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Abstract

Objectives: The main objectives are to enhance image clarity for crack
detection in steel pipes using a combination of denoising techniques,
adaptive contrastenhancement, and YOLOv10-based detection with fine-tuned
parameters in NDT. Industries such as oil and gas and chemical processing
heavily rely on these techniques to ensure the integrity of their pipelines.
Methods: The process involves reducing noise to improve image quality,
applying CLAHE for localized contrast enhancement, and leveraging YOLOv10's
deep learning capabilities for crack detection. Key parameters are adjusted
to maximize the model's precision, recall, and confidence scores. Findings:
The method improves the accuracy of crack detection in NDT scenarios
considerably. Noise reduction and CLAHE enhance the visibility of defects
while preserving critical information in images. Fine-tuning the parameters
of YOLOvV10 results in performance that is superior to previous methods,
with a confidence rate of over 92% and precision of over 99% for detecting
cracks under various conditions. This approach shows robustness against noise
and illumination changes, which decreases detection errors and increases
reliability in industrial inspections. Overall, it provides a robust and efficient
method for accurate defect identification. Novelty: This work integrates an
optimized denoising algorithm, optimized CLAHE algorithm, and YOLOv10 with
customized optimal parameter tuning to achieve exceptional crack detection
accuracy and efficiency in the context of NDT. The creation of a real-world
augmented dataset is itself a significant achievement in addressing real-world
problems. Achieves high performance training in just 50 epoch, making it
specially designed for real-time business applications where we experience
different drastic change in data capture conditions. Also Inference model with
preprocessing performance is 40-50 fps with T4 GPU, which can be further
enhanced by using the latest next versions of GPU.
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1 Introduction

Non-Destructive Testing (NDT) becomes an indispensable diagnostic tool in the
assessment of materials and structures by not causing any form of physical harm. The
roles of imaging techniques, whether X-ray, ultrasonic, or infrared, constitute the basis
of crack and flaw detection. Yet these methods and techniques still have significant
challenges and often have trouble regarding accurate and reliable defect identification.
This means low contrast and noise lead to poor image quality that hinders some critical
features in the image, and sometimes it might be impossible to see defects on the NDT
image. Certain gaps in this regard of enhancing the image quality and the automation
of detection of defects remain unexplored by the state-of-the-art techniques.

The principal issue in NDT images is low-contrast images; crucial details of the defect
get lost in noisier and worse lighting conditions. To overcome such drawbacks, contrast
enhancement techniques became prominent, such as AHE and its optimized variant
called CLAHE. CLAHE has been particularly effective in avoiding over-amplification
of noise, and conserving localized contrast. CLAHE has also received considerable
attention for use in the detection of defects by their image in NDT applications.
However, even these methods have limitations in handling extreme noise or ensuring
consistent enhancement across varying defect types and environments.

Hardware noise, which includes salt-and-pepper and Gaussian noise, greatly
degrades image quality. Salt-and-pepper noise introduces random black or white spots
in the image, while Gaussian noise introduces random intensity variations that make
fine cracks difficult to detect. Most denoising algorithms fail to find the balance between
noise reduction and preserving critical features of defects; thus, they either lead to false
positives or missed detections.

Apart from image enhancement and denoising, the accuracy of defect detection
systems remains of high priority. Many advanced crack detection methods depend
upon deep learning algorithms, particularly YOLO (You Only Look Once), and
have provided promising results with real-time object detection applications. These,
however, have several challenges for crack detection regardless of the sizes, shapes,
or orientations, which may appear more complicated especially when contaminants
on the surface are such things as corrosion or weld marks. It also means real-time
processing requirements, with diverse environmental conditions including temperature
fluctuations and vibrations added to the complexity of automatic detection systems.

Research Gaps:
Despite significant developments in the field, gaps persist in research:

+ Image denoising methods existing today have lacked robustness in the combina-
tion of noise types - namely, salt-and-pepper and Gaussian noise- while preserving
defect integrity.

+ Contrasts in NDT images may be improved by CLAHE, but it is hardly applicable
in extreme noise conditions and complex surface textures.

o Current deep learning-based crack detection systems suffer from non-
generalization across a range of datasets and environmental conditions and
often exhibit inconsistent performance.

+ Current methods require extensive training time and resources, as well as large
datasets.

To fill this gap, this paper suggests a new optimal denoising algorithm that can
simultaneously remove salt-and-pepper and Gaussian noises while preserving the
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defect features. In addition, this paper introduces an optimized CLAHE algorithm to increase the contrast and clarity of noisy
images. Finally, a high-precision crack detection algorithm based on deep learning is developed using the latest techniques
to enhance accuracy in detecting cracks under different and challenging conditions. A significant highlight of this research
is the creation of a real-world augmented image environment specifically designed for deep learning algorithms, tailored to
address challenges in pipe inspection and defect detection. This study addresses the significant research gaps in achieving high
accuracy, reliability scores, and repeatability in detecting cracks in pipeline inspections Unlike existing methods that require
extensive training time and large datasets, our model achieves high performance in just 50 epoch, making it specially designed
for real-time business applications.

Comparison of Existing Works:

To provide clarity on the contributions of this paper, Table 1 compares the proposed methods with existing techniques in terms
of their advantages and limitations.

The proposed framework includes optimized denoising, contrast enhancement, and deep learning-based detection,
addressing the research gaps identified above, making it an effective approach toward improving the precision, reliability,
performance and efficiency of crack detection systems in NDT. This paper presents a comprehensive evaluation of the methods
proposed and their impact on bridging the identified research gaps.

