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ABSTRACT: Steel manufacturing requires high-throughput and high-reliability surface inspection to minimize safety
risks, scrap rates, and downstream quality reductions. Conventional rule-based vision and manual inspection are
often impeded in real production environments by variable illumination, complex textures, subtle defect morphology,
and stringent latency constraints imposed by production-line operation. Deep learning (DL) has become a dominant
paradigm for the detection and classification of defects when inspecting steel, but many previous studies have
performed broad architectural overviews without explicitly connecting model and pipeline choices to deployment-
critical factors such as processing speed, hardware availability, annotation cost, and robustness during domain shift.
This review synthesizes ten representative case studies on DL-based defect inspection in steel manufacturing and
closely related industrial settings, spanning classification, object detection, and segmentation workflows. To enable
structured comparisons, we harmonized practical considerations across the ten studies, including task formulation,
backbone design, training strategy (e.g., transfer learning), data augmentation, reported throughput, and commonly
used performance indicators such as accuracy, precision/recall, mean average precision, and processing speed. Due to
the heterogeneity in datasets, metrics, and hardware configurations across studies, we further introduce a transparent,
review-oriented figure of merit as a heuristic summary of reported benefit-cost parameters (performance accuracy
and processing speed vs. training burden and model complexity), while explicitly addressing the limitations associated
with missing values and avoiding claims of statistically definitive ranking. Based on recurring patterns across the
selected studies, we propose a conceptual hybrid framework blueprint—derived from the reviewed literature rather
than newly experimentally validated results—that integrates transfer learning, real-time detection, and end-to-end
learning principles as an engineering template for practical deployment. We conclude by providing actionable guidance
for applications and outline future directions in label-efficient learning, cross-domain robustness, and standardized
benchmarking and reporting to improve the reproducibility and industrial relevance of our approach.
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1 Introduction

Advances during 2023-2025 in inspection methods for detecting industrial defects have focused on
data-efficient learning and deployment feasibility. Beyond conventional supervised pipelines, self-supervised
and weakly/semisupervised strategies have been actively explored with the aim of mitigating annotation
scarcity and improving transferability during domain shift [1-4], while edge-oriented optimization and
lightweight design have become central for addressing real-time manufacturing constraints. This review
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integrates recent progress on label-efficient learning, cross-domain robustness, and industrial deployment
considerations to provide an updated, practice-oriented synthesis for steel-defect inspection [5-7].

Steel is a fundamental material used in numerous industries, and its integrity directly affects the safety
and value of downstream products. Defects such as cracks, dents, scratches, and inclusions can severely
undermine the durability of steel, leading to potential failures, safety hazards, and increased production costs.

This review article synthesizes deep learning (DL)-based defect inspection for steel manufacturing
while focusing on deployment-related trade-offs such as performance accuracy vs. throughput, annotation
burden, and robustness during domain shift. Domain generalizability and cross-domain adaptation have
become central concerns due to the potential for changes in texture, illumination, and surface condition
to invalidate laboratory-tuned models on production lines [4]. Accordingly, we do not claim to have
produced a new experimentally validated model; instead, our approach was designed to guide practical
implementations by providing (i) a transparent, selection-criteria—driven synthesis of representative studies,
(ii) a harmonized, deployment-related comparison template (including a conservative missing-data policy),
and (iii) a conceptual hybrid framework blueprint derived from recurring patterns in the literature.

Traditional defect detection (DD) methods such as manual inspection and basic automation are often
labor-intensive, insufficiently precise, and prone to human error [8-10]. Recent studies of steel-surface
inspection have increasingly focused on the effects of deployment constraints—throughput, annotation cost,
and robustness during domain shift—on accuracy, motivating the need for an updated synthesis grounded
in practical manufacturing settings [5-7,11-13]. These limitations have led to increasing interest in applying
DL techniques to DD. Convolutional neural networks (CNNs) have performed particularly well in DD due
to their ability to transform raw image data into layered patterns that highlight surface anomalies. CNN
models such as You Only Look Once (YOLO) [14,15], VGGI6 [16], MobileNet [17], and Residual Network
(ResNet) have been used to detect defects in steel. YOLO is known for its real-time performance in industrial
settings [14,15], and MobileNet exhibits high efficiency and low computational cost [17]. ResNet introduced
skip connections to address vanishing gradients, and it performs well in complex defect scenarios, although
it can be computationally expensive [18].

Research Questions and Scope

To ensure that this review was not simply a descriptive aggregation of case studies, a question-driven
synthesis guided by the following research questions (RQs) was performed to address key knowledge gaps
in DL-based steel-defect inspection:

RQI1: What tasks (classification, detection, and segmentation), defect taxonomies, datasets, and
benchmarking practices are most commonly adopted in steel-defect inspection, and what reporting
heterogeneity restricts cross-study comparability?

RQ2: What model families and pipeline components appear across representative studies, and what
design rationales are reported to support steel-defect inspection under industrial conditions, including
trade-offs in accuracy and deployment metrics such as throughput and latency, model size and complexity,
and training and annotation burden?

RQ3: What strategies are reported to mitigate annotation scarcity and domain shift (e.g., transfer
learning, weakly/semisupervised and self-supervised learning, and domain adaptation and generalization),
and what evidence is available regarding robustness in deployment contexts related to steel?

RQ4: Based on cross-study patterns, what deployment-related blueprint and reporting
recommendations can be identified to guide practical system design and future benchmarking for
steel-defect inspection?
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These RQs drove the review process in this study, with RQl and RQ2 informing the literature synthesis
and case-study harmonization, RQ3 guiding the analysis of robustness strategies, and RQ4 underpinning
the conceptual framework blueprint and actionable guidance.

This review focused on steel manufacturing and closely related industrial metal-surface-inspection
problems with clear transferability to steel. We synthesized reported evidence from representative
peer-reviewed studies and interpreted numerical results within the reported evaluation setting in each study
(datasets, metrics, and hardware), rather than as statistically pooled comparisons.

2 Contextualization

Neural networks (NNs) and DL have greatly improved the efficacy and precision of DD. NNs are
foundational to DL, and they have evolved since their introduction during the late 1980s to become
the backbone of modern DD methodologies. DL models [19-23] are characterized by multilayer NN
architectures and have become powerful tools for DD thanks to the proliferation of annotated training data,
advances in computing infrastructures, and refinements in network architectures and training strategies.
Seminal contributions in deep representation learning [24-26] have further accelerated the adoption of deep
NNs in computer vision and related inspection tasks.

This study performed a comprehensive literature review of the application of DL models in DD that
included a detailed examination of the problems encountered during defect inspections, and categorizing
them based on various characteristics such as defect type, methodology, domain of application, imaging
modality, classification, and data availability. Numerous quantitative analyses have been conducted into the
use of DL in DD, but qualitative findings remain scarce. This section presents the background context for
the question-driven synthesis defined in Research Questions and Scope Section. We briefly summarize (i)
representative DL model families used in industrial inspection applications, (ii) commonly used datasets
and benchmarking practices, and (iii) typical defect taxonomies and deployment constraints that influence
practical design choices in steel inspection. Building on this context, this review synthesizes reported
evidence obtained from ten representative case studies selected by applying the inclusion and exclusion
criteria described in Section 5.1 and a harmonized extraction template (Section 5.2), and uses recurring
cross-study patterns to develop a conceptual blueprint and reporting recommendations (Section 7), without
claiming that a novel experimentally validated inspection system has been developed [27].

2.1 Problem Statement

DL models are distinguished by their multilayer NN structure, which is critical for DD because it allows
DL models to surpass the accuracy and efficient-detection capabilities of the human eye [28]. Fig. 1 illustrates
an artificial NN with multiple hidden layers that can support complex pattern recognition, thus enabling the
detection of subtle features that conventional inspection methods are unable to detect. This study adopted a
qualitative approach to examine how DL is applied to the detection of material and product defects.

