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Liang Zhao1, Jenifer Locke2, Fei Xu1, Tiankai Yao1 & Xiaolei Guo3

This study presents a deep learning-based approach for the automated segmentation of corrosion
damage in scanning electron microscopy (SEM) images. The proposed method enables rapid and
accurate segmentation of corrosion features in these SEM images, making it highly suitable for real-
time applications such as automated microscopy. Specifically, a dedicated corrosion segmentation
database tailored for this task is constructed. The newly constructed dataset, alongside data from two
public databases, are employed to jointly train a deep learning-based model modified with a texture
refinement module. Compared to the same model without the texture refinement module, the refined
model substantially enhances the efficacy and efficiency of corrosion segmentation. Furthermore, the
methodology developed here is extendable to segmentation tasks for other materials with similar
resolution, texture, and contrast characteristics, thereby paving the way for accelerated and
automated analysis in corrosion science and beyond.

Localized corrosion, such as pitting corrosion1–4, crevice corrosion5–8, and
stress corrosion cracking (SCC)9–11, is a leading cause of structural alloy
failure in engineered systems. Compared to general corrosion that typically
progresses uniformly, localized corrosion tends to initiate atmicrostructural
features with higher susceptibility. These features include inclusions,
secondary-phase particles, grain boundaries, and regions with composi-
tional or structural heterogeneity, where the electrochemical conditions
favor corrosion processes. Once initiated, often in hidden or difficult-to-
access areas, localized corrosion could penetrate rapidly into the material,
potentially causing catastrophic failure12. Therefore, reliable prediction of
localized corrosion is crucial for ensuring the structural integrity of engi-
neered systems such as oil pipelines, nuclear reactors, chemical processing
equipment, marine vessels, and aerospace components.

For example, stainless steel (SS) 304 L, which is used as the canister
material for the interim storage of hazardous spent nuclear fuel (SNF), is
susceptible to pitting corrosion and subsequent SCCs13,14. Prior studies have
shown that themorphology of pits formingon the surface of SS304 canisters
is influenced by the relative humidity (RH)15. Specifically, hemispherical pits
tend to develop on the SS surface at a high RH of ~75%, while pits with
crosshatchmorphologies andmicro-fissureswere observed at a lowerRHof
~40%. The difference is largely attributed to the variations in salt chemistry
that occur during deliquescence at different RHs. Notably, the crosshatch
morphology and micro fissures can serve as stress concentrators on the SS,

thereby transitioning pits into more hazardous cracks. These cracks can
progress through-wall penetration, potentially leading to the release of
hazardous radionuclides from the encapsulated SNF. Therefore, it is critical
to identify pits on the surfaceof SS canisters andanalyze their corresponding
morphology. This approach could enable early prediction of pit-to-crack
transition, informing timely inspection and mitigation to prevent more
severe damage.

The goal of this study is to develop a computational model capable of
segmenting corrosion morphology from two-dimensional (2D) SEM ima-
ges collected from SS304L samples with complex corrosion damage. This
study aims to lay the foundation for the follow-on segmentation of three-
dimensional (3D) corrosion morphologies, enabling the extraction of cri-
tical features that may contribute to pit-to-crack transition.

In recent years, machine learning (ML) and artificial intelligence (AI)
based computer vision (CV) methods have been widely adopted to auto-
matically identify objects in natural images. However, their application to
microstructural images in material science remains in its early stage16.
Among these approaches, deep learning (DL)-based models have demon-
strated significant improvements in object detection and instance seg-
mentation tasks, making them particularly suitable for our objective of
corrosion segmentation. Classical methods such as U-Net based
architectures17, You Only Look Once (YOLO) series18, Mask Regional
Convolutional Neural Network (Mask R-CNN)19, and the Detection
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TRansformer (DETR)20 series are widely used, especially for segmentation
tasks involving natural and medical objects.

Despite their success, most of these methods are developed exclusively
for natural scenes or are further adapted for medical images, where each
category of objects exhibits distinct attributes and requires a large amount of
labeled data. For example, segmentation models have been effectively
applied to tumor identification in medical computed tomography scans
with low contrast, leveraging vast datasets representing various tumor types.
However, corrosion represents a unique challenge as it does not align with
the standard object categories found in natural object detection or seg-
mentation frameworks. Furthermore, the segmentation of corrosion images
is complicated by its inherent morphological diversity, high variance, and
the scarcity of labeled data.

