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Abstract. In recent years, surface quality inspection based on computer vision has frequently been used in high-precision,
reliable automated manufacturing to identify defects. To address subtle, irregular, and low-contrast surface defects, this
paper proposes a real-time surface quality assessment framework based on a patch-level attention-enhanced ResNet
architecture. Using adaptive patch division and two different types of attention mechanisms, this new technique
simultaneously captures local features and global relationships, and it is interpretable. In order to handle different
environments, the preprocessing module in this paper will apply contrast limitation, random augmentation, and adaptive
histogram equalization. The convolutional feature extractor divides each input image into multiple patches. Then, the
channel and spatial attention modules recalibrate the feature maps based on defect relevance. Subsequently, the
recalibrated features are integrated into the regression head for continuous surface quality score prediction and the
classification head for defect category identification. Experiments have been conducted using large-scale public and private
industrial datasets containing over 40,000 labeled images. The above results indicate that the system has an inference speed
of over 38 frames per second and an average precision mean of 0.946. Therefore, it surpasses both the baseline and other
top solutions in terms of accuracy and speed. Ablation studies indicate that channel attention and spatial attention are
complementary, and their combination still outperforms single-path designs. The all-encompassing framework for
autonomous surface inspection in manufacturing has high reliability, is easy to interpret, and performs well.
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Introduction

In order to improve production efficiency, intelligent surface quality inspection systems have been widely used
for quality control and automated manufacturing [1]. Due to the higher demands of the aerospace, electronics,
and automotive industries for high-value, defect-free parts, reliable and accurate surface inspection systems
have been introduced [2]. Previous inspection methods used handcrafted features and subjective visual
assessments, making them labor-intensive and often unable to detect minor defects or adapt to various types
of products [3]. Due to the aforementioned shortcomings of traditional computer vision techniques, many
researchers are focusing on deep learning and other highly representative models [4]. The aforementioned
methods are generally easier to classify and locate than rule-based systems [5]. Most existing deep models are
black boxes and are not interpretable; therefore, they cannot be applied to new surface patterns [6]. Moreover,
due to irregular shapes, low contrast, and diverse backgrounds, the detection framework must be both precise
and highly adaptable [7]. Therefore, comprehensive and accurate surface assessment remains a current focus
[8].

Although some progress has been made recently, many issues still hinder the widespread use of general surface
assessment networks in industry [9]. Training deep learning models usually requires a large amount of labeled
data. However, industrial data is often imbalanced, domain-specific, and expensive to label [10]. The structural
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and appearance differences of surface defects are significant, ranging from minor scratches to severe
deformations. Therefore, feature extraction is very difficult and often leads to missed detections or false
detections of out-of-distribution samples [11]. New attention mechanisms have recently been proposed to help
networks focus on important areas. However, when they are combined with other methods, some design and
optimization issues arise, particularly in balancing local and global defect representations [12]. Moreover, there
are issues with the model's robustness, inference speed, and capacity, and real-time performance and edge
deployment are limited [13]. The issues of high-resolution analysis, parameter efficiency, and interpretability in
industrial inspection processes have not yet been fully resolved, despite the widespread use of advanced
technologies such as transformers and hybrid CNN models [14]. The aforementioned unresolved issues indicate
that the surface evaluation capabilities based on deep learning are currently insufficient to meet the needs of
the manufacturing industry [15]. Regarding accuracy, adaptability, and interpretability, there is currently a lack
of a complete framework [16].

To address the aforementioned issues, we propose an all-weather surface assessment system. The system has
reliability, is easy to operate, and has efficient defect localization capabilities, making it suitable for use in various
industries. In order to dynamically handle local defects and global changes on the surface, we adopted a feature
aggregation scheme based on attention mechanisms, which also supports adaptive partitioning. In recent years,
many researchers have studied methods to improve the interpretability of computer vision systems while
enhancing detection accuracy and attention mechanisms. Further provide ablation studies, including the design
of attention modules, and quantitatively and intuitively evaluate their impact on model interpretability and
accuracy. A large number of experiments were conducted on open-source and proprietary industrial datasets,
and the proposed system consistently outperformed previous best solutions in both quantitative metrics and
visual surface evaluations. The system is scalable and practically applicable.

