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Abstract

This study presents a U-Net-based automatic segmentation framework for quantitative
analysis of surface morphology in a PEEK-based composite following tribological test-
ing. Controlled Pin-on-Disc tests were conducted to characterize tribological performance,
worn surfaces were captured by laser scanning microscopy to acquire optical images and
height maps, and the model produced pixel-level segmentation masks distinguishing dif-
ferent regions, enabling high-throughput, objective analysis of worn surface morphology.
Sixty-three manually annotated image sets—with labels for fiber, third-body patch, and ma-
trix regions—formed the training corpus. A 70-layer U-Net architecture with four-channel
input was developed and rigorously evaluated using five-fold cross-validation. To enhance
performance on the challenging patch and fiber classes, the top five model instances were
ensembled through Bayesian-optimized weighted voting, achieving significant improve-
ments in class-specific F1 metrics. Segmentation outputs on unseen data confirmed the
method’s robustness and generalizability across complex surface topographies. This ap-
proach establishes a scalable, accurate tool for automated morphological analysis, with
potential extensions to real-time monitoring and other composite systems.

Keywords: Artificial Neural Network (ANN); U-Net; tribology; PEEK-based composite

1. Introduction

Polymer materials are extensively valued in mechanical engineering for their favorable
performance in high-friction, high-wear environments, finding applications in aerospace,
automotive braking systems, and beyond [1-7]. To withstand substantial tribological stress,
polymer matrices are often reinforced with fibers—such as carbon or glass—and supple-
mented with functional fillers, including solid lubricants (e.g., graphite) and submicron-
or nanoparticles, which synergistically enhance wear resistance and reduce friction [8-11].
Early studies highlighted the benefits of combining fibers with solid lubricants for im-
proved load-bearing and friction-reduction performance [12-15], while more recent work
has demonstrated that the inclusion of nanoparticles further promotes tribological synergies
within polymer-based tribocomposites [2,16-19]. These nanoparticles are believed to allevi-
ate surface damage during sliding by providing a “rolling” or “filling” effect (Figure 1), as
evidenced by micro-scratches observed on carbon fiber surfaces, suggesting the release and
redeposition of particulate from the polymer matrix under sliding conditions [20]. Conse-
quently, worn surfaces exhibit plastically deformed layers whose mechanical properties
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differ markedly from those of the bulk matrix, leading to altered wear and friction behaviors
during steady-state sliding against metallic counterparts [21]. In carbon fiber reinforced
composites, wear performance is governed by fiber damage modes—including fracture,
detachment, pulverization, and thinning—with fiber thinning correlating with enhanced
wear resistance, whereas fiber fracture and pull-out lead to inferior performance [22,23].
The interfacial bonding strength between the fibers and matrix critically influences these
damage modes: stronger bonding enables fibers to better bear applied loads, reducing
matrix plowing and interfacial shear forces, and thus enhancing both friction reduction and
anti-wear properties [24-26]. During repetitive sliding, wear debris and matrix material
compact at the interface, forming plastically deformed layers in which portions of fibers
may protrude or become embedded within polymer patches. Such patches, reported in
various systems (e.g., polyamide 66 (PA 66) [17], polyphenylensulfid (PPS) [10], phenolic
resin [27], and polyetheretherketone (PEEK) [15]), encapsulate fibers within wear particles
relocated or even sintered onto the surface. Drawing on the terminologies of Godet [28],
Denape [29], and Krej¢i et al. [30], we define these structures as “third-body patches”,
characterized by accumulations of submicron- or nanoparticles on the leading side of fibers
that create a “jumping pit” effect (Figure 1), dispersing stress concentrations at fiber ends
and thereby mitigating fiber damage and lowering wear rates.

counterpart

Figure 1. Schematic representation of jumping pit effects of submicron particles in composite material
during sliding process. “CF” stands for carbon fiber and white balls accumulated by it are submicron-
or nanoparticles. White arrow indicates the sliding direction.

Despite extensive qualitative characterization of third-body patches, most studies
have relied on small sample sizes and descriptive observations, lacking robust, high-
throughput quantification of patch morphology and distribution. In our prior work, we
manually annotated 63 multi-channel microscopy images to quantify fiber, patch, and
matrix regions and found that larger third-body patch areas correlated with lower wear
rates. Although this manual approach demonstrated the value of morphometric analysis
for elucidating tribological mechanisms, it was extremely labor-intensive and inherently
subjective, significantly limiting its scalability for large-scale quantitative studies. With the
rapid development of deep learning, semantic-segmentation techniques have been widely
applied to automate microstructural analysis tasks in materials science. Examples include
the successful application of U-Net architectures in the automated phase segmentation of
electron backscatter diffraction (EBSD) maps of dual-phase steels [31] and in the seman-
tic segmentation of progressive micro-cracking in polymer composites using Attention
U-Net architectures [32]. Nevertheless, precise segmentation of complex tribological worn
surfaces remains understudied. To address this research gap, we propose a U-Net-based
automated segmentation framework specifically tailored to worn surfaces of PEEK-based
composites, enabling high-throughput and objective quantitative morphometric analysis.