Several efforts have been made to identify pitting corrosion usingML/
DL based approaches. Early works primarily focused on determining
whether the corrosion damage was present. For example, Ahuja et al. pre-
sented an adaptive neural network-based approach for the classification of
different types of damage in metals, with an ability to distinguish between
images of corroded piplines and those with non-corrosion patterns
resembling corrosion21. In addition, convolutional neural networks (CNN)
based models were also applied for corrosion detection22. These models
extended capabilities by identifying corrosion locations as bounding boxes,
which are rectangular regions containing large areas of normal surfaces. In
recent work, Katsamenis et al. applied advanced DL models, including the
Fully Convolutional Network (FCN), U-Net, and Mask R-CNN, for cor-
rosion detection23.However, the resulting images did not achieve the level of
accuracy required for structural analysis and prefabrication, particularly in
our specific application.

When we directly applied some existing models to our SEM data, the
results did not show successful segmented corrosion regions. Even when
corrosion was identified, the segmented regions exhibited arbitrary shapes
and poorly defined boundaries that blended with their surroundings. There
are two main reasons for this outcome. The first reason is that existing
models were trained on datasets of natural or medical images, which lack
features similar to corrosion or comparable objects. Although transfer
learning technically can provide initialization for this specific task, its
applicability here was limited. The closest dataset potentially of use is the
Pothole Image Segmentation (PIS)24 dataset, which was used for road holes
detection in driving safety. However, the data differs substantially from our
microstructural images obtained via SEM, which display low contrast and
limited differentiability from the background. Some corrosions regions even
exhibited attributes nearly indistinguishable from their background, even to
the human eyes (Fig. 1a). We attempted to train YOLOv925 on this dataset
without anymodifications. The testing result is shown in Fig. 1b. Compared
to the correct result in Fig. 1c, where we manually labeled the ground truth
for this image, the YOLOv9 model that performed well in standard objects
could not identify any corrosion in the image. This indicates that with
existing data, the popular models alone may be incapable of identifying
corrosions for our task. The second reason for the poor performance is the

lack of model adaptation for our specific task. Addressing such challenges
requires specialized approaches. For example, many methods used in
medical image segmentation adopt boundary detectionmethods, which are
tailored to their specific imaging requirements. Similarly, new strategies are
essential for adapting models to our need for corrosion segmentation.

In this study, we aim to address these challenges by constructing a new
database from our experimental data and developing an efficient instance
segmentation method tailored for the segmentation of materials corrosion.
Firstly, we manually labeled the data with pixel-level annotations (an
example is shown in Fig. 1c), which could be used for general segmentation
of corrosion morphologies, such as pitting damage, in SEM images. Sec-
ondly, compared to large models with extensive parameters that could be
under-parameterized to limited data, the YOLOv9model is efficient in both
the performance and computational costs, although it cannot solve our
corrosion segmentation problem completely. This model effectively pre-
serves input information through a lightweight deep neural network
architecture. Furthermore, we innovatively adapted a texture refinement
module, which was integrated into the network. This module encoded the
internal structures of corrosion morphology relative to their surroundings,
thereby improving the segmentation performance. Overall, the model can
automatically and accurately segment the corrosionmorphology, as shown
in Fig. 1d, using SEM images.

Results
Thisworkutilized SEM images of SS 304 L sampleswith localized corrosion.
The details of corrosion experiments were described in a prior study1. In
brief, SS304L samples were ground to 60 to 120 grit during materials fab-
rication at the manufacturer plant instead of by hand on a laboratory pol-
ishing wheel. The ground materials were then loaded with 300 µg/cm2

ASTMD1141 sea salt. The salt loaded specimens were subsequently placed
in a corrosion exposure chamber with controlled temperature and RH.
During the corrosion study, the RH was maintained at a constant value of
75% at room temperature for a period of 1 to 52 weeks. Before imaging and
analysis, corrosion products from the exposed samples were removed by
scrubbing the sample with a nylon bristle brush in running tab water,
followed by sonication in a 10 vol.% HNO3 solution for 30 to 120min. The
specimens were finally rinsed with abundant deionized water and then air
dried for SEM observation.