Related Work

Surface Defect Inspection Approaches

Automated quality assurance in manufacturing has always been the foundation of surface defect detection [17].
Early research in this field primarily relied on traditional computer vision processes, such as manually creating
edge contours, texture descriptors, and grayscale histograms to extract defect metrics from surface images [18].
These methods perform excellently in controlled environments, but they are less stable under conditions of
lighting changes, complex backgrounds, or objects made of different materials [19]. In order to improve
generalization ability, various advanced signal processing techniques, such as adaptive filtering and wavelet
analysis, are now being used. However, these techniques are still insufficient in terms of parameter settings and
widespread application across all product lines, and they are rarely used across all product lines as well [20].
Rule-based heuristic methods and template matching are also frequently used, but these solutions are often not
suitable for defects, deformations, or occlusions of various sizes that occur in practice [21]. Although there are
fewer new defect pattern categories, handcrafted features have been used to identify defects.

Due to the drawbacks of manual methods, people have started using data-driven machine learning classifiers,
such as ensemble models and support vector machines, and employing statistical features to enhance
discriminative power [22]. However, these models based on traditional learning also rely on the quality, diversity,
and relevance of features. Therefore, they are difficult to perform well in complex or new environments. As the
complexity of industrial products and the precision required for defect detection increase, it has become evident
that the aforementioned methods cannot achieve accurate detection. A more robust and adaptable detection
framework is needed, as there are still issues with false positives, missed subtle defects, and difficulties in
handling high intra-class variance [23]. Therefore, the field is now beginning to use automated deep
representation learning.

Deep Learning and Attention Mechanisms

The new method for surface inspection is based on deep learning [24]. Convolutional Neural Networks (CNNs)
excel at automatically learning hierarchical features, which makes them more robust to noise and image
variations in defect detection [25]. In order to achieve high accuracy with low deployment costs, many current
surface inspection solution architectures are based on deep residual networks or lightweight mobile models.
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Since they are used for end-to-end learning, manual feature engineering is not required. In addition, they
perform well in many industrial applications [26].

Systems based on traditional CNNs still cannot identify fine-grained defects with low contrast or sparse
distribution, despite some improvements. The attention mechanism is introduced in visual models to allow the
network to focus on relevant parts of the image or feature map. To improve the model's detection accuracy and
interpretability, channel and spatial attention modules can recalibrate feature maps. The Transformer-based
architecture has recently made significant progress in global self-attention. It is also used for visual anomaly
detection to model long-range dependencies and complex relational patterns, which are difficult for traditional
CNN models to learn. The addition of attention mechanisms can improve the model's performance and help
interpret the model; both are necessary for regulations and large-scale industrial applications. Nevertheless, the
task of creating an integrated system that can simultaneously enhance the recognition of three dimensions is
still not accomplished. At the current stage of development in surface defect assessment research, we still hope
to find effective solutions to address these issues.

Framework Design

Dataset and Preprocessing

Conduct experiments using private industrial samples and popular open-source surface defect datasets,
according to the aforementioned surface evaluation framework. Open-source benchmarks such as the DAGM
series and the Severstal Steel dataset record a large number of materials and various defects. At the same time,
private datasets are used to ensure the stability of this method in practical industrial applications.

In order to ensure network compatibility, each image undergoes regular quality checks and is standardized to
the same resolution W X H. Each image I with channel c is standardized to
IL(u,v) = e v) ~ ke Eq.(1)
O-C
where (u, v ) denotes spatial coordinates, and p,, . are the mean and standard deviation of channel ¢ across
the training corpus.

Further increase the contrast of the local area and reduce imaging artifacts using an adaptive contrast-limited
histogram equalization (CLAHE).

1! = CLAHEy (1)) Eq.(2)
Among them, the shear constraint parameter 6 is used to control the redistribution of local values.

Transformations A,,, randomly drawn from a set of photometric and geometric operators, are used to achieve
robust generalization:

im =‘Am°"'°¢/11(1”) Eq.(3)
Each A; is drawn from the set (blur, random crop, rotation, flip, gamma adjustment), and their order is chosen
randomly. Here is the image of the random augmentation pipeline.

