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Abstract

Defect detection in fiber-reinforced composite materials is important for maintaining product quality
and ensuring structural reliability. However, manual inspection can be time-consuming and may
depend on the experience of the inspector. This study presents a hybrid Convolutional Neural Network—
Grey Wolf Optimization (CNN-GWO) approach for automated detection and classification of defects
in fiber-reinforced composite materials. The proposed approach combines CNN-based feature learning
with GWO-based hyperparameter optimization to improve the selection of the network configuration.
The image dataset was divided into training, validation, and testing sets in the ratio of 70:15:15, with
augmentation applied to the training data. GWO was used to minimize validation loss and identify an
effective CNN configuration. The optimized model consisted of 128 filters in the first convolutional
layer with a kernel size of 5, 192 filters in the second convolutional layer, and 256 dense units. The
model achieved a reported training accuracy of 99.23%, validation accuracy of 99.82%, precision of
99.80%, recall of 99.51%, F1-score of 99.77%, and AUC of 0.999. The validation loss was
approximately 0.02, compared with 0.1119 for the KerasTuner-based model. These results show that
GWO can effectively support CNN hyperparameter selection and improve the reported classification
performance. The proposed framework provides a promising basis for automated composite-defect
inspection and its potential future application in industrial inspection systems.

Keywords: Fiber-reinforced composites, defect detection, convolutional neural network (CNN), grey
wolf optimization (GWO), hyperparameter optimization, automated inspection

INTRODUCTION
Background and Significance of Steel-Fiber-Reinforced Composite Materials

A mixed artificial intelligence technique to identify defects in composite FIBER reinforced steels.
Steel-fiber-reinforced concrete (SFRC) is a cementitious based composite, in which steel fibers are
being used to improve post-cracking load transfer and toughness, ductility, impact resistance and crack
control. The configuration of the structural response depends not just on fiber dosage and geometry, but
also on fiber orientation, spatial distribution, and
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matrix [1, 3, 4]. Therefore, the quality of a material is a function of its global mechanical properties and
the local microstructural condition of a composite.

Due to these developments, automated image-based inspection is preferred over manual interpretation.
This study intends to make use of the data available or research-grade steel-fiber composite images,
and after pre-processing, feature learning, region-based defect detection and quantitative model
evaluation will follow.

Manufacturing and Microstructural Defects in Steel-Fiber-Reinforced Composites

Only when fibers are suitably dispersed and adequately bonded to neighboring material is the steel—
fiber reinforcement mechanical benefit achieved. There are various microstructural irregularities that
can be introduced/manifested during mixing, casting, compaction, curing and loading. This study
examined the principal candidate conditions including healthy material, cracking, porosity, fiber
clustering, fiber misalignment, fiber pull-out and debonding. Only those classes with sufficient image
evidence and credible annotations will be included in the final model. Visible damages are critical
indicators of damage, and cracks are visible damages that can occur due to shrinkage, mechanical
loading, thermal effects, internal stress concentration or local material heterogeneity. For the effective
use of steel fibers, crack opening can be curtailed by steel fibers, but the mechanism is very dependent
on orientation and bond [1, 2]. In contrast, voids and porosity may arise from air entrapment, poor
compaction, or incomplete matrix filling around fibers and they can serve as preferential crack initiation
sites. Problems with distribution can cause fiber clustering and misalignment. The creation of fiber-rich
and fiber-deficient regions is associated with clustering, while misalignment reduces the number of
fibers oriented favorably with respect to the dominant tensile or crack direction. The effectiveness of
crack bridging can be diminished by either one of the above. Fiber pull-out and fiber—matrix debonding
are interfacial damage phenomena; their behavior varies due to fiber geometry, embedment length,
orientation, surface condition and matrix properties [3, 4]. For automatic inspection, these conditions
are difficult as their visual signatures can interfere. You can expect cracks, pores, pull-out cavities, and
debonded interfaces to appear as low intensity or discontinuous regions. On the other hand, clustering
and misalignment require a spatial interpretation of fiber distributions. Therefore, if one wishes to have
predictions regarding the type of defect and its location, one should use a region-aware detector and not
an image-level classifier.