Table 1. Comparison of Existing Works

Technique Advantages Limitations

Traditional Denoising Simple and computationally efficient Struggles with preserving fine defect details under
heavy noise conditions

CLAHE Enhances localized contrast effectively Limited performance in extreme noise and com-
plex surface textures

Deep Learning (YOLO) High-speed real-time detection Generalization issues with diverse datasets and
environmental conditions
Current methods require extensive training time
and resources, as well as large datasets.

Proposed Method Robust optimized denoising Consistent Confidence Score and precision under
Enhanced contrast critical for identifying cracks in ~ varied conditions while preserving details.
bad environmental conditions. Unusual crack patterns or extremely rare defects
Deep learning YOLO with optimized hyper tuning  not represented in the training dataset.
parameters

Real world 2825 augmented images with Novel
image processing algorithms.

Our model achieves high performance in just 50
epoch, making it specially designed for real-time
business applications.

Inference model with preprocessing performance
is 40-50 fps with T4 GPU, which can be further
enhanced by using latest next versions of GPU.

2 Methodology

It thus requires an automated solution to crack detection in pipes as the limitations of manual inspection. Automation can
enhance the accuracy, speed, and reliability of the process by advanced imaging techniques and algorithms of machine learning.
It can minimize the human error element, facilitate real-time monitoring, and ensure that minute defects are detected well before
they escalate into major failures.

It will involve the usage of highly advanced noise reduction, and robust image enhancement algorithms for the proper
detection of advanced methods for the precise methods of crack detection. Then, it needs to undergo software optimization
in order for it to work in a real-time environment with much accuracy for timely identification before a critical failure occurs
in industries with their pipelines. Ensuring the deployment of reliable crack detection systems is the overall key in NDT. Since
traditional inspection methods are slow and labor-intensive, automated detection techniques based on deep learning are quite
necessary. For the transfer learning technique to crack detection of concrete structures, various YOLO models are put to the test
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to improve detection performance. It highlights the significant point that a little cracking detection in engineering structures
such as bridges, buildings, and roads may be considered hazards to public safety since these infrastructures received some
thinning in terms of structure. The study concludes that YOLOV10 is the model best suited for highly speedy and accurate
crack detection of concrete structures. Such findings are a boon for automated deployment of structural health monitoring
systems for reducing manual inspection load and improving safety and efficiency in infrastructure maintenance (V.

The major steps involved in crack detection from X-ray pipe images are: Noise Detection, Noise Filtering, Contrast
Enhancement, and Defect Detection. These steps guarantee high accuracy in crack detection and superior image quality for
the optimization of relevant machine learning models such as YOLOvV10. The following is a detailed process flow for each of
these steps.

« Noise Detection: Starting from the identification of the noise types affecting the X-ray image, they may include salt-and-
pepper noise and Gaussian noise. Noise detection is crucial to ensure that the next filtering step improves noise without
damaging any important structural details.

 Noise Filtering: If noise is detected, then after detection of the noise type, the corresponding filtering processes are applied:

o Median filter: Useful for salt-and-pepper noise. This is because it effectively removes isolated noise pixels while conserving
edge details.

« Bilateral filter: The most commonly used filter for Gaussian noise as it conserves edge information while effectively
reducing noise. This filter applies a weighted average to each pixel’s neighbors, with weights determined by spatial distance
and intensity difference.

o The parameters of the filters are therefore optimized in real-time based on entropy (for clarity) and edge preservation
(using Canny edge detection). In this way, the filter parameters are iteratively adjusted depending on the findings from
these measures of image quality.

« Contrast Enhancement: Post Noise Removal, Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied,
which amplifies image contrast. CLAHE makes defects (like cracks) visible, whereas it makes the critical features important
for defect detection visible.

o Defect Detection: Last, a YOLOvV10 (You Only Look Once) model performs defect detection. YOLOV10 is a state-of-the-
art real-time object detection model applied to the enhanced image to detect cracks or defects in the pipe.

2.1 Image Acquisition Setup

A general NDT setup to inspect steel pipes for cracks requires a source of radiation, say a gamma or X-ray source. These are
positioned around a pipe and are used in checking integrity. Figure 1 provides complete Image Acquisition Setup details. Pulse
Xray with different kV is considered and data is augmented as per reference captured images.

Radiation Source

Automaticcrack detection
software runningin computer

Connection

—_—

Bendable detector

Fig 1. Complete Image Acquisition Setup

The pipe is usually encased in a collimated detector that captures the radiation that passes through or is scattered by the pipe
material. The detected radiation data are processed by a computer using specialized software, such as Radiographic Testing (RT)
analysis tools, to produce images or scans of the pipe’s internal structure. This software can scrutinize the images obtained for
cracks and voids, using algorithms to improve clarity and detect defects in terms of size, shape, and position relative to the surface
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of the pipe, making it clear where structural weaknesses may be. Safety precautions, in terms of shielding and procedures, are
necessary for operators as well as the environment when working with sources of radiation. A multi-level novel deep learning
based optimized algorithm is developed which includes an optimized denoising algorithm, optimized CLAHE algorithm and
optimized YOLOvV10 deep learning crack detection algorithm. Figure 2 provides high level details of the proposed multi-level
optimized crack detection algorithm.

Novel optimized Solution at multi-level optimization across flow

Dynamic Optimal Optimal Algorithm

Algorithm to remove for Image Optimal Algorithm
noise introduced Enhancement to to detect cracks
dueto hardware remove artifacts

Fig 2. Proposed multi-level optimized crack detection algortihm

Software plays a crucial role in analyzing data collected from these instruments, providing automated detection and
assessment of cracks. The software systems are designed to process complex datasets, generating visual and quantitative insights
that help technicians make informed decisions about pipeline maintenance. Through the integration of these components, NDT
pipe crack detection provides a reliable solution for safeguarding critical infrastructure while minimizing operational downtime
and associated costs.

