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Abstract: Detecting structural cracks is critical for quality control and maintenance of industrial
materials, ensuring their safety and extending service life. This study enhances the automation
and accuracy of crack detection in microscopic images using advanced image processing and deep
learning techniques, particularly the YOLOv8 model. A comprehensive review of relevant literature
was carried out to compare traditional image-processing methods with modern machine-learning
approaches. The YOLOv8 model was optimized by incorporating the Wise Intersection over Union
(WIoU) loss function and the bidirectional feature pyramid network (BiFPN) technique, achieving
precise detection results with mean average precision (mAP@0.5) of 0.895 and a precision rate of
0.859, demonstrating its superiority in detecting fine cracks even in complex and noisy backgrounds.
Experimental findings confirmed the model’s high accuracy in identifying cracks, even under chal-
lenging conditions. Despite these advancements, detecting very small or overlapping cracks in
complex backgrounds remains challenging. Our future work will focus on optimizing and extending
the model’s generalisation capabilities. The findings of this study provide a solid foundation for
automatic and rapid crack detection in industrial applications and indicate potential for broader
applications across various fields.

Keywords: crack detection; YOLOv8; deep learning; microscopic images; structural integrity

1. Introduction

Accurate crack detection is vital for maintaining the structural integrity of materials
across various industrial applications. Traditional methods, such as manual inspection
and basic image processing techniques like edge detection and morphological operations,
rely heavily on human expertise. Complex backgrounds and noise often challenge these
methods, resulting in reduced detection accuracy and efficiency, particularly in the presence
of intricate surface details [1]. In contrast, rapid advancements in computer vision and deep
learning, particularly convolutional neural networks (CNNs), have enabled significant
advancements in feature extraction and pattern recognition, thereby improving detection
accuracy and enabling automation [2,3]. However, applying these deep learning techniques
to specialized tasks is still limited due to the unique challenges posed by certain image
properties, particularly those in scanning electron microscopy (SEM) images. SEM inspec-
tions can generate hundreds of images, making manual analysis both time-consuming and
error-prone, particularly for untrained or fatigued inspectors who might overlook cracks.
To overcome these limitations, our goal is to automate the inspection process through
artificial intelligence and ultimately develop a digital twin system capable of real-time, in
situ crack detection within SEM images.

Microscopic images, extensively used in materials science, biology, and medicine, pose
unique challenges due to their high resolution and substantial noise and artefacts, such as
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oxide layers, scratches, and particles [4,5]. These characteristics complicate the detection
process, as many existing deep learning models and image processing techniques are not
specifically optimized for the detailed and noisy nature of microscopic data [6,7]. As a
result, despite advances in crack detection for conventional imaging, a significant research
gap remains in addressing the specific challenges posed by microscopic images. Current
deep learning models often struggle to generalize to the high complexity and noise levels
inherent in microscopic images, resulting in suboptimal detection outcomes in practical
applications [8,9].

Recent studies have proposed various methods to enhance crack detection; however,
many still struggle to achieve the precision required in complex environments. For exam-
ple, Pauly et al. [10] employed a deeper neural network to improve road crack detection,
achieving greater accuracy and robustness in relatively simple contexts. Building on this,
Li et al. [11] introduced SegFormer, a hierarchical Transformer-based network, which out-
performed traditional CNN-based models in detecting small cracks on concrete and asphalt
surfaces. However, these approaches often face challenges in handling complex back-
grounds and detecting fine-scale cracks. To address some of these issues, Zhang et al. [12]
proposed an unsupervised learning method combining the Vector Quantized-Variational
Autoencoder 2 (VQ-VAE2) and Pixel Sequential Neural Autoregressive Model (Pixel-
SNAIL), enabling crack detection without annotated data. However, it still struggles
with the intricate details of small cracks and background noise. Kou et al. [13] developed a
YOLOv3-based model for detecting steel strip surface defects, incorporating an anchor-free
feature selection mechanism to reduce computation time and dense convolution blocks
to enhance feature propagation. While effective across multiple datasets, the model still
requires improvement in detecting small-scale cracks and handling complex backgrounds.
Hu et al. [14] optimized YOLOv5 for vehicle-mounted pavement crack detection, intro-
ducing advanced feature extraction and optimization techniques. Their method achieved
high detection accuracy and speed, excelling in complex environments and outperforming
traditional and other deep learning models. While these efforts improved detection accu-
racy, they still exhibited limitations when dealing with small-scale cracks under diverse
conditions. Su et al. [15] highlighted the advantages of single-stage detection algorithms
like YOLO in applications where precise pixel-level identification is less critical. Despite
the advancements with YOLO models in detecting various defects, their effectiveness in
addressing the specific challenges of microscopic image analysis, especially in SEM images,
remains limited. This underscores the need for more tailored approaches capable of reliably
detecting and measuring cracks in such complex scenarios, a goal that this study aims to
achieve. Table 1 shows the research contents and results of the above studies.

Table 1. Comparison of different studies on object recognition and classification algorithms.

Study Approach Dataset Type Results Challenges/Limitations

Pauly et al. [10] Deep Neural Network for
road crack detection Road Images

Achieved improved
detection accuracy and
robustness in controlled

environments

Struggles with precision
in complex environments

Li et al. [11]
SegFormer for small
crack detection on

concrete/asphalt surfaces

Concrete/Asphalt
Surfaces

The recall rate of
SegFormer-B5 is 77.4%,

which is 4.0% higher than
DeepLabV3-R101,

and the accuracy rate can
reach 98.8%.

Challenges in handling
fine-scale cracks in

complex backgrounds
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Table 1. Cont.

Study Approach Dataset Type Results Challenges/Limitations

Zhang et al. [12]
VQ-VAE2 + PixelSNAIL
for unsupervised crack

detection
Unsupervised Datasets The accuracy rate can

reach 93.33%

Struggled with detailed
features in

noisy environments

Kou et al. [13] YOLOv3 optimized for
steel strip defects

Steel Strip Surface
Datasets

The proposed model
yielded 71.3% mAP on
the GC10-DET dataset,
and 72.2% mAP on the

NEU-DET dataset.