Lubricants 2025, 13, 324

30f23

Deep learning-based image segmentation has witnessed transformative advances over
the past decade, driven largely by the advent of fully convolutional architectures. Early stud-
ies applied classical machine learning pipelines such as Support Vector Machine (SVM) to
morphological and textural descriptors of micrographs, achieving classification accuracies
exceeding 90% [33,34]. Further studies showed that random forest regression on micromag-
netic feature sets can reliably predict material properties from microstructural images [35].
More recently, Transformer-based frameworks have combined self-attention with physics-
informed feature modules to deliver accurate phase segmentation and real-time defect de-
tection in polymer composites [36,37]. Among these, U-Net has emerged as a paradigmatic
model: originally designed for biomedical image segmentation, it demonstrated remarkable
success in delineating complex anatomical structures from limited training data. Falk et al.
developed an Image]J plugin (Version 1.1.0) enabling U-Net-based cell counting, detection,
and morphometry on small datasets with minimal user intervention [38]. Zhou et al. pro-
posed U-Net++, a nested U-Net variant that further narrows the semantic gap between en-
coder and decoder features to achieve substantial Intersection-over-Union (IoU) gains over
standard U-Net [39]. U-Net's distinctive encoder—-decoder topology, with its symmetric skip
connections, enables the preservation of fine-grained spatial details while capturing high-
level contextual features [40,41]. Beyond medical applications, U-Net and its variants have
been effectively adapted to materials science challenges. Warren et al. and Shi et al. both
developed U-Net-based segmentation methods for automated grain and grain-boundary
analysis in metallic microstructures [42,43]. Martinez et al. and Wang et al. both imple-
mented U-Net-based frameworks to automatically segment metallurgical phases, achieving
pixel-wise accuracies above 95% and enabling rapid objective phase quantification [31,44].
Moreover, recent studies have widely applied U-Net and its variants to segmentation
of composite microstructure images, achieving accurate and efficient extraction of key
features (cracks, fibers, particles, and pores) from limited annotated data, and utilizing the
segmentation outputs for quantitative analysis and 3D/2D reconstruction [32,45-47]. The
robustness of U-Net to noisy, irregular morphologies and its ability to learn from relatively
few annotated examples makes it particularly well suited for the segmentation of worn
surface images, where region boundaries are often subtle and visual contrast is low. In ad-
dition, advanced segmentation models such as Attention U-Net [41] and DeepLabV3+ [48]
have demonstrated improved performance on large-scale benchmarks; however, they also
require greater computational power and parameter complexity, which can exacerbate
overfitting on small datasets and impose heavy resource demands. The original U-Net
architecture therefore offers a well-validated, resource-efficient baseline that converges
reliably on limited training data.

In this present study, we apply a U-Net-based convolutional neural network to auto-
mate the segmentation of worn-surface micrographs from Pin-on-Disc tests, using com-
bined optical and height data. The model is trained on a manually annotated dataset using
cross-validation and enhanced through a multi-network voting scheme with Bayesian-
optimized weights. This workflow overcomes the limitations of time-consuming manual
labeling and delivers high-precision, pixel-wise segmentation of fibers, third-body patches,
and matrix regions. By enabling rapid, large-scale morphometric analysis, our approach
provides an objective, scalable tool for investigating tribological surface phenomena. Fur-
thermore, the streamlined pipeline—from image acquisition to segmentation—reduces
turnaround time and resource requirements, making routine application feasible in both
research and industrial settings. Ultimately, this framework lays the groundwork for more
efficient experimental workflows, supports the integration of automated image analysis into
tribological studies, and accelerates the critical mechanistic feedback loop in new material
development by automating quantitative measurements of fiber and patch morphologies,
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which is an essential but time-consuming step. This paves the way for the development of
intelligent, data-driven materials design strategies in tribology.

2. Methodology
2.1. Tribological Sample Preparation

A high-performance tribological composite was fabricated using a PEEK matrix
(VESTAKEEP 2000 G, Evonik Operations GmbH, Marl, Germany) reinforced with short
carbon fibers (Sigrafil C30 S600 APS, SGL Carbon GmbH, Wiesbaden, Germany) and
graphite flakes (RGC 39A, Superior Graphite, Sundsvall, Sweden). Submicron titanium
dioxide (Kronos 2310, Kronos Titan GmbH, Leverkusen, Germany) and zinc sulfide (Sach-
tolith HD-S, Venator GmbH, Duisburg, Germany) particles were incorporated as functional
fillers. Detailed specifications of each filler are available in our previous work [26]. All
components were first compounded using a Leistritz ZSE 18 MAXX twin-screw extruder
(Leistritz AG, Nurnberg, Germany) in a two-step masterbatch process to ensure uniform
dispersion of nanofillers, with barrel temperatures set between 370 °C and 395 °C [49]. The
resulting granules were then injection-molded into 50 x 50 x 4 mm? sheets on an ENGEL
victory 200/80 SPEX machine (ENGEEL Austria GmbH, Schwertberg, Austria) at a melt

temperature of 395 °C. Finally, specimens of 4 x 4 x 4 mm?>

were precisely milled from
these sheets and eventually slid against a 100Cré bearing steel disc (arithmetical mean
roughness R; = 0.2 + 0.02 um, Rockwell hardness ~ 62 HRC) on a Pin-on-Disc (PoD)
setup (Figure 2) in accordance with ASTM G99-17 standards [50]. Tests were conducted
at 23 °C and 50% relative humidity under eight distinct pv (pressure x velocity) combi-
nations ranging from 1 to 32 MPa-m/s (cf. Table 1), with a normal load applied via a
pneumatic system and sliding speeds adjusted by the disc rotation rate. Two IR-Sensors
measured the temperature of sample and counterbody during the test, respectively. For
each load condition, three independent specimens were tested until steady-state friction

coefficients and wear rates were achieved.

(a) Main view (b) Bottom view

1. Sample
2. Counterbody
3. IR-Sensor

Figure 2. Schematic demonstration of the Pin-on-Disc tribometer in accordance with ASTM G99-17
standards.

Table 1. Selected load combinations of the tribological test.

Test Condition Selected pv-Combinations

Pressure MPa 1 1 4 4 4 6 8
Velocity m/s 1 4 1 2 4 4 1 4
pv-product MPa-m/s 1 4 4 8 16 24 8 32

2.2. Image Acquisition and Annotation

Following Pin-on-Disc testing, worn specimens were examined using a Keyence VK-X1050
laser scanning microscope (Keyence Corporation, Osaka, Japan), with nine strategically dis-
tributed fields of view per sample to capture representative surface features (Figure 3). At each
location, the instrument generated different complementary image modalities: a high-resolution
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optical micrograph, a color-coded height map illustrating topographical variation, a C-Laser
differential interference contrast (DIC) image for enhanced edge definition, and a quantitative
height dataset in which each pixel encodes an absolute height value. This multimodal acquisi-
tion strategy ensures both morphological and height-based information are available, facilitating
accurate delineation of fibers, third-body patches, and matrix regions.

Figure 3. Optical image of worn surface from tested sample with nine LSM sampling positions (white
squares marked) and sliding direction (black arrow).