In the world of non-destructive testing, pipe crack detection, software integration has been an important feature for the
overall setup to be effective and accurate. The data acquired from the pipe detector and the radiation sources are all compiled
within the software to give an integral analysis of the integrity of the material. It is possible for the software to identify anomalies
which might be cracks or other types of defects, due to processing huge amounts of data in real time. Noise removal techniques
based on MAP estimation and deep learning have been studied extensively, yet some combined solutions for low light and
noise remain pending. The Denoising and Histogram Equalization algorithm restores the low-light images with noise from the
bridge cracks for better detection of these cracks and increased accuracy in semantic segmentation. Preprocessing like CLAHE
has consistently outperformed Contrast Stretching (CS), Histogram Equalization (HE), and the original images across different
YOLO models in terms of performance enhancement during training and testing. The enhancement of images using CLAHE
improved the performance of YOLO models significantly 3.

Advanced algorithms and machine learning techniques have been used within the software, which enhances the detection
capabilities by recognizing patterns that are characteristic cracks and distinguishing them from benign imperfections or noise
in data. In addition to crack detection, the software allows for the categorization of crack severity, which is key information in
making decisions about what to do with the defects. Traditional concrete crack detection is advancing into advanced AI-driven
techniques, focusing on the efficiency, accuracy, and real-time processing capabilities of YOLO models. Deep learning-based
methodologies, particularly the YOLO series, have been the focal point for real-time crack detection in concrete structures.
Deep learning-based YOLO models find extensive application in real-time concrete crack detection, breaking dependence on
manual inspection. The YOLOv10-DECA model balances speed and accuracy well and is a feasible solution for real-time crack
detection. The attention mechanism helps improve the focus of the model on important areas and, therefore, decreases false
detections. The DECA module is added, which adjusts the weights of the convolution kernel dynamically to optimize feature
extraction 4-9),

2.2 YOLOvV10 framework for Crack detection

YOLOV10 or ”You Only Look Once” version 10 is the new generation of the YOLO series object detection algorithms famous
for speed and accuracy. Its inherent architecture allows for simultaneous real-time object detection and classification, making
it appropriate for use in applications with immediate analysis needs, including NDT for crack detection. YOLOv10 brings with
it several crucial improvements over its predecessors and makes it highly suitable for detecting fine details such as cracks in
materials "%
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One of the major advantages of YOLOVI1O is its capability for advanced feature extraction, which is very important for
identifying small cracks that might be left out by less sophisticated models. State-of-the-art convolutional layers and optimized
anchor boxes ensure that even tiny anomalies can be detected with high precision. Hypertuning of parameters in YOLOv10
provides for customized adjustments tailored to crack detection, which helps increase sensitivity and specificity.

The real-time processing capability of YOLOV10 significantly enhances operational efficiency. For instance, within industrial
setups where non-destructive testing is conducted frequently, one can save time and effort regarding the timely detection
of cracks to avoid any delay in regular operation. The immediacy further reduces possible hazards before escalating into
critical issues, protecting both structural integrity and human life. A practical real-time solution for concrete crack detection
by implementing mixed reality, AL, and edge detection techniques. The solution increases efficiency and accuracy over the
traditional methods. The solution combines You Only Look Once (YOLO) for crack detection with the Canny edge detection
algorithm for skeleton extraction. The automation via Deep Learning (DL) and Image Processing (IP) is more accurate and
efficient but lacks real-time interaction with inspectors !9,

2.3 Dataset Preprocessing

The preprocessing of raw datasets concerning x-ray images to detect cracks in them is important before the creation of an
efficiency and accuracy model such as YOLOV10. There is high variability and detail in most X-ray images that can benefit
machine learning in training, or it might become a disaster without proper handling. This common preprocessing technique
applied to mitigate computational load and enhance processing speed reduces the resolution of these images !1~13).

This step helps to balance the quality of the image and the efficiency of the training process, so that the model is able to focus
on distinguishing critical features without being encumbered by unnecessary detail. Augmentation is another important aspect
of preprocessing that significantly increases the robustness and generalizability of the model. Techniques like rotation, scaling,
flipping, and changing brightness mimic real-world conditions and hence let the model learn from a variety of scenarios and
might be more robust to changes in input data 1),

Augmentation not only enriches the training dataset but also protects the model from overfitting so that it remains fit to
adapt to unseen data. These preprocessing steps, implemented with great care, act as a basis to formulate an advanced crack
detection system, where YOLOvV10 can perform well both in terms of precision and speed in real applications to further enhance
the capability and reliability of structural safety evaluations!®17).,

For X-ray images of cracks, a variety of augmentation techniques can be used to achieve this. One of the best ways is to apply
geometric transformations such as rotation, translation, and scaling. This helps the model identify cracks from different angles
and positions. Another way is to apply random flips to augment the dataset by simulating changes in orientation without altering
the intrinsic characteristics of the images. Different imaging conditions and machine settings could also be mimicked by adding
variations in the intensity and contrast of images. Deep neural networks (DNNs) for automated detection and localization
of cracks are evaluated based on wave propagation patterns. Uses DenseNet (Densely Connected Convolutional Network) to
enhance feature extraction 19,

Noise addition, Gaussian or salt-and-pepper, can further enhance the model robustness by simulating imperfections that
are inherently found in real images. The diverse augmentation techniques together will ensure the development of an accurate
and reliable model to be applied to a wide variety of X-ray images for crack detection using YOLOv10 end ??.