Limitations in detecting
small-scale defects in
complex conditions

Hu et al. [14]
YOLOv5 optimized for

vehicle-mounted
pavement crack detection

Vehicle-Mounted
Pavement Images

ACompared with
YOLOv5, mAP increased

by 3.41% and F1-score
increased by 2.25%

Needs improvement for
finer detection in more

intricate scenarios

Su et al. [15] Maintaining the Original
Dimension-YOLO Various Defect Datasets

The accuracy rate
reached 91.1%,
the number of

parameters was reduced
by 19.7%, and the

computational
complexity was reduced

by 35.9%.

The model is
relatively large

Addressing the gaps identified in the current literature, this study optimizes the
YOLOv8 model for crack detection in microscopic images, specifically in SEM images.
YOLOv8 introduces several key advancements that significantly enhance its performance
and versatility, establishing it as a state-of-the-art model in object detection. The model is
available in multiple versions—N, S, M, L, and X—each tailored to different deployment
platforms and application scenarios, ensuring scalability and adaptability [16,17].

The YOLOv8 architecture was systematically refined to enhance both computational
efficiency and detection accuracy. In the backbone, it adopts the Cross Stage Partial (CSP)
strategy, which improves efficiency by dividing the feature map into two branches—one
processed through convolutional layers and the other bypassing them—thereby reducing
redundant computations. The C3 module, originally used in previous versions, imple-
ments a CSP bottleneck with three convolutional layers. However, in YOLOv8, this was
replaced by the C2f module, a faster and optimized implementation of the C2 module (CSP
bottleneck with two convolutions). The C2f module achieves improved execution speed
while maintaining comparable performance by streamlining the internal operations of the
bottleneck structure [18–20].

Furthermore, the backbone integrates the Spatial Pyramid Pooling Fast (SPPF) module,
which compresses spatial dimensions efficiently while preserving critical multi-scale contex-
tual information, reducing computational overhead without sacrificing performance. In the
neck, YOLOv8 continues to employ the Path Aggregation Network (PANet), with further
structural optimizations to enhance the fusion of high-level semantic features with low-
level spatial information. This design enables the model to effectively capture fine-grained
details and global context, improving detection accuracy across objects of varying scales
and complexities. In the head of the network, the transition from an Anchor-Based to an
Anchor-Free detection paradigm simplifies model design and improves its robustness in
detecting objects of varying sizes and scales [21,22]. The model framework of YOLOv8 is
shown in Figure 1.
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Figure 1. YOLOv8 model framework.

YOLOv8 integrates advanced loss functions such as Varifocal Loss (VFL) for classi-
fication and Distance-Focal L1 (DFL) Loss for regression to further optimize the learning
process. These loss functions enhance detection confidence and localization precision,
which are critical for complex object detection tasks. Additionally, YOLOv8 introduces a
Task-Aligned Assigner strategy, replacing traditional IoU-based sample allocation methods.
This strategy dynamically aligns positive and negative samples based on prediction quality,
facilitating more balanced and efficient model training [23–25].

These enhancements make YOLOv8 more adaptable and robust for a wide range
of object detection applications, significantly improving both computational efficiency
and detection performance compared to its predecessors. Building on this foundation,
this study integrates advanced optimization strategies, including WIoU and BiFPN, which
further refine the model’s localization accuracy and robustness. These improvements
are particularly critical at lower confidence thresholds, which are essential for detecting
fine cracks and defects in challenging environments. WIoU is an advanced loss function
that enhances bounding box regression by incorporating an attention-based mechanism,
adjusting weights based on the centre distance and aspect ratios of bounding boxes. BiFPN,
on the other hand, is a feature fusion network that enhances detection performance by
efficiently combining features from different levels in a bidirectional manner, improving
both high-level semantic information and low-level detail extraction. The baseline YOLOv8
model initially demonstrated promising performance, achieving an F1-score of 0.84 and
a mean average precision (mAP@0.5) of 0.876, with a distance measurement error within
3%, indicating strong potential for accurate crack detection. Through independent op-
timizations, WIoU increased the F1-score to 0.85 and the mAP@0.5 to 0.895. Similarly,
BiFPN maintained a comparable mAP@0.5 of 0.894, with enhanced stability, demonstrating
the effectiveness of these enhancements in significantly boosting the YOLOv8 model’s
capability for precise and rapid automated crack detection in SEM images.

2. Methods

This study focuses on optimizing the model through structural modifications and
parameter fine-tuning. By adjusting the YOLO framework and incorporating advanced



Electronics 2024, 13, 4824 5 of 27

components, such as re-parametrized networks and various loss functions, the goal is to
enhance detection accuracy and efficiency.

2.1. Parameter Adjustment and Optimization

Researching and refining algorithms is a critical aspect of this study. Based on a
comprehensive literature review, several potential modifications and enhancements to the
framework were identified, organized as follows:

□ Make slight modifications to the framework.
□ Add additional detection layers.
□ Integrate attention mechanisms, such as Convolutional Block Attention Module

(CBAM) [26], Squeeze and Excitation (SE) [27], and Self-Attention (SA) [28].
□ Employ alternative loss functions, including Distance-IoU (DIoU) [29], Generalized-

IoU (GIoU) [30], and Scalable-IoU (SIoU) [31]. These functions can more effectively
measure the difference between the predicted and actual bounding boxes, thereby
improving the model’s positioning accuracy.

□ Utilize re-parametrized networks, such as Re-parametrized VGG (RepVGG) [32].

This article mainly increases the detection accuracy by slightly modifying the YOLO
framework and using other loss functions to improve the measurement accuracy.