According to the definition of third-body patches (Section 1), carbon fibers protrude
slightly above the matrix surface following friction testing, while patches manifest as local-
ized “ramping” regions formed by submicron debris accumulating at the entering side of
fibers. These topographical variations are readily apparent in color-coded height heatmaps
but are often indistinct in optical micrographs, making heatmaps the primary reference for
region delineation. However, reliance on heatmaps alone can lead to annotation errors: for
example, deep scratches on fiber surfaces produce color shifts in the heatmap that closely
resemble debris-filled patches or matrix inclusions (Figure 4a). In the corresponding optical
image (Figure 4b), these scratches remain visually consistent with intact fiber regions and
are thus correctly identified. Moreover, because height heatmaps encode elevation via an
RGB colormap, they do not capture micro-scale height differences with full fidelity. To
address these limitations, we replaced heatmaps with single-channel quantitative height
maps wherein each pixel stores an exact height value. This approach not only improves
height resolution for precise annotation but also reduces storage requirements compared
to three-channel heatmap images. Building on the co-registered optical micrographs and
single-channel height images, we manually annotated 63 multi-modal images sets with
MATLAB (R2024a), assigning each pixel to one of three classes—Fiber, Patch, and Matrix.
The resulting label maps (visualized in Figure 4c) use red, green, and blue to denote Fiber,
Patch, and Matrix regions, respectively. To ensure consistent and reproducible annotation,
all images were labeled by a single experienced researcher, strictly following the definition
of third-body patches provided in Section 1. Specifically, patches were identified by meet-
ing two simultaneous conditions: (1) a clear and localized elevation change (“ramping”)
at the fiber’s entering side, evident in quantitative height maps, and (2) the presence of
submicron-scale debris accumulations confirmed by corresponding optical images. In cases
where ambiguities arose, annotations were cross-verified and confirmed by a second expe-
rienced researcher to maintain consistency. Custom MATLAB script was then applied to
process these label maps and calculate key morphometric metrics, including area fractions
and fiber segment lengths, which form the quantitative basis for neural network training
and performance evaluation.
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Figure 4. LSM-acquired (a) color-coded height map (red stands for higher position, blue for lower
position), (b) optical micrograph, and (c) corresponding visualized manual segmentation mask (fiber:
red; patch: green; matrix: blue) of the worn surface.

2.3. U-Net Architecture Design

The U-Net network was initially proposed by Olaf Ronneberger, Philipp Fischer, and
Thomas Brox in 2015 to address challenges in biomedical image segmentation, specifi-
cally in scenarios involving limited training data [40]. Traditional convolutional neural
networks (CNNs) often encounter challenges in accurately segmenting images that require
precise localization of features. This difficulty arises primarily due to the pooling opera-
tions inherent in CNN architectures, which significantly reduce the spatial resolution of
feature maps. As highlighted by Gholamalinezhad et al., pooling layers, while beneficial
for reducing computational complexity and controlling overfitting, can lead to the loss of
fine-grained spatial information essential for tasks like image segmentation [51]. U-Net
resolves this limitation by introducing a symmetric encoder—-decoder structure combined
with skip connections, thus preserving spatial information while simultaneously capturing
hierarchical features.

At its core, U-Net employs a contracting path (encoder) and an expansive path (de-
coder), which together form a distinctive “U”-shaped architecture (Figure 5). The con-
tracting path consists of sequential convolutional blocks, each comprising two consecutive
convolutions followed by Rectified Linear Unit (ReLU) activations (Figure 6a), and a subse-
quent max-pooling operation. This path progressively reduces the spatial dimensions of
the feature maps while increasing their depth, enabling the network to extract meaningful
high-level semantic features. Mathematically, the convolution operation performed in each
block can be described by the following:

Y = f(Zl. X, Wi + b) )

where X; denotes input feature maps, W; are convolutional kernels, b is the bias term, and
f(-) represents the ReLU activation function, defined as follows:

ReLU(x) = max(0, x) 2)

The expansive path reverses this process by employing upsampling operations, typi-
cally through transposed convolutions, to recover the spatial resolution of the feature maps.
Mathematically, the transposed convolution operation in each upsampling step can be
described by (similar to convolution operation) the following:

Y :f<zl. Xi®w/i+b) ®)

where X; denotes input feature maps from the lower-resolution layer, W; are transposed
convolutional kernels, b is the bias term, ® symbolizes the transposed convolution op-
erator, and f(-) represents the ReLU activation function. By doubling the height and



Lubricants 2025, 13, 324

7 of 23

width of the feature maps at each stage while halving their channel depth, this operation
effectively reverses the encoder’s downsampling, enabling recovery of the original image
dimensions and the fusion of high-resolution spatial details with the learned semantic
features. Each upsampling step is followed by concatenation with corresponding feature
maps from the contracting path via skip connections. These skip connections directly
transfer high-resolution spatial information, mitigating the loss of detailed localization
caused by pooling operations. The concatenated feature maps are then subjected to two
addjitional convolutions and ReLU activations, refining the features and facilitating accurate
pixel-level segmentation.

— output
PUE L + >+ segmentation
image map
\j
- > >

» conv, ReLU
¥ max pool

Figure 5. Schematic representation of U-Net architecture. Light blue boxes correspond to feature
maps. White boxes denote copied feature maps. Arrows represent different operations [40].
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Figure 6. Schematic illustration of (a) ReLU function and (b) sigmoid function.

The final segmentation map is generated through a 1 x 1 convolution layer at the end
of the expansive path, which maps the high-dimensional feature maps into the desired
number of classes. Formally, this operation is described as follows:

Z = o(Wyyq * X +b) (4)

where Z represents the segmentation probability map, Wi represents the convolutional
kernel, and o(-) denotes the sigmoid activation function (Figure 6b) for binary segmentation
or the softmax function for multi-class segmentation, defined as follows:

_ 1
14X

o(x) ()

The integration of skip connections is a pivotal innovation in U-Net, allowing precise
spatial information to persist across the network, thereby significantly enhancing segmen-
tation accuracy, especially along object boundaries. This architectural design enables U-Net
to effectively perform complex image segmentation tasks, even with a limited amount
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of training data. In the context of analyzing the morphological characteristics of fibers
and patches on the worn surface of composite materials, the U-Net architecture offers
significant advantages. Its ability to accurately segment complex structures with limited
training data aligns well with the challenges presented by such images, where the precise
delineation of fiber boundaries is essential for subsequent analysis. The incorporation of
skip connections ensures that fine-grained spatial information is preserved, facilitating
detailed morphological assessments critical in materials science research.