DD problems were categorized on the basis of various characteristics [8,9,29-31] (Table 1).

We adopted the following classifications in this study:

o Defect type: surface (e.g., scratches), structural (e.g., fractures), or functional (e.g., safety impact).
« Inspection methodology: automated [computer vision or machine learning (ML)] or manual.

o Domain of application: manufacturing or infrastructure engineering (among others).

«  Imaging modality: X-ray, ultrasound, or infrared (among others).

o Output type: quality or safety impact (severity), or category (classification).

o Data availability: supervised or unsupervised learning.
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Figure 1: Schematic of an artificial NN used for DD.

Table 1: Some types of defects considered in this study.

Classification Defect Type

o  Surface defects: scratches, dents,
cracks, or stains
o  Subsurface defects: internal cracks

Type
P or other structural weaknesses
o Dimensional deviations: incorrect
size or shape
o Localized defects: problems within
specific small areas
Nature p

o  Distributed defects: problems
across relatively large areas

o Manufacturing: quality control and
inspection of production lines for
. - arious products
Domain of application v P L.
o Infrastructure: monitoring
structural integrity in buildings or

infrastructure

These classifications were used to provide the background context on how DL is applied to DD across
materials and products, which formed the foundation for the question-driven synthesis later in this review.

2.2 Justification

The objective of this review was to provide deployment-related qualitative insights into how DL has
been applied to DD in industrial contexts, specifically when inspecting steel [6]. Given the heterogeneity
of datasets, defect taxonomies, metrics, and hardware in the literature, we synthesized reported evidence
from ten representative peer-reviewed case studies selected by applying predefined criteria (Section 5.1).
Rather than statistically pooling results across studies, we harmonized reported attributes using a consistent
extraction methodology (Section 5.2) to support transparent cross-study comparisons and to identify
recurring engineering trade-offs and evidence gaps.
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2.3 Study Objective

The objective of this review was to synthesize recent DL and NN approaches for steel DD with an explicit
emphasis on deployment-related constraints such as latency and throughput, hardware considerations,
annotation burden, and robustness during domain shift. Specifically, we (i) identified representative model
families and pipeline components found in studies of steel-defect inspection, (ii) summarized their structural
and functional characteristics together with the design rationales stated in the literature, (iii) harmonized
the extracted evidence using a deployment-oriented comparison template with a conservative missing-data
policy, and (iv) used recurring cross-study patterns to develop a conceptual hybrid framework blueprint and
reporting recommendations to support practical implementation and future benchmarking.

Guided by RQI-RQ4 (Research Questions and Scope Section), this review article focuses on advance-
ments that occurred during 2023-2025, while referencing earlier foundational studies when necessary. RQ1
and RQ2 directed the selection and harmonization of representative studies and the structured comparisons
of reported performance and deployment metrics within each study’s stated evaluation setting, RQ3 guided
the synthesis of label-efficient learning and domain-shift mitigation strategies, and RQ4 underscored the
blueprint and actionable guidance for practical deployment and standardized reporting. The next sections
review representative DL-based studies of defect inspection and organize the synthesis based on foundational
concepts, datasets, and defect taxonomies.

3 Literature Review

This section synthesizes the selected literature from three aspects that directly influence deployment
outcomes in steel inspection: (i) core NN and DL concepts and architectural evolution, (ii) datasets and
benchmarking practices, and (iii) defect taxonomies commonly reported in industrial settings. These
components collectively motivated the model choices and their subsequent evaluations in this study. These
foundational concepts, datasets, and defect taxonomies (addressing RQ1) form the basis for the methodolog-
ical extraction in Section 5 and the case analyses in Section 6, where we harmonize heterogeneous evidence
to reveal deployment trade-offs.

3.1 NNs and DL

NNs have played a pivotal role in DD, particularly in recognition tasks (Fig. 2). The use of DL
has increased markedly since 2006 due to advances in speech recognition, the increased availability of
annotated training datasets, improvements in parallel computing infrastructures, and refinements in training
methodologies and network architectures. Contributions from Hinton’s research group [24,25] further
increased the adoption of DL, especially in labeled image analysis, in which major advances have been
achieved through optimized techniques. CNNs [21,24,25,32-38] utilize feature mapping, filtering, and
pooling operations to convert input images into hierarchical feature representations. This conversion process
enables the automated recognition of patterns in high-dimensional data and facilitates joint optimization
across multiple tasks. CNNs are widely employed across various computer vision applications, including
image classification, image retrieval, facial recognition, and video analysis [32,34,36-38]. In object detection,

27 2

CNNs support both region-based approaches and regression- or classification-based methods [32,37,39-41].
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Figure 2: Example architecture of an artificial NN.

Region-based convolutional neural networks (R-CNNs) [41,42] employ a region-based detection
pipeline (Fig. 3) that can achieve high localization accuracy, but their multistage design often incurs a
substantial computational overhead and training complexity, which has motivated the development of
more-streamlined alternatives [42].
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Figure 3: Workflow of a region-based convolutional neural network [41].

SPP-Net (Spatial Pyramid Pooling Network) [41,42] improves the proposal-based detection efficiency
(Fig. 4) by pooling multiscale features on shared feature maps, which reduces the sensitivity to input size and
warping during region processing.

YOLOV5 [43-45] is a single-stage detector that is widely adopted for industrial-defect inspection
because it offers a desirable speed—accuracy trade-off and deployment flexibility (Fig. 5). However, its realized
robustness and localization accuracy remain sensitive to training strategy and operating constraints.

YOLOV4 [46,47] enables real-time detection (Fig. 6) by improving feature extraction and multiscale
fusion, but the effective gains in steel inspection depend on the available computational resources and the
use of careful tuning according to the evaluation setting.

VGGNet [16] provides a deep yet conceptually simple CNN backbone (Fig. 7) that is effective for feature
extraction and classification. However, its relatively high parameter count and computational costs make it
less attractive for latency- or edge-constrained inspection tasks when compression is not used.

MobileNet variants [19,48] focus on resource-efficient processing (Fig. 8) to enable edge deploymentina
lightweight convolutional design, typically trading off representational ability for throughput and potentially
reducing robustness for subtle defects or during domain shift.

YOLOVS8n (Fig. 9) represents a lightweight single-stage detector configuration that prioritizes param-
eter efficiency to achieve real-time defect localization when latency and hardware constraints dominate
deployment decisions [49].

We also note that Ultralytics released the newer generation YOLOv11 model in September 2024 with the
aim of improving accuracy-speed-efficiency trade-offs across diverse vision tasks. Recent studies of defect
inspections have begun to evaluate YOLOVII in edge-oriented settings, highlighting the continuing trend
toward real-time feasibility with hardware-specific reporting [50].
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Figure 5: Architecture of the YOLOv5 model [44].
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Figure 9: Architecture of the YOLOv8n model [49].

NN (especially CNNs) have transformed DD by enabling faster and more-accurate analyses. Advances
in datasets, computing, and architecture design have driven the success of models such as R-CNNs, YOLO,
VGG, and MobileNet in DD. Despite the effectiveness of these models, recent reviews [51,52] argued that
continued research is needed to realize their full potential in industrial and scientific applications.
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3.2 Datasets

The reviewed studies commonly used publicly available benchmarking datasets such as Severstal Steel
Defect Detection (SSDD), NEU/NEU-DET, DAGM, and Kolektor Surface-Defect Dataset (KolektorSDD)
to evaluate methodologies for steel-defect inspection [53,54]. In parallel, newer datasets continue to expand
defect taxonomies and support more realistic evaluations, including CSDD for casting-surface defect
detection and segmentation [6], Deep Metallic Surface Defect Detection [55], and X-SDD [56], which
together facilitate cross-dataset validation and stress testing under production-related variability.