2.1.1. Loss Function Improvement

The IoU loss, or Intersection over Union loss, is a commonly used loss function in
object detection tasks. In the object detection task, IoU is used to measure the overlap
between the anchor box and the target box. It effectively masks the interference of the
bounding box size in the form of a ratio, so that the model can well balance the learning
of large and small objects when using 1 − IoU (1 − IoU represents the difference between
the real box and the predicted box) as the BBR loss [33,34]. The function of IoU loss is
defined as

IoU =
A ∩ B
A ∪ B

, (1)

LIoU = 1 − IoU, (2)

where the symbols A and B represent the areas of two regions, respectively. Here, A ∩ B
denotes the intersection area of regions A and B, which is the overlapping part between
the two regions. Conversely, A ∪ B represents the union area of regions A and B, which
includes all parts of both regions. L denotes “Loss”, and LIoU indicates that this is an
IoU-based loss function.

YOLOV8 uses Complete Intersection over Union (CIoU ), which is more robust and
sensitive in capturing target shape, improving positioning accuracy and handling complex
scenes. Its definition is as follows:

LCIoU = LIoU +
ρ2(b, bgt)

c2 + αv, (3)

where IoU measures the overlap between the predicted box b and the ground truth bgt.
ρ2(b, bgt) is the centre point distance between b and bgt, c is the diagonal of the smallest
enclosing box, and αv accounts for aspect ratio consistency, providing a comprehensive
bounding box regression metric. Among them,

v =
4

π2 (arctan
wgt

hgt − arctan
w
h
)2, (4)
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where w and h are the width and height of the predicted box, respectively, with wgt and hgt

being ground truths. The arctan function captures the angle of the aspect ratios, and the
formula penalizes deviations, improving shape alignment.

α =
v

LIoU + v
, (5)

α is a balanceparameter (this coefficient does not participate in the gradient calculation).
Here, the priority is given according to the IoU value. The coefficient is larger when the
IoU between the prediction box and the target box is larger.

Although CIoU has many advantages, such as shape invariance, sensitivity to posi-
tioning accuracy, and comprehensiveness, it still has some shortcomings. First, CIoU has
high computational complexity. Compared with the traditional IoU loss function, CIoU
involves more calculation steps, including calculating the full cross-area and introducing
correction factors, which may increase the computational burden of model training. Second,
some parameters in CIoU (such as the weight parameters of the correction factor) have a
great impact on the performance of the loss function and need to be carefully adjusted to
obtain the best model performance. In addition, since CIoU considers more information,
the model may require more data and longer training time to fully learn this information,
which is particularly unfavourable for training small-scale datasets [35–37].

WIoU proposed by Tong et al. [38] significantly reduces regression error and improves
model performance by designing an attention-based BBR loss (WIoU v1), and an improved
version with monotonic FM (WIoU v2) and dynamic non-monotonic FM (WIoU v3). Ac-
cording to multiple experiments, WIoU has the best effect. Therefore, it was ultimately
chosen as the loss function.

WIoU v1 loss definition:

LWIoUv1 = RWIoULIoU , (6)

RWIoU = exp (
(x − xgt)2 + (y − ygt)2

(W2
g + H2

g)
∗ ), (7)

where (x, y) and (xgt, ygt) are the centre coordinates of the predicted and ground truth
boxes, respectively. Wg and Hg represent the width and height of the minimum bounding
box, respectively. To prevent RWIoU from generating gradients that hinder convergence,
Wg and Hg are separated from the computational graph (the superscript * indicates this
operation).

The improvement of WIoU v2 is to reduce the contribution of simple examples to the
loss value by designing a monotonic focusing mechanism.

WIoU v2 loss definition:

LWIoUv2 = (
L∗

IoU

LIoU
)γLWIoUv1, (8)

where LIoU represents a moving average with momentum m. The dynamically updated
normalization factor, defined as r = (

L∗
IoU

LIoU
)γ, ensures that the gradient gain remains

relatively high, effectively addressing the problem of slow convergence in the later stages
of training.

The concept of outlier degree is introduced to quantify the quality of misaligned
bounding boxes, defined as

β =
L∗

IoU

LIoU
, β ∈ [0,+∞). (9)

a smaller value of β implies a higher penalty on lower-quality bounding boxes, thus
directing the boundary regression toward boxes of moderate quality. This helps prevent
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harmful gradients caused by low-quality samples. Using the monotonic focusing factor β,
the WIoU v3 loss definition is

LWIoUv3 = rLWIoUv1, r =
β

δαβ−δ
, (10)

where δ and α are constants that balance the scaling factor, ensuring effective performance
across different scenarios.

The integration of WIoU into the YOLOv8 model requires several targeted modifica-
tions to ensure that the new loss function is properly incorporated and improves detection
accuracy. The process begins with identifying the section in the model’s code responsi-
ble for computing the IoU metric, typically found in the logic handling bounding box
regression. The standard IoU or CIoU formula in this section is replaced with the WIoU
algorithm, which enhances traditional IoU by introducing additional terms that account
for the distance between bounding box centres and their aspect ratio consistency. This
adjustment refines the precision of the bounding box regression, increasing the model’s
robustness and adaptability across a variety of object shapes and scales.

Following this modification, the component that computes the model’s loss function is
updated to ensure the use of WIoU throughout the training process. This involves replacing
the original IoU-based loss with the WIoU loss function. The WIoU loss offers better opti-
mization by reducing false positives and false negatives, particularly in complex scenes with
overlapping objects or small targets. Fine-tuning WIoU-specific parameters—such as centre
distance and aspect ratio weights—is essential during this phase to ensure that the model
achieves optimal generalization and stability across diverse datasets and environments.

Once the WIoU modifications are completed, the model configuration files and training
scripts are updated to integrate the new loss function into the entire training and validation
pipeline. Adjustments are made to relevant parameters, such as confidence thresholds
and IoU thresholds, to fully leverage the WIoU loss function’s capabilities. The updated
model is then rigorously tested and validated, with experimental comparisons conducted
to evaluate the improvements over traditional IoU-based losses. Special focus is placed
on the model’s performance in challenging environments, such as cluttered backgrounds
and low confidence scenarios, to ensure reliability and robustness across a broad range
of conditions.

