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Abstract. Due to the application of computer vision technology, weld defect detection has become relatively reliable and
efficient in the industrial field. By combining the ResNeXt101 backbone with the AdaBound adaptive optimizer, a hybrid deep
learning model was constructed to achieve long-term effective welding quality assessment. The techniques used to enhance
the effectiveness of comprehensive data augmentation are grouped convolution feature extraction and dynamic learning
rate adjustment. In the experiment, two large-scale, multi-domain weld seam datasets were used, totaling 21,000 labeled
samples. In the positive experiments, the proposed hybrid model outperformed the standard ResNet50 and DenseNet121
baselines, achieving an accuracy of 97.1%, a macro F1 score of 95.0%, and a macro-AUC of 99.2%. Strict ablation studies
indicate that the choice of different backbone networks, optimizers, augmentation sets, and input resolutions all have a
certain impact on performance improvement. The aforementioned robustness tests indicate that it has good generalization
ability for cross-domain data, relatively strong noise tolerance, and balanced performance in detecting both common and
rare defect types. The segmentation results indicate that over 92% of the samples have an Intersection over Union (loU)
greater than 0.8, thus they are of high quality. According to the above research results, the hybrid deep learning method has
achieved good performance in automatic welding quality inspection. These findings also indicate that the application of this
method in large-scale manufacturing has empirical significance.
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Introduction

The quality of welds directly affects the safety and lifespan of metal components in the automotive, aerospace,
power plant, and other industries [1]. Ensure weld quality to avoid serious defects and high maintenance costs
in these maintenance-prone areas [2]. In recent years, three main traditional welding inspection methods—
radiographic testing, ultrasonic testing, and visual inspection—have been widely used [3]. The labor intensity of
manual and semi-automatic inspections is very high, making human errors likely; moreover, they are not as
reliable and repeatable in large industrial environments [4]. For noisy environments, irregular shapes, or small-
scale defects, traditional machine vision and early computational detection methods often struggle to handle
the complex visual variations of real weld seams [5]. Shallow machine learning techniques have shown
improvements in defect recognition and classification accuracy, but poor adaptability and scalability when
handling large amounts of data and complex problems remain one of the issues these technologies face [6].
Compared to traditional manually designed descriptors, Convolutional Neural Networks (CNNs) have improved
the ability to extract multi-scale features. However, the early applications of CNNs were limited by insufficient
depth and a lack of complex architectural improvements [7]. Therefore, welding inspection requires next-
generation automation technology [8].

With the latest advancements in deep learning, many automated quality inspections have already entered the
commercial sector [9]. ResNet and its derivative networks are a type of deeper convolutional neural network
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(CNN). It enhances the model's expressive and learning capabilities in large-scale image recognition by adding
residual connections and multiple branches [10]. The ResNeXt101 network uses grouped convolutions and
cardinality to achieve an efficient, scalable, and highly modular structure. It performs excellently in industrial
detection under various operational conditions [11]. On the other hand, as such networks become increasingly
complex, there is now a need to improve the adaptive optimization algorithms for model training. AdaBound is
a new proposal suitable for modern deep networks, dynamically switching between the generalization bounds
of SGD and the fast convergence speed of Adam [12]. According to recent research, using adaptive optimizers
and high-capacity architectures can improve the training speed and generalization ability of models [13].
However, integrating the aforementioned techniques into a comprehensive end-to-end system for robust weld
quality assessment remains an unresolved issue. Serious issues regarding cross-domain adaptability, inference
speed, and interpretability remain unresolved [14]. In the near future, automated systems will be introduced to
address the aforementioned issues [15].

This paper proposes a deep learning-based weld quality assessment method, addressing the aforementioned
issues by integrating ResNeXt1l01l and the AdaBound optimizer into an end-to-end architecture. Our
contributions include the development of a hybrid system that combines advanced feature extraction and
adaptive optimization, extensive validation on controlled and real industrial datasets, and detailed analysis of
robustness, ablation behavior, and potential deployment scenarios.