Building upon the basic U-Net architecture, targeted optimizations tailored specifically
for segmenting worn surface morphologies were introduced. The resulting deep neural net-
work accepts four-channel inputs (768 x 1024 pixels), which combine optical micrographs
(three channels) and corresponding height-map data (single channel) previously described
in Section 2.2. The network produces pixel-wise segmentation maps for three classes:
Fiber, Patch, and Matrix. Structurally, the proposed architecture follows the characteristic
U-shaped encoder-decoder framework and has been carefully balanced in complexity to
suit our workstation’s computational capabilities, resulting in approximately 124 million
trainable parameters.

The encoder path (contracting path) consists of five successive stages. Each
stage (Figure 7a) involves two convolutional layers, each applying 3 x 3 convolutional
kernels. These convolutional layers capture local spatial patterns by applying learnable
filters across feature maps. Each convolutional operation is immediately followed by a
ReLU layer. After two consecutive convolutional and ReLU activation pairs, each encoder
stage includes a 2 x 2 max pooling layer, which reduces spatial dimensions by half. Max
pooling extracts dominant features within local regions, allowing the network to learn
progressively abstract, high-level representations while reducing the computational load.
As the spatial dimensions decrease, the number of feature channels doubles at each stage
(starting from 64 channels), enhancing the representational capability of the network. The
deepest encoder level (Stage 5) incorporates an additional dropout layer, randomly ze-
roing elements in the feature map to regularize the model and prevent overfitting at the
network’s most abstract representation level, without compromising the shallow spatial
details. Connecting the encoder and decoder is a bridge block (Figure 7b), composed of
two additional 3 x 3 convolutional layers, each followed by ReLU activations, as well as
another dropout layer. This bridge further refines and stabilizes abstract features at the
smallest resolution (24 x 32 pixels), ensuring robust semantic information transfer into
the decoding stage. The decoder path (expanding path) mirrors the encoder, restoring
spatial resolution in five successive stages. Each decoding stage (Figure 7c) begins with
a 2 x 2 transposed convolution layer (UpConv), which learns an optimal up-sampling
operation to double the spatial dimensions. Each transposed convolutional operation is
followed by ReLU activation to introduce further nonlinearity. Depth concatenation layer
concatenates the resulting feature maps along the depth dimension with corresponding
encoder features from the contracting path through skip connection, reintroducing detailed
spatial information (such as fiber boundaries) lost during pooling operations. Following
concatenation, two additional 3 x 3 convolutional layers, each with ReLU activations,
further refine these combined feature maps, improving the segmentation precision.

Finally, at full resolution (768 x 1024 pixels), the network applies a 1 x 1 convolutional
layer, which compresses the depth dimension from 64 to 3 channels, corresponding directly
to the segmentation classes. This is followed by a softmax layer, which normalizes the
output into pixel-wise class probabilities, enabling a clear probabilistic interpretation of the
segmentation results. Ultimately, the class probabilities are mapped into discrete class labels
by selecting the class with the highest probability at each location. Complete schematic
illustration of the custom U-Net architecture is shown in Figure 8.
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Figure 7. Schematic representation showing the structures of (a) encoder stage, (b) bridge block, and
(c) decoder stage.
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Bridge — Information flow direction

Figure 8. Schematic illustration of specifically optimized U-Net architecture.

Several task-specific design considerations guided the selection of architectural pa-
rameters. The choice of five encoder and decoder levels was motivated by the need to
adequately capture hierarchical morphological information in the images, ranging from
fine-scale textures of fibers to larger-scale spatial distributions of material patches. An initial
convolutional filter count of 64 was chosen after careful consideration to balance represen-
tational power and computational demand, making the architecture suitable for the pro-
cessing capabilities of our workstation. Retaining 1024 channels at the bridge level ensures
sufficient capacity for learning complex, texture-rich interactions characteristic of tribologi-
cal surfaces. These carefully designed optimizations and parameter selections ensure that
the custom U-Net network effectively captures both global morphological characteristics
and detailed structural boundaries of fibers and patches, providing robust segmentation
performance tailored specifically to the challenges of composite tribological analysis.
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2.4. Training Data Preparation and Network Training

Following the definition and optimization of the U-Net structure described previously,
a comprehensive training strategy was established to effectively segment worn surface
morphology. The training procedure includes carefully prepared input datasets, a robust
training configuration with well-chosen hyperparameters, data augmentation strategies to
enhance generalization, and rigorous performance validation via K-fold cross-validation.

The training data set was prepared by combining optical images with corresponding
height maps (in micrometers), as introduced in Section 2.2. Each input sample, therefore,
comprises four channels—three from the optical data (RGB value ranging from 0 to 255),
capturing detailed surface textures, and one additional channel encoding height informa-
tion, providing crucial depth-related structural insights. All images and corresponding
segmentation labels were uniformly resized to 768 x 1024 pixels to preserve detailed spatial
features while ensuring computational feasibility. Labels were verified and cleaned to con-
tain only valid categorical classes (Fiber, Patch, and Matrix) and converted into categorical
data types suitable for semantic segmentation tasks. To enhance the model’s robustness
against variations in real-world data, extensive data augmentation was performed during
training. Random horizontal and vertical reflections were applied to simulate variations
in fiber orientations. Random translations of up to +10 pixels in both horizontal and
vertical directions, rotations within £15 degrees, and scaling ranging from 0.8 to 1.2 times
the original size were introduced. These augmentation techniques expand the effective
size and variability of the training dataset, enabling the network to better generalize to
unseen data.