2.1.2. Structural Improvements

Since YOLOv8 adopts PANet for feature aggregation, this study builds upon the BiFPN
architecture proposed by Tan et al. [39], which introduces a weighted bidirectional feature
pyramid network to enhance multi-scale feature fusion. FPN (feature pyramid network),
a widely used structure in object detection, combines low-level positional and high-level
semantic features through a top-down pathway with lateral connections, generating feature
maps that facilitate accurate detection across varying object scales. However, FPN suffers
from limited aggregation efficiency and redundant nodes, reducing its overall effective-
ness. To overcome these limitations, PANet (Path Aggregation Network) extends FPN by
introducing a bottom-up path that enriches feature propagation and improves multi-scale
utilization. While PANet enhances the fusion process, it lacks a dynamic mechanism for
balancing the importance of input features adaptively.

Figure 2 compares the structures of FPN and BiFPN, highlighting the advantages of
the latter. As shown in Figure 2a, the standard FPN relies on a unidirectional top-down
pathway, which restricts the effectiveness of multi-scale feature fusion. In contrast, Figure 2b
illustrates the BiFPN, where feature maps are aggregated in both top-down and bottom-up
directions across multiple repeated layers. This bidirectional design enables more effective
feature interaction across scales and improves the model’s ability to detect objects of varying
sizes, making BiFPN a more efficient solution for complex object detection tasks.

Building on PANet’s foundation, BiFPN introduces several innovations to further
enhance feature fusion. It employs a bidirectional path, where semantic information flows
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downward from high-level features, and positional information flows upward from low-
level features. Additional edges are introduced between input and output nodes within
the same layer, facilitating feature reuse, while nodes with only one input are removed
to simplify the network structure. If input and output nodes reside within the same
layer, more connections are added to strengthen feature fusion. Each bidirectional path
functions as a feature layer that is reused multiple times, with the optimal number of
repetitions determined through a Neural Architecture Search (NAS). Additionally, BiFPN
applies a fast normalized fusion mechanism with learnable weights to prioritize the most
relevant input features, enhancing both training efficiency and model performance. These
innovations allow BiFPN to surpass both FPN and PANet in feature aggregation and overall
performance, particularly in demanding object detection scenarios.

Figure 2. Comparison of FPN and BiFPN structures: (a) Feature Pyramid Network (FPN): A tra-
ditional top-down architecture for feature fusion, enabling feature maps at different scales to be
combined for enhanced multi-scale representation, and (b) Bidirectional Feature Pyramid Network
(BiFPN): An advanced architecture with bidirectional connections and repeated fusion blocks, de-
signed for more efficient and scalable multi-scale feature aggregation by leveraging both top-down
and bottom-up pathways.

The calculation expression is:

Ptd
6 = Conv

(
w1 · Pin

6 + w2 · Resize(Pin
7 )

w1 + w2 + ϵ

)
, (11)

Pout
6 = Conv

(
w′

1 · Pin
6 + w′

2 · Ptd
6 + w′

3 · Resize(Pout
5 )

w′
1 + w′

2 + w′
3 + ϵ

)
. (12)

Here, Ptd
6 and Pout

6 are the outputs after top-down and bottom-up feature fusion, respec-
tively. The weights w1, w2, w′

1, w′
2, and w′

3 determine the importance of each input feature
map, and ϵ is a small constant to avoid division by zero. The Conv operation applies a
convolution to the fused features, enhancing training speed and model performance by
differentiating the significance of various input features.

Figure 3 demonstrates the integration of BiFPN into the YOLOv8 architecture. To facil-
itate this process, the model’s configuration must be modified to accommodate for BiFPN
being the primary feature fusion module, replacing the original FPN. This adjustment
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requires fine-tuning key parameters, including the number of feature levels and the rep-
etition count, to fully exploit BiFPN’s multi-scale fusion capability. These modifications
are essential for improving the fusion of features across various object sizes and spatial
resolutions, thereby enhancing the model’s overall detection performance.

The BiFPN module is subsequently embedded into the feature extraction pipeline,
introducing a bidirectional fusion mechanism that ensures seamless information exchange
between high-level semantic features and low-level spatial details. The bidirectional flow
allows the model to effectively capture both global and local information. A learnable
weighting mechanism further optimizes the fusion process by dynamically assigning
importance to different feature levels, enabling the efficient aggregation of informative
features. The BiFPN design ensures full compatibility with the backbone network and
detection head, maintaining smooth integration within the YOLOv8 framework without
disrupting the detection pipeline.

To ensure the consistent application of BiFPN during both the training and inference
phases, the task coordination module is revised. This involves updating function calls and
adjusting relevant parameters to replace references to the original feature pyramid network
with the integrated BiFPN. These revisions guarantee the effective utilization of bidirec-
tional feature fusion throughout the detection process, improving both the robustness and
precision of the model. The performance improvements resulting from this integration
are systematically evaluated through extensive training and validation, demonstrating the
superiority of BiFPN-enhanced YOLOv8 in multi-scale object detection scenarios.

Figure 3. BiFPN integration framework within the YOLOv8 architecture.

2.2. Automatic Scale Recognition and Length Measurement

This section outlines the process for automatically measuring crack lengths in mi-
croscopic images using a pre-trained YOLOv8 model. The first essential step involves
the recognition of the scale marker embedded within the SEM images, which provides a
reference for calculating physical dimensions. These scale markers, commonly labelled
with physical measurements (e.g., “200 µm”), establish the pixel-to-length ratio necessary
for an accurate conversion from pixel units to real-world dimensions. The YOLOv8 model
is trained to detect both scale markers and crack regions within the same image. During de-
tection, the model identifies relevant features, including the scale marker and cracks. If the
scale marker is not detected initially, contrast enhancement techniques such as Contrast
Limited Adaptive Histogram Equalization (CLAHE) are applied to improve image visibility.
This step increases contrast, making the marker easier to detect, after which the detection
process is repeated to ensure all features are identified.
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After the scale is identified, the crack detection algorithm is used to identify and
measure the crack. Cracks are detected by extracting the coordinates and size of the crack.
The actual length of the scale is then converted to pixel length to calculate the actual
length of the crack. This method can accurately and automatically measure the crack
length in microscopic images, laying a solid foundation for further analysis and evaluation.
The formula used is

Crack Length =

(
Crack Pixel Length
Scale Pixel Length

)
(Scale Actual Length). (13)

For example, if the actual length of the scale is 200 µm and it is detected as 100 pixels
in the image, each pixel would correspond to 2 µm. If a detected crack measures 50 pixels,
its actual length would be 100 µm. This method allows for accurate measurements of crack
lengths in microscopic images, as demonstrated in Figure 4. In Figure 4, multiple cracks
are detected, and their lengths are marked with red bounding boxes. Each labelled length
corresponds to the pixel-based scale, ensuring precise and reliable crack measurements for
further analysis.