Role of Artificial Intelligence and Region-Based Deep Learning

Artificial intelligence is gradually moving the material inspection of handcrafted descriptors into
learned representations. While CNNs do capture hierarchical features of the image, a conventional CNN
classifier will usually predict a global image label. Region-based convolutional neural networks merge
feature extraction and spatial localization capabilities.

The R-CNN architecture used CNN feature extraction for region proposal generation [5]. Fast R-
CNN is more efficient because it shares the convolutional features between the proposals [6]. The Faster
R-CNN later produced a Region Proposal Network (RPN), which allowed the proposals and object
detection to be run using the same convolutional feature maps [7]. Mask R-CNN augmented Faster R-
CNN with a new branch that concurrently predicts an instance mask for each region [8]. Figure 1
illustrates the evolution from image classification to region-based detection, to segmentation.

For the composite images of steel fibber, region-based modelling is appealing because defects, such
as fine cracks, local porosity, pull-out cavities, and debonded interfaces, may occupy small and irregular
regions. The class labels and bounding boxes can be produced by Faster R-CNN, whereas Mask R-
CNN can also provide pixel-level defects shape delineation. Thus, the final choice between these models
will depend on the annotation format and the outputs produced by the experimental implementation.
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The automated detection of defects in SFRC is difficult. Initially, the datasets available to the public
are small compared to the general computer vision datasets and may have a strong class imbalance. In
addition, cracks and interfacial defects may be very fine or of low contrast and porosity debonding and
pull-out cavities become difficult to distinguish. The images obtained from unrelated sources may exhibit
differences in resolution, magnification, illumination, reconstruction quality, and background texture.

Micro-CT data also poses a problem, in that the neighboring slices come from the same specimen.
When slices of a video are chosen at random to be in the training or test set, this can create information
leakage and lead to overly optimistic performance estimates. Dataset splitting should thus preserve
specimen or volume independence as much as possible. Equally important is annotation quality. Faster
R-CNN and Mask R-CNN require quality bounding boxes or masks for region-level learning.

Selecting a model brings new choices. Region-based detectors usually demand more computational
resources than lightweight image classifiers. Moreover, the performance metrics on detection tasks will
vary upon the use of the feature backbone, learning rate, anchor, proposal threshold, hon-max suppression,
class balance, and input resolution. Thus, we must consider dataset preparation, annotation, preprocessing,
hyperparameter selection, and evaluation as one experimental problem, and not separate steps.

Motivation of the Present Work

The present work is motivated by the growing availability of public and research-grade images, the
proliferation of Micro-CT data, and the need to lower dependence on human subjective inspections. A
region-based framework is well suited for this purpose, as it can concentrate on localized irregularities
without losing contextual information from the surrounding fiber—matrix structure. The implemented
study investigates preprocessing and CNN feature learning for image-level composite-defect classification
and GWO-based hyperparameter selection. Region-based detection and pixel-level segmentation are
discussed as related approaches and possible extensions, not as functions demonstrated by this CNN—
GWO classifier.

Organization of the Paper

The remainder of this article reviews composite-defect inspection and optimization research, then
describes image preprocessing, CNN-GWO hyperparameter search, and classification evaluation. The
results section presents the reported optimized configuration and comparative performance, followed
by practical deployment considerations and conclusions. The implemented contribution is image-level
defect classification, not bounding-box detection or pixel-level segmentation.

LITERATURE REVIEW
Defects in Fiber-Reinforced Composite Materials and the Need for Automated Inspection