The dataset used in this study is publicly available on GitHub for transparency and reproducibility V.

2.4 Dataset Enhancement

Optimizing CLAHE to Enhance Performance: With optimization techniques, several are adopted for the improvement of
Contrast Limited Adaptive Histogram Equalization algorithms so that they may effectively operate for the images on which
NDT images would have been taken before defect detection using YOLOV10. It seeks an optimum balance between higher
image contrast and lower computation overheads without affecting defect characterization integrity. One possible solution to
this is the modification of the clip limit parameter in CLAHE ?2-2),

By dynamically tuning the clip limit according to local histogram characteristics of the NDT image, poorly contrasted regions
can be enhanced quite effectively without over-amplification of noise. This may also be achieved by optimizing the tile size for
CLAHE. There are some considerations in finding a suitable tile size for enhancing local contrast. Indeed, a smaller tile tends
to offer better local enhancement, but it may introduce various types of artifacts. Larger tile sizes might fail to enhance smaller
features quite effectively (2>2),

A hybrid approach that adjusts tile size to the content in an image region can improve balance in enhancement. The following
optimization techniques include parallel processing and GPU acceleration to speed up processing time immensely. Given the
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parallelism in CLAHE, operations such as histogram calculations and pixel mapping can be carried out in multiple threads or
processing units, increasing the speed of execution time 7.

These optimizations together target producing high contrast NDT images, making defect detection by YOLOV10 even more
accurate and reliable ®®. The implementation of an optimized CLAHE algorithm in collaboration with YOLOv10 for NDT
images is an advanced approach towards enhancing image quality along with detection accuracy. CLAHE is a powerful image
processing technique that enhances the contrast of images, making finer details more discernible. In the case of NDT images,
subtle defects can be critical, so enhancing contrast is imperative .

In the advanced CLAHE algorithm, optimization techniques are put in place to choose, at runtime, the value of the clip limit,
as well as the dimensions of the tile grid appropriate for the image. So, the optimization would eliminate enhancement that is
too brutal, which might add significant noise, or too modest, which would fail to bring out defects. The picture with enhanced
contrast and clear details is more appropriate in this case for the applications of deep learning models like YOLOv10 %31,

YOLOV10 can benefit significantly from the increased input images, which contain improved contrast. The CNN within the
YOLOV10 framework is able to discern defects from defect-free areas better with increased contrast. With this, the model can
detect smaller and more subtle defects that would not be detected in the lower contrast images. This means that the integration
of optimized CLAHE with YOLOv10 develops a cohesive pipeline that bolsters the efficacy of the detection of defects, allowing
it to provide a sturdy solution to industries relying on NDT for quality control and safety.

3 Results and Discussion

3.1 Results And Impact of The Optimized Approach on Defect Detection Accuracy

The optimal Median filter kernel size is determined through real-time evaluation of entropy and edge preservation:

o Kernel Size: The kernel size is optimized within the range of 3x3 to 9x9, where larger kernel sizes tend to remove more
noise but may blur edges.

o Default Optimal Parameters: Best default Kernel Size: 5x5 (chosen after testing multiple sizes and selecting the one that
maximizes entropy and edge preservation).

The optimal bilateral filter parameters are selected by iterating through different values for the filter’s diameter, sigma color, and
sigma space:

« Diameter (d): 3,5, 7, or 9
« Sigma Color (oc¢): 25, 50, 75, 100
« Sigma Space (os): 25, 50, 75, 100

Default Optimal Parameters:

o Diameter (d): 9
« Sigma Color (oc): 75
« Sigma Space (os): 75

The optimized CLAHE algorithm implemented on NDT images enhances the contrast significantly. Figure 3 provides complete
details of the proposed Optimal Image Enhancement Algorithm with the Input and output of the pipe under study. In Figure 3,
the input image of a steel pipe on the left shows its respective histogram, while on the right exhibits the CLAHE-applied output
image with its respective histogram. Table 2 summarizes the parameters used in CLAHE operation on 16-bit pipe images by
changing the block size and slope value. Six combinations of block sizes ranging from 2 to 16 and slope values from 2.0 to
4.5 are used for the enhancement of contrast of images. The experimental results summarized in Table 3 correspond to PSNR
and SSIM values for each combination of parameters. Among all configurations, the 16 x 16 block size with a slope value of 4.5
yielded the highest PSNR (55.07) and SSIM (0.99975), thus indicating better image quality with minimal distortion and high
structural similarity. These results indicate that the block sizes and the respective slope values are efficient in optimizing the
performance of CLAHE for this application.

Contrast enhancement is critical in the context of defect detection, thus paving the way for a sharp increase in the accuracy
of identifying flaws by advanced machine learning models such as YOLOv10. When the improved CLAHE algorithm has been
incorporated into NDT images, there is a distinct differentiation of defect areas to the background. Thus, subliminal anomalies
are noticed more >33,
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Table 3. Corresponding PSNR and SSIM values for each parameter combination for default optimal parameters