Principles of Model Design

Feature Learning with Advanced Convolutional Architectures

Many industrial computer vision applications are now driven by convolutional neural networks (CNNs). Early
versions of Convolutional Neural Networks (CNN) were capable of handling the learning of hierarchical visual
abstractions. However, with the introduction of identity-based residual connections, CNNs can learn deeper
networks more stably. This invention was initially designed for general image classification, but it has also
achieved excellent results in weld seam images. It can also be used for hierarchical processing to identify small
defects present in noise [16].

By adding grouped convolutions and splitting each layer into multiple parallel paths, ResNeXt101 extends the
aggregation transformation. ResNeXt101 is designed to enhance representation learning by increasing
cardinality, rather than expanding the depth and width of the network. Therefore, it is more computationally
feasible [17]. Therefore, this architectural choice is particularly suitable for applications requiring robust multi-
scale analysis and the multimodal characteristics of image features during weld seam detection [18]. When
dealing with heterogeneous datasets or defects with highly variable appearances, modular blocks and grouped
operations can enhance generalization ability and accelerate convergence speed [19].

Therefore, the aforementioned structural advantages help the network more accurately distinguish between
signal and noise in practice. Moreover, under inconsistent imaging and lighting conditions, the network can still
achieve reliable feature extraction. Industrial welding images may contain surface contaminants, geometric
distortions, overlapping textures, and reflections. Due to the increased receptive field and modular connections,
ResNeXt101 can more accurately identify subtle anomalies and performs better in the initial detection of both
common and rare defect types [20]. Moreover, this design can be expanded in the future. When changes occur
in the manufacturing process and data sources, the features learned in the earlier layers can be applied to new
tasks or modified [21]. In summary, the aforementioned advancements lay the foundation for state-of-the-art
welding quality assessment systems [22].

Adaptive Optimization Strategies

Training deep architectures for industrial quality control also requires robust model design and effective
optimization methods. Although Stochastic Gradient Descent (SGD) is still common, it often encounters issues
such as poor conditioning, slow convergence, or gradient vanishing in deep or noisy environments [23]. Adam
and RMSprop are recently popular adaptive algorithms because they can automatically adjust the learning rates
of different parameters based on gradient information [24]. Although the aforementioned optimizers improve
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training efficiency, there are still some issues, such as an increased risk of overfitting and insufficient
generalization ability in unstable or imbalanced industrial environments.

AdaBound is a new technique that introduces dynamic learning rate boundaries, switching to Adam's high-speed
updates at the beginning of training, and then transitioning to the stability of SGD [25]. This method is relatively
stable in most cases, avoiding the problem of infinite expansion. In weld seam evaluation, this mechanism is
appropriate because it can prevent excessive descent errors and avoid platform effects in the later stages of
training.

Sensor calibration bias, mass production, or changes in the factory environment are one of the main reasons for
the inconsistent distribution of industrial welding datasets [26]. AdaBound adjusts the learning rate in a bounded
manner to dynamically reduce the step size of each parameter under concept drift and data noise, thereby
improving robustness. The results were not affected by initialization or sudden domain changes, and exhibited
more stable convergence [27]. Moreover, AdaBound can accelerate the prototyping and deployment of iterative
retraining production lines that require frequent but costly iterations, thereby reducing the expensive costs of
hyperparameter tuning [28]. These empirical data indicate that this capability is possible.

Synergistic Framework Design

The components of deep learning in complex industrial inspection are inconsistent. This is the result of the
advantages of model structure, optimization methods, and system-level construction planning. Combining the
specific advantages of ResNeXt101 and the adaptive capabilities of AdaBound, an extremely stable and scalable
system can be built to address the issue of weld quality assessment.

Using the multi-path grouped convolution structure of ResNeXt101 to extract rich hierarchical features from the
initial weld seam images is the first step in the overall integration strategy. Due to the improvements in the
network, it can focus more on the details of the object's surface. In industrial environments, changes in lighting
and other minor irregularities do not affect the extracted features. In order to detect various types of defects
and their severity, these features will be used as inputs for the classification layer, rather than being based on
previous detection methods.