This section includes the results of experiments in two stages: initial
corrosion segmentation and final results improved by the developed
method. Comprehensive results and quantitative statistics are provided
below for detailed evaluations.

Initial segmentation
The initial corrosion segmentation results were obtained from the model
that was trained on the three datasets mentioned above but without
incorporating the proposed texture refinementmodule. The purpose of this
step was to identify the improvement brought by the texture refinement
moduleweproposedhere.As shown inFig. 2, an example inputwas fed into

Fig. 1 | Illustration of instance segmentation of corrosions on an example
SEM image. a An input SEM image as collected. b Segmentation results generated
using a widely used method18 trained on a pothole dataset24. The red regions

represent the segmented areas. c Labeled data from our manual annotations, shown
in green color. d Results obtained using our deep learning-based model.
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the model, and the initial result is depicted in Fig. 2c. Compared with the
ground truth, some corrosion regions were not captured due to the similar
texture and low contrast of the image. The low-contrast texture was amajor
challenge in our data, making it difficult for the model to distinguish the
corrosion damage from its surroundings. This in turn impacted the final
accuracy of themodel. Evenwithenoughdata to customize themodel, itwas
insufficient to fully address the challenges presented by our task.

Texture refinement module
To address the problems in our corrosion segmentation task and overcome
the limitations, we purposefully integrated the texture refinement module
into the entire training process. With the same procedures, the final results
are given in Fig. 2d. Compared with the initial results illustrated in Fig. 2c,
the refined result accurately identified the correct corrosion regions in the
center with a well-defined boundary. To facilitate visual analysis, the pre-
dicted masks were overlaid on the original SEM images, enabling a direct
comparison of the performance against the ground truth. Compared with
the ground truth in Fig. 2e, the model with the texture refinement module
segmented nearly all the corrosion regions in the micrograph. This
demonstrates the validity of our texture refinementmodule, which can help
themodel to discern the texture variations and improve the segmentation of
corrosion morphologies.

Overall results
The refinedmodel was applied to all SEM images in the testing group, with
four examples shown in Fig. 3. The top two SEM images in Fig. 3a collected
at higher magnifications showed typical localized corrosions mainly char-
acterized as pits with varying morphologies. Due to differences in lighting
and contrast levels, the surrounding regions also exhibited various features.
The ground truth for the pit morphology was labelled in Fig. 3b. For the
initial segmentation results shown in Fig. 3c, most of the large corrosion
areas were segmented. However,more accurate shapeswere captured in the
final results in Fig. 3d. Comparing Fig. 3c and 3d, it is evident that some
corrosion areas were incorrectly labelled in Fig. 3c, which was obtained
without the proposed texture refinement module. In contrast, the seg-
mented corrosion areas shown on Fig. 3d with the texture refinement
module closelymatched the ground truth. The last two rows of SEM images

in Fig. 3a were collected at low magnification, showing a distant view of
multiple corrosion areas with reduced contrast than the top two rows of
Fig. 3a. These corrosion areas are relatively smaller and display less mor-
phological variations compared to the SEM images collected at higher
magnifications. Further, some corrosion areas lack clear boundaries.
Compared to the results in Fig. 3c, the improved results (in Fig. 3d) show
more accurate shapes of the corrosion areas and less false positives. Despite
the improved accuracy, the segmentation of some corrosion areas was
confounded by the uncorroded area. This needs to be improved further in
future studies. One typical example, shown in the last row of Fig. 3, high-
lights how the corrosion damage in the center of the image gradually
transitions into uncorroded areas. While humans can discern the levels of
corrosion, themodel struggledwith such subtle distinction.Nonetheless, the
developed model identified most corrosion details and generated shapes
that are highly consistent with the ground truth.

The results shown above demonstrate that our method is effective in
automatically segmenting corrosion features in SEM data. Although minor
discrepancies exist compared to the ground truth, these errors mainly are
localized to small regions with a high density of corrosion variations. Such
challenges arise due to low contrast and overlapping areas, especially for the
areas with fragmented corrosion features. Additionally, there were varying
degrees of corrosion with similar but subtly different morphologies within
the same regions, as well as tiny corrosion areas thatmay not be captured in
low magnification images.