The SSDD dataset [53] supports accurate surface-defect identification in steel manufacturing. It contains
18,074 images that include 11,408 unlabeled and 19,958 labeled objects across 4 defect classes. This dataset
facilitates object localization and classification by providing pixel-level annotations that enable instance
segmentation. The dataset is divided into 12,568 training images and 5506 validation images (F'ig. 10).

(c) (d)

Figure 10: Sample images from the SSDD dataset containing defects of classes 1 (a), 2 (b), 3 (c) and 4 (d).

Northeastern University (Boston, Massachusetts, USA) has developed two vital resources for defect
recognition: the NEU surface database and NEU-DET [57]. The NEU database serves as a crucial bench-
marking tool in defect-recognition research, by comprising 1800 grayscale images showcasing 6 types of
defects (Figs. 11 and 12), and also 1200 images that include detailed annotations of 4 types of defects.

DAGM is a benchmarking dataset for DD on textured surfaces. It consists of ten subsets, each containing
grayscale PNG images labeled as defective or nondefective. Each subset consists of 1000 images for training
and 2000 images for evaluation (Fig. 13), as shown in Fig. 13, each defect sample is presented as a paired
visualization, with the original grayscale image in the upper subplot and the corresponding defect annotation
in the lower subplot, enabling direct comparison between the raw surface pattern and the labeled defect
region; however, the defects are poorly annotated. DAGM is designed to test real-time inspection challenges,
since the dataset presents varied textures and defects to facilitate assessments of algorithm robustness.

The KolektorSDD [58] was established to address the shortage of publicly available datasets containing
real images with annotated surface defects of motor/generator commutators. The surface of each commutator
was captured in eight nonoverlapping images. The dataset contains 400 images of 50 defective commutators.
The defect of each commutator is visible in only 1 of its 8 images, and so the dataset contains 50 images that
depict defects (Fig. 14).
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Figure 11: Representative grayscale images from the NEU dataset for six typical defect categories: (a) crazing,
(b) inclusions, (c) patches, (d) pitting, (e) rolled-in scale, and (f) scratches.

Figure 12: Examples of defect types in the NEU-DET dataset: (a) crazing, (b) inclusions, (c) patches; (d) pitting,
(e) rolled-in scale, and (f) scratches.
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Figure 13: Representative grayscale defect samples from the DAGM benchmark dataset. (a,c,e,g) show the original
defect images; (b,d,f,h) show the corresponding annotated images indicating the defect regions. Each upper-lower pair
corresponds to the same sample, enabling direct comparison between the raw surface appearance and the labeled defect
area.

Defective samples
B |

Detect—lree samples

Figure 14: Surface images from the KolektorSDD: (a) defective samples and (b) defective-free sample.

The next section summarizes how defects are typically defined and categorized when inspecting steel,
which directly influences labeling practices, task formulation, and metric interpretation.

3.3 Types of Defects

Accurate defect identification and categorization are crucial in industrial manufacturing for ensuring
safety, quality, and efficiency. DD is crucial to ensuring that defective products are not sold and also to reduce
waste from the erroneous disposal of usable material. Defect categorization allows manufacturers to address
recurring problems and refine production systems. Case studies can revealed the role of ML in distinguishing
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similar defects and evaluating defect severity. We used the aforementioned datasets to examine the following
types of defects:

SSDD dataset: steel surface defects, such as scratches.

NEU-DET: steel surface defects, such as crazing and inclusions.

GIMBDIC: aluminum defects, such as mottling and orange peel.
Customized X-ray dataset: steel surface defects, specifically welding defects.

S S

The diversity of defect morphologies and imaging conditions reported in these datasets mean that the
selected inspection targets will influence the demands of representation learning. These defect categories and
visual characteristics have resulted in different priorities being focused on when designing networks, such as
localization sensitivity, multiscale feature extraction, and robustness to texture and illumination variations.
In the next section we review the CNN model families that are most commonly adopted for the steel DD
and steel classification.

4 CNN Models

CNNs are among the most widely used NNs in DL and are particularly suited for image- and video-
related tasks. Their main strength lies in learning spatial hierarchies and automatically extracting features
from raw image data. CNNs consist of the following distinct layers, each of which has a different purpose:

1. Convolutional layers apply small kernels across the input volume to create feature maps that are used to
identify patterns such as edges and textures.

2. Pooling layers reduce the spatial dimensions of the feature maps, which reduces both overfitting and
computational costs.

3. Activation functions allow the network to learn complex, nonlinear representations. ReLU is the most-
well-known activation function, which maps all negative inputs to 0 and maps all positive inputs to
themselves [59].

4.  Fully connected layers connect each node from one layer to every node in the next layer. They flatten
two-dimensional maps into one-dimensional feature vectors that are used for classification.

The key elements of CNNss are as follows:

Kernels (filters) are small matrices used to perform convolution across the input to extract features.
Feature maps capture spatial patterns and are generated by convolving kernels.

Downsampling aids in abstraction and ensuring translation invariance.

The ReLU activation function improves the training efficiency by promoting sparse activation and
mitigating the problem of vanishing gradients [59].

S S A

The individual components of a CNN make specific contributions to the performance of the network
architecture as follows:

«  Convolutional layers detect local features by sliding filters over the input.

«  Pooling layers compress the data and highlight desired features.

o  Fully connected layers consolidate information for output predictions.

o  RelLU facilitates fast and efficient training while enabling deeper networks.

Having outlined the key CNN building blocks and representative model families (contributing to RQ2),
the next section describes our review protocol and the harmonized extraction template used to compare
heterogeneous studies based on deployment-related criteria.
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5 Methodology

This review adopted a transparent, question-driven protocol to synthesize reported evidence from
representative peer-reviewed studies on DL and NN approaches for steel DD. Rather than conducting
new experiments or statistically pooling results across heterogeneous settings, we performed a structured
qualitative synthesis of selected case studies, and here we summarize the reported methods, evaluation
setups, and deployment factors to support practical interpretations and future benchmarking.

In line with RQI1-RQ4, we selected ten representative case studies and extracted harmonized attributes
using a consistent template. Matrix tables were then used to compare and cross-check key attributes
across studies (e.g., task formulation, datasets, model families, training strategies, metrics, and deployment
reporting) and to identify recurring engineering trade-offs and evidence gaps. The case-study synthesis was
performed using the following steps:

1. Candidate records were identified through database searches and screened using the predefined
inclusion and exclusion criteria (addressing RQI).

2. Ten representative case studies were selected to cover the dominant task paradigms relevant to steel
inspection (classification, object detection, and segmentation).

3. For each case study, we extracted a consistent set of methodological and reporting attributes using a
harmonized template (addressing RQ2).

4. Harmonized matrix tables were constructed to enable structured cross-study comparisons and to
explicitly mark missing items.

5. Reported performance and deployment metrics were summarized within each study’s stated evaluation
setting, and cross-study patterns and gaps were identified to inform the conceptual blueprint and
reporting recommendations (addressing RQ3 and RQ4).

This methodology ensured a coherent integration of evidence, facilitating the case-by-case analysis and
cross-study synthesis as reported in Section 6.

5.1 Case-Study Identification and Selection Criteria

To increase the methodological rigor and transparency, we adopted an explicit identification and
selection protocol tailored to defect inspection in steel manufacturing. Candidate studies were identified
using searches of major scholarly databases (e.g., IEEE Xplore, Web of Science, Scopus, and Google Scholar)

» o« » <«

with combinations of keywords such as “steel surface defect;” “industrial inspection,” “deep learning,’

“object detection,” “segmentation,” “YOLO,” and “transfer learning.” The searches focused on advancements
from 2023 to 2025 (while also allowing earlier foundational studies when necessary) and was followed by

title/ Abstract screening and full-text eligibility assessment.

A study was included in this review if it satisfied all of the following criteria:

1. Scope relevance: Inspection of defects on steel products or closely related industrial metal-surface
inspection problems with clear transferability to steel manufacturing.