The fixed part of the hybrid model is used to optimize the dynamic adaptive control mechanism. At the beginning
of training, AdaBound can quickly adapt to various noise and statistical irregularities in the welding data. It can
also quickly explore a wide range of solution spaces. AdaBound is very suitable for handling large-scale
production datasets that scale from various sources and operational environments, and it reduces the update
step size through training to ensure stable convergence and lower the risk of overfitting.

Crucially, adaptive optimization and deep feature extraction are not performed separately, but rather in
collaboration with each other. When the data distribution changes, the optimizer can reasonably adjust the
weights. At the same time, the optimizer can also learn generalizable feature representations from the network
structure. Maintaining a certain level of detection accuracy over a long period, they collectively provide strong
support for domain adaptation while reducing the difficulty of manual hyperparameter tuning. By selecting the
best architecture that meets adaptability requirements, the new generation of intelligent welding inspection
systems will have high reliability and will be very convenient for long-term use.

Proposed Hybrid Model

Overall Model Structure

The core of the modular deep convolutional network used for evaluating weld quality is high-end grouped
convolution, along with multi-branch transformations and adaptive optimization. ResNeXt101, as the backbone
network, uses cardinality and bottleneck transformations to enhance the model's expressive power and
computational efficiency. For an input feature map tensor X € RFXW*Din = each ResNeXt block divides the
feature space into C groups, processing them via independent transformation functions 7 () :

C
Y = Z T, (WP 5 g(WE! % X)) Eq.(1)

k=1
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Here, * denotes convolution, o () is the activation function (e.g., ReLU), ,}’“ and W,?X3 are the learnable

1 X 1 and 3 X 3 weights in the k-th group, and C stands for cardinality.

Multi-branch outputs are summed up, and then passed through a bottleneck 1 X 1 convolution for alignment.
It is shown as follows:

Z=X+Wie Y Eq.(2)
where Wi, realigns channel dimension and the residual path ( X ) promotes stable gradients and avoids
vanishing issues.

In order to obtain discriminative descriptors that are less sensitive to changes in the welding surface and imaging
conditions, the feature maps of the deepest ResNeXt module were subjected to global average pooling. After
pooling, the vector is passed to a fully connected layer, which then returns a quality score or category label.

The AdaBound optimizer dynamically adjusts the learning rates of different layers and training stages through
grouped paths and residual connections to accelerate convergence and generalization. It also controls the
updating of parameters during training. Therefore, by combining grouped feature transformations, bottleneck
mapping, and adaptive learning, a structure that is both efficient and highly expressive is formed, used for
welding detection in the complex real world. Figure 1 shows the complete path of network processing.
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Figure 1. Architecture of the Proposed ResNeXt101-AdaBound Hybrid Weld Quality Assessment Model

Global Average
Pooling

Training Methodology

The full capabilities of the combined structure require effective training. First, meticulous preparation of the
data is required. For input, all the weld seam images collected by the sensors are uniformly adjusted and
standardized. Enhancement is done by increasing the data volume through random rotation, flipping, adding
Gaussian noise, contrast adjustment, and other methods to reduce overfitting or abnormal patterns in the model.
Subsequently, all images are divided into training, validation, and test sets through stratified sampling, usually
allocated in a 70:15:15 ratio. This is done to ensure that all categories are evenly distributed in each subset.

During training, each batch ( x;,y; ) is fed to the model, and the prediction y; is computed. The primary
optimisation goal of multi-class classification is the cross-entropy loss:
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N
1
Leg = _NZ yilog () Eq.(3)

To reduce overfitting and to penalise large-magnitude parameters further, L2 regularization is used:

M
Lreg =2 19 £q.(4)
j=1

where A is the regularization coefficient, 6; denotes the trainable parameter vector in the j* layer, and M is the
total number of model layers/parameters.

