ratio ≤ 𝑏1, medium if 𝑏1 < area ratio ≤ 𝑏2, large if area ratio > 𝑏2.

This percentile-based binning is distribution-aware (no arbitrary
absolute thresholds), yields approximately balanced groups per
view, and is fixed across models to enable fair comparisons; when
multiple annotations exist for the same sample, we retain the one
with the largest mask coverage.

7.1 | Image-Level Metrics

Table 4 shows that masking (†) systematically boosts perfor-
mance: every masked variant outperforms its un-masked coun-
terpart across all five metrics. Conversely, EfficientAD-S† attains

the highest recall (96.3% ± 3.8). However, this comes at the
cost of precision, resulting in an F1-Score comparable to that of
EfficientAD-M†. Paired t-tests with Benjamini–Hochberg FDR
control confirm the superiority of PatchCore† over all the other
models in every anatomical section and masking condition
(𝑝BH < 10−6). After correction, the performance gap between
EfficientAD-M† and SimpleNet† is not significant (𝑝BH > 0.05).
This indicates comparable effectiveness despite their different
precision–recall trade-offs. In this subsection, FP share is com-
puted at image level, that is, using image-wise TP/FP/FN counts
obtained from the anomalous vs. normal decision for each test
frame.

Globally, masking reduces false negatives by −33.9% and false
positives by −34.6%. By size class, the decrease is most marked
on large (−47.1%), followed by medium (−33.3%), and then small
(−25.0%). In terms of error composition, the share of FN on large
drops from 27.4% to 22.0%; that on medium remains approxi-
mately stable (∼ 34%), while small become relatively more preva-
lent (38.7% → 43.9%). At the model level, the EfficientAD-M†
and EfficientAD-S† variants show the largest reductions in total
errors (−78.1% and − 76.3%, respectively), driven by strong drops
in FPs (−87.0% and − 81.3%) and FNs (−55.6% and − 50.0%);
PatchCore† improves by −34.8% (FP −78.6%, FN −15.6%) and
MemSeg† by −22.7% (FP −23.1%, FN −22.2%). In contrast,
SimpleNet† reduces FN to zero (−100.0%) but increases FP
(+24.1%), with an increase in overall error (+11.7%), highlight-
ing a more recall-oriented operating point. On real defective
samples (Table 5), masking consistently improves image-level
performance across methods. In particular, PatchCore† shows a
marked gain over PatchCore (AUROC 97.1± 0.1 vs. 86.6± 0.7;
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TABLE 4 | Comparison of the models on the custom dataset using image-level metrics, averaged across the three viewpoints (“lower back,” “lower
front,” “lower center”).

Model AUROC AU-PR Precision Recall F1-Score

PatchCore 84.6± 7.2
(86.8± 0.9)

87.0± 7.1
(88.1± 0.7)

83.6± 8.3
(82.4± 1.5)

92.1± 2.6
(92.9± 1.4)

87.4± 4.0
(87.2± 0.4)

PatchCore† 95.6± 0.6
(96.9± 0.1)

96.9± 0.7
(97.9± 0.1)

93.6± 4.4
(92.4± 0.8)

94.6± 5.9
(94.8± 0.6)

93.8± 1.8
(93.5± 0.2)

MemSeg 92.7± 1.8
(95.3± 1.6)

95.2± 1.6
(96.2± 1.6)

88.1± 3.6
(92.0± 3.1)

91.2± 4.2
(93.0± 5.3)

89.5± 1.4
(92.4± 2.4)

MemSeg† 90.1± 4.7
(92.7± 4.0)

93.7± 3.1
(94.4± 3.7)

87.5± 8.3
(90.9± 5.0)

91.2± 4.3
(88.8± 8.2)

89.0± 4.6
(89.5± 3.8)

EfficientAD-S 70.7± 9.9
(76.5± 6.3)

77.7± 8.8
(78.4± 4.3)

68.9± 9.9
(73.6± 6.4)

94.4± 6.4
(91.7± 5.7)

78.9± 3.9
(81.5± 5.3)

EfficientAD-S† 93.2± 2.3
(95.8± 3.2)

95.2± 2.0
(96.7± 2.8)

87.3± 3.1
(93.7± 7.0)

96.3± 3.8
(96.5± 4.0)

91.5± 1.3
(94.9± 4.1)

EfficientAD-M 75.7± 7.5
(79.8± 6.7)

80.7± 8.3
(80.8± 7.1)

72.9± 7.6
(74.7± 5.8)

90.6± 7.1
(91.8± 7.3)

80.3± 2.8
(82.2± 4.7)

EfficientAD-M† 94.0± 2.0
(96.3± 2.2)

95.6± 1.7
(97.5± 1.5)

89.7± 3.3
(95.3± 4.8)

95.6± 3.5
(95.6± 4.3)

92.5± 1.8
(95.3± 2.3)

SimpleNet 81.5± 6.6
(85.3± 4.4)

86.2± 7.7
(85.8± 5.9)

79.4± 10.1
(80.6± 4.9)

89.4± 8.3
(89.6± 4.7)

83.3± 3.3
(84.7± 2.8)

SimpleNet† 94.2± 2.5
(96.6± 1.7)

96.5± 1.8
(97.6± 1.0)

93.7± 4.0
(89.9± 3.4)

90.9± 4.1
(97.0± 3.6)

92.1± 2.0
(93.2± 2.4)

Note: Models marked with † employ ROI-based binary masking (Section 4). For each metric, values outside parentheses refer to the test set, while values in parentheses
refer to the validation set. Results are reported as mean± standard deviation over three independent runs. The best results are highlighted in bold.

TABLE 5 | Comparison of the evaluated models on real defective samples using image-level metrics, averaged across the three viewpoints (lower
back, lower front, lower center).