2. DL-centered pipeline: DL was the primary mechanism used for classification, detection, and
segmentation.

3. Methodological extractability: Sufficient information provided to identify the model family (and key
design choices), training strategy (e.g., transfer learning and augmentation), and evaluation setup.

4. Reportable outcomes: Reporting of at least one accuracy performance metric [e.g., accuracy/mAP
(mean average precision)/IoU] and/or deployment-relevant information (e.g., processing speed and
hardware).

5.  Scholarly reliability: Published in a peer-reviewed journal or reputable conference series.
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A study was excluded if it satisfied any of the following criteria:

1. Not related to industrial-defect inspection (e.g., unrelated medical or consumer tasks).

2. Insufficient details provided for methodological extraction (e.g., missing model specification or evalu-
ation description).

3. Wasa duplicate or substantially overlapping version of another study (in which case the most-complete
report was retained).

4.  Was purely conceptual without any reported evaluation outcomes or engineering-relevant discussion.

This protocol resulted in the selection of ten representative case studies that collectively cover the dom-
inant task paradigms in industrial inspection—classification, object detection, and segmentation—while
being relevant to the constraints specific to steel manufacturing.

5.2 Data Extraction and Harmonization

To enable structured comparisons, we applied a consistent extraction template to all of the included
studies, and report the resulting attributes in harmonized tables. For each included case study, we extracted
the (i) inspection target and defect taxonomy, (ii) dataset type and scale, (iii) task formulation (classification,
detection, and segmentation), (iv) model family and key architectural choices, (v) training strategy (transfer
learning, augmentation, and epochs), (vi) deployment reporting (processing speed, latency, and hardware),
and (vii) evaluation metrics [accuracy indicators (ACs), precision/recall, mAP, and/or IoU/Dice].

5.3 Handling Cross-Study Heterogeneity and Missing Metrics

Because datasets, metrics, and hardware settings can vary substantially across studies, we adopted a
conservative missing-data policy and explicitly annotated unavailable items to avoid overinterpretation. We
did not treat reported numeric results as statistically comparable across studies, nor do we perform meta-
analytic pooling. Instead, we used harmonized fields to support deployment-related qualitative comparisons
and to identify recurring engineering trade-offs (e.g., accuracy vs. throughput, annotation cost vs. robustness,
and lightweight vs. heavyweight models).

To maintain transparency, missing metrics are explicitly marked as “N/A” (not available) in the tables,
and we did not impute missing values. Any heuristic aggregation used for structured discussion [e.g., figure of
merit (FoM) in Section 6.3] was computed only when all required inputs were reported for the source study.

6 Data Analysis

Following the protocol and harmonization rules described in Section 5, and guided by RQ1-RQ3, we
analyzed the selected studies individually and then consolidated cross-study patterns using matrix tables and
the FoM heuristic. Each included study was reviewed in full, and its reported information was structured
into a case-level matrix table containing fields such as inspection target/description, dataset, task type, model
family, evaluation metrics (ACs), and deployment reporting (e.g., throughput and hardware). In total, ten
case-level tables (one per case study) were constructed to support structured cross-study comparisons.

These matrix tables facilitated deployment-related synthesis across the heterogeneous study settings. We
turther incorporated the FoM heuristic [18,52] as a transparent summary of reported benefit-cost parame-
ters, where the cost proxies included the number of training epochs and model complexity (MCo) [11,15,60],
and the benefit proxies included accuracy metrics [61] and throughput [11,15]. Because all of these fields were
not reported for several studies, the FoOM was computed only when all of these parameters were available—the
missing items are explicitly marked as “N/A” to avoid overinterpretation.
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The above-described matrix-based comparison and the FoM framework formed the backbone of our
structured, question-driven evidence synthesis. Together they improved the deployment-related interpre-
tation of reported DD strategies across the heterogeneous study settings, while maintaining transparency
through the explicit handling of cross-study heterogeneity and missing metrics.

6.1 Analysis of DD Performance
6.1.1 Case Study 1

Case Study 1 [47] investigated an improved real-time detector that combines a lightweight design with
bidirectional multiscale features to improve the sensitivity to defects of varying sizes without an excessive
computational cost. The authors emphasized the practicality of their approach in the presence of manufac-
turing constraints, where accuracy gains must be balanced against throughput and deployment feasibility.

Trained on the GIMBDIC dataset, which was augmented to 9600 images, the M2-BL-YOLOv4 model
achieved an mAP of 93.5% and a processing speed of 52.99 fps (frames per second) on 2560 x 1960-
pixel images. On the NEU-DET dataset, the model achieved an mAP of 84.3%, compared with values of
82.8% and 74.9% for YOLOv5s and YOLOV7, respectively, under the same experimental settings, and it
achieved a particularly high mAP of 97% for pitted-surface defects. Compared with YOLOv4-tiny and
Ghost-YOLOv4, M2-BL-YOLOv4 was reported to provide a favorable speed—-accuracy balance, especially
for detecting small defects. Overall the reported results [47] suggest that the method is suitable for industrial
scenarios requiring real-time inspections, while the cross-dataset performance should be interpreted while
considering differences in the respective evaluation protocols and hardware settings.

6.1.2 Case Study 2

Case Study 2 [17] classified steel defects by using transfer learning to individually apply four CNN
models that had been pretrained on the ImageNet database: VGG16, MobileNet, DenseNetl21 [62], and
ResNetl01. The study focused on MobileNet because of its high computational efficiency associated with
the implementation of depthwise separable convolutions, making it ideal for real-time tasks and addressing
strategies for achieving annotation efficiency and robustness (in accordance with RQ3).

The authors applied their approach to the SSDD dataset (12,568 grayscale images of 256 x 480 pixels)
and the NEU dataset (1800 images of 32 x 32 pixels across 6 classes) using an 80%-20% training-validation
split. Training was conducted on Google Colab using Keras (TensorFlow backend) and a Tesla K80 GPU
over 50 epochs with a batch size of 32, and the authors applied fine-tuning to adapt ImageNet-pretrained
weights to the target datasets.

MobileNet reportedly outperformed VGGI16, DenseNetl21, and ResNetl01, achieving accuracies of
80.41% and 96.94% for the SSDD and NEU datasets, respectively. Deeper models have a greater feature
complexity and so require longer training times. The utilization of GPU acceleration made convergence
faster, with model depth directly impacting the training duration. MobileNet’s lightweight design delivered
high accuracy at a relatively low computational cost, making it highly suitable for industrial applications with
low computational capacities. The findings of that study indicate that steel DD can be effectively achieved
using streamlined architectures and that compact models can be paired with accessible platforms such as
Google Colab to accelerate deployment in real-world settings.

6.1.3 Case Study 3

Case Study 3 [63] applied a region-based detection approach to localizing steel defects that prioritized
the localization accuracy, which generally has a higher computation cost and operational complexity than
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using streamlined single-stage detectors. The study employed an adaptive genetic algorithm (AGA) to
optimize the model parameters (e.g., kernel size, pooling dimensions, and node counts), and used heat
maps from the final convolutional layer to estimate the probability of a specific type of defect (dents) and
to guide bounding-box placement. The study performed training on 8017 images with a 70%-30% training-
validation split, and achieved an accuracy of 98.5%, which was higher than that of 88.7% for a standard
R-CNN under the same experimental settings. The sensitivity was 97.9% and the specificity was 99.2%, with a
mean absolute localization error of 13.7 pixels (standard deviation = 10.7 pixels). These values were obtained
after 50 AGA generations, which the authors considered would make the approach feasible for real-time DD,
although they also acknowledged the associated computational complexity. Overall the reported results [63]
suggest that the approach is applicable to dent localization in similar conditions, although the generalizability
to other components and production environments would depend on the specific dataset, protocol, and
platform setting.