The total loss of backpropagation includes both of the objectives.

Liotar = Leg + ‘Creg Eq.(5)
Dropout is often added to the classifier to improve generalisation by randomly disabling some of the hidden
units at each step. The above is the formalization:

h; = m; - h;, where m; ~ Bernoulli(p) Eq.(6)
where h; denotes the activation of the j* hidden unit, m; is a binary random mask sampled from a Bernoulli
distribution with parameter p (the retention probability), and h]’- is the activation after dropout is applied.

Hyperparameters such as batch size (typically 16 — 64 ), learning rate (1072 to 10™*), and bounds for
AdaBound are optimized via grid search and cross-validation. Dropout is often used in classifiers to enhance
generalization by randomly disabling some hidden units at each step. Adaptive stops immediately after training
begins to avoid unnecessary computations.

In the data workflow, all modules used for data acquisition, augmentation, iterative training, and validation are
located within a single pipeline. Figure 2 shows the aforementioned simplified and repeatable process. It shows
how all the main stages are connected to ensure the consistency and reliability of the weld evaluation.
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Figure 2. End-to-End Training and Evaluation Workflow for the Proposed Hybrid System.
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Computational Complexity and Runtime

The ResNeXt101-AdaBound hybrid model aims to simultaneously improve the computational efficiency and
representational capacity of large-scale industrial visual inspection tasks. This section includes an introduction
to the model's computational methods, as well as theoretical analysis and empirical data support.

REXWXDin

Given an input tensor X € , each ResNeXt bottleneck block employs grouped convolution with

cardinality C, abstracted as:

c
Y = Z Fr(X) Eq.(7)
k=1
where every F, represents a sequence of learned convolutions and nonlinear activations in the k-th path.
The computation cost of a single block is as follows:

Oblock = C[d k- dmid + dmid k- d] EQ(S)
where d is the feature width and d,,,jy the bottleneck width. Summing over all L blocks:

L
Otatal = Cl ' Obattleneck,l Eq'(g)
=1
A typical block output is added to the residual branch for training stability:
Z = Dropout(BatchNorm(Y)) + W g, * X Eq.(10)
where BatchNorm (-) denotes batch normalization, Dropout (-) is the dropout regularization applied to the
transformed path, and Wy, is an optional projection (often a 1 X 1 convolution) aligning channels between
input and output when their dimensions differ.

Global Average Pooling then produces a compressed representation:

1 H W
‘U=WZ Z Zi,j Eq.(ll)

i=1 j=1
Finally, a fully connected classifier maps v to the output prediction vector.

Cross-entropy and L2 regularization loss are used for end-to-end training of the model. The adaptive learning
rate scheme of AdaBound is used for parameter updates.

The NVIDIA RTX 3090 GPU and two Intel Xeon Silver CPUs are the hardware used for empirical evaluation. The
memory for a 224 X 224 input is usually less than 7.4 GB. By executing in parallel, grouped convolutions can
increase hardware throughput. During inference, the duration per image is 21 milliseconds for 1 and 7
milliseconds for 32. Including the cost of the optimizer, the training speed is 0.24 seconds with a batch size of
32.

Profiling further indicated grouped convolutions constitute nearly 40% of total execution time, with pooling and
classifier layers contributing less than 10% and optimization about 16%. The model is highly scalable; although
the cardinality and network depth can increase, the runtime will not increase. On the contrary, it is:

FLOPsXL-C-d;-k* H-W Eq.(12)
For real-time edge deployment, empirical model pruning experiments show that parameters can be reduced by
up to 30%, with minimal performance loss.

The above results indicate that the ResNeXt101-AdaBound model is a novel, cost-effective, and stable method
that can meet the stringent requirements for high speed in industrial welding quality inspection.