The statistics of the segmentation results were also generated and
presented in Table 1. The metrics used in the experiments include pre-
cision, recall, and mean average precision (m-AP) for pixel-level seg-
mentation. Conventionally, True Positives (TP) means the number of
instances where the model predictions match correctly the ground truth.
True Negatives (TN) denotes the number of instances predicted by the
model that do not match the ground truth. False Positives (FP) presents
the number of instances from model prediction that do not match
the ground truth. False Negatives (FN) is the number of instances in the
ground truth that the model fails to predict. The formulas for the
metrices are: Precision ¼ TP=ðTP þ FPÞ, Recall ¼ TP=ðTPþ FNÞ, and
mAP ¼ 1=N

PN
i¼1APi, where AP ¼ R 1

0P Rð ÞdR is the area under the
precision-recall curve PðRÞ, and N is the number of images. These

Fig. 2 | Comparison of results. a Input example. bManually labeled ground truth. c Initial segmentation results without the proposed texture refinement module. d Final
segmentation results with the texture refinement module. e Ground truth visualized with the original input SEM image.
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quantitative evaluations of the data show the robustness of our method.
The metrics were calculated by considering three situations: (1) the
model trained without the newly constructed dataset, (2) the model
trained with the newly constructed dataset but without the texture
refinement module, and (3) the model with both newly constructed
dataset and the proposed texture refinement module. All models were
trained in the same environment and conditions. The quantitative
improvements achieved by our model are shown in Table 1. Notably, the
overall accuracy of corrosion segmentation improved significantly from
28.8% to 76.8%. Similarly, the mAP improved from 13.8% to 85.2%.
While the time cost increased from 5 s to 8 s, the difference is relatively
small compared to the substantial improvement in accuracy. This trade-
off highlights the efficiency of the proposed method, as the improvement
in performance outweighs the marginal increase in computational time.
Such enhancements make the approach practical for real-world appli-
cations where both accuracy and time efficiency are critical.

In Table 2, we present cross validation experiments for the pro-
posed method. Experiment 1 corresponds to the final results reported in
Table 1 and is included here for comparison. Experiments 2 to 7 are six
additional trials using different random splits of the dataset, each with
75 images for training and 9 images for testing. Although the number of
images remains constant, the specific images differ across splits, leading
to variations in the total number of corrosion instances. Note that
testing images of our Experiment 1 are manually selected and they are

the most challenging samples in the data, which is to validate the
effectiveness of our method. When difficult samples are randomly
selected into training sets and easy samples are divided into testing sets
for Experiment 2 to 7, the performance is increased in many metrics. As
a result, some fluctuations are observed in precision, recall, and mAP
metrics. Nevertheless, the results consistently demonstrate the validity
of the proposed method.

Discussion
The SEM images used in this work presents significant challenges due to
dense, complex, and highly interconnected corrosion morphologies with a
contrast significantly lower than that of commonnatural objects used inCV
andML. Althoughmanymanual methods have achieved promising results
on high quality SEM/TEMdata, the popular models perform poorly on our
SEMimages.Compared to previous step-by-stepprocessing approaches, we
developed a model in an end-to-end framework without human interven-
tion at each step. Instead of relying on simple CNNs to detect corrosion, we
introduced a DL-based method incorporating a texture refinement module
specifically designed for this task. The model was trained end-to-end on
existing data, enabling it to directly segment corrosion instances without
additional preprocessing or postprocessing steps. Moreover, for these
challenging datasets, existing studies mainly rely on manual labeling of
several micrographs and perform analysis on a sample-by-sample basis. In
contrast, our method can generate pixel-level segmentation results for new

Fig. 3 | Corrosion segmentation results. a Input examples. bManually labeled ground truth. c Initial corrosion segmentationwithout the texture refinementmodule. d Final
segmentation results with texture refinement module. e Ground truth visualized in original SEM images.