6.1.4 Case Study 4

Case Study 4 [15] used an improved VGGI16 architecture to detect surface defects in steel components.
The inadequate accuracy and consistency of traditional methods has prompted a shift toward DL-based
solutions. VGG16 was selected for its depth and strong classification ability, and its architecture was modified
to improve feature extraction. The adopted dataset comprised images of 400 defect samples collected using
an industrial camera, with each sample containing 100 examples. The presence of class imbalance meant
that data augmentation was applied to improve the generalizability and reduce overfitting. Training was
conducted over 50 epochs on a computer with an Intel i7-4790 CPU and Nvidia GTX 1060 GPU by using
the TensorFlow backend.

That study evaluated the model using precision, recall, average precision, and mAP under specific
experimental settings. The accuracy across all defect classes was higher for the improved VGG16 model
than for a standard VGG16 model. However, the higher MCo—especially its Conv4 module with 5.9 million
parameters—resulted in a high computational cost and slow responsiveness. To address these weaknesses,
architectural improvements inspired by ResNet and Inception were introduced, including residual connec-
tions and multiscale feature extraction. These modifications improved the training convergence and feature
learning, making the model promising for industrial DD despite its computational complexity.

6.1.5 Case Study 5

Case Study 5 [64] used a YOLOv5-based single-stage detector to identify defects in steel-pipe welds
from raw X-ray images, with the goal of supporting efficient end-to-end localization and classification. The
study converted a dataset of 3408 images to over 30,000 images by applying transformations such as rotation,
flipping, color adjustment, noise addition, and motion deblurring in order to increase the defect diversity.
The study applied an 80%-20% training—validation split, and evaluated the outcomes using the precision,
recall, F1 score, and mAP@0.5. Using a hardware configuration comprising an Intel Core i7-4710MQ CPU
and GTX950M GPU with YOLOVS5 achieved an mAP@0.5 of 98.7%, precision and recall values higher than
95%, and an average processing time of 0.12 s per image. Compared with the Faster R-CNN, the study found
that YOLOV5 was both faster and more accurate under the same settings (i.e., precision of 97.8% vs. 95.5%).
Overall the reported results [64] suggest that a YOLOV5-style pipeline is a practical choice for inspecting
welds for defects when throughput and integration simplicity are prioritized. Nevertheless, the reported
performance should be interpreted while considering the dataset characteristics, augmentation policy, and
the experimental and hardware settings.
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6.1.6 Case Study 6

Case Study 6 [19] adopted DL for DD on industrial surfaces using a mixed-supervision strategy that
combined weakly and fully supervised learning in order to reduce reliance on detailed annotations. The study
developed an integrated model with a segmentation component for pixel-level analysis and a classification
component for image-level labeling, with these components being trained jointly to accommodate both
coarse and detailed labels. The method further incorporated training stabilizers (e.g., gradient-flow control
between tasks) and a distance-transform-based emphasis on pixels near defect centers to mitigate ambiguity
from inaccurate annotations. When evaluated using the DAGM, KolektorSDD, KolektorSDD2, and SSDD
datasets, the study found an average precision of above 90% when there were only predominantly weak
labels, and that that this performance improved substantially when detailed annotations were available for
only 5% of the training samples. The authors also reported a throughput of 57 fps on DAGM and 36 fps
on the SSDD dataset for their hardware and software setup. Overall the reported results [19] suggest that
mixed supervision can reduce the annotation burden while maintaining a competitive performance in the
tested setting. However, deployment suitability and real-time feasibility still need to be assessed for a target
production platform in the presence of specific operational constraints.

6.1.7 Case Study 7

Case Study 7 [61] designed an advanced DL model called the multistage feature transformer (MSFT)-
YOLO for surface DD on hot-rolled steel strips. This model is based on the YOLOV5 architecture and
incorporates transformer-based modules for capturing global semantic features and a BiFPN for multiscale
feature fusion. These improvements increase both the accuracy and robustness, especially for images with
large-scale variance, complex backgrounds, and visual similarities between defect types. MSFT-YOLO can
perform real-time detection and uses data augmentation techniques such as MixUp, CutMix, and Mosaic to
improve generalizability.

This model uses stochastic gradient descent with momentum and weight decay, which increased the
learning rate for the first 3 epochs before shifting to cosine annealing across 200 epochs. When trained on the
NEU-DET dataset, which includes 1800 grayscale images across 6 defect categories, MSFT-YOLO achieved
an mAP of 0.757, which was 7.5% higher than that of the baseline YOLOvV5 model, and processed images
at 30.6 fps. Although it was slower than YOLOv5, MSFT-YOLO maintained a high processing speed and
detection accuracy. Despite the added complexity of MSFT-YOLO due to the inclusion of transformer-based
modules and BiFPN, this model is highly effective for industrial DD. Its applicability in real-time monitoring
tasks can be improved through further dataset expansion and model compression to achieve a better balance
between performance and efficiency.

6.1.8 Case Study 8

Case Study 8 [1] applied an improved YOLOV5-based model to steel-surface DD with the aim of improv-
ing sensitivity across defect scales while maintaining practical processing efficiency. Rather than focusing
on block-level architectural details, the key design aim was to improve multiscale feature representation
and attention to defect-prone regions in order to improve localization in challenging images [65]. The study
trained the model on the NEU-DET dataset (1800 grayscale images of 640 x 640 pixels) for 100 epochs using
the Adam optimizer. For the test setup that included an Nvidia RTX 3080 Ti GPU, the model achieved an
mAP@0.5 of 72%, and more than 190 images could be processed per second. The study found that despite the
overall complexity of the model being similar to that of YOLOvV5-m, it achieved better detection performance
than YOLOV5-s, YOLOvV5-m, and YOLOv7-tiny under the same experimental settings. Overall the reported
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results [1] suggested the feasibility of high-throughput inspection within the constraints of the utilized dataset
and hardware configuration. However, the robustness of the approach to overlapping and ambiguous defects
and also its generalizability may require additional benchmarking in production-specific conditions.

6.1.9 Case Study 9

Case Study 9 [66] developed a refined DL model based on YOLOv5—called global and directional
context perception (GDCP)-YOLO—to increase the accuracy and speed of DD in steel-surface inspection.
This model integrates the following three key modules to achieve real-time processing and robustness against
complex backgrounds and variations in the defect scale: DCNV2, CA_C2f Faster, and ghost convolution
modules. The DCNV2 module uses deformable convolutions to adapt its receptive fields, which improves its
ability to detect defects with irregular shapes and sizes. The CA_C2f_Faster module improves the precision of
feature extraction through channel attention and efficient convolution strategies, while the ghost convolution
module reduces computational redundancy to enable faster processing. When tested on the NEU-DET
dataset using a platform with an Intel Xeon Platinum 8358P CPU and an Nvidia RTX 3060 GPU, GDCP-
YOLO achieved an mAP@0.5 value of 75.7% and processed images at 384.6 fps, confirming its real-time
capability [66]. The model exhibited high efficiency and stability throughout a training schedule of 200
epochs, cosine annealing, and warm-up phases. Despite incorporating advanced modules, GDCP-YOLO is
lightweight and has a relatively low parameter count, making it ideal for deployment in resource-constrained
industrial environments. The adaptive spatial attention, multiscale feature extraction, and optimized training
framework of GDCP-YOLO facilitate robust DD even in noisy and cluttered conditions, indicating that it is
a high-performance DD solution for use in modern steel manufacturing.