Figure 4. Crack length measurement performed with YOLOv8.

3. Experimental Procedure

Before delving into the experimental design and methodology, it is essential to clarify
the objectives and challenges this experiment aims to address. The core aim is to develop
and train a YOLOv8 model that can precisely detect cracks in microscopic images. The ex-
periment was thoughtfully laid out to achieve a robust and practical model, covering
everything from data collection to model evaluation. The following sections will walk
through each step in detail, explaining why they matter for this research.

3.1. Experimental Design

To ensure the robustness and generalizability of the model, we specifically incorpo-
rated a diverse set of images sourced from various SEM devices and multiple sample
types. This diversity allowed the model to adapt to a broader range of imaging condi-
tions, reducing the risk of overfitting to any particular device or material type. The model’s
performance was further validated through testing on two distinct SEM image datasets, con-
firming its ability to deliver consistent detection results across different imaging platforms
and demonstrating its effectiveness in generalizing to diverse environments.
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To comprehensively evaluate the crack detection performance of the YOLOv8 model
in microscopic images, the experimental procedure was structured into several key steps,
allowing for a thorough assessment at each stage of the process.

□ Dataset creation and labelling: The dataset creation process involves compiling a
high-resolution microscopic image dataset, with each image carefully labelled to
indicate the presence of cracks and their respective characteristics. Detailed labelling
standards were established to ensure accuracy, particularly for complex cases such
as overlapping cracks. These cases were addressed by implementing a hierarchical
labelling strategy, differentiating cracks based on depth, orientation, and intensity to
capture intricate crack patterns.

□ Data enhancement and preprocessing: Various data augmentation techniques were
applied to enrich the dataset and improve the model’s generalization capability. These
techniques included random rotations (0–360 degrees), flipping, scaling (up to 20%),
brightness adjustments, and the addition of Gaussian noise, simulating diverse imag-
ing conditions the model might encounter. Preprocessing also included noise re-
duction methods such as Gaussian and median filtering to enhance image quality,
thereby ensuring clearer feature extraction and more accurate learning during the
training phase.

□ Dataset splitting: The dataset was divided into training, validation, and test sets
with a 60-20-20 ratio. This balanced split ensured a representative distribution of
both simple and complex crack formations across all sets, minimizing the risk of bias.
The stratified splitting technique was used to maintain a uniform distribution of cracks
in each subset, thus enhancing the model’s ability to generalize across different crack
types during training, validation, and testing.

□ Model initialization and parameter tuning: The YOLOv8 model was initialized with
pre-trained weights to leverage transfer learning. Key parameters such as learning
rate, batch size, and number of epochs were tuned to optimize performance. A grid
search method was employed to find the optimal learning rate, which was finalized
at 0.001 after evaluating validation loss across a range of values between 0.0001 and
0.01. The batch size was set to 16, balancing computational efficiency and model
performance, while the number of epochs was capped at 150, with early stopping
implemented to terminate training when validation loss ceased to improve after
10 consecutive epochs. Momentum and weight decay were also adjusted to prevent
overfitting and stabilize convergence.

□ Model training and performance optimization: The training process focused on re-
fining the model’s performance through targeted optimizations. A learning rate
scheduler was employed to dynamically reduce the learning rate when validation loss
plateaued, ensuring smoother convergence. Additionally, early stopping was utilized
to prevent excessive training when no further improvements in validation loss were
observed. Data augmentation techniques were applied throughout the training phase
to improve generalization by exposing the model to varied input conditions.

□ Model evaluation: The model’s accuracy and robustness are evaluated on the validation
set using key performance indicators. Additionally, a comparative analysis of models
before and after optimization is conducted to identify the most effective solution.

3.2. Evaluation Indicators

This section covers the metrics used to evaluate the model’s performance: precision,
recall, F1-score, and mean average precision (mAP). The calculation methods for each
metric, as well as their significance in the context of crack detection, are detailed below:

Precision: Measures the accuracy of the positive predictions. It is calculated as

Precision =
True Positives

True Positives + False Positives
. (14)

High precision indicates a low false positive rate.
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Recall: Measures the ability of the model to identify all relevant instances. It is
calculated as

Recall =
True Positives

True Positives + False Negatives
. (15)

High recall indicates a low false-negative rate.
F1-score: The harmonic means of precision and recall, providing a balance between

the two. It is calculated as

F1-score = 2 × Precision × Recall
Precision+Recall

. (16)

It is important to note the relationship between the F1-score and the confidence threshold.
In object detection models, the confidence threshold determines whether a predicted
bounding box is considered positive. As the confidence threshold increases, the model tends
to predict fewer positive instances, improving precision but potentially reducing recall.
Conversely, lowering the threshold can increase recall at the cost of more false positives,
thereby decreasing precision. The F1-score reflects the balance between these two metrics
under the given confidence threshold. Thus, choosing an optimal confidence threshold
is crucial for maximizing the model’s overall performance, particularly in complex crack
detection scenarios.

mAP: Measures the precision across all recall levels. It is a comprehensive metric that
evaluates the model’s performance in detecting objects at various thresholds.