Table 2. Parameters employed for the CLAHE operation on 16-bit steel pipe images

Block Sizes  Slop Values
2 2.0
4 2.5
6 3.0
8 35
12 4.0
16 4.5

Block Size  Slope PSNR SSIM

2x2 2.5 36.16634404  0.998698026
2x2 3 36.44302141  0.99877726
2x2 3.5 36.81957711  0.99887765
2x2 4 37.08265504  0.99894491
2x2 2 37.70817351  0.998973767
2x2 4.5 37.45625955  0.999032726
4x4 2 49.17472584  0.999925903
4x4 2.5 50.29968567  0.999938098
4x4 3 45.556343 0.999814687
4x4 3.5 40.18726277  0.999359715
4x4 4 35.45787149  0.998077851
4x4 4.5 32.05448406  0.995739819
6x6 2 40.6212574 0.999406318
6x6 2.5 27.89962081  0.988865586
6x6 3 28.7243139 0.990687078
6x6 3.5 30.3742273 0.993566919
6x6 4 28.22507613  0.989306395
6x6 4.5 29.64661333  0.992198978
8x8 2 37.34987865  0.998674309
8x8 2.5 33.84127508  0.997025111
8x8 3 35.39281391  0.997907972
8x8 3.5 33.34983552  0.996619785
8x8 4 31.48957236  0.994741579
8x8 4.5 32.15632103  0.995438702
12x12 2 34.82705603  0.997515666
12x12 2.5 35.03239212  0.997627089
12x12 3 35.5147108 0.997868491
12x12 3.5 35.65640641  0.997932567
12x12 4 37.40849677  0.998614032
12x12 4.5 39.49635322  0.999138445
16x16 2 37.9115463 0.998746743
16x16 2.5 42.6270342 0.999578859
16x16 3 46.68382047  0.999834363
16x16 35 50.03708118  0.999923336
16x16 4 52.6845244 0.999958293
16x16 4.5 55.07846817  0.999975941
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Fig 3. Proposed Optimal Image Enhancement Algorithm with Input and Output details

The quantitative analysis shows that the pre-processing of images has greatly increased the accuracy of YOLOv10 in detecting
defects as compared to images without any processing. More contrast in the image can highlight the features associated with
a defect, thus enabling easier learning for the YOLOv10 model as it learns from more defined and detailed image data. High
precision, recall, and F1 scores are obtained for these defect detection tasks *3),

The ability of YOLOV10 is enhanced to detect a wider variety of defect sizes and types, as well as its resistance to variations
in lighting and noise in images. In actual practice, this means a reduction in false positives and negatives, which leads to
more reliable and timely defects detection. This not only optimizes the inspection process but also significantly reduces the
risk of overlooking critical defects that could compromise the structural integrity or functionality of the tested materials.
Consequently, the optimized CLAHE algorithm’s contribution to contrast enhancement directly translates to enhanced safety,
reduced inspection times, and lower operational costs in industrial applications employing NDT imaging for quality control
and defect detection ®%.

3.2 Process of experimentation

This paper uses the state-of-the-art deep learning algorithm YOLOVI10 to train a model for crack detection on pipes. The
images were first manually annotated to identify crack regions, which formed the basis of the dataset. Data preprocessing was
then applied to improve image quality and model robustness, including denoising and Contrast Limited Adaptive Histogram
Equalization (CLAHE) to enhance contrast and reveal subtle crack details.

3.2.1 Training Process for YOLO

The YOLO model was trained using 2,938 crack images of pipes as data, dividing the images into 80% for training, 10% for
validation and 10% for testing. The objective of machine learning was to train the model using the sets while the goal of data
analysis was to examine the model test output during parameterization. Some of the learning parameters with the set ranges that
were optimized included: learning rate, batch size and method of augmentation. Training through experimentation showed that
performing 50 epochs produced accurate models without compromising generalization, while 40 epochs were underfitting and
80 epochs were overfitting. A model that could identify fine details was crucial so image size was modified, data augmentation
methods which included horizontal flips and contrast scaling were employed, and the optimizer used was AdamW starting with
a learning rate of 0. 001.The experiment aimed at training YOLOV10 over several epochs whereby the model learned optimal
parameters for weights and bias. The model performance was evaluated on Precision, Recall, F1 score, mean Average Precision
(mAP), and single-image detection time.

The evaluation metrics are described as follows:

Precision is calculated in Equation (1) wherein TP represents true positive detection, which means the presence of cracks
and FP represents the false positives, which incorrectly identify cracks. Precision expresses the proportion of correctly cracked
images out of all cracked images identified.

The following formulas describe the evaluation metrics used:

Precision is calculated as shown in Equation (1), where TP represents true positive detections (correctly identified cracks)
and FP represents false positives (incorrectly identified cracks). Precision indicates the proportion of correctly identified cracks
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out of all identified crack images.
Precision =TP/(TP + FP) (1)

Recall (Equation (2)) represents the ratio of correctly identified cracks (TP) to all actual cracks in the dataset, with FN as false
negatives (cracks missed by the model).

Recall=TP/(TP+FN) (2)
F1 Score (Equation (3)) provides a harmonic mean of Precision and Recall, useful when high values for both metrics are desired.
F1=2x (Precision x Recall) /(Precision + Recall) (3)

Average Precision (AP) (Equation (4)) captures the global performance by averaging precision across all confidence thresholds,
resulting in the mAP (mean Average Precision) offering a comprehensive measure of model accuracy.

AP = X Precision x ARecall (4)

This experimental process establishes a solid framework for real-time crack detection on steel structures, ensuring both high
accuracy and efficiency, supported by preprocessing enhancements such as denoising and CLAHE.
3.3 Assessment of the results of experiments

Results seen from training YOLOvV10 on crack detection through different epochs, Table 4 provides insights on the model’s
performance trend. Assessments are based on the differences in precision, confidence score, and recall over the epoch training
from 40 to 80 epochs.