6.1.10 Case Study 10

Case Study 10 [67] used an improved YOLOV5s architecture to detect small and complex defects on
metal surfaces. This model incorporates CSPlayer and GAMAttention modules for increasing the accuracy
and robustness in challenging conditions. The CSPlayer module improves feature representation through the
use of adjustable channel weights, depthwise and pointwise convolutions, and channel attention. Moreover,
the GAMAttention module improves the detection performance by combining channel and spatial attention
to suppress background noise and focus on critical regions. The model was trained on an augmented GC10-
DET dataset using 3608 training images, and an evaluation using 900 validation images indicated that the
proposed configuration outperformed the Faster R-CNN and several YOLO variants. It achieved mAP@0.5
and mAP@0.5:0.95 values of 82.8% and 55.5%, respectively, outperforming YOLOV5s by 1.4% and 1.7%. The
real-time throughput was 79.4 fps on an Nvidia RTX 3060 GPU. A comparison of attention mechanisms
indicated that GAMALttention delivered the best performance for small targets such as water spots and
punched holes. The joint use of CSPlayer and GAMAttention modules yielded favorable precision, speed,
and efficiency. Although the performance of this lightweight model was not ideal for relatively large defects
such as rolled pits, it has strong industrial applicability by offering a balanced solution for DD in scenarios
involving resource constraints and requiring real-time processing.

6.2 Summary of Case Studies

Table 2 summarizes the computational complexity, accuracy, and processing speeds of the developed
models and adopted datasets for the ten included case studies. The table summarizes the diverse range of
strategies used to achieve rapid and precise DD in complex conditions.
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Table 2: Summary of the ten case studies.

19

Case

Study Study Description

Model Accuracy for
Specific Dataset

Processing
Speed (fps)

NN Model

Number of
Epochs

Computational
Complexity

M2-BL-YOLOv4 model
that contains a
MobileNetV2 backbone
and uses BiFPN-Lite for
feature fusion

GIMBDIC: 93.5%
NEU-DET: 84.3%

54.99

YOLOv4

300

Lw

MobileNet model with
depthwise separable
convolutions used for
efficient feature extraction
with fewer parameters

SSDD: 80.41%
NEU-DET: 96.94%

N/A

MobileNet

50

Lw

R-CNN model with an
AGA for dent detection;
the model uses
convolutional layers and
heat maps for defect
localization

Vehicle Fender Img.:
98.5%

N/A

R-CNN

50

HW

Improved VGG16
architecture for detecting
surface defects on steel
components

Images taken by the
researchers: 77%

N/A

VGG

50

HW

YOLOV5 model, which is a
fast, single-stage detection
model that uses advanced
techniques for real-time,
high-accuracy defect
identification

X-ray images: 98.7%

~8

YOLOvV5x

633

w

Two-subnetwork model
combining segmentation
and classification for DD
with mixed supervision

DAGM: 90%
KolektorSDD: 93.4%
KolektorSDD2: 77.3%

SSDD: 90.3%

57 N/A

VGGI6

70 for
DAGM,
50 for
others

HW

A transformer-improved
YOLOV5 model integrating
multiscale feature fusion
and contextual learning

~N

NEU-DET: 75.7%

30.6

YOLOvV5

200

w

An improved multiscale
YOLOV5 network with
spatial attention for
achieving real-time,
accurate DD across various
scales on steel surfaces

NEU-DET: 72%

192.3

YOLOV5

100

Lw

Efficient, real-time
GDCP-YOLO network
combining deformable

9 convolutions, spatial
attention, and LW
convolution for industrial
applications

NEU-DET: 75.7%

384.6

YOLOV5

300

Lw

(Continued)
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Table 2 (continued)

Case L. Model Accuracy for ~ Processing Number of Computational
Study Study Description Specific Dataset Speed (fps) NN Model Epochs Complexity
YOLOvV5s model improved
by the addition of CSPlayer
and GAMAttention
10 modules for increasing GCI0-DET: 82.8% 79.4 YOLOV5 300 LW

small-target detection
accuracy, processing speed,
and computational
efficiency

Note: LW, lightweight; HW, heavyweight.

DL has revolutionized DD in the steel industry, with YOLOv5, VGGI16, and R-CNNs being the
most widely applied NN architectures. YOLOV5 is favored for its real-time speed and efficiency since its
single-stage pipeline enables the rapid detection and classification of defects, making it ideal for industrial
applications. Variants including MSFT-YOLO and GDCP-YOLO incorporate improvements such as BiIFPN
and GAMAttention that allow them to detect defects across complex backgrounds and varying scales. These
additions improve the spatial resolution and so improve the detection of small defects such as oil spots
and scratches.

The deep 16-layer structure of the VGG16 model endows it with high classification precision. Despite
being computationally complex, its use of residual connections and multiscale feature extraction improves
the performance and reduces overheads. VGGI16 excels in identifying fine-grained features, particularly in
applications requiring a high classification accuracy rather than real-time processing.

R-CNN s are well-suited for defect localization, by extracting candidate regions from images and then
classifying them to identify defect positions. Although their multistage design reduces the processing speed,
improvements such as AGAs can increase their efficiency and enable them to maintain high precision in
mapping defects, making R-CNNss suitable for tasks requiring exact defect positioning.

While YOLOvV5, VGGI6, and R-CNN:ss all use convolutional layers for feature extraction, they exhibit
different strengths. Specifically, YOLOVS5 is fast, VGGI16 can achieve high accuracy, and R-CNNs provide
high-resolution defect localization. Thus, choosing between these architectures depends on the task require-
ments, and so these architectures make different contributions to DD in the steel industry. To further
summarize the reported benefit—cost parameters in heterogeneous reporting conditions, we next introduce
a transparent, review-oriented FoM together with a strict missing-data policy [65].

This summary connects the individual cases through recurring patterns (e.g., the dominance of YOLO
in real-time tasks), informing the FoM heuristic presented in Section 6.3 and the blueprint presented
in Section 7.

6.3 FoM: Justification, Computation, and Interpretation

To summarize the deployment-related trade-offs that are present across heterogeneous industrial
studies, we introduce the FoM as a review-oriented heuristic rather than using a statistically definitive
cross-study ranking. Because the datasets, defect taxonomies, evaluation protocols, and hardware platforms
differed between the reviewed studies, directly pooling their results or claiming a universally optimal model
would not be appropriate. Instead, the FoM is used to support transparent screening and discussion of
benefit-cost parameters under the experimental settings for each study.
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The FoM comprises benefit terms that include an AC [61] and the processing speed [11,15], where AC
denotes the primary accuracy metric used in each study, such as accuracy, mAP, or IoU/Dice. The FoM cost
terms include (i) the number of training epochs, which is a proxy for training effort in the reported setup
and (ii) MCo [46], which is categorized into lightweight (MCo = 1) or heavyweight (MCo = 2) to reflect the
burden of practical deployment.

To prevent any single numerical indicator from dominating the heuristic summary, all numeric parame-
ters (AC, processing speed, and number of epochs) were scaled using min-max normalization [68,69], which
for a metric x is

X = Xpi
Xnorm = — (1)
max — Xmin

For transparency, X, and X, were taken from the minimum and maximum values observed among
the included case studies for which that metric is reported (see Table 3). MCo was not normalized because
it is a binary category.

Table 3: FoM parameters for the ten studies.

. Normalized Normalized
Case Normalized .
Dataset Processing Number of MCo
Study AC
Speed (fps) Epochs
GIMBDIC 0.9382
1 NEU-DET 0.8348 0.1195 0.4288 1
SSDD 0.7911
2 NEU-DET 0.9769 N/A N/A !
3 Vehicle Fender Img. 0.9944 N/A N/A 2
4 Steel images taken by 0.7538 N/A N/A 5
the researchers
5 X-ray images 0.966 0 1.00 1
DAGM 0.8989 0.1322 0.0343
6 KolektorSDD 0.9371 N/A N/A )
KolektorSDD2 0.7112 N/A N/A
SSDD 0.9022 0.0765 0
7 NEU-DET 0.7382 0.0765 0.2573 1
8 NEU-DET 0.6967 0.4894 0.088 1
9 NEU-DET 0.7382 1.00 0.4288 1
10 GC10-DET 0.8180 0.2427 0.4288 1

The FoM is defined using normalized indicators as

ACorm + Processing speedyorm

FoM =
Numberof epochs,orm + MCo

(2)
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This formulation reflects an engineering preference for higher reported benefits (inspection
performance and throughput feasibility) relative to higher reported costs (training burden and deployment
complexity). FoM is intended for coarse screening and grouping (e.g., throughput-oriented vs. accuracy-
oriented candidates) and should not be treated as a standalone decision criterion.