4. Experimental Results

To make sense of the initial experimental results, it is crucial to first clarify the con-
ditions and methods behind them. Evaluating how the YOLOv8 model performs helps
us see how well it detects cracks in SEM images. The dataset was carefully prepared and
processed to reflect real-world scenarios as closely as possible. In the next section, we
will look at what the results show—the strengths of the model, and where there is room
for improvement.

4.1. Preliminary Experimental Results

To understand the preliminary experimental results, it is first necessary to provide
a detailed explanation of the data augmentation techniques and dataset proportioning
methods utilized. This study employed augmentation strategies such as rotation, scaling,
and contrast adjustment to enhance the dataset’s variability, ensuring that it more accurately
reflects real-world scenarios. The dataset proportions were carefully designed to achieve a
balanced distribution of crack types and sizes, thereby improving the model’s robustness
and generalization capabilities. The dataset was divided into training, validation, and test
sets in a 60-20-20 ratio to ensure balanced data distribution across the training, validation,
and testing phases. These approaches are critical in enhancing the model’s ability to
accurately detect cracks in SEM images. This section will discuss the results in detail,
highlighting the model’s strengths and identifying areas for further optimization.

As shown in Figure 5, the F1–confidence curve indicates that the model achieves an
optimal F1-score of 0.84 at a confidence threshold of 0.367, effectively balancing preci-
sion and recall. However, the “crack” class consistently underperforms compared to the
“scale” class, suggesting difficulties in detecting smaller or less distinct features. Figure 6’s
precision–recall curve further illustrates this disparity, with the “scale” class achieving a
high precision of 0.953, while the “crack” class only reaches 0.800, indicating the model’s
tendency to miss finer details in cracks while maintaining high specificity for scales. Al-
though the model’s mAP at IoU = 0.50 (mAP@0.5) is robust at 0.876, the lower mAP at IoU
thresholds ranging from 0.50 to 0.95 (mAP50-95) of 0.534 indicates challenges in consis-
tently detecting smaller or more complex cracks across varying IoU thresholds. In Figure 7,
the loss function comprises three key components: localization loss (box_loss), distribu-
tion focal loss (dfl_loss), and classification loss (cls_loss). The localization loss quantifies
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the discrepancy between the predicted bounding box and the ground truth using CIoU,
with smaller values indicating more precise localization. Distribution focal loss refines the
prediction of bounding box boundaries by assigning greater weight to uncertain or chal-
lenging samples, improving the precision of coordinate regression. The classification loss
measures the consistency between the predicted class and the ground truth label, with lower
values indicating higher classification accuracy. As depicted in Figure 7, the training and
validation losses converge smoothly, demonstrating stable learning, yet the fluctuations in
precision and recall curves suggest sensitivity to certain sample variations. This highlights
the need for further optimization to improve recall and detection stability, particularly in
complex backgrounds or for low-confidence instances.

Figure 5. F1–confidence curve (original YOLOv8).

Figure 6. Precision–recall curve (original YOLOv8).
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Figure 7. Comprehensive analysis of training and validation loss curves (left 3 columns), including
precision, recall, and mean average precision, at various thresholds for model evaluation (right 2
columns).

As shown in Figure 8, the model exhibits strong performance in detecting cracks, accurately
identifying distinct and well-defined cracks across different surfaces. The quantitative results
emphasize the model’s reliability in handling various surface textures and crack patterns,
supporting precise defect measurement and analysis under microscopic conditions.

Figure 8. Quantitative results of crack detection and prediction in microscopy.
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Figure 9 is a comparison of the results of manual distance measurement and model pre-
diction. The data comparison in the figure is placed in Table 2. As can be seen from Table 2,
the error of distance measurement is within 3%. Considering that manual measurements
have relative errors, the predicted distance in this experiment has a high accuracy rate.

Figure 9. Comparison between manual distance measurement and prediction results.

Table 2. Comparison of length measurement results including model prediction and error probability.

Manual Distance
Measurement (µm)

Model Prediction Results
(µm) Error Probability (%)

60 61.34 2.23
70 70.73 1.04

290 288.42 0.55
68 67.41 0.87

420 416.7 0.79
130 129.14 0.66
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Table 2. Cont.

Manual Distance
Measurement (µm)

Model Prediction Results
(µm) Error Probability (%)

222 227.34 2.24
190 187 1.58
290 287.74 0.78
70 71.12 1.6

600 598.15 0.31
340 338.61 0.41
130 129.97 0.02

However, challenges remain in detecting overlapping cracks or those with unclear
features, which often present lower contrast and less distinct boundaries, complicating
their detection process. This performance limitation can be attributed to the model’s
inherent difficulty in differentiating subtle variations in crack patterns, leading to missed
detections or false negatives. Furthermore, as shown in Figure 10, the initial model exhibits
inaccuracies in identifying cracks within the images, frequently missing less obvious or
overlapping cracks. This shortcoming highlights the need for further optimization to
enhance the model’s ability to accurately detect all types of cracks, ensuring comprehensive
and reliable defect identification.

Figure 10. Evaluation of crack detection performance in microscopy with YOLOv8.
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4.2. Experimental Results After Optimization

To effectively showcase the impact of the optimizations, it is important to briefly com-
pare the model’s performance before and after implementing WIoU and BiFPN. The analy-
sis highlights improvements in key metrics such as F1-score, precision, mAP@0.5, and re-
call rate.

4.2.1. Results of WIoU

Figures 11–13 illustrate the training outcomes of the YOLOv8 model optimized with
the WIoU loss function. In a comparative analysis with the CIoU loss function, the WIoU-
optimized model exhibits clear improvements across multiple performance metrics. No-
tably, the F1-score increased from 0.84 to 0.85, marking a 1.2% enhancement, which suggests
a better harmonic balance between precision and recall. While the precision at the optimal
confidence level remained at 1.00 for both models, the WIoU model achieved this at a lower
confidence threshold of 0.898, compared to 0.939 for the CIoU model. This lower threshold
indicates enhanced model reliability at lower confidence levels, reducing the risk of missing
true positives in practical applications.