Table 4. Results of Deep Learning Algorithm Experiments with different Epochs

Epochs Precision Confidence Score Recall

40 99.4 70 to 77 95.7
50 95.1 88 t0 92 100
80 95 80 to 85 95

3.3.1 Epochs 40 - 50: Initial Precision Drop and Confidence Score Increase

o Observation: Between 40 and 50 epochs, we see a drop in precision from 99.4% to 95.1% accompanied by an increase in
the range of the confidence score from 70-77 to 88-92 and an improvement in recall to 100%.

o Explanation: This stage shows that the more the model is trained (from 40 to 50 epochs), the more it is confident with
its detections, which is why the confidence score range increased. The model learns better generalization of the whole
dataset, and hence the overfitting decreases. It is then able to detect a much wider range of cracks, which in turn increases
recall.

o Precision Drop: The small drop in precision may suggest that the model is making more confident predictions overall
but also some incorrect predictions (false positives), thus reducing precision slightly. This trade-off often happens as the
model tries to balance recall (correctly identifying all true positives) and precision.

« Increased Confidence Scores: Increased confidence scores imply that the model has increased its confidence in the
predictions, meaning it has learned the characteristics of cracks better.

o Improved Recall: the boosting to 100% recall means that it is now capable of recalling all actual cracks, including not
missing any, probably because of better learned representation from increasing epochs.

3.3.2 Epochs 50 - 80: Plateaued Confidence Scores and Reduced Recall
o Observation: When training progresses to 80 epochs, the range of the confidence score stabilizes between 80-85 while
having a minor drop in recall (from 100% to 95%) and a slight decrease in precision (from 95.1% to 95%).
o Explanation: As training progresses, the model begins to overfit, where it becomes too sensitive to specific features in the
training data and loses its ability to generalize. This phase usually reflects stabilization or a slight decline in performance
metrics:
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Confidence Score Plateau: The confidence score stabilizing around 80-85 indicates that the model is not gaining additional
certainty with continued training. This means that the model has reached a point where it no longer improves in discerning
crack features and is not further refining its confidence levels.

Decrease in Recall: This slight decrease in recall means that the model is perhaps overfitting, resulting in missing some
true positives that it had previously picked up. The model narrows down with increasing training time and may not be
able to generalize to all cracks in the validation set, thus missing a few detections.

Low Precision Decrease: The slight loss in precision could be because the model has become too confident with its
predictions and sometimes generates false positives, which marginally affect precision. This may be due to the model
“locking in” some of the learned features that are unique to the training data, resulting in less flexibility in handling
unseen or slightly different crack characteristics.

3.3.3 Balancing Precision, Recall, and Confidence Score

Based on these observations, an ideal training period appears to be roughly 50 epochs, wherein the model maintains high recall,
reasonable precision, and strong confidence scores without signs of overfitting. Further training does not confer significant
benefits in confidence but does begin to negatively impact recall and slightly reduce precision.

Practical Implication: Training YOLOv10 up to 50 epochs balances performance well between identifying all relevant cracks
with high recall, reasonable precision, and confident detections. Further training beyond this point provides diminishing returns
and may introduce minor degradation in generalization performance. Figure 4 provides details of real time Optimal Confidence
Score of the deep learning crack detection algorithm.

Fig 4. Real time Optimal Confidence Score

3.3.4 Normalized Confidence Score

The normalized confusion matrix is a visual summary of the performance of the classifier in terms of the proportion of
correct or incorrect predictions for each class. For crack detection, the entries are interpreted as follows:

Layout and Values of the Matrix: Figure 5 provides complete details of the Normalized Confusion Matrix. Below is a
detailed explanation:

Top left (0.96) This represents the percentage of instances that were correctly classified as cracks, that is True Positives.
Top right (1.00): It represents the percentage of crack instances wrongly classified as background or False Negatives.
Being a normalized matrix, ”1.00” here may imply rounding from a tiny proportion but it suggests that none of the true
background examples got misclassified as cracks

Bottom left (0.04): It denotes the percentage of background instances that got mistakenly classified as cracks or False
Positives.

Bottom right (no value): True negatives, that is, the percentage of background instances correctly classified as background.
Since there is nothing here, it could mean no true background instances were present or misclassified and could possibly
simplify the matrix into a binary form.

High True Positive Rate (0.96): The model correctly identifies cracks 96% of the time, thus showing strong accuracy in
the detection of cracks.

Low False Positive Rate (0.04): That means only 4% of non-crack instances are classified as crack, which shows the model’s
accuracy in distinguishing between crack vs. background features.
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o False Negative and True Negative Indicators: As there is no misclassification of crack as background or vice versa, the

matrix implies that the model is faced with very few "background” elements or distinguishes them very well.

Predicted

crack

background

Confusion Matrix Normalized

crack

bockground

Fig 5. Normalized Confusion Matrix

3.3.5 Implications of Crack Detection
Strong Detection: It is appropriate for environments where there is a high need for reliable crack detection with a minimum of

false positives.
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Balanced Performance: The model is seen to have learned enough detail to focus reliably on cracks, with little noise from

background errors, in the sense that it misclassifies at a low rate into the background class.

This configuration reflects a reliable model with a strong focus on accurate crack detection, with potential utility in real-
time or high-stakes inspection environments where both sensitivity and specificity are required. Figure 6 and Figure 7 provide
complete details of Train and Validation losses for Epochs 40 and 50.
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Fig 6. Train and Validation losses Epochs 40
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o BoxLoss (CIoU Loss): Measures the difference between the ground truth and the expected bounding boxes by Box Loss.
It optimizes the size, position, and shape of the bounding box.

« Class Loss (Binary Cross-Entropy): Shows the ability of the model to classify the appropriate categories for the objects.