To avoid ad-hoc handling, the FoM was computed only when all of the required parameters (AC,
processing speed, number of epochs, and MCo) were available from the source study. If any required field
was missing, the FoM is reported here as N/A (i.e., missing data) and no imputation was performed. Due to
the cross-study heterogeneity in datasets, metrics, evaluation conditions, and hardware, FoM values must be
interpreted strictly within each study’s reported setting, and they were used to identify deployment-related
patterns and reporting gaps rather than to claim statistically meaningful global superiority across studies.

The normalization process ensured that each variable contributed equally to the FoM. Some case studies
were excluded from the FoM calculation because data could not be obtained for those studies. The FoM
results for each case study are presented in Table 4.

Table 4: FoM values for the ten case studies.

SCt 33‘; Dataset Calculation Value
o - (0:9382+0.1195)
0 =
Fopp - (08348 +0.1195)
0 =
(0.7911 + FPS)
, SSDD FoM = W N/A (missing processing speed)
(0.9769 + FPS)
NEU-DET FoM = W N/A (missing processing speed)
(0.9944 + FPS)
3 Vehicle Fender Img. FoM = W N/A (missing processing speed)
Steel images taken by FoM = (0.7528 + FPS) o )
4 the researchers (0+2) N/A (missing processing speed)
(0.9966 + 0)
5 X-ray images FoM = (1+2) 0.3322
(0.8989 + 0.1322)
FoM =
(0.9371 + FPS)
KolektorSDD FoM = W N/A (missing processing speed)
6 (0.9371 + FPS)
KolektorSDD2 FoM = W N/A (missing processing speed)
o o (0:9022 +0.0765)
0 =

(Continued)
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Table 4 (continued)

C
Stiilt; Dataset Calculation Value
(0.7382 + 0.0600)
FoM =
(0.6967 + 0.4894)
FoM =
8 NEU-DET (0.0858 + 1) 1.092
(0.7382 +1)
FoM = ———=
Fonp - (08180 +0.2427)

The normalized FoM results can be summarized as follows: Case Study 9 achieved an FoM of 1.217 on
the NEU-DET dataset for a lightweight YOLOvV5-based configuration, Case Study 8 achieved an FoM of
1.092, which can be used for contextual comparisons within the FoM heuristic rather than as a definitive rank
across heterogeneous studies, and Case Study 5 achieved an FoM of 0.3322 (i.e., lower than the values for
the lightweight models) for the only heavyweight model included in the FoM calculations. For the reported
metrics available from the selected case studies and the review-oriented FoM heuristic, Case Study 9 appears
to have had the most-competitive configuration; however, this observation should be interpreted cautiously
due to cross-study heterogeneity and missing metrics, and it should not be treated as a statistically definitive
global ranking. Overall the case synthesis and FoM heuristic provide a structured basis for making design
and deployment-critical decisions, which are discussed in the following section.

The FoM thus integrates the heterogeneous metrics from Sections 3-6, highlighting engineering
trade-offs that advance the understanding beyond isolated summaries.

7 Results and Discussion

Drawing from the interconnected evidence and patterns identified in the case analyses as described
in Section 6, this section presents a conceptual blueprint for a hybrid framework synthesized from
the reviewed studies, which is intended as an engineering template for integrating commonly reported
approaches (e.g., transfer learning, real-time detection, and end-to-end learning) in the presence of real
manufacturing constraints—it is not introduced as a new standalone algorithm with original experimental
validation in this review.

7.1 Conceptual Hybrid Framework Blueprint for Steel-Defect Inspection

This blueprint serves as a unified, deployment-related framework that integrates the model families
listed in Section 4, the evidence synthesis protocol presented in Section 5, and the reported trade-offs
summarized in the case analyses and the discussion of FoM values in Section 6 in order to improve the
understanding beyond isolated summaries.
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The reviewed studies collectively suggest that the performance in practical industrial applications
depends not only on ACs but also on robustness to texture and illumination variations, tolerance to
domain shift, and the ability to meet production-line constraints. Accordingly, the blueprint combines
three commonly recurring components: (i) transfer learning to reduce labeling requirements and accelerate
convergence when annotation is scarce, (ii) real-time detection to support high-throughput inspection and
localized defect identification, and (iii) end-to-end learning to reduce pipeline fragmentation and simplify
integration across stages.

Practitioners and researchers can implement the blueprint in the presence of application-specific
constraints as follows: (i) define the inspection objective and constraints, including task type
(classification, detection, or segmentation), minimum detectable defect size, acceptable false-alarm
tolerance, target throughput, and available hardware; (ii) characterize the data regime, including the defect
taxonomy stability, illumination and texture variations, and labeling budget; (iii) select a task-appropriate
baseline pipeline (e.g., one-stage detection when there is a strict latency requirement, segmentation when
precise localization is required, and classification for coarse acceptance screening); (iv) choose efficient and
robust labeling strategies that are consistent with the data type (e.g., transfer learning as the default, and
semisupervised or self-supervised learning or domain adaptation or generalizability when label scarcity or
domain shift dominates [2,3]); and (v) validate the approach in deployment-like conditions and iterate it
based on observed failure modes (e.g., rare defects, long-tail classes, and cross-line drift).

The heterogeneity of datasets, metrics, and hardware settings among the reviewed studies restricted
the ability to perform direct statistical comparisons. To enable reproducible benchmarking and evaluations
of practical deployment, we recommend reporting the following aspects: (i) defect taxonomy and labeling
policys; (ii) dataset split protocol and data leakage controls; (iii) task-appropriate metrics (e.g., precision/recall
and mAP for detection, and IoU/Dice for segmentation) with a thresholding policy; (iv) latency and
throughput measured for the specified hardware and software; (v) model size and complexity, and the
memory footprint; and (vi) the effects of removing each blueprint component in deployment-related
conditions in order to quantify its contribution.

The blueprint is offered as a synthesis of widely used and practically motivated design choices when
inspecting steel for defects. However, its empirical performance and generalizability still need to be
established in dedicated benchmarking experiments, which were beyond the scope of this review. Fig. 15
illustrates the blueprint at a conceptual level; accordingly, the framework should be interpreted as a design
guideline that consolidates reported best practices and highlights integration points and expected trade-offs.
For completeness and reproducibility, commonly used evaluation metrics are summarized in Section 7.2.

7.2 Validation Metrics

To support the reproducible interpretation of the reported results across the heterogeneous studies,
this section summarizes commonly used evaluation metrics in defect inspection, addressing RQ1 regarding
reporting heterogeneity and RQ4 regarding standardized benchmarking. Section 7.3 then discusses future
trends and challenges in the presence of real manufacturing constraints.
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Figure 15: Flow of the conceptual hybrid framework blueprint synthesized from the reviewed literature.

Specifically, the evaluation metrics commonly used in the reviewed defect-detection studies are

summarized as follows:

1.

Accuracy refers to the ratio of correctly identified defects to all actual defects in the dataset [18,19,58].
This parameter is expressed as follows:

Numberof Correctly Classified Samples
Total Numberof Samples

Accuracy = * 100% (3)

Precision refers to the proportion of correctly detected defects among all predictions:

. TP
Precision = ——— (4)
TP + FP
where TP is the number of true positives and FP is the number of false positives. Recall refers to the
proportion of correctly detected defects among all true positives:
TP
Recall = ——— (5)
TP + FN
where FN is the number of false negatives.
mAP refers to the mean of the average precision values corresponding to multiple recall thresholds; it
indicates overall object detection quality and is expressed as follows:

AP - Y, Pinter (k) x Ar (k)
B N

(6)

The detection time (or latency) refers to the time required by the model to analyze and process each
image (or frame). When available, latency should be reported for the same measurement settings
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used to determine the processing speed (hardware, input size, and pipeline scope) in order to support
reproducible interpretation across studies.