Model AUROC AU-PR Precision Recall F1-Score

PatchCore 86.6± 0.7 87.7± 0.8 82.0± 1.1 92.9± 1.7 87.1± 0.8
PatchCore† 97.1± 0.1 98.1± 0.1 93.4± 1.1 94.4± 1.1 93.8± 0.8
MemSeg 96.3± 8.8 94.0± 13.6 97.6± 5.8 91.7± 20.4 93.2± 13.3
MemSeg† 98.3± 2.2 94.5± 7.0 88.9± 13.5 98.5± 5.0 92.8± 7.6
EfficientAD-S 87.3± 6.6 61.1± 21.5 61.8± 10.7 84.8± 15.7 70.6± 10.3
EfficientAD-S† 98.1± 2.0 93.2± 6.8 85.6± 14.5 98.5± 5.0 91.0± 8.9
EfficientAD-M 88.4± 7.1 64.1± 22.3 66.1± 15.4 80.3± 16.0 70.6± 10.3
EfficientAD-M† 97.8± 2.3 91.5± 6.9 80.5± 12.9 100.0± 0.0 88.7± 7.6
SimpleNet 95.0± 5.7 80.2± 21.5 82.9± 19.7 90.7± 12.1 84.8± 12.8
SimpleNet† 99.5± 0.8 98.0± 3.4 95.2± 7.1 100.0± 0.0 97.4± 3.8

Note: Models marked with † employ ROI-based binary masking (Section 4). Results are reported as Mean ± Standard Deviation over three independent runs. The best
results are highlighted in bold.

AU-PR 98.1± 0.1 vs. 87.7± 0.8), confirming the benefit of ROI
filtering in the presence of structural clutter. Among all mod-
els, SimpleNet† achieves the highest AUROC (99.5± 0.8) and
F1-Score (97.4± 3.8), while EfficientAD-M† and SimpleNet†
reach perfect recall (100.0± 0.0), consistent with a recall-oriented
operating point on real defects.

7.2 | Pixel-Level Metrics

As reported in Table 6, the two PatchCore variants still deliver the
strongest pixel-wise detection performance: PatchCore achieves

the highest AUROC (99.7%) and AUPRO (98.6%), while the
masked version (PatchCore†) attains the best AU-PR (34.2%) and
the highest recall (58.6%). In contrast, MemSeg provides the most
accurate spatial localization of anomalies, yielding the top values
for IoU (27.8%), precision (40.5%), and the overall best F1-Score
(43.4%).

Consistent trends are observed on real defective samples
(Table 7). In particular, PatchCore† achieves the highest AUROC
(99.9± 0.0) and AUPRO (99.4± 0.0), confirming its strong
pixel-level separability. Conversely, MemSeg† provides the best
localization quality, reaching the top AU-PR (42.4± 6.5), IoU

Engineering Reports, 2026 13 of 28
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TABLE 6 | Comparison of the models on the custom dataset using pixel-level metrics, averaged across the three viewpoints (“lower back,” “lower
front,” “lower center”).

Model AUROC AU-PR AUPRO IoU Precision Recall F1-Score

PatchCore 99.7± 0.1
(99.8± 0.0)

22.2± 7.4
(20.3± 0.1)

98.6± 0.1
(97.8± 0.1)

20.3± 5.2
(18.1± 0.1)

24.9± 7.1
(25.1± 0.6)

53.4± 11.0
(40.6± 3.0)

33.5± 7.4
(30.3± 0.1)

PatchCore† 99.2± 1.0
(99.9± 0.0)

34.2± 7.2
(28.8± 0.0)

98.5± 1.4
(99.4± 0.0)

26.3± 5.7
(22.8± 0.1)

32.5± 8.0
(29.6± 0.5)

58.6± 6.7
(51.9± 1.1)

41.3± 6.9
(37.1± 0.1)

MemSeg 94.1± 3.7
(95.6± 4.2)

33.8± 5.0
(24.5± 7.3)

89.8± 4.9
(91.1± 5.5)

27.8± 3.6
(20.8± 4.4)

40.5± 4.9
(32.0± 7.3)

47.0± 5.1
(37.5± 6.7)

43.4± 4.5
(34.3± 6.2)

MemSeg† 93.3± 4.4
(93.9± 4.6)

34.1± 4.8
(25.7± 8.7)

87.6± 5.2
(89.6± 6.3)

26.4± 3.1
(21.4± 5.4)

37.7± 5.0
(30.4± 7.4)

47.1± 6.0
(42.5± 9.7)

41.6± 3.9
(34.9± 7.5)

EfficientAD-S 99.4± 0.4
(99.5± 0.5)

8.6± 1.7
(5.3± 4.9)

93.6± 3.2
(94.6± 3.1)

9.9± 1.1
(5.7± 4.0)

12.9± 2.8
(9.2± 7.8)

32.9± 8.4
(26.3± 13.5)

17.9± 1.9
(10.5± 7.2)

EfficientAD-S† 99.7± 0.1
(99.9± 0.0)

14.2± 4.7
(8.2± 3.9)

97.9± 1.2
(98.6± 1.2)

13.4± 3.7
(9.5± 4.1)

15.6± 4.9
(11.8± 5.8)

50.4± 5.1
(46.4± 18.6)

23.4± 5.6
(17.1± 6.9)

EfficientAD-M 99.4± 0.8
(99.5± 0.4)

8.1± 1.4
(4.8± 4.2)

94.2± 3.1
(94.8± 3.2)

9.5± 1.4
(5.3± 3.0)

12.2± 1.7
(10.6± 10.6)

31.3± 7.6
(22.7± 11.0)

17.3± 2.3
(9.9± 5.4)

EfficientAD-M† 99.4± 0.5
(99.9± 0.0)

12.1± 2.9
(7.1± 3.4)

98.0± 1.0
(98.3± 1.3)

11.8± 2.6
(7.8± 2.8)

13.9± 3.1
(10.1± 5.3)

46.4± 12.2
(38.1± 13.7)