Training was conducted using the Adam optimizer, known for its adaptive learning
rate properties and suitability for deep learning segmentation tasks. An initial learning
rate of 2.6 x 10~% was selected based on empirical experimentation, balancing convergence
speed with training stability. The model underwent training for a maximum of 300 epochs,
and the mini-batch size was set at 4, a choice dictated by the GPU memory constraints
of our workstation, ensuring a stable training procedure without memory overflow. To
rigorously evaluate and validate the segmentation performance of the network, a K-fold
cross-validation strategy with K = 5 folds was employed. This technique randomly divides
the dataset into five subsets of approximately equal size. For each iteration, the network
was trained on four subsets while the remaining subset served as a validation set. This
approach ensures all data contributes to both training and evaluation, providing a thorough
and unbiased assessment of model performance and preventing potential bias caused by
a single training—validation split. For each fold of the cross validation, the training and
validation datasets were explicitly defined, augmented appropriately for training, and left
unaltered for validation to accurately represent the model’s performance on unseen data.
Model training was monitored closely using MATLAB’s built-in training progress visual-
ization, providing real-time feedback on metrics such as training loss, validation accuracy,
and convergence trends. Additionally, a checkpoint-saving mechanism was implemented
to periodically preserve the intermediate states of the network at predefined iterations,
safeguarding training progress against interruptions. All training experiments were per-
formed on a workstation equipped with an NVIDIA RTX 4090 GPU (24 GB VRAM, Nvidia,
Santa Clara, CA, USA) and a 24-core Intel 19-14900 CPU (128 GB RAM, Intel, Santa Clara,
CA, USA). Five-fold cross-validation required approximately one hour per fold (=5 h total)
with minibatches of four, leveraging GPU acceleration and a parallel CPU pool for data
augmentation. For multi-modal input images of size 768 x 1024 pixels (four channels),
single-image inference takes on average 1.3 s on the GPU. Leveraging MATLAB’s parallel
CPU pool, batch inference of ten images completes in approximately 3 s, demonstrating
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that the framework can segment hundreds of images per hour without specialized indus-
trial hardware.

Upon completion of each fold’s training, a rigorous validation approach was im-
plemented to systematically evaluate the segmentation performance of the trained
U-Net models. To quantitatively assess the accuracy and robustness of the model pre-
dictions, several metrics were computed using the validation dataset. Specifically, overall
accuracy (OA), mean Intersection-over-Union (mloU), precision, recall, and F1-score met-
rics were calculated based on the confusion matrix obtained from the validation results of
each fold. The confusion matrix, illustrated exemplarily in Figure 9, provides a compre-
hensive summary of the model’s prediction performance across the defined segmentation
classes. This matrix presents the distribution of true positives (TP), false positives (FP),
false negatives (FN), and true negatives (TN), enabling detailed analysis of classification
performance for each class.

Predicted
Fiber Patch Matrix Recall

TPFiber FN Fiber FNFiber
Fiber 87.78 %
728,276 50,303 51,113

FPFiber TPPatch TNFiber
Patch 62.96 %
13,886 561,681 316,611

True

FPFiber TNFiber TPMatrix

Matrix 90.18 %
43,205 791,660 7,666,881

Precision 92.73% 40.02% 95.42 %

Figure 9. Example of a confusion matrix for a trained model. Green diagonal squares denote each
class’s true positives, red off-diagonal squares indicate misclassifications and are annotated from the
fiber perspective (i.e., showing fiber’s false positive, false negatives, and true negatives).

Based on the confusion matrix, precision, recall, and F1-score for each class were
calculated as follow:

e  Precision represents the proportion of correctly identified instances of a class among
all instances predicted as that class. It quantifies the reliability of positive predictions
and is computed as follows (i denotes the class index; same applies below):

TP;

Precisionl’ - W
i i

(6)
e  Recall measures the proportion of correctly identified instances of a class out of all
actual instances belonging to that class. It indicates the model’s sensitivity to correctly
detecting positive instances and is defined as follows:
TP;

Recall; = TP, - EN. 7)
1 1

e  Fl-score is the harmonic mean of precision and recall, providing a balanced measure
between the two metrics. It is especially useful when dealing with imbalanced classes,
as it equally emphasizes both false positives and false negatives:

Precision; x Recall;

F1,=2 — 8
! X Precision; + Recall; ®)
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Additionally, two broader measures were computed to offer an overall assessment of
model performance across all classes:

e  Opverall accuracy (OA), defined as the ratio of the correctly classified pixels to the total
number of pixels, provides an intuitive measure of general classification effectiveness:

i1 TP

OA =
?:1(TPZ' + FPI')

©)

e  Mean Intersection-over-Union (mloU) is calculated as the average Intersection-over-
Union (IoU) across all segmentation classes. IoU for each class quantifies the overlap
between the predicted and ground-truth regions, making it particularly suitable for
evaluating segmentation tasks:

TP;

IoU; = ! 1

Ui = 75 FP, 1 EN; (10)
1n

mMU:EZbHdh (11)

These five metrics (precision, recall, F1-score, OA, and mloU) together provided a com-
prehensive and nuanced view of model performance, allowing for in-depth comparisons
across the folds. They were essential for subsequent model evaluation and for selecting
the best-performing model for practical application. The detailed confusion matrices and
associated metrics ensured that network performance was objectively and transparently
assessed, providing clear insights into areas of model strength and highlighting potential
areas for improvement.

2.5. Multi Nets Weighted Voting

Following the training phase, the performances of each individual model were system-
atically evaluated using precision, recall, and F1-score metrics, placing particular emphasis
on recall and F1-score due to notable class imbalance in the training dataset. Specifically,
approximately 80% of the labeled pixels corresponded to the “Matrix” class, while “Fiber”
and “Patch” constituted roughly 10% each, resulting in a severe class imbalance. Such
imbalance commonly biases neural networks towards dominant classes. Given that the
primary objective of the segmentation task was to accurately identify and delineate “Fiber”
and “Patch” regions, emphasis was placed on recall and Fl-score metrics for these mi-
nority classes. Based on these evaluations, five U-Net models exhibiting high recall and
balanced F1-score across all three classes were selected for subsequent analysis. Each of
these models, trained independently using a randomly partitioned data subset (due to the
nature of K-fold cross-validation), inherently captures slightly different aspects of the data
distribution and thus provides complementary insights when combined.