5. Throughput is an efficacy metric defined as the number of input frames processed per second. The
throughput complements latency by characterizing the sustained processing capacity, and it is frequently
used to communicate the deployment practicality in a high-throughput production environment.
Similar to latency, the throughput should be reported along with the measurement conditions—
including CPU and GPU types, input resolution, batch size, and pipeline scope (including or excluding
pre- and postprocessing)—to avoid comparisons across heterogeneous studies being misleading. This
review treated the throughput as a deployment-related indicator that complements accuracy metrics,
and is summarized in Tables 2 and 3.

6. The F1 score is the harmonic average of precision and recall; it is used as a balanced indicator of overall
performance and is expressed as follows:

2 x Precision x Recall

F1 score = — (7)
Precision + Recall

Together these metrics provide a common vocabulary for interpreting reported results. The next section
discusses emerging trends and open challenges when these methods are deployed in the presence of real
manufacturing constraints.

7.3 Future Trends and Challenges

Recent progress in DL-based defect inspection has led to increases in data efficiency, cross-domain
robustness, and deployment feasibility in real manufacturing environments. To mitigate the labeling cost,
recent studies have explored label-efficient regimes such as active learning and self-supervised pretraining
that reduce annotation requirements while preserving the detection accuracy [2,3,70]. For steel-defect
inspection in particular, future research is likely to be driven by three related aspects: (i) label-efficient
learning in the presence of long-tail defect distributions, (ii) generalizability during domain shift across
production lines and surface conditions [4], and (iii) engineering constraints that determine whether a model
can be reliably deployed at the processing speed and latency required for production-line operation.

Label-efficient few-shot, weakly/semisupervised, and self-supervised learning approaches are
increasingly being investigated for use in industrial inspection applications because pixel-level annotations
are costly and rare defects often follow a long-tail distribution [1-3,70]. Few-shot learning approaches are
particularly relevant when new production batches introduce novel defect patterns that appear in only a
small number of labeled samples [51,71,72]. Recent surveys have further summarized how limited-label
settings influence evaluation protocols and practical adoption in industrial defect inspection [73,74]. A
persistent bottleneck in industrial inspection is the high cost of annotation—especially for pixel-level
segmentation masks—and the scarcity of rare-defect samples. Few-shot learning and meta-learning
paradigms are promising for rapidly adapting to new defect types with small numbers of labeled examples,
while weakly/semisupervised approaches can utilize coarse labels or partially labeled data to reduce the
annotation burden. Self-supervised learning is promising for steel inspection because unlabeled line-scan
imagery is abundant [2,3]; the key problem to be addressed is designing pretraining objectives that
transfer to fine-grained defect cues and remain robust during domain shift [4]. Recent self-supervised
studies of steel inspection have provided concrete evidence that representation learning can improve
the downstream performance when labeled data are scarce, while still requiring careful validation in
production-representative conditions [2,3]. In parallel, self-supervised representation learning can be
used to pretrain feature extractors using large volumes of unlabeled production imagery, again improving
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the downstream performance when labeled data are scarce and enabling more-robust initialization for
fine-tuning. These strategies are particularly relevant to steel manufacturing since defect occurrence often
follows a long-tail distribution and the surface appearance can change across different material batches and
with the tooling and environmental conditions.

Training and operational data are often mismatched during production deployment due to illumination
variations, texture changes, surface-finish differences, sensor upgrades, and shifts across production lines.
Cross-domain deployment increasingly couples model design with edge hardware constraints, and so
reporting latency and throughput is essential for ensuring reproducibility. Domain generalizability and
adaptation are therefore expected to remain central research themes. Practical pipelines may benefit from
explicit cross-dataset evaluations, continuous monitoring for distribution shifts, and adaptation strategies
that minimize reliance on extensive target-domain labels. Robustness-oriented evaluations should therefore
move beyond single-dataset reporting toward stress tests that reflect the variability in real-world industrial
environments (e.g., mixed lighting conditions, motion blur, surface contamination, and subtle low-contrast
defects), with clear disclosure of dataset splits and operating conditions.

Accuracy is not the only consideration in steel inspection. Deployment-related metrics—including
throughput and latency measured on specified hardware, memory footprint, and stability during sustained
operation—obtained in future studies need to be reported more consistently so that the results can be
used to make optimal production decisions. Hardware-specific optimization (e.g., model compression,
identification, quantization, and efficient processing formats) is likely to remain important, particularly
for edge deployment in production lines with constrained computation and power budgets. Beyond
initial deployment, maintainability becomes a dominant cost driver, since models may require periodic
recalibration or retraining, robust failure detection, and traceable logging to support quality audits. This
means that practical progress will depend not only on improving values of the assessment metrics but
also on standardized reporting practices and reproducible benchmarking that jointly consider performance,
speed, and operational reliability. These trends highlight the need for more-standardized reporting and
deployment-related evaluations.

8 Conclusion

The main novel aspect of this review lies in it performing a deployment-related synthesis for steel-defect
inspection: rather than introducing a new experimentally validated model, we have consolidated represen-
tative evidence across task paradigms and proposed a traceable hybrid-framework blueprint and practical
reporting recommendations to improve reproducibility and industrial applicability.

This review examined DL-based defect inspection approaches that are relevant to steel manufactur-
ing and synthesized insights from ten representative case studies spanning classification, detection, and
segmentation paradigms. Our synthesis suggests that model selection in industrial inspection should be
guided by deployment-related trade-offs—including processing speed and latency, hardware constraints,
annotation cost, and robustness to domain shift—rather than accuracy alone.

To support structured discussions of the reported benefit-cost indicators, we introduced the
transparent, review-oriented FoM as a heuristic summary of available metrics. It should be noted that FoM-
based comparisons are conditional on the metrics reported for each study and should not be interpreted
as providing statistically definitive rankings across heterogeneous datasets and experimental conditions.
Instead, the FoM is used to highlight practical patterns and engineering considerations that may inform
applied decision-making within the context of the reported setting of each study.
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Based on recurring elements across the reviewed literature, we synthesized a conceptual hybrid
framework blueprint that integrates transfer learning, real-time detection, and end-to-end learning as
an engineering-oriented design template for steel-defect inspection systems. This blueprint is presented
as a synthesis derived from previous studies, and so it does not constitute an experimentally validated
new method.

This review was guided by its four RQs. In addressing RQI, the synthesis revealed common tasks (e.g.,
detection and segmentation) and datasets (e.g., NEU-DET and SSDD), but also highlighted reporting hetero-
geneity as a key limitation for comparability. RQ2 identified recurring model families (e.g., YOLO variants)
with rationales focused on speed-accuracy trade-offs. RQ3 identified mitigation strategies such as transfer
learning and mixed supervision to address annotation scarcity and domain shift. Finally, RQ4 informed the
blueprint and recommendations for standardized benchmarking to increase the reproducibility.

Future research should prioritize label-efficient learning (few-shot/self-supervised), cross-dataset
robustness, and hardware-specific evaluations to ensure that reported benchmarks are consistent with real
production-line conditions [3,4,11,12]. Future studies may also benefit from (i) label-efficient learning strate-
gies (e.g., few-shot, self-supervised, and semisupervised learning approaches), (ii) systematic approaches
to cross-domain generalizability and adaptation, and (iii) more-standardized benchmarking practices
that report both performance and deployment metrics (hardware, throughput, and latency) to facilitate
reproducible and meaningful comparisons between real manufacturing environments.
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