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Abstract—Corrosion has a significant impact on the global
economy, leading to high costs for preventing damage, repairing
deterioration, and replacing defective components. Industry 4.0
brings computational vision as a key role for visual inspection of
assets ensuring quality and reducing the downtime. This study
conducts a comparative analysis of computer vision techniques
for detecting corrosion, with an emphasis on segmentation neural
networks built upon U-Net architectures, focusing on the trade-
off between segmentation accuracy and computational efficiency.
We benchmark four U-Net-based segmentation models using pre-
trained backbones: MobileNetV2, ResNet152, InceptionV4 and
VGG16 on a publicly available data set of corroded metallic
surfaces. All models are trained using the full dataset and
evaluated based on per-image F1-score and training time. Our
results show that InceptionV4 achieves the highest F1-score
(0.895), while MobileNetV2 offers a comparable score (0.892)
with nearly half the training time. These findings suggest that
lightweight backbones can deliver accurate segmentation with
significantly reduced computational cost, making them promising
candidates for near real-time industrial inspection systems under
resource constraints.

I. INTRODUCTION

Corrosion represents a significant economic burden globally.
In the United States, a landmark report titled ”Corrosion Cost
and Preventive Strategies in the United States” [1] estimated
that corrosion-related expenses accounted for 4.2% of the
gross national product (GNP) in 1975 and 3.1% in 1998—fig-
ures that, for comparison, approached the country’s public
spending on education in the same year (4.8% of GNP)1.
Considering more recent studies, it’s important to highlight
that the problem remains critical on a global scale. According
to the Association for Materials Protection and Performance
(AMPP), corrosion-related costs now exceed US$2.5 trillion
annually, equivalent to approximately 3.4% of global GDP
[2], with U.S. losses alone surpassing US$450 billion per
year. Iannuzzi and Frankel [3] similarly estimate that corrosion
impacts account for 3% to 4% of global GDP, reinforcing the
need for effective mitigation strategies.

In response to this persistent challenge, international or-
ganizations have intensified awareness and advocacy efforts.
One example is the World Corrosion Awareness Day 2025,

1https://tradingeconomics.com/united-states/
public-spending-on-education-total-percent-of-gdp-wb-data.html

promoted by AMPP in collaboration with the World Corro-
sion Organization (WCO) and the European Federation of
Corrosion (EFC). These initiatives emphasize corrosion as a
widespread and costly threat to infrastructure, safety, and the
global economy2. Such urgency calls for innovative computa-
tional approaches capable of early and accurate detection of
corrosion-related defects.

Visual defect detection plays a pivotal role in industrial qual-
ity inspection, including for the detection of corrosion ( [4] and
[5]), ensuring product reliability and reducing manufacturing
costs [6]. With the advancement of Industry 4.0, deep learning-
based visual inspection systems have increasingly supplanted
traditional rule-based approaches due to their robustness and
adaptability [7]. Among these, convolutional neural networks
(CNNs), particularly U-Net and its variants, have shown
strong performance in the semantic segmentation of surface
defects in various manufacturing domains, including metal
processing [8], PCB soldering [9], steel plate inspection [10],
and Corrosion defects [11], that present unique challenges
due to their high visual variability and the need for precise
localization to inform effective maintenance strategies.

To enhance segmentation performance, recent works have
proposed architectural refinements to the U-Net framework,
including the integration of advanced backbones such as
ResNet and EfficientNet [12]. These adaptations have led to
measurable gains; for example, EffUNet-B7 achieved high
performance in the detection of metal surface defects [13].
Currently, hybrid models that combine segmentation with
decision-making modules have been explored to improve
performance in annotation-limited or few-shot scenarios [14].

Despite these advances, important questions remain. The
impact of backbone complexity, annotation granularity, and
dataset size is still underexplored in constrained industrial
environments, where labeled data are scarce and inference
must occur in near real time [15]. Moreover, many evaluations
are based on large-scale or manually curated datasets that do
not reflect the limitations of small-batch defect inspection set-
tings. As an alternative to address the adaptability challenges

2https://www.ampp.org/blogs/webmasternaceorg/2025/04/22/
global-campaign-urges-action-on-corrosion-crisis



of complex industrial scenarios and the lack of high-quality
data, the adoption of simulators and digital twins has been
increasingly considered [16]. The core idea is to create a
digital representation, often using 3D modeling, of the physical
world in order to anticipate and mitigate natural variations and
implementation issues, enabling a more robust design phase
before deployment.

Given the recent availability of publicly accessible image
datasets of corrosion-related defects, this study instead focuses
on a comparative analysis of U-Net variants employing dif-
ferent backbone architectures under data-limited conditions.
Our focus is on segmenting corrosion-related surface defects
in industrial components, a task of practical importance in
sectors such as automotive, infrastructure, and manufacturing.
In doing so, we analyze the trade-offs between segmentation
accuracy and computational cost, as well as the minimal
annotation requirements for effective training.