21.0± 4.1
(14.3± 4.8)

SimpleNet 94.4± 8.6
(97.7± 2.3)

7.0± 2.8
(5.3± 4.0)

88.3± 5.2
(90.6± 6.5)

0.0± 0.0
(0.0± 0.0)

10.0± 4.0
(9.8± 7.0)

35.3± 10.2
(25.1± 12.5)

15.2± 5.2
(11.0± 6.8)

SimpleNet† 97.8± 2.7
(99.7± 0.2)

9.7± 2.4
(6.7± 2.5)

96.1± 1.6
(97.5± 1.7)

0.0± 0.0
(0.0± 0.0)

12.5± 3.1
(11.2± 5.5)

38.5± 10.5
(26.0± 10.1)

18.4± 3.9
(14.1± 4.8)

Note: Models marked with † employ ROI-based binary masking (Section 4). Values outside parentheses refer to the test set; values in parentheses refer to the validation set.
Results are Mean ± Standard Deviation over three independent runs. The best results are highlighted in bold.

TABLE 7 | Comparison of the evaluated models on real defective samples using pixel-level metrics, averaged across the three viewpoints (lower
back, lower front, lower center).

Model AUROC AU-PR AUPRO IoU Precision Recall F1-Score

PatchCore 99.8± 0.0 20.5± 0.2 97.9± 0.0 18.1± 0.3 25.4± 1.6 39.7± 4.2 30.4± 0.4
PatchCore† 99.9± 0.0 28.8± 0.0 99.4± 0.0 22.8± 0.1 29.8± 0.1 51.8± 0.9 37.1± 0.1
MemSeg 94.7± 4.7 36.7± 11.2 85.3± 9.3 29.2± 9.0 39.9± 12.1 51.7± 9.6 44.6± 11.7
MemSeg† 95.3± 4.4 42.4± 6.5 86.4± 10.1 31.3± 4.0 42.2± 6.4 56.2± 9.3 47.6± 4.7
EfficientAD-S 99.6± 0.2 12.5± 1.1 96.8± 1.5 12.7± 1.5 15.5± 1.8 41.7± 6.2 22.5± 2.3
EfficientAD-S† 99.7± 0.2 19.1± 5.0 94.1± 9.0 17.1± 4.5 19.8± 5.3 56.3± 11.8 28.9± 6.8
EfficientAD-M 99.7± 0.1 12.0± 3.0 98.3± 0.8 12.5± 2.7 15.7± 4.2 40.0± 7.0 22.1± 4.2
EfficientAD-M† 99.3± 0.7 15.6± 5.3 93.6± 8.5 14.3± 4.4 17.2± 4.3 48.0± 18.4 24.7± 6.7
SimpleNet 99.6± 0.1 9.8± 1.9 96.6± 1.6 0.1± 0.0 13.4± 2.2 38.5± 16.3 19.3± 3.4
SimpleNet† 99.3± 0.6 11.3± 2.2 91.1± 11.2 0.1± 0.0 13.2± 3.2 42.5± 11.6 19.7± 4.1

Note: Models marked with † employ ROI-based binary masking (Section 4). Results are reported as Mean± Standard Deviation over three independent runs. The best
results are highlighted in bold.

(31.3± 4.0), precision (42.2± 6.4), and F1-Score (47.6± 4.7).
EfficientAD-S† attains the highest recall on real samples
(56.3± 11.8), at the cost of lower precision and IoU, indicating
a more recall-oriented operating point.

In summary, PatchCore is the most reliable choice when the pri-
mary goal is to detect whether a pixel is anomalous at all. Mean-
while, MemSeg excels when fine-grained segmentation quality
is required. In this subsection, FP share is computed at pixel

level that is, using pixel-wise TP/FP/FN counts derived from the
thresholded anomaly map and the GT mask.

7.3 | Inference Time

Despite the superior accuracy of PatchCore and MemSeg in
pixel-level metrics, EfficientAD-S and EfficientAD-M distinguish
themselves with significantly faster inference times, as shown in
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TABLE 8 | Average per-image inference time (s/image) for each
model, measured on a single GPU with batch size equal to 1.

Model
Inference time

(s/image)

PatchCore 3.33
MemSeg 0.17
EfficientAD-S 0.09
EfficientAD-M 0.10
SimpleNet 0.26

Table 8. In particular, EfficientAD-S achieves the fastest inference
time at 0.09 s per image, followed closely by EfficientAD-M at
0.10 s per image. In contrast, PatchCore is considerably slower,
with an inference time of 3.33 s per image. Despite its high
accuracy, this may limit its practicality for real-time applica-
tions. MemSeg maintains a moderate inference time of 0.17 s per
image, balancing speed and accuracy effectively. The application
of mask filtering (†) significantly enhances PatchCore and Mem-
Seg’s pixel-level performance. AUROC increases by 1.4% and
0.5%, respectively.

7.4 | Qualitative Results

The qualitative analysis, depicted in Figures 9–11, complements
the quantitative results by providing visual insights into the mod-
els’ anomaly detection capabilities.

PatchCore and MemSeg produce more precise and clearly defined
segmentations of defect regions with minimal noise. This makes
them well-suited for tasks requiring fine-grained detection. In
contrast, EfficientAD-M and SimpleNet generate noisier outputs,
particularly when identifying finer details. This highlights lim-
itations in their defect localization capabilities within complex
environments. For instance, Figure 9b shows MemSeg’s pre-
cise detection of intricate defects, whereas Figure 9c illustrates
EfficientAD-M’s struggle with subtle anomalies, resulting in scat-
tered noise around defect boundaries.

Finally, Figures 12–14 illustrate representative misclassified
samples for each underbody region, showing the original input
image, the corresponding GT mask, and the anomaly heat-map
generated by every model side-by-side.

8 | Discussion

This section explains the experimental results and discusses
deployment, real-world integration, current limitations, and
future work.