To enhance segmentation accuracy, a weighted ensemble approach was adopted, com-
bining predictions from multiple independently trained U-Net models. Ensemble methods,
particularly those employing weighted voting schemes, have been widely recognized for
improving predictive performance in various image segmentation tasks [52-54]. In this
context, each model’s contribution to the final prediction was weighted based on its pro-
ficiency in identifying specific classes. For instance, certain models exhibited heightened
sensitivity in detecting “Fiber” regions, while others were more adept at identifying “Patch”
areas. By assigning higher weights to models where they performed best, the ensemble
capitalized on the strengths of individual models, leading to more accurate and robust
segmentation outcomes.
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The weighted voting strategy was implemented as follows: for each pixel, the score
that it belongs to a specific class was computed as a weighted sum of predictions from
each of the five networks. Mathematically, for each pixel location (i, j) and class ¢, the
aggregated score S.(i, j) is given by the following:

Seli, ) = Yo wi, o Flg, -y, (i, f) (12)

where Py (i, j) represents the probability predicted by network k for class c at pixel (i, j),
and F1; . denotes the baseline F1-score for network k evaluated previously on class c. The
parameters wy, . are class-specific weights optimized using Bayesian optimization to further
enhance the accuracy of predictions. The incorporation of each network’s baseline F1-score
as part of the weighting formula serves as a mechanism to inherently adjust the influence
of networks according to their demonstrated reliability for each class. Thus, networks
that historically exhibited superior accuracy for a particular class were effectively granted
greater influence in the ensemble prediction for that class, a critical step towards addressing
the aforementioned class imbalance and maximizing predictive accuracy.

To determine the optimal weighting parameters for the ensemble model, Bayesian opti-
mization was employed due to its efficiency in optimizing complex, multidimensional, and
expensive-to-evaluate function. Bayesian optimization is particularly well-suited for sce-
narios where the objective function lacks a closed-form expression and is costly to evaluate,
such as tuning hyperparameters in machine learning models [55]. It operates by construct-
ing a probabilistic surrogate model, typically a Gaussian Process (GP), to approximate the
objective function. In this study, we employed MATLAB'’s “bayesopt” function with a
Gaussian Process surrogate model utilizing an Automatic Relevance Determination (ARD)
Matern 5/2 kernel. The acquisition function was set to “expected-improvement-plus” (EI+),
which automatically balances exploration—exploitation through adaptive perturbation. We
used a single initial point with all weights set to 1.0 to initialize the optimization and
performed a total of 60 objective evaluations. Kernel hyperparameters were re-estimated at
each iteration via marginal-likelihood maximization. This configuration ensures efficient
global search, balancing exploration of the parameter space with the exploitation of known
promising regions [56,57]. In the context of this study, the objective was to optimize the
weights assigned to each of the five U-Net models in the ensemble, as well as the class-
specific weights for “Fiber”, “Patch”, and “Matrix”. The optimization aimed to maximize
the ensemble’s F1-score, particularly focusing on the “Patch” class due to its critical role in
the segmentation task. Bayesian optimization was chosen over traditional methods like
grid search or random search because it can achieve better results with fewer evaluations,
which is crucial given the computational expense of evaluating each set of weights. This
approach has been successfully applied in similar contexts, such as optimizing ensemble
weights in image classification tasks. The optimization process began with an initial equal
weighting configuration, gradually evolving toward the optimal solution through succes-
sive iterations guided by the Bayesian strategy. At each iteration, weighted predictions
were evaluated against ground-truth labels to calculate precision, recall, and Fl-scores,
ensuring comprehensive tracking of ensemble performance improvements. Upon conver-
gence, the final set of optimized weights was determined based on achieving the highest
validation performance, measured principally by the F1-score, thereby ensuring maximal
segmentation accuracy.

Through the integration of multiple independently trained networks, class-specific
weighting schemes informed by each network’s baseline performance, and rigorous
Bayesian optimization of ensemble weights, the final ensemble model achieved supe-
rior segmentation outcomes. This carefully structured approach significantly mitigates the
challenges posed by class imbalance, leverages the complementary strengths of individ-
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ual networks, and effectively enhances the overall accuracy and reliability of composite
material surface segmentation.

3. Results and Discussion
3.1. U-Net Training

Following the methodology detailed in Section 2.3, we selected a set of optimal hyper-
parameters based on the available dataset size, image resolution, and hardware capabilities
of the workstation (cf. Table 2). For example, an initial learning rate of 2.6 x 10~* was
chosen to maintain sufficiently large gradient updates at early training stages while pre-
venting instability from excessively high learning rates. Considering the high resolution
of training images and available GPU memory, a minibatch size of four was selected to
balance computational efficiency and prevent GPU memory overflow. Additionally, vali-
dation was performed every 30 iterations (approximately every two epochs) to monitor
potential overfitting without excessively slowing the training process. Furthermore, a
five-level encoder depth was adopted to achieve an optimal trade-off between preserving
fine fiber textures (shallow-layer features) and capturing the global semantic context of
patches (deep-layer features). The initial convolution layer with 64 kernels represented a
balanced compromise between model capacity and computational efficiency, sufficient to
extract complex fiber features while limiting the overall number of parameters. To maxi-
mize training efficiency, parallel CPU processing and GPU acceleration were employed,
achieving roughly 3600 iterations per fold within the five-fold cross-validation, with each
fold requiring approximately one hour.

Table 2. Selected hyperparameters of five-fold cross validation U-Net training process.

Hyperparameter Value
Initial learn rate 2.6 x 1074
Mini batch size 4

Maximum epoch 300

Validation frequency 30
Encoder depth 5
No. of first encoder filters 64

To mitigate randomness in the training process, a total of 80 networks (16 sets of
five-fold) were independently trained. Given that the validation data subsets within K-fold
cross-validation were randomly partitioned, these networks can be considered independent
from each other. Furthermore, data augmentation strategies were utilized to further
enhance generalization and minimize overfitting. As previously described, individual
performance metrics were calculated for each network using its respective validation
subset. Given the significant dominance (~80%) of the matrix class within tribological
surface images, overall accuracy (OA) alone was deemed unsuitable as a performance
metric due to the potential bias toward the majority class. Therefore, recall and F1-score
were selected as the primary indicators of segmentation performance. As illustrated in
Figure 10, the matrix class exhibited exceptionally high average recall and F1-score values
of 0.967 and 0.946, respectively, attributed to its large proportional coverage. Fibers, with
clearly defined boundaries and height characteristics, also showed strong performance,
with average recall and Fl-score values of 0.912 and 0.908, respectively. However, the
patch regions, characterized by ambiguous boundaries in both optical and height images,
posed significant segmentation challenges, even for experienced researchers. Consequently,
segmentation accuracy for patches was relatively low and unstable, with average recall and
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Recall, -

Average recall, -

Fl-score values of 0.404 and 0.479, respectively. This level of accuracy was insufficient for
our intended precise quantification of patch areas, underscoring the necessity of further
methodological enhancements.
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Figure 10. Evaluation metrics for segmentation results: (a) recall and (b) F1-score values for three
labels across 80 trained networks; and (c) mean recall and (d) mean Fl-score values averaged over
the three labels.