While U-Net has been predominantly employed in the
medical imaging domain, our work extends its application to
the industrial inspection of corrosion-related defects, a domain
with substantially different visual characteristics, defect mor-
phologies, and data availability constraints. This cross-domain
adaptation represents a novel contribution, as it evaluates the
robustness and generalization capacity of U-Net-based archi-
tectures under challenging, non-medical imaging conditions.
By systematically exploring multiple backbone configurations,
we provide insights that bridge the gap between established
segmentation methodologies and emerging needs in industrial
quality assurance.

Although the use of digital twins is not directly explored
in this work, the findings derived from the analysis of U-Net
backbones are intended as a foundational step toward future
applications within simulated environments and digital twin
frameworks.

The remainder of this paper is structured as follows: Sec-
tion II reviews related work; Section III details the experimen-
tal setup and presents results; and Section IV concludes the
study and outlines future research directions.

II. RELATED WORKS

The application of computer vision techniques for defect
detection in industrial settings has been extensively explored
[17], [18]. However, an increasingly prominent approach in-
volves the use of image segmentation methods. In addition
to simply classifying whether a piece or product is defective
or not, segmentation methods provide crucial information by
identifying the exact location or region of the defect (region
of interest). In this context, the U-Net model has made a
considerable contribution to image segmentation in recent
years [19].

U-Net is a convolutional neural network architecture that
comprises a contracting path (encoder), responsible for ex-
tracting representative features from the input image, and an
expansive path (decoder), which enables precise segmentation
by reconstructing spatial information. The selection and modi-
fication of the U-Net backbone, i.e. the feature extraction com-

ponent, has been the focus of numerous studies. For example,
[20] proposes a modified U-Net backbone to address change
detection in remote sensing images. Similarly, [10] explores
different U-Net-based architectures for defect segmentation on
metallic surfaces.

Several works have investigated improvements to the orig-
inal U-Net architecture to address domain-specific challenges
in industrial inspection. In [13], the authors apply U-Net
to detect scratches and surface anomalies in metal sheets,
using a real-world production dataset. In a similar context,
Leontaris et al. [8] investigate multiple U-Net variants trained
on controlled datasets for metallic surface inspection. Li and
Liu [9] propose architectural modifications, such as the use of
a dynamic hybrid attention module and separable convolutions,
for precise segmentation of soldering defects in PCBs. Ahmed
et al. [14] present a segmentation-based deep learning pipeline
that also focuses on robustness across different defect types.

Moreover, hybrid approaches are frequently adopted in the
state-of-the-art for industrial defect detection. These typically
involve two stages: first, feature extraction is performed using
well-established deep learning architectures such as convolu-
tional networks; then, classical classification algorithms are
applied to the extracted features. Studies such as [21] and [22]
exemplify the effectiveness of this hybrid strategy in various
industrial defect detection scenarios.

Overall, the growing body of literature emphasizes not
only the effectiveness of U-Net and its variants in industrial
inspection but also the potential for optimization through
backbone selection, lightweight modules, and training under
real-world constraints such as limited data or small defect
areas.

III. EXPERIMENTAL RESULTS

This section presents the experimental design adopted to
evaluate the performance of U-Net-based architectures for
surface defect segmentation in industrial components. Our goal
is to analyze how different backbone complexities influence
the trade-off between accuracy and computational cost. To
ensure a systematic and reproducible evaluation, we organize
this section into four parts.

Subsection III-A describes the dataset used in our experi-
ments, including its characteristics, preprocessing steps, and
the nature of the annotated defects. Subsection III-B details
the U-Net variants considered, highlighting the architectural
differences between the backbone networks. Subsection III-C
outlines the experimental protocol, including data splits, train-
ing settings, evaluation metrics, and hardware specifications.
Finally, Subsection III-D presents and discusses the results
obtained, focusing on segmentation performance, model effi-
ciency, and the implications for near real-time defect inspec-
tion in constrained industrial scenarios.

A. Dataset

To evaluate the proposed segmentation models, we selected
a publicly available dataset from the Roboflow platform en-
titled “cor Dataset” [23]. This dataset was chosen due to its



strong alignment with the problem of detecting corrosion in in-
dustrial components, offering a large volume of annotated data
and diverse visual conditions. It comprises 4,949 RGB images
with a resolution of 640×640 pixels, each annotated with pixel-
level segmentation masks. The images depict various types
and severities of corrosion across a broad range of metallic
surfaces, including car parts, screws, chains, plates, pipes, and
bars (see Figure 1). This diversity enhances the generalization
of the models trained on the dataset and better reflects real-
world inspection scenarios. Annotations are provided in the
COCO segmentation format and demonstrate a high level of
consistency and detail. For model training and evaluation,
the dataset was randomly divided into three subsets: 70%
for training, 15% for validation, and 15% for testing. This
split allows for a balanced assessment of model performance
and generalization. The combination of scale, variety, and
annotation quality makes this dataset particularly well suited
for benchmarking segmentation models in industrial corrosion
detection contexts.