8.1 | Model Performance and Interpretation

The qualitative results reveal distinct differences in how models
handle the spatial characteristics of anomalies.

• Model segmentation behavior. PatchCore and MemSeg
exhibit coherent and localized segmentation behavior, pro-
ducing dense and well-contoured anomaly maps. This

makes them particularly suitable for applications requiring
accurate spatial resolution, such as manual inspection or
robotic correction of fine-grained defects. Both models
clearly benefit from mask filtering: removing irrelevant
regions before inference reduces noise and yields more
focused, interpretable predictions.

• Challenges in detection precision. Conversely, EfficientAD-M
and SimpleNet tend to produce noisier heatmaps, often
struggling to isolate defect boundaries in the presence of sub-
tle or low-contrast anomalies. These limitations may stem
from architectural differences or a reduced ability to incor-
porate contextual information. In some cases, the models
flag large, imprecise regions, which may trigger unnecessary
interventions or lead to missed corrections. In production
settings requiring fine spatial precision, such behavior may
reduce trust in the system, highlighting the need for architec-
tures tailored to localization rather than global classification.

• Common causes of misclassification. Many missed detections
are attributable to recurring factors such as small defect
size or low color contrast. Most errors originate from a few
tens of pixels, whose signal is attenuated during patch-based
processing. In addition, defect colors often fall within the
typical RGB variation of painted metal, resulting in feature
distances below the detection threshold. Consequently, the
model may fail to distinguish the defect from the surround-
ing material. Illumination changes can also introduce dis-
tributional shifts, further degrading performance and poten-
tially necessitating model tuning or retraining.

• Influence of structural noise. Structural features such as ribs,
welds, and specular reflections introduce high intra-class
variance, forcing models to raise detection thresholds and
suppressing subtle anomalies. For instance, in the lower
part of Figure 12, PatchCore and MemSeg are misled by
spurious reflections, missing the sealing error. Likewise, in
the lower center of Figure 13, a small sealing error yields
uniform heatmaps across all models, as feature descriptors
vary more within the background than between the back-
ground and the defect. In addition to the quantitative results,
Figures 12–14 allow for a more detailed analysis of mis-
classifications. These examples highlight the main difficul-
ties encountered by models in different underbody regions.
Small defects or defects with low chromatic contrast are
often attenuated in patch-based feature descriptors, while
structural reflections and illumination variations can gener-
ate false positives, causing models to mistake structural ele-
ments for real anomalies. In particular, PatchCore and Mem-
Seg tend to produce consistent segmentations but can be
fooled by structural noise, while EfficientAD and SimpleNet,
still maintaining good image-level performance, generate
noisier and less precise heatmaps in areas of detail. Inte-
grating these qualitative observations with quantitative met-
rics provides a more complete view of the strengths and
limitations of different approaches, clarifying the trade-offs
between overall accuracy and fine-grained localization capa-
bilities.

• Practical implications of FP/FN balancing. Error-balancing
analysis (FP_share derived from Precision/Recall) clarifies
the operational behavior: most methods are FP-dominated
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FIGURE 9 | Qualitative results for the lower back viewpoint. For each model, the panels show, from left to right, the original input image, the
Ground-Truth (GT) mask, and the predicted anomaly heatmap. Defects in the input are marked with green indicators. When reported, IoU values refer
to the thresholded heatmap at the operating point defined in Section 7.
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FIGURE 10 | Qualitative results for the lower center viewpoint. For each model, the panels show, from left to right, the original input image, the
Ground-Truth (GT) mask, and the predicted anomaly heatmap. Defects in the input are marked with green indicators. When reported, IoU values refer
to the thresholded heatmap at the operating point defined in Section 7.
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FIGURE 11 | Qualitative results for the lower front viewpoint. For each model, the panels show, from left to right, the original input image, the
Ground-Truth (GT) mask, and the predicted anomaly heatmap. Defects in the input are marked with green indicators. When reported, IoU values refer
to the thresholded heatmap at the operating point defined in Section 7.
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FIGURE 12 | Representative misclassified samples for the lower back viewpoint. For each model, the panels show, from left to right, the original
input image, the Ground-Truth (GT) mask, and the predicted anomaly heatmap. Green markers highlight the suspected defect location in the input.
For normal samples incorrectly flagged as anomalous, short notes indicate the main source of false positives (e.g., reflections or structural edges).

Engineering Reports, 2026 19 of 28
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FIGURE 13 | Representative misclassified samples for the lower center viewpoint. For each model, the panels show, from left to right, the original
input image, the Ground-Truth (GT) mask, and the predicted anomaly heatmap. Green markers highlight the suspected defect location in the input.
For normal samples incorrectly flagged as anomalous, short notes indicate the main source of false positives (e.g., reflections or structural edges).
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FIGURE 14 | Representative misclassified samples for the lower front viewpoint. For each model, the panels show, from left to right, the original
input image, the Ground-Truth (GT) mask, and the predicted anomaly heatmap. Green markers highlight the suspected defect location in the input.
For normal samples incorrectly flagged as anomalous, short notes indicate the main source of false positives (e.g., reflections or structural edges).
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at the pixel level (consistent with lower pixel-wise preci-
sions at high coverage), while MemSeg shows the lightest
FP load; at the image level, PatchCore† is nearly balanced,
EfficientAD is more aggressive (more FP), and SimpleNet†
is more conservative (more FN). These results suggest prac-
tical guidelines for usage: PatchCore† when a reliable “de-
fect yes/no” decision on the image is needed; MemSeg when
fine-grained segmentation is the priority; EfficientAD when
latency is the main constraint and a higher number of false
alarms is acceptable; SimpleNet† when precision needs to
be preserved while accepting lower recall. In addition, the
size-aware analysis of errors across defect-area bins indi-
cates that larger anomalies benefit more from masking than
small, low-contrast ones, further motivating future work on
explicit, size-dependent threshold tuning in collaboration
with domain experts.