Experimental Analysis

Experimental Setup and Benchmarks

To ensure internal validity and external comparability, all experiments in this paper were conducted in an
organized and reproducible manner. We evaluated the performance of the proposed ResNeXt101-AdaBound

65



Deep Learning-Based Weld Seam Quality Assessment Using a Joint ResNeXt101 and AdaBound Model
https://doi.org/10.64972/dea.2026.v5i1.1635d:60-72

hybrid model. These datasets include the Public Weld Seam Defect Dataset (PWSDD) and our internally compiled
Industrial-Grade Collection (IWIC).

PWSDD contains 7,800 labeled grayscale and RGB weld seam images, which are sourced from the automotive,
aerospace, and heavy machinery industries. All of the aforementioned images are labeled as defect-free or with
one or more of the following five defects: porosity, cracks, cuts, slag inclusions, and incomplete welds. IWIC will
add an additional 13,200 images from real-world robotic production lines, including the collection environment
of sensors and lighting. Multiple expert reviews will validate the annotation quality assessment. Annotations can
be used across datasets, in accordance with industry non-destructive testing standards [29].

Before training the model, all images are normalized to have a mean of zero and a variance of one, with a size
of 224x224 pixels. When rare defect types face class imbalance, data augmentation methods include random
rotation, flipping, Gaussian noise, and contrast adjustment.

Figure 3 shows the detailed statistics of data distribution and labels. The proportion of different defect types in
the merged dataset is relatively high, as shown in Figure 3(a). The samples of pores are approximately 1,150,
the samples of defect-free areas are about 1,800, while the samples of unclosed gaps are only 455. The
aforementioned differences indicate that stratified sampling is needed for data partitioning. All experiments
used a 70% training set, 15% validation set, and 15% test set ratio, maintaining the class distribution within these
splits.

Image heterogeneity was also evaluated. As shown in Figure 3(b), the histogram of image resolutions before
resizing indicates that although 224x224 images make up the majority (over 8,000 samples), there are still some
differences, reflecting the multiple sources of the corpus.

The quality of annotations directly affects the performance of supervised learning pipelines, especially in
industrial defect detection, where missed detections can lead to significant safety issues. As shown in Figure 3(c),
due to the only 2.4% difference between the original labels and the modified labels, the experts achieved a 97.6%
"consistency" labeling rate in the second blind review of 2,000 randomly selected images. Therefore, these labels
are considered reliable in subsequent evaluations.
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Figure 3. Dataset Attributes and Annotation Quality: (a) Distribution of Defect Categories, (b) Image Resolution Histogram, (c) Expert Inter-
Annotator Consistency
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Performance Evaluation

To ensure the effectiveness and wide applicability of the new method, extensive testing has been conducted
here. Macro accuracy, macro precision, macro recall, macro Fl-score, and macro-AUC are multiple stages of the

aforementioned metrics. Figures 4, 5, and 6 show the central comparisons and provide quantitative or analytical
data at different levels.

Figure 4 shows the first comparison result. It shows the accuracy, macro F1, and macro recall of all methods,
and ranks them. Due to our use of the ResNeXt101 backbone network, the AdaBound optimizer, and a complete
set of data augmentations, our technique performed excellently in all benchmark tests. The macro Fl-score is
95.0%, the macro-AUC is 99.2%, and the accuracy is 97.1%. In addition, the macro F1 scores for ResNet50,
DenseNet121, and EfficientNet-B2 range from 92.7% to 93.2%, and the macro-AUC ranges from 98.0% to 98.8%.
These are good alternatives. This method is applicable to both rare and frequent classes, and the

aforementioned advantages are suitable for macro recall and macro precision; therefore, it reduces the problem
of class imbalance.
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Figure 4. Quantitative comparison of accuracy, macro F1, and macro recall for all methods
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Figure 5. (a) Classwise ROC curves show our method achieves AUC above 0.99 in every class. (b) Normalized confusion matrices indicate
strong diagonal dominance and substantially reduced off-diagonal errors

In addition, ROC analysis was conducted to evaluate the model's discriminative ability, as shown in Figure 5a.
The above curves indicate that the AUC for all categories of the new model is greater than 0.99, and no baseline
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model has reached this standard; moreover, these baseline models easily drop below 0.98 in more difficult
categories. In addition, Figure 5b shows the normalized confusion matrix for all evaluated models. As shown in
the heatmap, our method produces strong banded regions along the diagonal, demonstrating high-confidence
correct predictions. Compared to ResNet50 and DenseNet121, the misclassification rate off the diagonal has
been reduced by over 40%. It is more stable across each category and instance, and has relatively high accuracy
on a global scale.