Additionally, the mAP@0.5 saw a significant improvement from 0.876 to 0.895, rep-
resenting a 2.2% increase, underscoring the model’s superior ability to accurately detect
cracks across various scales. These gains reflect the WIoU optimization’s impact in refin-
ing the model’s capacity to handle complex detection tasks by effectively weighting the
intersection over union, leading to more stable and reliable results. Overall, the enhanced
performance metrics of the WIoU-optimized YOLOv8 model, particularly in F1-score and
precision at varied confidence levels, confirm its effectiveness in improving both robustness
and accuracy for object detection tasks in challenging environments.

Figure 11. F1-confidence curve (with WIoU applied).
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Figure 12. Precision–recall curve (with WIoU applied).

Figure 13. Comprehensive analysis of training and validation loss curves (left 3 columns), including
precision, recall, and mean average precision, at various thresholds for model evaluation (right 2
columns), with WIoU applied.

Figure 14 shows the prediction results of improving CIoU to WIoU. After the im-
provement, the cracks that were originally undetectable, such as overlapping or unclear
features, are detected. The results suggest that the WIoU optimization not only improves
the overall detection performance but also enhances the model’s sensitivity to subtle and
intricate crack features, thereby reducing the incidence of false negatives and improving
the overall reliability of the detection system. This advancement demonstrates a significant
step forward in the field of crack detection, offering practical benefits for maintenance and
safety assessments in various industries.
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Figure 14. Detection performance comparison of CIoU vs. WIoU across crack scenarios.

4.2.2. Results of BiFPN

As shown in Figures 15–17, the YOLOv8 model has significantly improved in multiple
performance indicators after the introduction of BiFPN. The best F1-scores of both models
are similar, both are 0.84, but BiFPN achieves this score at a slightly higher confidence
threshold (0.386), and the F1–confidence curve is more stable. The accuracy of both models
is 1.00, but BiFPN achieves this accuracy at a lower confidence threshold (0.889), indicating
that reliability has improved at lower confidence levels. The mAP@0.5 of BiFPN is 0.894,
which is 2% higher than the original, and BiFPN shows better smoothness and consistency
in the precision–recall curve. In addition, the training and validation loss curves of BiFPN
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show a more stable downward trend, indicating that the loss is better controlled. The reduc-
tion of box loss is particularly obvious, indicating that the learning efficiency has improved.
Overall, BiFPN improves the performance of the YOLOv8 model in various indicators,
especially in terms of recall rate and loss stability, proving its effectiveness in improving
detection capabilities.

The comparison results are shown in Figure 18, which shows that the optimized model
is significantly better than the original model in terms of defect detection. Previously
undetected defects are now accurately identified with the optimized model. Additionally,
the original model exhibited incomplete bounding boxes for crack detection, leading to
inaccuracies in length estimation and judgment. The optimized model effectively addresses
these issues, providing more precise and complete crack detection, thereby improving
the accuracy of defect characterization and measurement. This enhancement underscores
the efficacy of the optimization in addressing the limitations of the original model and
significantly advancing the reliability of defect detection.

Figure 15. Confidence curve (with BiFPN applied).

Figure 16. Precision–recall curve (with BiFPN applied).
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Figure 17. Comprehensive analysis of training and validation loss curves (left 3 columns), including
precision, recall, and mean average precision, at various thresholds for model evaluation (right 2
columns), with BiFPN applied.

Figure 18. Detection results comparison: original method vs. BiFPN-enhanced model.
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5. Discussion and Conclusions

Reflecting on the comparison between the results from the original and modified
applications of the trained YOLOv8 model, we demonstrated that with the integration
of WIoU and BiFPN, significant improvements in crack detection within SEM images
were achieved. Figure 19 integrates the F1 curves of the three methods, from which it
can be seen that the introduction of the WIoU loss function significantly improves model
performance, with the F1-score increasing by 1.2%. Although the precision remains high
at 1.00, it is achieved at a lower confidence threshold of 0.898 compared to 0.939 for
the CIoU model, indicating improved reliability at lower confidence levels. Figure 20
integrates the PR curves of the three methods, with an increase of 2.2% in mAP@0.5, further
demonstrating the positive impact of WIoU on the detection accuracy. The integration
of BiFPN also helps improve performance. Although both models achieve similar best
F1-scores, the BiFPN optimized model achieves a mAP@0.5 of 0.894, which is 2% higher
than the original model. As seen in Figure 15, the training and validation loss curves of the
BiFPN-optimized model exhibit higher stability and reduced bounding box loss, reflecting
enhanced learning efficiency.

Figure 19. F1 Curve comparison between original YOLOv8 output, and with the WIoU loss function
and BiFPN technique outputs.

This study also explored other potential model improvements, such as incorporating
omnidirectional convolution (ODConv, a convolution method that dynamically adjusts
kernel weights, improving the model’s ability to capture multi-scale and multi-directional
features) [40], in the C2f module to replace traditional convolutions. Although the inclusion
of ODConv resulted in improved recall rates and continued strong performance in label
detection, the F1-score did not show a substantial increase. Specifically, the mAP@0.5
improved by 1.6%, suggesting only a modest benefit. Additionally, the introduction of the
Efficient Multi-Scale Context Attention (EMCA, an improved attention mechanism that
adaptively adjusts the feature weights across different channels, enhancing the model’s
ability to extract features in complex backgrounds) [41]. The mechanism in the SPPF
module resulted in an F1-score increase of 1.2% and a 1.3% improvement in the mAP@0.5.
However, the overall performance of this approach was still inferior to the WIoU and BiFPN
methods. This may be attributed to the EMCA mechanism’s tendency to optimize high



Electronics 2024, 13, 4824 23 of 27

confidence areas, which does not perform as effectively when dealing with low confidence
or complex backgrounds.

Figure 20. PR curve comparison between original YOLOv8 output, and with WIoU loss function and
BiFPN technique outputs.