• Sensor and lighting configurations. While the current study
focuses on a single, fixed RGB viewpoint to meet the con-
straints of the inspected sealing cell, different sensor and
lighting configurations can further improve coverage and
robustness in production. First, a multi-view RGB setup
(e.g., two to four synchronized viewpoints) can mitigate
viewpoint-dependent occlusions and appearance variations,
particularly in the lateral and frontal sealant paths, which
are partially unobservable from the current camera position-
ing. In this case, anomaly detection can be performed per
view and combined via late fusion, for example, by aggre-
gating image-level scores (maximum/average) and merging
the anomaly maps pixel-by-pixel after geometric alignment.
Second, RGB-D detection can provide complementary geo-
metric clues that are difficult to infer from RGB alone, such
as thickness-related irregularities or geometry-dependent
defects near structural elements. Finally, designing a good
lighting system can improve results: improving uniformity
and reducing specular highlights through controlled light-
ing, stable mounting, and consistent exposure settings can
reduce photometric domain shift and stabilize anomaly
maps over time. These options introduce additional inte-
gration costs (calibration, synchronization, maintainabil-
ity) and latency constraints; however, they provide a clear
roadmap for extending the current baseline when full
underbody coverage and greater photometric robustness are
required.

To summarize the findings across all evaluation dimensions,
the comparative analysis reveals nuanced trade-offs between
detection accuracy, localization capability, and computational
efficiency. Each evaluated model exhibits distinct strengths:
while EfficientAD-M and SimpleNet offer faster inference and
solid image-level performance, MemSeg and PatchCore excel
in pixel-wise localization, making them more suitable for tasks
requiring precise spatial guidance.

8.2 | Deployment Considerations
and Real-World Integration

This section outlines the practical requirements and trade-offs
involved in deploying ADL systems within real-world
manufacturing environments, particularly in the context of
the MANAGE 5.0 project.

• Trade-offs between accuracy and localization. While
EfficientAD-M achieves the highest image-level AUROC
and AU-PR, it slightly compromises on pixel-level IoU
compared to MemSeg. This indicates that EfficientAD-M is
better suited for applications prioritizing overall anomaly
detection accuracy, whereas MemSeg is preferable for
tasks requiring precise localization. These findings reveal
important trade-offs between accuracy and computational
efficiency. EfficientAD-M offers a compelling balance
between high image-level performance and rapid inference,
making it suitable for real-time applications. However,
further refinements are needed to reduce output noise for
scenarios demanding precise localization. Similarly, Sim-
pleNet demonstrates strong image-level metrics but exhibits
lower pixel-level precision, indicating a need for improved
segmentation capabilities.

• Architectural configurations for real-time deployment. For
deployment, ADL systems must be accurate, fast, and com-
pliant with production line timing and structural con-
straints. In sealant application, there is typically a short but
usable interval between the sealing process and the opportu-
nity for inspection or correction. This time window, defined
by the car body’s transit from the sealing station to the next
workstation, allows for near real-time detection. A practical
baseline setup involves a fixed RGB camera in the sealing
cell, connected to an industrial PC with a high-performance
GPU. This configuration supports frame-by-frame inference
with minimal latency. To improve coverage, particularly of
lateral and frontal regions, a more advanced multi-camera
RGB system can be employed. This would capture the
underbody from multiple angles, ensuring full visibility of
sealant paths and increasing the likelihood of detecting sub-
tle anomalies.
In a representative deployment, the system could consist of
4 IP-based cameras (e.g., NDI-HX compliant, Full HD, ≥ 80˚
FOV, IP54-rated) anchored to the cell frame via adjustable
mounts. These cameras would connect to a Gigabit PoE+
switch, which in turn connects to an industrial-grade PC. A
practical deployment setup can be supported by a mid-range
machine, for instance equipped with an Intel Core i7-12,700
or AMD Ryzen 77,700 CPU, 32 GB of RAM, and an NVIDIA
RTX 3070 or RTX 4070 GPU. This hardware configuration
offers a cost-effective balance between processing power and
scalability, and is well-suited to the performance require-
ments of near real-time ADL applications. Based on empiri-
cal inference benchmarks conducted during the experimen-
tal analysis on a similar machine (equipped with an NVIDIA
RTX 3090), such a system is expected to achieve inference
times in the range of 90–170 milliseconds per frame for
the evaluated models. This estimate depends on the spe-
cific architecture used (e.g., MemSeg, EfficientAD-M), the
image resolution, and the batch size, but remains within
the acceptable processing window available between seal-
ing and subsequent inspection stages in a typical automotive
production line. From an XR viewpoint, this translates into
an end-to-end latency budget (acquisition, inference, ren-
dering on the headset) on the order of a few hundred mil-
liseconds, which comfortably fits within the time window
between sealing and manual correction. In the MANAGE 5.0
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use case, this is sufficient to keep anomaly overlays synchro-
nized with the physical underbody motion, while preserving
the accuracy–latency trade-off required for real-time deci-
sion support. Camera positioning and angle are also criti-
cal to ensuring full coverage; multi-view capture improves
detection robustness for lateral and frontal sealant paths.
Standard CAT6 Ethernet cabling provides both power (PoE)
and data transmission, simplifying integration into the exist-
ing factory infrastructure.

• Enhancements via additional sensing. A further enhance-
ment involves incorporating additional sensing modalities.
For instance, depth cameras can provide 3D geometric infor-
mation about sealant thickness, one of the most critical
quality indicators not detectable with RGB imaging alone.
Mounting such sensors on collaborative robots would allow
for flexible viewpoint selection and enhanced defect charac-
terization, albeit at the cost of increased system complexity
and expense.