Figure 6 shows the results of the ablation study, with each subplot displaying the results of different types of
sub-experiments. Figure 6a shows the impact of backbone selection. The proposed ResNeXt101 backbone
network achieved a Macro-F1 score of 95.0%, the best among ViT-Small, DenseNet121, EfficientNet-B2, and
MobileNetV2. ResNet50, EfficientNet-B2, and ViT-Small also achieved good results (over 93%), but MobileNetV2
slightly dropped to 91.8%. Therefore, for complex manufacturing applications, more complex architectures may
not be necessary [30].

All five typical optimizers were tested for robustness and consistency through ten independent experiments,
with the results shown in Figure 6b. RAdam and RMSprop ranked second and third, with AdaBound having the
highest median and the least fluctuation (Macro-F1 median of 94.9%). Its Macro-F1 value's interquartile range
is almost twice that of the adaptive optimizers, and the standard deviation of stochastic gradient descent is very
large. Therefore, the above results indicate that the correct optimizer can both improve the original performance
and stabilize optimization in subsequent iterations.

Figure 6¢ shows the ablation experiment of the enhancement methods. Compared to no augmentation, simple
geometric and noise-based augmentation methods each provide some improvements. In addition, advanced
methods such as Mixup and CutMix improved the Macro-F1 score to approximately 94.6%. The most complete
combination ("Full+RandAug") includes all spatial, noise, and advanced strategies, achieving the highest Macro-
F1 score of 95.3%. This demonstrates that various types of augmentations are very beneficial for defect
detection models [31].
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Figure 6. (a) Macro F1 for each backbone. (b) Optimizer effect, illustrated by boxplots. (c) Macro F1 and variance with increasing
augmentation. (d) Macro F1 for each input resolution
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As shown in Figure 6d, the resolution analysis used seven common input sizes. Although the overall performance
steadily improves with the increase in resolution, it has already reached a saturation point. Therefore, a
significant improvement was achieved between 96 and 224 pixels (from 90.8% to 95.0% Macro-F1), while adding
more than 224 pixels only brought minor improvements. Using bar charts and line graphs to display trends and
the final performance platform helps balance computational efficiency and accuracy in deployment [32].

All experiments used five-fold cross-validation and three different random seeds, with total metric changes of
less than 0.3%. It must be noted that the new method improved the worst category's macro F1 score by more
than 2.5% compared to the best baseline. In addition, the AUC gap between categories has also narrowed. Based
on the above results, we used optimized structures, improved optimization techniques, and data center
selection to achieve good classification performance.

Robustness, Error and Generalization Analysis

Figure 7 shows the specific evaluation results of the proposed hybrid model in terms of generalization ability,
error characteristics, and robustness. As shown in Figure 7a, the hybrid model's Macro-F1 scores in all five
different test domains are higher than those of ResNet50, DenseNet121, and EfficientNet-B2, including both
internal and external public datasets. The hybrid model achieved a Macro-F1 score of 95.0% on domain data and
maintained 91.2% on the most challenging public benchmark, with only a 3.8% drop. In contrast, the baseline
DenseNet121 experienced a decline of up to 6.1%, while the average F1 improvement of the hybrid method was
2%-5%, consistently across all compared models. The strong robustness to domain transfer mentioned above
contributes to the variability of real-world environments.
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Figure 7. Robustness, error, and generalization of the Hybrid model. (a) Macro-F1 (%) across domains. (b) Macro-F1 (%) under Gaussian
noise. (c) Error distribution by defect type. (d) loU distribution (predicted vs. expert masks). (e) Macro-F1 (%) vs. training data fraction
(overall & minority classes).