Table 1 | Quantitative results of testing samples

Experiments Images (#) Instances (#) Precision (%) Recall (%) mAP (%) Time (seconds)

1 9 51 28.8 14.8 13.8 5

2 9 51 70.9 68.5 71.2 5

3 9 51 76.8 84.3 85.2 8

Themetricswere presented aspercentage valueswith numerical counts denoted by “#” and time represented in seconds. Index number 1, 2, and3 indicate results obtainedwithout our dataset,without the
proposed texture refinement module, and with the proposed module, respectively.
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SEM data within seconds, offering a significant improvement in efficiency
and scalability.

From this study, we also identified some limitations in the proposed
method.Onemajor challenge is the lack of sufficient trainingdata specific to
our target task, which exacerbates the domain gap problem during testing.
This issue is common in the field of materials science, where obtaining
adequate training data with manual labeling is often difficult. Furthermore,
the domain of material micrographs is vastly different from the natural
images typically used in generalmodels,making it harder to achieve optimal
performance. In this paper, we addressed this challenge by developing a
texture refinement module that focused on the continuity problem in cor-
rosion texture changes. In future work, we aim to further solve the domain
gap problem to reduce its impact on the performance of our model with
SEM data. By doing so, we can further enhance the efficiency and accuracy
of corrosion segmentation and contribute to advancing research inmaterial
degradation.

Another limitation is the potential for human bias and errors during
the manual labeling of SEM data. Although we initially identified cor-
rosion damage with a tool model and consulted corrosion experts on the
team for verification, the results can still vary due to the difference in
image resolution and human visual perception. For manual annotations,
discernible corrosion areas were labelled by humans based on SEM
images, but these may deviate from appearances on SEM images, such as
darker or brighter on different corrosion areas, blurred on corrosion
pitting boundaries. The procedure of identifying and labelling corrosion
needs to be standardized as much as possible to improve consistency. For
example, when multiple corrosion areas are connected, clear criteria for
subtle classifications need to be established. This would help avoid
inconsistencies in learning and prevent non-robust performance in
corrosion segmentation. Further improvement is particularly important
for SEM data containing severe corrosion damage and interconnected
morphology with subtle difference compared to the surrounding
uncorroded area.

This work introduces a deep learning-based end-to-end method for
automatically segmenting corrosion damage in SEM data. Without
requiring any manual preprocessing, the developed model can directly
perform corrosion segmentation on as-collected SEM data, making it sui-
table for real-time applications. Two main contributions are developed in
the method. Firstly, the creation and development of a corrosion segmen-
tation dataset specifically for this task provides a valuable resource that can
broadly support research advancements in the field of material and corro-
sion science. Secondly, the end-to-end DL-based model integrated with a
texture refinement module greatly improves the performance of corrosion
segmentation in SEM data. This approach effectively addresses the chal-
lenges posed by texture variations in low-contrast corrosion images col-
lected through SEM. The results demonstrate the robustness of the
developedmodel in handling corrosion segmentation tasks for SEM images.
Moreover, the model can be extended to segmentation tasks for general
materials with similar resolution, texture, and contrast. This advancement

holds the potential to accelerate automated processes and further propel
research in the field of material science.

Methods
DL methods of the YOLO series represent state-of-the-art techniques for
real-time object detection in natural image datasets such as MS COCO26.
These models have consistently achieved significant advancements in effi-
ciency, accuracy, and adaptability. To solve our problem of corrosion seg-
mentation, we developed an instance segmentation method based on
YOLOv925, a recently released version of the series. This version introduced
groundbreaking techniques such as Programmable Gradient Information
(PGI) and the Generalized Efficient Layer Aggregation Network (GELAN).
Figure 4 shows the entire architecture of the model. The input micrograph
was fed into a main branch (the upper part) to extract multiscale features
and also processed through auxiliary branch (the bottom part) for addi-
tional refinement. The features were then concatenated into the prediction
head to obtain segmentation results. To adapt the model to our specific
tasks, we replaced the original detection headwith a segmentation head and
adopted a texture refinement module to enhance the texture details of
corrosion morphology. In the following sections, we provide a detailed
explanation of the architecture of themodules, then introduce the data used
in our methods, and finally outline the training and testing processes.