• Timing and process integration. Once anomalies are detected,
effective visualization is essential for human–machine col-
laboration. Traditional displays (e.g., monitors, tablets) may
distract operators from the workspace, introducing delays.
A more integrated option is XR (AR/MR) headsets, such as
HoloLens 2, which enable operators to see anomaly data
overlaid in their field of view. These wearable devices sup-
port contextualized, hands-free guidance during inspection
and repair [45–47].

• Operator feedback and XR integration. Several studies high-
light the ergonomic and operational benefits of XR-based
inspection interfaces. For example, Seeliger et al. [45] show
that AR headsets improve task performance and user experi-
ence by delivering contextual visual information. Similarly,
Muñoz et al. [47] found that MR interfaces enhance comfort
and reduce cognitive load compared to traditional displays.
Calandra et al. [46, 48] proposed various AR metaphors
(3D arrows, text panels, and video overlays) that can be
dynamically adapted based on the defect type. Building
on these prior findings, several visual encoding strategies
for XR integration are being evaluated within MANAGE
5.0. These include localized highlighting of the detected
anomaly directly on the underbody surface, directional indi-
cators designed to guide the operator’s attention toward the
affected region, and heatmap-style visualizations presented
within the XR interface. These metaphors are intended to
support rapid and intuitive understanding while preserving
unobstructed visibility of the physical scene. In line with
these findings, the design of the XR interface in MANAGE
5.0 will explicitly account for human factors such as limiting
visual clutter, using interpretable color scales and metaphors
for defect severity, and preserving operator trust by ensuring
that overlays remain stable, consistent, and clearly distin-
guishable from background structures. These considerations
are essential to avoid overloading the user and to foster effec-
tive human–AI collaboration in the production workspace.

The ultimate objective of the MANAGE 5.0 project is to identify
the most effective ADL model for XR-based quality inspection.
The selected model’s outputs will guide the operator with con-
textualized visual cues. To achieve this, the system must operate

in real time, providing timely feedback and enabling interven-
tion during production [45]. Based on the observed trade-offs,
MemSeg emerges as the most suitable choice, offering a balance
between accurate localization and sufficiently fast inference to
support real-time human–machine collaboration.

However, fully realizing this potential requires addressing tech-
nical challenges beyond model selection. These include improv-
ing spatial alignment between digital and physical environments
(e.g., via object tracking or SLAM), developing adaptive visualiza-
tions based on defect types, and ensuring robust inference under
typical industrial variability such as lighting changes, vibrations,
and reflective surfaces. With these capabilities, XR-enhanced
ADL systems can become integral components of automotive
quality control.

8.3 | Model Generalizability and Transferability

Ensuring long-term model reliability in industrial scenarios
requires more than just accuracy on a fixed dataset and instead
calls for adaptive strategies that respond to evolving production
contexts.

• Handling domain shifts. Robust model generalization and
transferability in industrial inspection need more than basic
components; they require a structured workflow for data
collection, annotation, and model adaptation. Pre-trained
frameworks excel at the distributions they were trained on,
but when real-world conditions change, their internal rep-
resentations may no longer capture the nuances of the new
context. When domain shift occurs, e.g., due to camera angle
changes, new parts, line modifications, or lighting variation,
the features from pre-trained backbones can become less
representative. This often leads to a degradation in perfor-
mance metrics such as AUROC, IoU, and F1-score, as well
as an increase in false positives and false negatives.

• Adaptation through targeted fine-tuning. To restore high lev-
els of accuracy, it is therefore essential to carry out a targeted
acquisition campaign. This involves collecting new images,
both “normal” and defective, in the updated context, anno-
tating them using the same scheme applied during the origi-
nal training phase, and fine-tuning the existing weights. This
helps maintain the capabilities already learned while adapt-
ing to the new domain.

• Minimizing annotation effort. To contain labeling costs and
accelerate production release, transfer learning and domain
adaptation techniques can be combined. These approaches
reduce the amount of labeled data needed, although they
do not completely eliminate the collection of target-specific
examples.

• Continuous training and monitoring. The integration of
a continuous training and evaluation pipeline is key to
long-term reliability. This includes automatic monitoring of
low-confidence samples during production, dataset version-
ing based on hardware or software changes, and periodic
scheduling of retraining jobs for updated models. In this con-
text, integration with lightweight IoT communication pro-
tocols such as MQTT can enable real-time transmission of
serialized detection results (e.g., using Google Protobuf) to
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external visualization or decision-making modules, enhanc-
ing system interoperability.

• Hardware flexibility and sensor integration. From a deploy-
ment viewpoint, the fixed-camera setup catches large
anomalies visible to humans, reducing the need for con-
tinuous manual oversight. However, capturing finer or less
obvious defects (i.e., those that even trained operators might
miss) may require enhanced viewpoint flexibility. This can
be achieved either by repositioning static cameras closer to
the inspected surfaces or, as previously discussed, mount-
ing additional sensors on a robotic arm to enable on-demand
scanning and increased visual detail.

• Sensing occluded sealants. Finally, in cases where the sealant
is occluded due to subsequent processes (e.g., PVC coat-
ing), inspection becomes infeasible for both human and
machine vision. Building on the previous discussion of addi-
tional sensing modalities, combining RGB and depth data
could enable indirect assessment of hidden features. For
instance, the mentioned robotic arm could be equipped
with an RGB-D camera (e.g., Intel RealSense) to estimate
sealant thickness through the coating layer and flag poten-
tial anomalies that are currently undetectable.

• Scaling to other lines and defect types. Beyond sealant
inspection, scaling the framework to different produc-
tion lines or defect types will require addressing a num-
ber of practical constraints. For instance, the production
layout must include a dedicated inspection stage with
enough physical space for camera positioning and con-
trolled lighting. The workpiece must remain consistently
aligned with respect to the viewpoint, and differences
in geometries or process cycles across parts need to be
accounted for. This implies identifying distinct workpiece
types, managing inference-time model selection or config-
uration, and collecting targeted training data accordingly.
Furthermore, defining which defects are within the scope
of detection—and excluding irrelevant variations through
masking strategies—is essential to avoid false positives and
ensure operational reliability in broader industrial contexts.