Based on these findings, this study further examined the combination of different
optimization methods to enhance model performance. The comparison of model result
parameters is shown in Table 3. Combining WIoU with ODConv showed a moderate
improvement in precision but did not significantly enhance recall, resulting in intermediate
performance compared to each method used individually. This suggests that the benefits
of combining these two methods were not synergistic, as the increase in precision was
counterbalanced by a decrease in recall. In contrast, combining BiFPN with ODConv
led to decreased accuracy, likely due to conflicting optimization goals between BiFPN’s
multi-scale feature fusion and ODConv’s adaptive kernel weighting. This conflict resulted
in redundancy and hindered effective learning, ultimately degrading model performance.
The increased complexity of these combinations also posed challenges, such as overfitting
and higher training difficulty, which further reduced their effectiveness.

Table 3. Comparison of optimization results using 9 models.

Model Maximum F1-Score Precision Recall mAP50 mAP50-95

Original 0.84 0.841 0.831 0.876 0.534
WIoU 0.85 0.859 0.854 0.895 0.548
BiFPN 0.84 0.852 0.839 0.894 0.506

ODConv 0.84 0.845 0.833 0.890 0.522
EMCA 0.85 0.842 0.854 0.888 0.544

WIoU-ODConv 0.84 0.856 0.832 0.887 0.532
BiFPN-ODConv 0.84 0.855 0.832 0.870 0.496

BiFPN-WIoU 0.83 0.845 0.830 0.868 0.502
EMCA-ODConv 0.80 0.858 0.756 0.849 0.511
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Through optimization algorithms such as WIoU and BiFPN, the model’s accuracy in
SEM image crack detection was significantly enhanced, as reflected by improvements in the
F1-score, precision, mAP@0.5, and recall rate. The analysis in Table 3 highlights that WIoU
and BiFPN individually provide the most notable improvements, with WIoU achieving
the highest mAP@0.5, precision and recall. Moreover, as mentioned earlier, BiFPN also
performs well in these aspects and has strong advantages in stability and reducing training
loss. However, attempts to combine multiple optimization methods revealed that excessive
combinations could lead to performance degradation. This suggests that while individual
optimization strategies can effectively enhance model performance, combining different
methods may result in conflicts between optimization strategies, leading to suboptimal
learning and reduced accuracy. Therefore, it is crucial to exercise caution when selecting
and combining optimization strategies to avoid potential negative effects.

Despite the considerable progress achieved, some limitations remain that warrant
further investigation. Although the optimized model is more accurate, it still faces chal-
lenges in detecting very small or highly overlapping cracks. For instance, as shown in
Figure 21, when crack features are unclear or overlap, prediction accuracy decreases. Ad-
ditionally, while these optimizations have improved model performance, there is still
room for enhancement in handling more complex and diverse backgrounds. Future re-
search should focus on addressing these challenges, refining the optimization techniques,
and conducting large-scale experiments. This approach would improve the model’s ver-
satility and robustness, making it more effective for defect detection across a variety of
real-world applications.

Figure 21. Enhanced model results with noted limitations in crack detection.
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This study optimized the YOLOv8 model for crack detection in SEM images, inte-
grating advanced techniques such as WIoU and BiFPN to enhance detection accuracy,
speed, and model efficiency. The results demonstrate that these modifications signifi-
cantly improve the model’s capability to rapidly identify cracks, particularly in complex
backgrounds, while maintaining precise length measurement. The findings of this study
provide a solid foundation for future research in automated crack detection technologies.
With ongoing refinement and expansion, the optimized YOLOv8 model can be further
adapted and applied across various industrial inspection tasks, promoting rapid safety
assessments and reliability in various fields.

Further Work

Although this study has made significant progress in crack detection by optimizing
the YOLOv8 model, several areas remain open for further exploration. First, future re-
search could focus on enhancing the model’s robustness in handling complex backgrounds
and low-contrast cracks. While the optimized model performs well in most scenarios, its
accuracy still declines when detecting very small or highly overlapping cracks. To address
these challenges, further adjustments to the model’s architecture or the adoption of ad-
vanced feature extraction techniques, such as multi-scale feature fusion or self-attention
mechanisms, could be explored.

Improving the model’s real-time processing capability and adaptability should also be
a priority for future research. In industrial applications, models must offer not only high
accuracy but also fast inference speed and low latency. Therefore, optimizing the model’s
computational efficiency without sacrificing accuracy is crucial. Another key area for future
work is investigating the model’s ability across different scenarios, such as its performance
in crack detection across various materials and environmental conditions.

Finally, future studies could explore applying this model to a broader range of fields,
including road crack detection, building structural health monitoring, lesion detection in
medical imaging, and crack detection in railways, aerospace, and other industrial machinery.
Conducting experiments in these areas would help validate the model’s versatility and
adaptability, expanding its scope of application and providing valuable technical support
for research in diverse fields.
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Abbreviations
The following abbreviations are used in this paper:

CNN Convolutional neural network
SEM Scanning electron microscopy
YOLO You Only Look Once
WIoU Wise Intersection over Union
FPN Feature pyramid network
BiFPN Bidirectional feature pyramid network
CSP Cross Stage Partial
SPPF Spatial Pyramid Pooling Fast
PANet Path Aggregation Network
VFL Varifocal Loss
DFL Distance-Focal L1
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CBAM Convolutional Block Attention Module
SE Squeeze-and-Excitation
SA Self-Attention
IoU Intersection over Union
CIoU Complete Intersection over Union
DIoU Distance Intersection over Union
GIoU Generalized Intersection over Union
SIoU Shape-Aware Intersection over Union
RepVGG Re-parameterizable VGG Network
BBR Bounding Box Regression
CIoU Complete Intersection over Union
NAS Neural Architecture Search
ODConv Omnidirectional Convolution
EMCA Efficient Multi-Scale Context Attention
SPPF Spatial Pyramid Pooling - Fast
CLAHE Contrast Limited Adaptive Histogram Equalization
mAP Mean Average Precision
box_loss Bounding Box Loss
cls_loss Classification Loss
dfl_loss Distribution Focal Loss
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