Architecture
As shown in Fig. 4, the inputmicrographX was fed into themain branch. It
consists of multiple modules, including the Convolution, Batch Normal-
ization, and Swish Activation (CBS), GELAN, Average Down-sample
(ADW), Spatial Pyramid Pooling (SPP), Up-sampling (UP), and Con-
catenation (CON) blocks. Specifically, the UP and CON blocks represent
up-sampling and concatenation layers, respectively. The other blocks con-
tainmultiple layers as shown in Fig. 5. The basic block CBS consists of a 2D
convolutional layer equipped with a batch normalization layer and a Sig-
moid Linear Unit (SiLU)27 activation layer. Together with layers of the
average pooling, maximum pooling, and concatenation as shown in Fig. 5e,
the ADW module could gradually down-sample the features to extract
multi-scale features. Equippedwithmaximumpooling layers, the SPP block
(Fig. 5d) outputs all the down-sample features. The GELAN block (Fig. 5a)
consists of RepNCSP28 blocks (Fig. 5b) and BottleNetck blocks29 (Fig. 5c).
The lightweight GELAN is based on gradient path planning, which can
achieve better parameter utilization than the traditional depth-wise con-
volution. It further analyses computational complexity, accuracy, and
inference speed.

During training, the inputmicrographX was also fed into the auxiliary
branch (the bottom part in Fig. 4), which is the reversible design of PGI to
mitigate information loss. The CBL block was introduced to aggregate
gradient information from the main branch. It consists of three 2D con-
volutional layers. Subsequently the CBF block combined the information
with the auxiliary branch using one resizing and one pixel-level addition
layer. The purpose of the auxiliary branch is to generate reliable gradients

Table 2 | Cross validation of the proposed method

Experiments Images (#) Instances (#) Precision (%) Recall (%) mAP (%) Time (seconds)

1 9 51 76.8 84.3 85.2 8

2 9 58 94.5 70.7 82.9 8

3 9 66 94.9 84.3 88.0 8

4 9 69 91.8 92.8 94.2 8

5 9 58 97.2 84.5 87.3 8

6 9 47 100.0 95.0 95.6 8

7 9 45 94.2 72.8 89.2 8

Average 9 56 92.8 83.5 88.9 8

Themetrics are presentedaspercentage valueswith numerical counts denotedby “#” and time represented in seconds. Indices1 through7 indicate results obtained from randomly splitting the training and
testing sets across seven independent runs.
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and maintain key characteristics within the deep representations. This
ensures that features are more effective for the target task because each
feature pyramid receives comprehensive information about all targets. It
solves the issue of data loss for lightweight models, especially when the
training data is limited. Notably, the issue of data loss often becomes severe
as information propagates through deep networks. The problem arises
when the convolutional network maps attributes between input and target.
The loss of information results in incorrect gradient updates and con-
sequently inaccurate predictions. According to the information theory30,
a reversible function vτð�Þ is the inverse transformation of function rωð�Þ
if X ¼ vτðrωðXÞÞ, where τ and ω are parameters of v and r, respectively.
Thus, there is no information loss with reversible functions, as

represented by I X;Xð Þ ¼ I X; vτðrωðXÞÞ
� �

, where I is mutual informa-
tion. To mitigate information loss, the auxiliary branch was adopted to
provide important information IðY ;XÞ, which maps data X to the target
Y instead of relying solely on IðX;XÞ25. Formally, the relationship
IðY;XÞ≥ IðY ; f θðXÞÞ≥ � � � ≥ I Y ; Y 0ð Þ holds, where f θð�Þ is the trans-
formation function or model with parameters θ, Y is the target, and Y 0 is
the predicted result. Complementary information is combined with main
branch information. When the objective function was calculated with
more complete information, the prediction was improved.

Here we propose an innovative approach incorporating a texture
refinement module31 that can be combined with the framework to guide
the transfer learning of corrosion segmentation. The module, denoted as

Fig. 5 | Illustration ofmultiplemodules. aThe GELAN module, which consists of
CBS, CON, and RepNCSP blocks. b The configuration of the RepNCSP block.
c The BottleNeck block. d The SPP block. e The ADW block. f The proposed

texture refinement module. Most blocks shown in white color contain one single
computational layer as indicated by their names, except for the CB block, which
consists of one convolutional layer and one batch normal layer.