These additions would extend the applicability of the system to
more complex scenarios and help maintain high levels of detec-
tion accuracy over time.

8.4 | Limitations and Future Work

The present study focuses on evaluating ADL algorithms in a
complex, realistic industrial scenario. However, there are a few
limitations that should be addressed in future research to gener-
alize the present results.

• Limited real-world defect variability. The most intrinsic con-
straint is the scarcity of real-world anomaly data, which
introduces bias and restricts the ability to accurately
predict model performance in production environments.
Although synthetic defects are an effective tool for expand-
ing defect class coverage and reducing annotation costs,
they do not always reproduce the domain-specific com-
plexity observed online. In this study, artificial anomalies
were generated through inpainting and texture resynthe-
sis from defect-free frames, systematically distributed along

the sealant trajectories in the underbody. This approach
was necessary given the limited availability of real defect
samples but has inherent limitations: synthetic examples
may fail to capture fine scratches, low-contrast discontinu-
ities, or complex geometries near welds and irregular sur-
faces, where three-dimensional material variations are sig-
nificant. As discussed in Section 4.3, these limitations stem
from the lack of physical process modeling and photomet-
ric variability. This issue was partially mitigated through the
generation of synthetic anomalies, validated with domain
experts. Future work could address these limitations by com-
bining active learning strategies (i.e., incrementally incor-
porating newly observed anomalies during deployment)
with more realistic simulation and acquisition setups, such
as physics-informed rendering, variable illumination con-
ditions, and higher-resolution imaging, to produce more
diverse and representative datasets of real defects.

• Size-dependent threshold tuning and expert-driven calibra-
tion. The size-aware analysis of missed defects highlighted
that different anomaly scales (small, medium, large) exhibit
distinct error patterns and benefit differently from mask-
ing. Turning these qualitative observations into explicit,
size-dependent thresholding policies would be valuable for
practitioners. However, defining such policies requires a
joint calibration phase with domain experts at the target
production line, since acceptable FP/FN trade-offs, produc-
tion rates, and safety margins are plant-specific rather than
universal. For this reason, fixed thresholds were intention-
ally not prescribed in this work, and size-aware tuning,
carried out in collaboration with process engineers during
pre-deployment integration, can be identified as an explicit
avenue for future work.

• Lack of datasets for supervised learning. Another data-related
limitation is the lack of a representative dataset contain-
ing diverse real-world anomalies, which hindered the explo-
ration of supervised learning approaches. These approaches
typically offer higher accuracy when well-labeled data is
available. Future work should focus on creating a structured,
statistically representative dataset to enable comprehensive
experiments with supervised models, particularly for sealant
defect localization tasks.

• Constraints in underbody extraction. From a hardware view-
point, the underbody extraction process is another practical
constraint. A tailored solution would enhance both accuracy
and processing speed. Alternatively, utilizing external equip-
ment (e.g., photoelectric sensors) to trigger frame acquisition
would also be advantageous, especially in facilities where
such equipment is already installed. This is particularly rel-
evant since motion on the conveyor can vary across different
passes.

• Incomplete visual coverage. While the current camera view-
point was selected to maximize visibility of sealant pat-
terns, a few lateral and frontal areas of the underbody
remained unobservable. Future developments will there-
fore aim to overcome this limitation by implementing a
multi-view version of the system, which would allow mon-
itoring of the entire area where the sealant is applied by
industrial robots. To this end, in addition to determining the
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minimum number and optimal positioning of the additional
viewpoints, the best method for combining the information
from the various cameras will also need to be studied. Possi-
ble approaches include modifying models to process multi-
ple synchronized underbodies simultaneously, or perform-
ing inference separately for each view and combining the
outputs intelligently. Suitable fusion strategies will need to
be developed, either by adapting models to process multi-
ple synchronized views or by combining separate inferences
through late fusion techniques.

• Lack of defect classification. At the modeling level, extend-
ing anomaly detection models to classify the type of anomaly
by leveraging object detection methods and incorporating
domain-specific knowledge could improve system utility
by enabling more advanced diagnostics. These capabilities
would be particularly useful for training plant operators to
recognize and address specific defect types during produc-
tion.

• System feedback and real-time warnings. In real-time manu-
facturing contexts, it would also be interesting to integrate
anomaly maps into a system that alerts plant operators of
potential issues in sealant dispensing robots. By correlating
anomalies with specific robots and establishing error fre-
quency thresholds, automatic warnings could be triggered.
This would enable rapid intervention and reduce production
downtime.

• Lighting variability and photometric robustness. Although
training and test data were collected under a consistent
imaging protocol, future deployments in settings with dif-
ferent lighting will benefit from domain adaptation and
illumination-invariant feature learning to mitigate photo-
metric shifts.

• Scale variability and illumination-invariant representations.
Beyond ROI masking, two complementary directions
can further increase robustness in industrial deploy-
ments: explicit multi-scale feature aggregation and
illumination-invariant representations. First, small, or
low-contrast sealant discontinuities are particularly sensi-
tive to the effective receptive field and to downsampling in
patch-based pipelines. Future work will therefore explore
multi-scale aggregation strategies (e.g., FPN-style fusion or
multi-level pooling) to better preserve fine details across
viewpoints, including systematic ablations on the number
of backbone levels and fusion rules. Second, illumination
changes and specularities can induce photometric domain
shift, increasing false positives on reflective structures
and suppressing subtle defects. To mitigate this, we will
consider (i) photometric augmentation during training
(brightness/contrast/gamma and color temperature shifts),
(ii) lightweight color-constancy or contrast-normalization
preprocessing suitable for real-time pipelines, and (iii) rep-
resentation learning choices that encourage invariance (e.g.,
self-supervised pretraining with photometric perturbations).