Used in various high-performance engineering applications, fiber-reinforced composite materials
have a high strength-to-weight ratio, corrosion resistance and design flexibility. Their applications
are in aerospace, automotive and various others. The diverse structure of these materials makes
them prone to defects from manufacturing and service. Defects include fiber—matrix debonding,
fiber pull-out, fiber fracture, voids, delamination, porosity, and microcracking. In composite
structures, local stress transfer and damage initiation can be impaired by the presence of defects,
resulting in a reduced load-bearing ability and service life. Researchers still emphasize, in recent
literature, that structural integrity assessment and manufacturing quality control requires reliable
identification of microstructural and subsurface defects [9-11]. A comprehensive review of fiber
composite defect detection indicates that the dependable automated inspection is an additional
requirement for improving the lifespan and deployment of composite materials in safety-critical
applications [12]. Figure 2 depicts the representative defect mechanisms that are considered in
fiber-reinforced composite inspection [13].
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The composite damage’s character poses a significant inspection challenge as the various defect
classes exhibit very different spatial, morphological, and imaging characteristics. Debonding of fiber
and matrix is the general separation at the reinforcement and the matrix interface whereas fiber pull-out
gives cavities or exposed fiber. Fiber fracture can be manifested as sharp discontinuities or irregular
broken ends, whereas voids are understood to refer to localized material-free regions. Microcracks are
difficult to identify as they are small, non-linear, and highly sensitive to imaging quality.

The Sigma reference study also identified five major microscopic defect categories added into their
simulation: fiber—matrix debonding, fiber pull-out, fiber fracture, voids and microcracks. Therefore, it
proves that one must discriminate against the defect mechanisms visually rather than just include
composite damage under a single homogeneous class [14].

Currently, non-destructive testing techniques that have been in operation for several decades such as
ultrasonic testing, infrared thermography, X-ray or computed tomography, terahertz inspection,
acoustic emission, and microscopic imaging. Nevertheless, this only brings about information on
surface and internal defects, and thus not suitable for the purposes of quality assurance. In any case, the
volumes of inspection data are becoming so large that manual interpretation is no longer feasible for
high-throughput industrial applications. Thermographic inspection produces multi-dimensional thermal
data whose interpretation can be affected by the heating conditions used, properties of the material
inspected, geometry and dimensions of the defect, depth of the defect and signal-to-noise ratio. A 2025
systematic review concerning machine-learning-assisted thermographic NDT consequently pointed out
that automated post-processing and classification were important lines of development of
thermographic inspection data [15]. Recent reviews of the ultrasonic characterization of carbon—fiber-
reinforced polymers (CFRPS) point to the growing interest in data-driven techniques for extracting
defect and porosity information from ultrasonic data that is more complex than mere A-scan analysis.

Evolution of Non-Destructive Defect Inspection: From Conventional Image
Processing to Machine Learning

The inspection techniques used for non-destructive evaluation of composites have been performed
using ultrasonic testing, infrared thermography, X-ray computed tomography, acoustic emission,
shearography terahertz imaging and microscopy. These techniques are still relevant as they provide
complementary information about internal delamination, porosity, voids, impact damage, fiber fracture,
interfacial debonding, and other defects. Nevertheless, the manual interpretation of these inspections is
becoming more challenging due to the complex structures and the significant amount of data.
Specialized evaluation of sizeable ultrasonic or thermographic data sets in industrial environments can
become labor-intensive, subjective and operator-dependent. As a result, modern non-destructive
evaluation is often perceived as incorporating automated interpretation rather than applying it after as
an optional step by recent studies [16-18]. The main drawback of such handcrafted pipelines is that
they are often heavily reliant on manually chosen thresholds, filter parameters, segmentation rules, and
expected defect morphology. Inconsistencies in imaging conditions may impede consistency, and
especially when the same inspection system must work on different materials, thicknesses, fiber orientations,
geometries and acquisition devices. The reliance on expert engineered processing can restrict
generalizability in practical composite inspection. The trend to machine learning arose partly out this
limitation: instead of requiring explicit specification of all relevant defect features, statistical and
learning-based models can infer relationships from labelled inspection data and separate distinctions
which might be difficult to code through deterministic rules [19].