N
Dy = U (1% 1m=1,..K} Eq.(4)

n=1
where N is the number of original images, and K is the number of augmentations per image. For multi-source
and imbalanced datasets, stratified k -fold cross-validation is performed such that

Yy = Stratify(Y, k) Ea.(5)
where Y is the complete label set and Y, denotes the fold with maximal class distribution consistency.

Model Overview

A new model has been proposed, which integrates multi-scale networks to address various surface defects. The
model is based on local feature maps of patches and a global attention mechanism.

103



Real-Time Surface Quality Assessment Using Patch-level Attention ResNet
https://doi.org/10.64972/dea.2026.v5i1.1668d:101-113

For each standardized and augmented input image I, the first stage partitions the image into N potentially
overlapping patches according to:

P; = Stxypyyy(D,i=1,..,N Eq.(6)
Here, the operation S, ,,. 5) extracts a square patch of size s centered at position (x;,¥; ) in the image. This
design enables localized modeling of fine-grained anomalies while ensuring full surface coverage.

Each extracted patch P; is processed independently by a deep convolutional feature extractor. The
transformation is given by:

Fy = ¢cenn(P) Eq.(7)
where F; denotes the resulting feature map for patch i, and ¢cny is parameterized as a multilayer convolutional
encoder. This step builds a rich representation of local surface characteristics.

To solve the problem of spatial dependence and enhance the attention mechanism for defect-related areas, a
light-weight attention mechanism learns patch interactions. For each output 4;:
N

j=1
where the attention coefficient a;; measures the influence of patch j on i. Attention weights are generated by
a learnable similarity function:

exp (H(Fi,F]-))
N_, exp (6(F, F))

In most cases, G(Fi, Fj) is a scoring function based on the projected or scaled dot product. This design allows the
model to focus on surface defects more flexibly.

Then, the attention-enhanced features of all patches are concatenated to form a global descriptor:

Fogg = Concat(4, ...,Ay) Eq.(10)
The aggregated vector F,;, contains both local details and the whole scene at the same time, and it can support
the following prediction.

Two prediction heads run in parallel. The detection head predicts the probability of a category as follows:

Pe = Softmax(WcFagg + bc) Eq.(11)
where W, and b, are the trainable weight matrix and bias for the classification task, and p. denotes the
probability of class c.

At the same time, a regression head outputs a quantitative surface quality score:

S =Wy Fogy + breg Eq.(12)
in which W, and b, are the regression parameters, and s summarizes the holistic assessment of the
inspected surface.

These two departments are simultaneously used to focus on localized issues in a data-driven and transparent
manner, categorizing and grading various surface damages.

Framework Workflow

Figure 1 shows the complete process of the new system. First, use an industrial-grade camera or line scan
equipment to capture images in a stable lighting environment. After capturing the photos, each photo undergoes
normalization and data augmentation, as shown in the previous sections, to ensure they have strong
generalization capabilities. First, preprocessing is performed, and then overlapping patches are encoded through
a convolutional neural network to provide rich local feature representations.
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Figure 1. The overall architecture of the proposed surface assessment system

The attention module is used in conjunction with these patch-level features to recalibrate and enhance the
contributions of prominent areas on the surface that are more likely to be related to anomalies or defects. Then,
the attention-enhanced representations of all patches are concatenated to create a global aggregated descriptor,
which includes the entire surface environment and fine-grained local details.

After combining the aforementioned features, two training tasks are performed. The detection branch outputs
the probability distribution of various defect categories and regresses the bounding box coordinates to identify
defects in the image. At the same time, the regression branch can predict the overall quality score of the surface
to be inspected. These two predictions are calculated based on each input image, and they serve different
purposes.

The weights of the attention module can be mapped back to the input space, and then an attention map is
generated, which shows where the model allocates more weight in the image during the decision-making
process. This can improve interpretability. The following formula is used to construct the aforementioned
attention map:

L
My, = Upsample (Z wy - c/ll> Eq.(13)
=1

where A! is the attention map from layer [ and w, is its corresponding learned importance weight. The above
mechanism can also help the end user understand why each of the surface assessment results is obtained.

Attention Modules and Ablation Logic

Attention Module Design

In the framework, the surface evaluation attention module suppresses unnecessary noise and selects key
features at both the channel and spatial levels. The basic concept is that the network should be able to
dynamically assign higher weights to important information, and defects are usually unevenly distributed.