Fig. 4 | Overview of the architecture. The input SEM image X was fed into a YOLOv9-based framework for training. Eachmodule consists of different convolutional layers
and configurations, as detailed in Fig. 5. The predicted corrosion area Y′ were compared with the ground truth Y.
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TR block, is integrated before the final prediction head. Based on fused
features, the module extracted texture details, enabling the identification
of corrosion attributes distinct from backgrounds. The module also
consists of multiple CB blocks, each consisting of a sequence of con-
volutional layers and a batch normalization layer. In the TR block, the
collected features were fed into different convolutional layers. Formally,
TR(f|γ, β) = γ⨀f + β, where f denotes the collected feature maps, γ and
β are modulation parameters learned during training, and⨀ represents
element-wise multiplication or Hadamard product. The texture refine-
ment module synthesized multiple feature maps with texture features to
increase the accuracy in detecting subtle and indiscernible corrosion
morphologies. In the task of corrosion segmentation, accurately iden-
tifying texture is important before the results are predicted in fea-
ture maps.

Finally, the multiscale features were concatenated and fed into the
prediction head. It sequentially applied the classification and segmentation
layers to predict the mask Y 0. Specifically, the detection results were gen-
erated by the output convolutional layer on the fused features. It calculated
the detection lossL1, which consisted of the Binary Cross Entropy (BCE)
classification losslcls and the box IoU lossliou during the training. Formally,
lcls ¼ �PN

i¼1wi Yi log σ Y 0
i

� �þ 1� Yi

� �
log 1� σ Y0

i

� �� �� �
=N , where N

is the batch size, w is the weight, Y is the target label, Y 0 is the predicted
category, and σ is the sigmoid function. liou ¼ 1�PN

i¼1ðIi=UiÞ=N , where
Ii is the intersection of target and prediction boxes,Ui is the union of them.
Then, the segmentation candidates Y0 was predicted through the sigmoid
layer. The prediction results were compared with the ground truth Y with
pixel-level BCE segmentation loss L2. Formally, the objection is
L2 ¼ �PHW

i¼1 Yi logY
0
i þ 1� Yi

� �
log 1� Y 0

i

� �� �
, where H is the height

andW is thewidth of the image. The final optimization objection is the sum
of two losses:L¼L1 þL2.

In the inference stage, the features only merged information from the
main branch, without features from the auxiliary branch. Instead of losses,
the Non-Maximum Suppression (NMS) is used to filter out redundant
results on predictions.

Data
The model was trained on two public datasets and one newly constructed
dataset. The original YOLOv9 was initialized on the public dataset, i.e.,
Microsoft Common Objects in Context (MS COCO) dataset26, which are
normally used for natural object detection and segmentation. The model
developed in this study was trained on the existing Pothole Image Seg-
mentation (PIS) dataset24 and our newly constructed Corrosion Segmen-
tation in Materials (CSM) dataset.

MS COCO26 is a large-scale dataset for object detection and segmen-
tation. In the 2017 released version, the dataset consists of 164 K natural
scenes with training/validation/test split of 118 K/5 K/41 K. It contains 80
categories of objects, such as cars, bikes, airplanes, apples, boats, horses,
kites, etc. However, it does not include categories for holes, corrosion, or
similar objects. Thedataset was used to pre-train the model from scratch.

The PIS dataset24 is composed of 720 training images, 60 validation
images, and 0 test images. The dataset was specifically designed for driving
safety and roadmaintenance. The potholes in roads are detected to prevent
accidents, reduce repair costs, and ensure smooth trafficflow.However, a lot
of these images in this dataset are road cavities filled with water, which
exhibits minimum texture and high contrast compared to their surround-
ings, as shown in column b of Fig. 6. The model trained on this dataset
performedpoorly for our corrosion segmentation tasks, as shownonFig. 1b.
It failed to identify the targets entirely, suggesting a significant limitation.
Note that the PIS dataset is quite different from our SEM data (Fig. 6a).
Specifically, the PIS dataset contains clear sparse cavitieswhile our SEMdata
contains dense and complex corrosion patterns.