3.2. Bayesian-Optimized Weighted Voting

As demonstrated in the previous section, the trained individual networks exhibited
sufficiently high segmentation accuracy for fibers and matrix regions; however, the pre-
diction accuracy for patch regions remained unsatisfactory. To address this issue and
enhance overall segmentation accuracy, a multi-network weighted voting mechanism was
introduced, primarily aimed at improving the segmentation accuracy for patch regions
while maintaining the performance for fiber and matrix areas. Accordingly, the five net-
works demonstrating the highest individual patch-region performance (based on their
respective Fl-scores) were selected for inclusion in the voting ensemble. Following the
procedure described in Section 2.3, each of these five networks individually segmented
the images from the training dataset. Their pixel-wise predictions were then multiplied
by their corresponding class-specific Fl-scores and optimized weights, after which the
class with the highest aggregated weighted score was selected as the final segmentation
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result. Given the complexity involved in simultaneously optimizing multiple network
weights, Bayesian optimization was employed to achieve globally optimal parameters.
Since the selected networks already exhibited consistently high and stable accuracy for
fibers and matrix regions, further performance gains in these categories were unnecessary
and potentially detrimental if overemphasized. Thus, to prevent fibers and matrix from
dominating the voting process, the optimization range for their corresponding weights
was limited to between 0.1 and 1. Moreover, to simplify the optimization task and enhance
computational efficiency, a single shared weight was assigned to all five networks for each
of the fiber and matrix classes. In contrast, individual network weights for the patch class
were independently optimized over a wider range (0.1 to 3), enabling the ensemble to
amplify the influence of a network particularly effective in segmenting patches, without
excessively diminishing contributions from other networks. Consequently, the optimization
involved seven parameters in total, constituting a high-dimensional search space ideally
suited to Bayesian optimization methods.

During optimization, the Fl-score for the patch regions in the final voting out-
come was chosen as the objective function. The optimization process was conducted
over 60 iterations, with an initial baseline established by setting all seven weights
uniformly to 1. Figure 11a illustrates the progression of F1-scores for each of the three classes
over the course of optimization. Clearly, after 60 iterations, the F1-score for patch predic-
tion improved from the initial uniform-voting baseline of 0.595 to 0.638, representing a
substantial increase of approximately 33% compared to the average single-network patch
F1-score of 0.479 (cf. Figure 11b). Notably, modest performance gains for fibers and matrix
regions were also observed. Table 3 provides the optimized values of the seven voting
weights obtained from this process.

msingle net
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Figure 11. Progression of F1-score for three labels over 60 iterations of Bayesian optimization (a) and
comparison of Fl-scores for the three labels using a single network, simple voting, and weighted
voting (b).

Table 3. Bayesian-optimized voting weights for five selected networks.

Weight Fiber Matrix Patch; Patch, Patchgy Patchy Patchg
Value 0.212 0.216 0.280 1.763 0.336 0.365 2.750

To validate and assess the optimized weighted voting approach, and to ensure that
the optimization did not lead to overfitting on the training data, an additional set of five
images was prepared as independent test samples. These test images were not included
within the original set of 63 training images, thereby allowing an unbiased evaluation of the
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generalization capability of both the trained networks and the weighted voting ensemb]e.
Figure 12 visually compares segmentation results from each of the five individual networks,
the optimized weighted voting ensemble, the corresponding manually annotated ground
truth, and the original optical micrographs. As shown in Figure 12, the predictions from
each individual network were consistently accurate in segmenting fiber regions, exhibiting
only minor differences across localized regions. Notably, all networks successfully differ-
entiated between fibers and visually similar bright regions—primarily graphite flakes, as
exemplified by large bright areas in the upper left and lower left regions of the optical
image—and correctly avoided mislabeling these as fibers. Conversely, significant variations
were observed in the identification and delineation of patch regions among the individ-
ual networks, with varying degrees of conservativeness or aggressiveness. However, the
weighted voting ensemble effectively integrated these divergent predictions, resulting in a
balanced segmentation that closely resembled the manual annotation. Figure 13 presents
the confusion matrices for the optimized ensemble on the five test images, alongside the
per-class precision, recall, and F;-scores. The results demonstrate that, while maintaining
fiber and matrix precision and recall above 0.93, the weighted voting scheme markedly
boosts patch segmentation performance: patch precision rises to 0.917, recall to 0.737, and F;
to 0.817. Examination of the confusion matrices further reveals minimal off-diagonal errors,
indicating that most misclassifications occur between patch and matrix regions rather than
with fibers. These improvements confirm that the Bayesian-optimized ensemble achieves a
superior balance between precision and sensitivity for the most challenging class without
compromising overall segmentation fidelity.

}

Weighted voting Manually labeled

Figure 12. Example of visualized segmentation results of five single U-Net networks, weighted voting
results, manually labeled ground truth, and original optical image.

Furthermore, segmentation accuracy for each of the three classes across all five test
images was quantitatively evaluated, both individually for each network and collectively
for the weighted voting ensemble, using the accuracy calculation defined as follows:

Accuracy, = Lolllys=c A Jz=¢) (13)

e (yx = ¢)

where i, denotes the true label of pixel x, §, denotes the predicted label, A is logic “and”,

and II(-) is the indicator function that equals 1 if its argument is true and 0 otherwise. The
average accuracies calculated from this formula are presented in Figure 14. Compared to
the average performance of the individual networks, the weighted voting ensemble demon-
strated a slight improvement in accuracy for fibers, increasing from 0.943 to 0.953, while
accuracy for the matrix class remained nearly unchanged at approximately 0.986. Crucially,
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accuracy for the patch class showed a substantial enhancement, rising from 0.543 to 0.730,
representing an increase of approximately 34.5%. Additionally, the weighted voting results
exhibited enhanced stability and reduced variability, as evidenced by noticeably shorter
error bars compared to individual network predictions.