The input to the attention module is the image F € RE*#*W  as shown in Figure 2. First, apply global average

pooling to all channels. This is done to obtain channel descriptors of spatial information:

1
¢ T Hx WZ Feij Eq.(14)
L]
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To obtain channel-level attention weights, this vector is used in a smaller multi-layer perceptron, which has a
nonlinear activation function. At the same time, spatial attention is generated by using convolutional filters and
compressing the channel dimensions. Then, the spatial mask is obtained through the SIGMOID activation
function.

The recalibrated feature F' is used to enhance the importance of defect patterns by adaptively scaling the
original feature map and increasing channel and spatial attention:

Fl=a-F+B-FOa®m) Eq.(15)
where a and m are the channel and spatial attention weights, respectively, and «, § are balancing factors.
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Figure 2. Workflow and structure of the designed attention module for ablation study

Ablation Study Experiment Settings

The purpose of the aforementioned test is to evaluate the impact and necessity of each attention path. The
dataset partitioning, preprocessing pipeline, and patch configurations remain unchanged to ensure a fair
comparison of all variants. Throughout the entire experiment, only the attention module was modified.

The complete attention module (channel and spatial), only channel, and only spatial are the three model
configurations evaluated. The Adam optimizer is used to train all models. It has an initial learning rate of 1074,
a batch size of 32, and a maximum of 200 training epochs. When the validation loss no longer improves, use
early stopping to terminate.

Evaluation metrics include classification accuracy, localization Intersection over Union (loU), and mean squared
error of continuous quality scores. To ensure statistical reliability, the results of five runs with different random
seeds for each setting were averaged. Therefore, any deviation from the ideal value can be attributed to some
structure within the attention module.

Experimental Results and Analysis

Quantitative Performance Analysis

The new surface defect detection system has been put into use, covering all areas. The experiment used three
publicly available benchmark datasets, which contain over 40,000 images, with each set featuring different
backgrounds, surface textures, and defect densities. To ensure the fairness of the comparison, we applied the
same train-test split and data augmentation settings to all evaluated models [27].
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First, there are the model size, inference speed, accuracy, recall, mean Average Precision (mAP), and F1-score.
Figure 3(a) shows that our model outperforms the baseline and state-of-the-art methods in terms of precision-
recall (PR). The mAP is 0.946, which is 2.8 percentage points higher than the second-best baseline (95% Cl: [0.943,
0.949]). Under high recall rates, the performance improvement is relatively significant, so our attention-based
method performs better in reducing missed detections.

Figure 3(b) shows the time performance and accuracy after 100 training epochs. Our network quickly converged
to an accuracy of 97.3% by the 45th training epoch, while many other state-of-the-art methods required over
80 epochs to achieve the same accuracy. As shown in the direct comparison above, the augmentation strategy
and hierarchical attention reduced the training time by 38%, with no decline in model performance.

Mass production requires fast inference. Figure 3(c) shows the cross-method comparison of throughput and
accuracy. It is worth noting that our method outperforms both the heavy and lightweight reference networks,
achieving a throughput of 38.5 images per second and an accuracy of 97.3%. Therefore, the actual detection
cycle for each image will be less than 30 milliseconds, which can meet the requirements of automated
production lines.
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Figure 3. Performance evaluation and comparison. (a) Precision-Recall Curve. (b) Accuracy vs. Epochs. (c) Inference Speed vs. Methods

The following data represents various countries. As shown in Figure 4(a), the true positive rate and false positive
rate are relatively low. The AUC values for our method, SOTA, and the baseline are 0.982, 0.967, and 0.953,
respectively. The discriminant function is used for rare and unknown faults.

Figure 4(b) shows that for both major and minor categories, the macro F1 scores are relatively high. Our model
achieved a macro F1 score of 0.95 in multi-class defect detection, while the SOTA score was 0.92 and the classic
baseline score was 0.89. Therefore, the model improves the ability to identify rare instances while reducing the
impact of class imbalance.
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Figure 4(c) shows the trade-off between model size and accuracy. More memory-efficient than large-scale
models that require double or triple the memory, as the number of system parameters is much lower, only 11.3
million. For large-scale cloud or edge deployment, the model needs compressibility.