• Hyperparameter sensitivity and deployment tuning. Finally,
further research should explore the influence of differ-
ent hyperparameters on performance metrics. Understand-
ing the trade-offs between inference speed and detection
accuracy will aid in assessing the practical viability of

each model for real-time industrial applications. Automated
tuning methods, such as Bayesian optimization or adaptive
search, could help identify robust configurations across vary-
ing deployment scenarios.

• Broader applicability to other processes. While this study
focuses on sealant application, the framework’s core com-
ponents (synthetic anomaly generation, ROI masking, and
inference-time filtering) can be adapted to a variety of man-
ufacturing processes where quality control relies on identify-
ing rare visual anomalies under real-time constraints. Repre-
sentative examples include weld seam inspection (detecting
porosities or discontinuities), paint quality control (sagging,
bubbles, or thickness variations), component assembly (mis-
alignments or missing parts), and plastic molding (flashes
or incomplete injections). The same principles also extend
to more complex processes such as metal casting, precision
machining (e.g., milling or turning, where micro-scratches
or dimensional deviations must be detected), and electron-
ics manufacturing, where small soldering defects or missing
microcomponents can affect reliability. In all these cases,
ROI-based analysis and domain-specific synthetic data gen-
eration help to focus detection on functionally relevant areas
and improve generalization across process types. However,
several domain-specific challenges remain. Variable light-
ing, reflections, and surface gloss in industrial environments
may require periodic model recalibration and adaptation of
the acquisition setup. Accuracy can be further enhanced by
integrating RGB-D or multispectral imaging to better esti-
mate geometry and differentiate material properties, espe-
cially on metallic or textured surfaces. Finally, to ensure that
the model’s behavior aligns with process requirements, the
inspection scope should be clearly defined in advance, spec-
ifying target defect types, acceptable size thresholds, and
required levels of granularity.

Overall, addressing these limitations through targeted improve-
ments in data acquisition, model design, sensing strategies, and
integration mechanisms will be essential to ensure the robustness
and scalability of ADL systems in real industrial environments.

9 | Conclusion

This work investigated the effectiveness of state-of-the-art deep
learning models for ADL in automotive quality inspection, with
a specific focus on sealant application. It evaluated four promi-
nent ADL architectures, namely PatchCore, MemSeg, Efficien-
tAD, and SimpleNet, using a custom dataset that included both
synthetic and real-world defects captured through a strategically
positioned camera framing car underbodies.

The experimental results demonstrate that MemSeg and Patch-
Core outperform other models in pixel-level anomaly segmen-
tation, achieving high IoU scores. This outcome highlights the
capability of these models to accurately localize fine-grained
defects such as sealant misalignment and holes. Conversely,
EfficientAD-M and SimpleNet showed superior performance
in image-level anomaly detection metrics, including AUROC
and AU-PR, while also exhibiting significantly lower inference
times. These characteristics make EfficientAD-M and SimpleNet
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particularly suitable for real-time applications where rapid
decision-making is essential.

The incorporation of synthetic defect generation played a cru-
cial role in mitigating the challenge of data scarcity, enhanc-
ing the models’ ability to generalize to unseen anomalies. How-
ever, reliance on synthetic data introduces certain limitations, as
real-world defects may exhibit greater complexity and variability.
Despite these constraints, the findings underscore the potential
of advanced ADL models to substantially improve quality control
processes, thereby reducing the incidence of unresolved defects
and enhancing overall production efficiency.

This study was carried out within the framework of the MANAGE
5.0 project, which aims to apply ADL techniques to the produc-
tion line of a car manufacturing plant to improve quality control
and assist operators in correcting potential defects. Future devel-
opments will include the integration of the output of an ADL
system into an XR platform that will display detected defects in
real-time directly on the car underbodies using holographic tech-
nologies. This integration will guide operators in their corrective
actions, helping to reduce operator workload and the likelihood
of missed defects. Ultimately, the system will be deployed on a
real automotive production line to evaluate its performance in a
practical, real-world scenario.

Taken together, the findings presented in this paper support
the practical feasibility of deploying ADL systems for auto-
motive quality inspection, particularly when combined with
XR-based operator support. Among the evaluated models, Mem-
Seg emerges as the most suitable candidate for the MAN-
AGE 5.0 use case, providing a strong balance between accu-
rate defect localization and sufficiently fast inference to enable
real-time interaction on the production line. From a method-
ological standpoint, the study also leverages ROI-based masking,
size-aware error analysis, and statistically grounded model com-
parison to systematically characterize model performance under
industrial constraints, providing a structured basis for future
deployment-oriented adaptations.

To realize this integration in a real-world setting, further work is
required to address both technical and non-technical aspects. Key
technical priorities include improving spatial alignment between
digital content and physical components (e.g., through SLAM or
object tracking), refining adaptive visualizations based on defect
type, and ensuring robust performance under typical indus-
trial variability such as noise, lighting, and surface reflectance.
Additionally, deployment across production lines requires assess-
ing layout constraints (e.g., inspection space, camera place-
ment, lighting), managing workpiece variability, and applying
use-case-specific masking strategies to reduce false detections.

At the same time, a critical consideration is deployability. While
some open-source ADL models can be embedded directly in com-
mercial XR platforms, others may require additional licenses
or face compatibility constraints. Understanding which archi-
tectures are legally and technically viable for industrial inte-
gration is essential. In parallel, potential collaborations with
robotics and IoT teams could further enhance system integration,
enabling real-time data exchange, adaptive inspection strategies,
and tighter coupling with existing automation infrastructure.

Finally, from a practical standpoint, it is important to assess the
economic trade-offs between deployment and maintenance costs,
such as hardware, software, and operator training, on the one
side, and the potential benefits, including reduced rework, fewer
downstream failures, and improved inspection throughput, on
the other side. A cost–benefit analysis tailored to the specific
manufacturing context will be fundamental to driving adoption
and ensuring long-term sustainability.
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