« Distribution Focal Loss: Normally, conventional object detection algorithms usually predict the box’s x, y, width, and
height as continuous values. However, DFL promotes localization by predicting a distribution of the coordinates of the
bounding box across a range of discrete places instead of only regressing those continuous values. Using this technique,
the model could focus more effectively on fine-grained information for the localization of objects.

In general terms, the model is generalizing well to the validation set if the validation loss tends to zero faster than the related
training losses. Since validation loss is a measure of how well the model will perform on unseen data, the fact that it is getting
near zero early on is encouraging: it suggests that the model is picking up significant and widely applicable features from the
training data.

The term “distribution focal loss” or dfl_loss refers to a type of focal loss that enhances model performance in the case of
unbalanced training data. In particular, the class imbalance that occurs while training on datasets containing extremely rare
items is addressed via distribution focused loss. The network will find it challenging to learn to correctly classify items of a
particular class when there are few examples of that class in the training set. The distribution focal loss helps to ensure that the
model correctly identifies these rare objects. By maximizing the three important components of object detection: localization
(bounding box), classification (object class), and abjectness (confidence), these loss functions combine to improve performance.

3.3.6 Real time pipe Crack Detection performance
As per the current research, YOLO deep learning model for cracking detection in steel pipe had both GPU & CPU utilization to
check for real-time performance. Using a Tesla T4 GPU (CUDA: 12.2), 15,102 MiB of memory was applied while achieving an
approximate inference time of 16.6 ms per image at resolutions of 448 x 640 pixels. This GPU-based model achieved processing
speeds of around 60 fps which is affordable to real-time applications. The A100 offers a 20 times performance improvement
compared to its predecessors, making it a significant improvement for real-time inference and high-performance computing
applications. Upgrades to a more advanced GPU such as the A100 or even the latest RT’X 50-series can bring significant
improvements in processing speed and are better suited for demanding real-time applications.

Performance Impact Estimation:

Given the current inference speed of 60 FPS (via the Tesla T4 GPU, with an image processing time of 16.6 ms), the estimated
range of processing time for performing its preprocessing is seen as follows:

o Median Filter (3x3 kernel): ~1-2 ms

« Bilateral Filter (5x5 kernel, optimized parameters): ~2-4 ms

o Entropy and Edge-based Parameter Selection: ~1-3 ms (if computed efficiently)
o CLAHE Application: ~2-3 ms
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Adding up these operations would further fling in 5-10 ms processing time per image, leading to a drop in the FPS in the range
of 40-50 FPS, considering the parameters and efficiency of the hardware.

Optimization Strategy for Retaining Real-Time Performance:

In order to prevent excessive computational delays, a hybrid parameter selection strategy can be implemented:

Default Oftline Parameters: Precomputed parameters (based on analysis of the dataset) would be set up in the beginning.
These parameters have been optimized for average noise conditions.

Adaptive Real-Time Tuning (Conditional Execution): If there have been drastic changes in entropy or edge clarity, new
filter parameters will be computed on-the-fly. Otherwise, the best parameters already stored would be reused to minimize the
computational overhead.

Adaptable contrast enhancement (CLAHE) via local contrast variance and edge density is considered here so as not to over-
process while obtaining real-time efficiency. With the computed local variance across different regions of the image, if the
variance is finished, boosting the clip limit will enhance weak contrast. In contrast, if the variance appears high, a decrease in
the clip limit would assist in avoiding over-enhancement. Edge density is obtained using Canny edge detector. When the edge
density is high, it means the block size needs to be increased to avoid the introduction of unnecessary artifacts. When the edge
density is low, this will mean using a smaller block size to enhance fine details.

Efficient Implementations:

The GPU could be used to accelerate filtering (OpenCV CUDA, TensorRT, PyTorch) to further minimize latency. While the
previous frame is working through inference, an asynchronous CLAHE and filtering operation would take place. Regarding
filter down sampling, a downsize value probably of 50% could be used for evaluating entropy and edge detection calculation.

By this optimized strategy, the pipeline for real-time crack detection would enhance the visibility of defected areas while
reducing noise artifacts for their representation, having high FPSs (~50 FPS or more) in that way. The adaptive noise filtering
will ensure our consideration.

This output can be deployed in real-time automated systems integrated into GPU based programs at inspection machines,
robotic systems, or drones for structural pipe health change detection. It can be reliably used for crack detection due to the high
confidence levels and automated result saving, thus integrating well into automated maintenance systems and high-performance
defect detection in industrial systems.

3.3.7 YOLO-CNN Optimization

In the YOLO framework, the CNN (Convolutional Neural Network) is the backbone of the model, responsible for
feature extraction from input images. Several hyperparameters directly impact the Convolutional Neural Network (CNN).
Optimization in YOLO training implementations attempts to enhance the efficiency of techniques used in the modeling process.
This training employs Automatic Mixed Precision (AMP), which reduces the computational load by dynamically managing
numerical precision. The optimizations should minimize memory use and also speed up inference with no effect on accuracy.
The AdamW optimizer is selected automatically, which balances the strategies for adjusting the learning rate along with weight
decay to avoid any case of overfitting. With 225 layers (11,135,987 parameters/28.6 GFLOPs), the model architecture strikes a
balance between computational efficiency and high performance in detection. Some of the hyperparameters that influence the
convergence speed and generalization for more effective training processes are the momentum (0.937), weight decay (0.0005)-
which allow for learning rate scheduling hyperparameter experiments as well. Training used 1r0=0.01, and the optimizer
automatically set the best learning rate as AdamW (Ir=0.002). The learning rate is crucial in CNN optimization as it controls
how much the model updates weights per iteration. A high learning rate may lead to divergence, while a low one may slow
convergence.