(a) Car (b) Metal Plate (c) Metal Bolt

Fig. 1: Examples of annotated corrosion images from the
dataset, showing different surface types and severity levels.

B. Unet Architectures

U-Net is a convolutional neural network architecture origi-
nally proposed for biomedical image segmentation. Its struc-
ture is composed of a contracting path (encoder), which
captures hierarchical features, and an expansive path (de-
coder), which reconstructs spatial resolution to generate a
segmentation map. One of U-Net’s main advantages is its
ability to perform precise localization using relatively few
training images, making it suitable for industrial inspection
tasks under limited data availability.

In this study, we evaluate four U-Net variants based on
different encoder backbones: ResNet152 [24], VGG16 [25],
InceptionV4 [26], and MobileNetV2 [27]. These backbones
were selected based on findings reported in the literature and
to ensure variation in terms of network depth and number of
parameters, allowing for a comparative analysis across archi-
tectures with different levels of complexity and computational
demand.

• ResNet152-UNet introduces deep residual connections
that facilitate the training of very deep networks and
capture rich hierarchical features, albeit with higher com-
putational cost.

• VGG16-UNet uses a simpler and widely adopted con-
volutional backbone with uniform layer configurations,

serving as a strong baseline in many segmentation bench-
marks.

• InceptionV4-UNet leverages multi-scale feature extrac-
tion within inception modules, which is particularly use-
ful for capturing patterns of varying size and texture, such
as corrosion.

• MobileNetV2-UNet provides a lightweight alternative
with significantly fewer parameters, relying on depthwise
separable convolutions, making it more suitable for near
real-time or resource-constrained environments.

C. Methodology

All images used in the experiments were resized to a
resolution of 224×224 pixels. This choice was based on a
convention widely adopted in the literature for image classifi-
cation and segmentation tasks [25], particularly in works that
employ transfer learning [28]. Most of the pretrained encoder
backbones evaluated in this study, such as ResNet152, VGG16,
InceptionV4, and MobileNetV2 were originally trained on the
ImageNet dataset [29], which uses 224×224 as the standard
input size. Maintaining this resolution ensures compatibility
with pretrained weights. Additionally, several recent works
have adopted this same input size in segmentation pipelines
for industrial applications, including [8], [10], [14], [30].

The training procedure begins by partitioning the dataset
into three subsets: 70% for training, 15% for validation, and
15% for testing. The training and validation sets are employed
during model optimization to update network weights and
monitor generalization performance. All models are trained for
150 epochs using identical data splits and hyperparameters to
ensure fair comparison across backbone architectures. The test
set is held out for final evaluation, allowing the computation
of performance metrics on previously unseen data.

To guide the optimization process, the Dice loss [31] is
adopted as the objective function. Dice loss is particularly
suitable for segmentation tasks involving imbalanced classes,
as it emphasizes spatial overlap between predicted and ground-
truth masks rather than individual pixel-wise accuracy. This
property is essential in surface defect segmentation, where
defective regions often occupy a small fraction of the image.

Model performance is assessed using the F1-score [32] and
the Intersection over Union (IoU) [33], both widely adopted
in semantic segmentation benchmarks. The F1-score provides
a harmonic mean between precision and recall, offering a
balanced view of classification performance in pixel-level
predictions. Meanwhile, the IoU metric quantifies the spatial
agreement between predicted and true masks by computing the
ratio of their intersection over union. Higher IoU values reflect
more accurate localization and shape estimation of defects.

D. Results

Our initial analysis is based on the results obtained during
the training phase of the models. At this stage, we first
examined the loss values in the training epochs, from which
we observed that the MobileNetV2 and ResNet152 backbones
exhibit a certain degree of instability in the values of the



TABLE I: Comparison of U-Net encoder backbones used in this study. FLOPs estimated for 224×224×3 input. ”Params” =
parameters. InceptionV4 depth is approximate due to its modular structure, where each block contains multiple layers.