As shown in Figure 7b, additive Gaussian noise is also used to evaluate noise robustness. The hybrid model
maintains a Macro-F1 score above 88% at a 15% noise level and above 75% at a 30% noise level. As the noise
increases, the performance of other models declines faster; at this point, the hybrid system outperforms by 9%.
The narrow confidence bands in the results of the hybrid model indicate stable behavior over multiple runs. This
indicates that the mixed model is suitable for manufacturing environments that are easily affected by collection
noise and other unpredictable artifacts [33].

Figure 7c shows the distribution of error types. The mixed model achieved relatively high true positive rates
across all major defect types. The false positive rate and false negative rate are always low and evenly distributed;
for example, the false positive rate never exceeds 21%, and the false negative rate never exceeds 10%. In
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previous studies, no unusually high number of category errors were found, and both common and rare defects
were reasonably detected; therefore, category neglect or overfitting did not occur.

Figure 7d is a histogram showing the segmentation accuracy of the intersection over union (loU) scores between
the predicted and expert-labeled masks; additionally, it is higher. More than 92% of the samples have an loU
score of 0.8 or higher, with an average of 0.87, and less than 5% of the samples are below 0.7; the latter is
generally considered the lower limit for industrial applications. The above results indicate that the hybrid model
can accurately locate subsequent defect quantification and process intervention tasks.

Figure 7e shows the generalization ability with different amounts of training data. The hybrid model
outperformed all baselines across all available training data scales and showed significant improvements in
certain cases. For example, using only 25% of the data, the mixed model achieved a Macro-F1 of 70.2% on the
minority class, which is a relative improvement of 11.5% compared to the baseline of 58.7%. As the amount of
data increases, the gap now reaches 5% to 16%. Therefore, the data efficiency of the mixed model has been
proven to be effective and less sensitive to class imbalance. Therefore, it is very useful in situations where data
annotation costs are high or the number of specific categories is limited [34].

In summary, the above results indicate that the hybrid model excels in cross-domain robustness and noise
resistance; it achieves balanced accuracy in defect detection; and it performs exceptionally well in segmentation
quality, even in cases of limited or imbalanced data. In summary, these will ensure that the hybrid model is
feasible and widely applicable in industrial inspection and production line scenarios.

Conclusion

This paper conducts a detailed study on the development and evaluation of hybrid deep learning models for
identifying industrial defects. A large number of experiments have been conducted, involving domain adaptation,
noise robustness, error representation, segmentation accuracy, generalization ability, and multi-factor ablation.
In these aspects, the proposed hybrid model consistently outperforms many other architectures and methods.
First, the Macro-F1 scores in multiple regions have improved; second, it has good defenses against input
variations and label imbalance; third, it achieves high-precision localization under noise or sparse data, all of
which are required for industrial applications. According to the above analysis, the new backbone network has
superior advantages; in addition, the ideal optimizer and enhancement strategies have been selected, laying a
solid foundation for deployment on complex production lines.

The above content still has some shortcomings. Although the experiments are very extensive, they mainly focus
on benchmarks and imaging conditions in typical structured factory environments. Therefore, they fail to cover
various issues in real industrial environments. Explainable models must also understand why a model makes a
certain decision and what happens in boundary cases or when adversarial examples are present. Although data
efficiency has improved, in practice, it is necessary to label new domains and uncommon defects.

Future research will explore the application of models in other industrial environments, as well as how to
integrate and deploy multimodal sensors in real-time at the edge. Improve the comprehensibility of algorithms
and visual interpretation patterns to enhance debugging efficiency and increase user trust. Unsupervised and
few-shot learning have also made progress, reducing the need for data labeling and improving adaptability to
new or changing types of defects. In light of the above issues, the next generation of detection systems based
on deep learning will be more suitable for the future needs of smart manufacturing and quality control.
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