The convolutions and up sampling layers are structured inside the model to minimize redundant computation so that feature
extraction is optimized. The final results of training indicate very high precision (0.984), recall (0.957), and mean average
precision (0.989 at IoU 0.5), reflecting the successes entrenched in these optimizations. Finally, the lower loss values recorded
(box loss: 1.06, class loss: 0.5982, DFL loss: 0.9837) by the final epoch highly attested to the power of mathematical optimization
techniques of CNN in this defect detection work.

3.4 Comparison with Other Studies

Our study targeted realistic data augmentation techniques for enhancing the performance of steel pipe crack detection models.
For better contextualization of our results, we compared them with a leading previous study, "Deep Learning Based Steel Pipe
Weld Defect Detection” by Author et al.

Below is a detailed comparison:

Data Augmentation Approaches:
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The previous study augmented their 119 crack samples to generate 1071 augmented samples using general augmentation
techniques such as light change, random rotation, cutout, Gaussian noise addition, horizontal flipping, and random adjustments
to saturation, contrast, and sharpness. Our study, however, began with a smaller dataset of 113 crack samples but generated 2825
real world augmented samples using more realistic and domain-specific augmentation techniques. Significant focus and effort
are given to developing real world images.

These included overlaying artificial cracks, adding simulated rust or corrosion patterns, applying affine and perspective
transformations, making elastic deformations, enhancement of edges, speckle noise, and blur to simulate some real-word
scenarios. This generated wide and realistic samples of what indeed happens in real-world inspections.

Model Evaluation:

The prior work attained a score of 0.69 for confidence and a mAP of 99.02% at the epoch 218. However, when the model was
prolonged in training, it suffered from overfitting because, after 633 epochs, it declined MAP to 98.71%.

The results here with a confidence score of 0.92 are consistently over 99.25% mAP without encountering signs of overfitting
in the results with extended training. That explains how the augmentation enhances the generalization ability in a model.

Precision, Recall, and F1 Score:

Even though the earlier work shows a perfect score of 1.0 for precision, recall, and F1, our model had the same scores.
Nevertheless, the strength of our approach is that it outperforms in more difficult and practical scenarios because of the
introduction of augmented data that mimics the imperfections of real-world settings.

Novelty and Innovations in Data Augmentation:

The novelty of our work involves the adoption of realistic and domain-specific data augmentation techniques, which greatly
improve both the diversity and quality of training data. Our work is different from other prior studies that have utilized more
general augmentation approaches because of the unique characteristics of crack detection in steel pipes, such as rust, stains,
noise, and perspective variations.

Furthermore, the outcomes underscore that our augmentation strategy successfully avoids overfitting, which was a problem
in earlier works. It thus brings out the innovation in our methodology and can be beneficial for enhancing crack detection
accuracy in practical scenarios.

4 Conclusion

The presented study introduces a highly optimized framework for real-time crack detection on steel surfaces and gives important
advancements over methodologies so far. Our research incorporates optimal denoising with CLAHE algorithm coupled with
fine-tuned hyperparameters to establish an eflicient data preprocessing pipeline, with optimizations that improve clarity and
the ability of models to generalize, thus overcoming the tendency to overfitting, making the detection even more robust.

Key Contributions and Novelty:

Optimized Deep Learning Framework: By leveraging the YOLOV10 architecture with hyperparameter optimization, our
method achieves a remarkable mAP (mean average precision) exceeding 99.25%, consistently outperforming earlier iterations.
Unlike previous studies that required extensive training cycles, our model achieves high precision, confidence Score, and recall
with only 50 epochs, making it ideal for real-time industrial applications.

Quantitative Achievements: The proposed model classifies cracks with a confidence score of 0.92 and does not suffer
from overfitting even during extended training. It is faster and more efficient compared to traditional methods, and hence
a benchmark for future real-time crack detection models.

Data Augmentation with Realistic Simulations: It is a strong data enhancement strategy, including augmented simulations
of real-world crack environments that will make the model versatile for various conditions. Such conditions include adding
Gaussian noise, perspective transformations, and edge enhancement to simulate real-world conditions of the pipes and
overfitting problems are significantly reduced.

Strengths and Weaknesses:

The strengths of this study are in the way it combines advanced preprocessing and augmentation techniques with optimized
deep learning for industrial defect detection. Another way our method differs is that it integrates real-world crack simulation
during augmentation, ensuring a robust and scalable model. However, a major limitation is the model’s sensitivity to highly
unusual crack patterns or defects not represented in the training dataset. While our augmentation strategy addresses many
real-world scenarios, the model may still struggle with extremely rare defects.
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Improvements and Open Questions:

Scope of the study is limited to two types of noise salt-pepper and Gaussian noise, further research can include different types of
noise related to NDT environment. Future work would be the integration of few-shot learning techniques, so that quality control
personnel could manually tag unique or rare crack patterns, ensuring continuous model improvement. Domain adaptation
techniques to handle variations in imaging conditions across different production lines could also be further explored to
enhance the versatility of the model. There is still an open question on how best to incorporate multimodal data, such as thermal
or ultrasonic imaging, into the framework for more comprehensive defect analysis.

Prospects and Recommendations:

The proposed framework provides a solid foundation for advancing the automation of production. Future researchers are
advised to extend this work to other industrial materials beyond pipes to ensure more general applicability. Moreover,
explainability techniques can help interpret model decisions, increasing trust and usability in industrial environments.
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