Figure 4(d) shows the misclassification rates for all defect labels. Compared to the SOTA model, our technique
significantly reduces visual blur errors (such as "dents" and "spots") and reports only 4 "wrinkle"
misclassifications. The spatially adaptive focus of the attention module and the robustness of data-driven
enhancement are the main reasons for the aforementioned improvements.
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Figure 4. Comprehensive metrics and misclassification analysis. (a) ROC Curve. (b) Macro F1 Comparison. (c) Model Size vs. Accuracy. (d)
Misclassification Histogram

Ablation Studies on Attention Modules

In this section, we systematically investigate the role and necessity of the attention mechanism in our surface
defect detection framework through a series of comprehensive ablation experiments. The aforementioned tests
were conducted on the largest data display partition, using the same training schedule and hyperparameter
settings to ensure consistency [28].

Determine which attention modules perform better than the baseline and lightweight options. As shown in
Figure 5(a), the full attention model significantly outperformed the other models during training. In addition, it
achieved a test accuracy of 96.8%. The saturation of the "lightweight attention" variant is 93.3%, while the
saturation of the "no attention" baseline is 90.9%. The complete model exhibited lower variance and faster
convergence over 200 epochs. Therefore, its average accuracy curve has a narrower standard deviation band. It
is worth noting that the accuracy of the attention-enhanced model is consistently about 2.5% higher than the
baseline. This indicates that attention-based feature learning can effectively handle complex defect surfaces.
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In addition to the attention mechanism, five general attention strategies will also be introduced: channel
attention, spatial attention, mixed attention, squeeze and excitation (SE) modules, and convolutional block
attention modules (CBAM). Figure 5(b) is a relatively stable bar chart showing the error. Mixed attention
achieved a mean average precision (mAP) of 0.946 (standard deviation 0.002), showing a significant difference
compared to channel (0.932), spatial (0.935), SE (0.938), and CBAM (0.940). From the error bars, it can be seen
that the hybrid structure remains stable after multiple experiments, and large sample statistical tests have
proven the improvement. In summary, it can be seen that the algorithm has achieved high performance and
remains stable even in cases of high uncertainty regarding internal defects.

Due to the granularity of the local receptive field in the model affecting the ability to identify fine-grained defects,
we studied the sensitivity of different attention configurations to patch sizes. Under 14 different patch size
settings, Figure 5(c) shows the accuracy curves for the mixed, channel-only, and spatial-only mechanisms. Each
line has its standard error shadow. The hybrid design performed excellently at all granularity levels, achieving a
peak accuracy of 97.1% on 18 x 18 patches. The performance of channel and spatial strategies ranges between
16 and 20, but they decline at the edges, possibly due to small patches losing global context or insufficient spatial
resolution. Empirical data deployed in actual multi-scale defect detection has been obtained, and all the
designed optimal receptive fields have been intuitively marked.
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Figure 5. Ablation result comparison. (a) Accuracy of models with full, light, and no attention. (b) mAP for different attention strategies. (c)
Accuracy across patch sizes for different attention mechanisms

Visual Representation of Surface Assessment

This section will present the evaluation results of the model on different benchmark datasets through charts
and statistical data, to demonstrate the practical application and reliability of our surface defect detection
framework. The distribution of sample performance, the stability exhibited across different types of defects, and
the evaluation consistency under batch processing conditions have all been assessed. All visualizations and
statistical summaries are based on the merged test partitions. In addition, the experimental procedures have
been standardized according to the latest best practices in the literature [29].
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First, we can use a scatter plot to display the quantitative results of the three main models in a single sample
within the framework. As shown in Figure 6(a), the predicted scores of our method are highly consistent with
the high-precision diagonal. The Pearson correlation coefficient is 0.95, and the prediction values are 0.91 with
the true values, far exceeding the SOTA baseline. The standard deviation of our method is 0.031, while the
standard deviation of SOTA is 0.048, and most of the predictions made by our framework are within +0.03 of
the true values. Due to ambiguity or poor generalization ability, outliers and large deviations have been
significantly reduced. Our predictions are within a 0.1-unit error range for less than 3.8%, while the SOTA rate is
8.6%, so this attention-based method is both stable and transferable.