Our data (as shown in column a of Fig. 6) presents greater complexity
in corrosion segmentation. Obviously, the corrosion damage, specifically
the pit morphologies, shows similar contrast to their surroundings, with
subtle texture changes in localized regions. Additionally, some corroded
areas are very small, and the texture is difficult to discern. In cases where no
texture exists, the corrosion pattern could be easily confused with the
uncorroded areas. Furthermore, the boundaries of corrosions are often not
clear. Clearly, pure transfer learning does not work for our task. The CSM

Fig. 6 | Comparison of data variance. Column (a)
shows two examples from our dataset. Column (b)
shows two examples from the PIS [24]dataset.
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Fig. 7 | Illustration of data labeling. Column (a)
shows examples of as collected SEM images. Col-
umn (b) displays the corresponding binary masks
indicating the corrosion areas.

Fig. 8 | The training loss curves, along with performance metrics across epochs.
The x axis indicates the epochs. The first row shows the training loss curves with
training halted after 300 epochs. The “box_loss” and “cls_loss” refer box IoU loss and
box classification loss. The “seg_loss” indicates instance segmentation loss. The

“obj_loss” is the averaged total loss. The y axis is the value of loss. The second row
illustrates the precision, recall andmAP performance curves on the training set. The
y axis is the metric value of performance.
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dataset, which consists of 75 training images and 9 testing images, was
constructed primarily to address these challenges and adapt to the
requirements of corrosion segmentation.

To construct the dataset from scratch, we first collected SEM
micrographs from different areas on the SS304L. We then selected valid
data for labeling through a comprehensive process, which included
identifying duplicates in different conditions, removing images with
slight changes, and filtering out images with little discernible attributes.
After processing, we obtained 84 valid images, which were divided into
75 training images and 9 testing images. Finally, we manually labeled the
ground truth for each micrograph. This step was, however, labor intense
and expensive as the corrosion features were often difficult to identify
due to the low contrast and diverse shapes. To improve the efficiency of
this step, we adopted an interactive tool32 to assist in drawing masks
using human vision. We also consulted the team members with cor-
rosion expertise to guide the labeling process when the corrosion
morphologies were complicated to delineate. We interactively annotated
each corrosion damage to achieve the most accurate shapes possible. We
modified the annotations three times for all the micrographs. Finally,
corrosion experts were again engaged to review and verify each anno-
tation for correctness. Examples of the annotated images are shown in
Fig. 7.

Implementation
Themodel was implemented using Pytorch33. The batch sizewas set to 8 for
training. The parameters were updated by Adam optimizer34. The initial
learning rate was 1×10-3, and the weight decay was 5×10-4. The analysis was
conducted on a single Tesla V100 graphics processing unit. The training
processwas conducted in two steps. First, themodelwas trainedon thePIS24

dataset for 300 epochs, initialized with pre-trained weights onMSCOCO26.
In the second step, the model was further trained on the newly constructed
CSMdataset for an additional 300 epochs. In the inference stage,weused the
testing data from the CSM database and obtained the corrosion segmen-
tation results from the model. Additionally, the quantitative evaluation
metrics were also calculated by comparing the predicted results with the
ground truth.

To enhance the diversity of the training data and improve the pre-
dicting capability of themodel, the datawas augmentedby rotating at 0o, 90o,
180o, 270o and flipping. The augmentation was implemented by a combi-
nation of rotationswith horizontal, vertical, and dual axisflips at each angle.
Additionally, random cropping, brightness adjustment, and resizing were
adopted. Specifically, the augmentation process included: a 50% probability
of horizontal flipping, random cropping within a range from 0 to 20%,
random rotations from -15 to 15 degrees, random sharing from -5 to 5
degrees both horizontally and vertically, random brightness adjustment
within a range from -25% to 25%, and random exposure adjustment within
a range from -25% to 25%.

As shown in Fig. 8, the training and validation loss curves help
assess the generalization performance of the model given the limited
dataset of 84 labeled instances. While the dataset is relatively small,
the model benefits from pretraining on a large external dataset, and
the loss curves show no signs of overfitting. The training loss con-
verges around epoch 300, and the validation loss approaches zero
without divergence, indicating consistent learning rather than
memorization. Furthermore, on the training set of 75 images, the
precision, recall, and mAP metrics show stable and consistent per-
formance, again supporting the robustness of the implementation
under data-limited conditions.

Data availability
The dataset and model used in this work have been deposited into a public
data repository [https://doi.org/10.5281/zenodo.15627907].
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