Backbone Params (M) Depth FLOPs (G) Train-Time(Min) Notes

ResNet152 ∼60.2 152 ∼11.5 67.747± 4.898 Deep, robust features
VGG16 ∼138.4 16 ∼15.3 62.820± 0.292 Classic baseline
InceptionV4 ∼42.6 ∼130 ∼12.3 45.419± 0.048 Multi-scale filters
MobileNetV2 ∼3.5 53 ∼0.3 32.153± 0.120 Lightweight, fast

(a) Loss (dice)

(b) F1 score

(c) IoU

Fig. 2: Results of the benchmark training

Dice coefficient (see Figures 2a and 3a). Another important
observation is that, in absolute terms, the InceptionV4 back-
bone stands out as the best-performing option among the
compared models, particularly when considering the F1-score
(see Figures 2b and 3b) and IoU metrics (see Figures 2c and
3c). Table I and Table II presents the training time and mean
with standard deviation of the F1 score per image in ten runs
for each variant U-Net and Figure 3 the statistical results
of the metrics. Among the evaluated models, InceptionV4
achieved the highest mean F1-score (0.895±0.011), followed
closely by MobileNetV2 (0.892±0.004). Despite their similar
segmentation performance, MobileNetV2 exhibited a lower
average training time (32.15 ± 0.12 minutes) compared to
InceptionV4 (62.82±0.29 minutes), offering a favorable trade-
off between accuracy and computational efficiency.

TABLE II: Mean and standard deviation of per-image F1-score
and Iou over 10 runs.

Backbone F1-Score IoU

ResNet152 0.859± 0.005 0.779± 0.006
InceptionV4 0.895± 0.010 0.828± 0.014
VGG16 0.880± 0.004 0.807± 0.005
MobileNetV2 0.892± 0.004 0.822± 0.005

In addition to the analysis of absolute average values, we
applied the Tukey HSD test [34] to statistically compare the
segmentation performance across different U-Net backbones.
Table IV presents the results of this analysis based on the
F1-scores obtained from ten independent simulations. The
test confirms that the performance differences between Incep-
tionV4 and ResNet152 and VGG16 are statistically significant
(p < 0.001), as are the differences between MobileNetV2
and the same two models. These results suggest that lighter
or more recent architectures, such as InceptionV4 and Mo-
bileNetV2, offer advantages in data-limited segmentation sce-
narios, likely due to a more balanced trade-off between depth,
parameter count, and representational efficiency.

Furthermore, no statistically significant differences were ob-
served between InceptionV4 and MobileNetV2 (p = 0.7687),
indicating that both models show comparable performance in
terms of segmentation precision. This similarity may arise
from their architectural design choices, such as the use of
depth-wise separable convolutions in MobileNetV2 and fac-
torized convolutions in InceptionV4, which promote efficient
feature extraction while maintaining high accuracy. These
findings reinforce the importance of architectural efficiency
in constrained environments, where overparameterized models



(a) Loss (dice)

(b) F1 score

(c) IoU

Fig. 3: Results of the benchmark training

like ResNet152 and VGG16 may suffer from overfitting or
limited generalization due to the scarcity of labeled training
data.

IV. CONCLUSION

This study presented a comparative analysis of U-Net
architectures employing different backbone networks for the
segmentation of corrosion-related surface defects under data-
limited industrial conditions. Using a publicly available
dataset, we evaluated the trade-offs between segmentation
accuracy, computational complexity, and annotation efficiency.
Factors that are particularly relevant in real-world inspection

TABLE III: Tukey HSD pairwise comparison of per-image
F1-score between backbones.

Model 1 Model 2 p-value Significant

inceptionv4 mobilenet v2 0.7687 No
inceptionv4 resnet152 <0.0001 Yes
inceptionv4 vgg16 0.0001 Yes
mobilenet v2 resnet152 <0.0001 Yes
mobilenet v2 vgg16 0.0010 Yes
resnet152 vgg16 <0.0001 Yes

TABLE IV: Tukey HSD pairwise comparison of per-image
IoU between backbones.

Model 1 Model 2 p-value Significant

inceptionv4 mobilenet v2 0.5074 No
inceptionv4 resnet152 <0.0001 Yes
inceptionv4 vgg16 0.0001 Yes
mobilenet v2 resnet152 <0.0001 Yes
mobilenet v2 vgg16 0.0010 Yes
resnet152 vgg16 <0.0001 Yes

scenarios where labeled data are scarce and near real-time
inference is required.

Our findings highlight that lighter and more efficient archi-
tectures such as InceptionV4 and MobileNetV2 outperform
deeper and more traditional networks like ResNet152 and
VGG16, both in terms of segmentation performance and
statistical significance. The Tukey HSD test confirmed these
differences, reinforcing the hypothesis that backbone design
plays a critical role in the effectiveness of U-Net models when
operating under constrained data regimes. In particular, ar-
chitectural elements such as depthwise separable convolutions
and optimized feature reuse appear to contribute positively to
model generalization and robustness.

While recent research has pointed to the use of simulators
and digital twins as promising alternatives to overcome data
scarcity and increase system adaptability in industrial settings,
this work focused on the foundational step of model evaluation
using real corrosion images. The integration of U-Net back-
bones within a simulated environment or digital twin remains
an important avenue for future work. Additionally, the use of
self-supervised pretraining and domain adaptation techniques
could further enhance the performance of segmentation models
under real-world deployment constraints.
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