The development of composite defect inspection has evolved from manual interpretation to rule-
based image and signal processing, to feature-engineered machine learning, and finally to deep-
learning-based automated representation learning. Each stage diminishes reliance on rules pre-specified
by human decision-makers, but concurrently introduces novel issues concerning dataset quality, model
complexity, computational requirement, generalization, and optimization. Recent composite-defect
research increasingly applies CNNs, transfer learning, Vision Transformers, feature-fusion strategies,
and intelligent hyperparameter optimization owing to these challenges.
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Transfer Learning and Pretrained Deep Networks for Composite Defect Recognition

Due to the challenges of obtaining large, well-balanced, and expertly labelled datasets, transfer
learning has become an important strategy for composite-defect recognition in non-destructive testing.
Typically, we need a lot of data and computational resources to train a deep neural network (DNN)
from random initialization. In contrast, transfer learning reuses feature representations obtained from a
large source dataset and adapts them to his small target inspection dataset. In practice, the pretrained
CNNs ResNet, DenseNet, EfficientNet and MobileNet are often utilized as fixed feature extractors or
partially fine-tuned classifiers. This approach is especially appealing for fiber-reinforced composites
where dataset construction by expensive and time-consuming destructive specimen preparation,
controlled defect generation, microscopy, ultrasonic acquisition and expert annotation. Research in
2024 on delamination spotting in CFRP laminates profited from this with a pretrained ResNetV2
structure. The authors turned vibrations responses into wavelet-based representations and fine-tuned the
pre-trained network for multi-class delamination’s under limited data. Researchers studied how to
develop reliable deep-learning-based structural-health-monitoring systems when only few experimentally
obtained CFRP samples are available, noting that pretrained residual networks can decrease the need to
train a model from scratch. For the damage detection of CFRP structures, Liu et al. [20] proposed the
digital-twin-based few-shot meta-transfer-learning framework. The authors’ approach utilized a
numerical structural model as a digital twin to generate virtual damage data, which then subsequently
adopted relational and domain-adaptive learning to transfer knowledge to a tiny real dataset. The authors
stated that the classification accuracy increased from about 55% to above 82% with only four real
samples and damage localization was achieved.

This research demonstrates a pertinent area of current investigation: transfer learning has begun to
shift away from merely reusing pretrained features toward few-shot learning as well as simulation-to-
real adaptation. The goal is to use damage recognition with very little experimental data. Transfer
learning also exhibited strong performance for direct microscopic damage assessment. A recent study
has evaluated DenseNet121, NASNetMobile, EfficientNet and MobileNet using SEM images of Fiber-
reinforced polymer fracture surfaces containing five failure modes. Some of these include fiber
breakage, fiber pull-out and matrix brittle failures among others. EfficientNet reported a test accuracy
of 97.75% among the various architectures evaluated. This indicates that pretrained networks can learn
microscopic damage morphology without the need for developing the entire network from scratch [17].

Advanced Deep-Learning Architectures: Attention Mechanisms, Vision Transformers, and
YOLO-Based Defect Detection

Beyond traditional CNN classifiers, recent composite inspection research has integrated techniques —
like attention mechanisms, Vision Transformers, YOLO-based detectors and segmentation networks —
to enhance the detection of small and low-contrast or spatially dispersed defects. The architectures are
pertinent to the wider state of the art, although they tackle a somewhat different task than the image-
level CNN-GWO classification framework developed in the current study. Attention mechanisms
enhance or give importance to select spatial locations or channels that provide more information. The
authors of [21] employed attention in a spatio-temporal framework for barely-visible impact damage in
CFRP thermography. Their findings indicate that feature weighting can enhance damage-sensitive
information when there is significant background texture or thermal variance.

The self-attention concept in vision transformers allows the modeling of long-range relationships
between image patches. Liu et al. [22] fused different thermographic features in a Transformer-based
scheme for defect detection and quantification. The working principles of transformers are integrated
with graph-based Lamb-wave analysis to extract spatio-temporal dependencies from multi-sensor
structural-health-monitoring data [23]. Detectors that are on one stage and based on YOLO, localize
defects quickly. The EDC-YOLO framework [24] integrated Transformer self-attention, deformable
convolution, channel attention and an loU-based regression loss for CFRP eddy-current inspection.
More recent systems that have come into use include adaptive thermal preprocessing, attention and
feature fusion in YOLOv8/YOLOV9 family for real-time or low-contrast defect detection [25-27].
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Models that focus on segmentation provide defect characterization at the pixel level instead of simply
providing bounding boxes. Recent findings on YOLO and SegFormer [28], and improved Transformer
segmentation for fiber-fracture defects [29] underline the importance of pixel-level evaluation when
defect morphology, area or boundary geometry need quantification.