Predicted
Fiber Patch Matrix Recall F1

Fiber 330,300 8,950 5,923 95.69 % 94.46 %

Patch ~ 19,318 506,389 161,109 73.73 % 81.72 %

True

Matrix 4544 37,192 2,858,435 98.56 % 96.48 %

Precision 93.26 % 91.65% 94.48%

Figure 13. Confusion matrix of the optimized ensemble on the five test images.
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Figure 14. Calculated average accuracy on three labels of segmentations from single net and from
weighted voting ensemble.

Given that the ultimate aim of this research is to apply neural networks to quanti-
tatively investigate the influence of third-body patches on tribological performance, the
accurate measurement of fiber and patch areas remains the primary focus. Therefore, the fi-
nal weighted voting results for all test images and their corresponding manual annotations
were visualized and prepared for subsequent morphometric analysis. Figure 15 compares
the segmentation results for the remaining four test images, with the first row showing
the ensemble predictions obtained from the optimized weighted voting scheme and the
second row presenting the manually annotated ground truths. As illustrated, the ensem-
ble results generated by neural network segmentation closely match the ground truths
overall, demonstrating particularly high accuracy in fiber identification. Although minor
discrepancies exist within certain patch regions, these do not significantly impact overall
segmentation quality.



Lubricants 2025, 13, 324

19 of 23

Figure 15. Comparison of weighted voting segmentation results (first row) with corresponding
manual annotations (second row) for the four remaining test images.

To further validate the practical applicability of our proposed method in tribological
studies, the areas of fibers and patches in the test dataset were quantitatively calculated
from manual annotations, individual network predictions, and weighted voting results,
respectively. Figure 16a shows the actual calculated fiber and patch areas identified by these
three methods, while Figure 16b compares the area measurement mean absolute percentage
errors (MAPE) for individual networks and the weighted ensemble relative to the manual
ground truths. Clearly, the weighted voting results were significantly closer to the manual
annotations than individual network predictions. Specifically, the error percentage in fiber
area measurements, already low at an average of 2.3% from individual networks, improved
to only 0.8% with weighted voting, reflecting practically negligible deviation. More notably,
the patch area error dramatically improved from an unacceptable 63.3% with individual
network predictions to just 7.2% after weighted voting. Although this error remains
somewhat larger than that for fiber regions, it is considered acceptable. The relatively
higher error in patch segmentation partly arises from the inherent limitations of pixel-level
predictions, as some pixels near the ambiguous patch boundaries may not be confidently
assigned to the patch region, increasing the complexity for subsequent image processing
and analysis steps. Moreover, unlike fibers, patch boundaries are inherently ambiguous
and cannot be defined with absolute clarity; even experienced researchers cannot guarantee
perfect accuracy. Therefore, an error margin of approximately 7.2% relative to manual
annotation is considered entirely acceptable within the scope of this research.
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Figure 16. Comparison between different segment methods of (a) fiber and patch area measurements,
and (b) percentage errors of fiber and patch areas relative to manual annotations.
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4. Conclusions

In this study, a U-Net-based convolutional neural network was developed and op-
timized to perform precise, automated segmentation of worn-surface micrographs from
Pin-on-Disc experiments on a PEEK-based composite. By leveraging high-resolution op-
tical images combined with quantitative height data, several independent U-Net models
were trained through five-fold cross-validation. Subsequently, a multi-network weighted
voting system was implemented based on the five best-performing models. Bayesian
optimization was employed to specifically fine-tune the weights assigned to different labels
across networks, aiming primarily to enhance segmentation accuracy of patch regions
while preserving performance for fiber and matrix areas. The main conclusions drawn
from this study are as follows:

1. By carefully selecting optimal hyperparameters, adopting an appropriate U-Net archi-
tecture, and employing data augmentation along with cross-validation to mitigate
overfitting, the resulting networks demonstrated high segmentation performance for
fiber and matrix regions, achieving F1-scores of 0.912 and 0.946, respectively. However,
segmentation accuracy for patch regions remained relatively low, with an F1-score of
only 0.404.

2.  Implementing Bayesian optimization to optimize and allocate seven individual
weights for three segmentation classes across five selected U-Net models signifi-
cantly improved patch region segmentation. The Fl-score increased from an initial
single network average of 0.404 to 0.638, representing an improvement of approx-
imately 33%. Meanwhile, slight improvements in fiber and matrix segmentation
accuracy were also observed, indicating that the weighted voting ensemble effectively
harmonized the strengths and mitigated the weaknesses of individual networks.

3.  Compared with single network segmentations, the optimized weighted voting scheme
considerably reduced the MAPE of fiber area measurements from 2.3% to 0.8%,
and dramatically improved patch area measurements from an initially unusable
63.3% down to a substantially more acceptable 7.2%. These improvements clearly
indicate that our automated segmentation method provides sufficiently accurate
morphological data for quantitative tribological analysis.

Ultimately, our findings demonstrate that a properly configured U-Net ensemble com-
bined with Bayesian-optimized voting weights offers a high-precision tool for automated
and accurate segmentation of complex worn surfaces. The proposed framework allows
rapid and precise extraction of fiber and patch characteristics, laying a robust foundation
for more efficient research workflows, real-time image analysis, and data-driven mate-
rials design in tribology. However, third-body patch boundaries lack clear definition as
they transition into the surrounding matrix with low contrast, so even carefully produced
ground-truth labels reflect a degree of subjectivity. Employing a multi-annotator consensus
labeling strategy could reduce this subjectivity and further improve patch-region accuracy
by providing the model with more robust boundary definitions. Future work will also
validate the proposed segmentation framework on additional polymer-based composites
to quantitatively assess cross-material robustness.
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