The histogram in Figure 6(b) summarizes the recall rates of misclassification types and quantities of all types of
defects in the system error analysis. In all instances of misclassification (n = 139), approximately 80% are in the
lowest quartile of recall (recall < 0.25). By category, the main causes of failure are "wrinkle" defects (38 cases)
and "spot" defects (35 cases), while other types (such as welding and others) appear only a few times. Through
the above classification, it is possible to quickly identify areas prone to failure and, if necessary, perform new
data augmentation or targeted optimization.
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Figure 6. Quantitative and visual sample analysis. (a) Sample result comparison. (b) Recall histogram of failure cases

In addition, the confidence distribution assigned by the model to all test predictions is shown in Figure 7(a). The
histogram of the results is right-skewed, with over 92% of the samples assigned a confidence greater than 0.8.
The average confidence score of this dataset is 0.91 (with a standard deviation of 0.097), and only 1.9% of the
scores are below 0.6. The model shows a clear separation between defect and non-defect areas, making it
suitable for adaptive thresholds and high-confidence decisions in real industrial environments. Therefore, a
small number of low-confidence scores are unlikely to be false positives.

Figure 7(b) shows the batch-level performance in the actual application of the high-throughput production line.
We tracked the average accuracy and average recall of 50 consecutive batches (100 samples per batch). The
average accuracy and average recall of our method are relatively stable across all batches, at 0.962 + 0.0048 and
0.971 + 0.0040, respectively, with no significant temporal drift in the confidence intervals. The SOTA benchmark
shows greater batch-to-batch variation (average accuracy: 0.931, standard deviation 0.007; recall: 0.921,
standard deviation 0.008), with several batches deviating from the average by more than 2%. Even in the case
of changes in the process or samples, the model will still perform well at a consistent rate.
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(a) Score Distribution (b) Batch Evaluation Comparison
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Figure 7. Score distribution and batch evaluations. (a) Score distribution. (b) Batch evaluation comparison
Conclusion

In order to meet the needs of automated manufacturing inspection, this paper proposes ResNet, a real-time
surface quality assessment framework based on block-level attention. Combining attention networks to learn
from the identification and precise localization of surface defects at various scales, it adaptively divides into local
and global feature modules. By systematically integrating channel and spatial attention, dynamically adjusting
feature maps, enhancing the prominence of defect cues, and reducing irrelevant background information. A
large number of experiments were conducted on both public and private large-scale datasets. Compared to
existing benchmarks, they improve defect detection accuracy, mean precision, and inference speed. Improved
performance will also be achieved, and the attention maps will help explain the logic behind industrial decisions.
Ablation studies during the design phase indicate that both channel attention and spatial attention affect
performance. Therefore, a multi-path feature selection strategy is needed for surface inspection tasks. In
summary, this study provides a practical, comprehensive, and easy-to-understand solution for detecting
automation quality in modern production lines.

Although the aforementioned improvements are quite significant, certain flaws in the current design still need
to be addressed in the future. For example, the size and partitioning of patches can increase dataset dependency;
if poor-quality patch configurations are used, the network will struggle to capture fine-grained anomalies or
maintain specific global context under highly variable or previously unseen conditions. Moreover, due to the
high computational cost of the attention module, it may be difficult to implement in real-time environments of
low-power devices or embedded industrial control systems. The current model has good generalization
performance on standard test sets. However, to handle edge cases or other variations in surface conditions, it
may be necessary to modify or retrain. The interpretation of attention maps is straightforward, but they cannot
fully explain the reasons behind the model's decisions when faced with complex or novel defect shapes.

To address the aforementioned issues and enhance the practical value of the proposed method, follow-up work
will be conducted in the near future. First, the research will focus on lightweight and adaptive attention
architectures, which reduce computational overhead while maintaining detection accuracy. It is expected that
the adaptability of patch selection will enhance the flexibility of detection tools for all-weather and different
defect sizes, which may be guided by online learning or dynamic optimization. In order to improve the
generalization and stability to new defect distributions, meta-learning and self-supervised adaptation are used.
In order to provide more comprehensive data on the generalization ability and deployment feasibility of the
solution, broader validation work will be conducted in uncontrolled and actual industrial environments. Based
on the above, it is expected that further improvements will expand the scope and impact of automated surface
quality inspection technology in the new era of production.
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