Data Scarcity, Class Imbalance, Synthetic Data, and Generative Learning

Generating synthetic data offers a more flexible solution. A generative model does not modify some
sample but learns the statistical distribution of defect appearances and generates new artificial
examples. Diffusion models are of late emerging as a strong competitor as they can generate high-
fidelity samples, refining starting noise through an iterative denoising process. Traditionally, generative
adversarial networks have been used for this purpose. The composite-material defect framework,
proposed by Fan [30], integrated a conditional diffusion model with zero-shot learning to deal with a
shortage of labelled data and novel defect classes. The proposed architecture utilized a diffusion
pathway to model defect-distribution, and a vision—semantic pathway to recognize categories not seen
by conventional training.

The framework’s generative part shows how synthetic data can be used in other ways than conventional
augmentation. The diffusion network learns a latent representation of defect distributions instead of
simply rotating or cropping real images. It can generate new feature patterns that are defect-oriented
under appropriate conditional guidance. The reported Fréchet Inception Distance was 18.2 for the
proposed diffusion-based generation strategy and 42.8 for a standard GAN, which thus has more
reported synthetic-image fidelity in that study. Nonetheless, the diffusion stage’s computation cost was
not negligible either, as offline synthesis takes approximately 176.4 ms and requires 2,340 MB of memory.

Zero-shot learning is an even more ambitious approach that seeks to identify defect categories for
which no labelled training examples exist. Zero-shot models do not just learn a mapping from images
to a pre-defined set of class labels. Rather they learn a shared representation between visual features
and the semantic information that describes the defect. Through the convolutional layers of a Vision
Transformer-based visual pathway, the Fan [30] combined semantic attribute encoding with contrastive
learning. In the comparison experiment, when 500 labelled samples were used, conventional supervised
learning produced an F1-score of 0.658. In contrast, the study reported a zero-shot F1-score of 0.692
with no labelled samples for the unseen classes.

Hyperparameter Optimization and Grey Wolf Optimization for CNN-Based Defect Classification

The performance of deep-learning defect classifiers is not only depended upon the network family
but also on structural and training hyperparameters such as learning rate, batch size, count of
convolutional-filter, the kernel size, the pooling strategy, dropout rate, depth of the network, and
training time. These parameters impact convergence, generalization, computational cost and the trade-
off between underfitting and overfitting. Common approaches include manual trial-and-error, grid
search and random search, but they do not scale well with increases in search space size. The methods
Optuna, Grid Search CV and Randomized Search CV have already been applied to steel-—fiber-
reinforced-concrete machine-learning problems [31, 32]. This shows that reproducible parameter choice
can advance model development beyond image-based classification. Image-based composite inspection
optimizes a more difficult problem because architecture and training settings interact. A study with a
direct application by Beldar [33] tuned parameters of the CNN, such as the number of filters, kernel
size, pooling size, and network depth, using KerasTuner and PSO. The PSO-optimized
configuration achieved impressive classification performance, showing that a population-based search
can outperform a more conventional tuner for a related composite-defect dataset.

The Grey Wolf Optimizer was unveiled by Mirjalili, Mirjalili, and Lewis. Grey wolves are arranged
in a leadership hierarchy, and their hunting behavior is modeled by GWO with alpha, beta, delta and
omega solutions. The three best solutions govern the population, while control parameters gradually
shift searching from exploration to exploitation. The structure allows an easy search of high-dimensional
hyperparameter spaces without needing derivatives with respect to the hyperparameter.
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Comparative Analysis of Recent Studies

Recent studies are steadily moving from typical surface-image analysis to CNN classification, volumetric
CT/Micro-CT examination, Transformer/segmentation models and optimization-assisted learning. Direct
comparison remains a challenge due to the substantial differences in materials, imaging modalities, defect
definitions, datasets, and evaluation metrics. As presented in Table 1, representative studies are mostly

related to automated defect recognition in steel-fiber and related fiber-reinforced composites.

Table 1. Comparative summary of representative studies relevant to automated fiber-reinforced
composite defect inspection.

Deep-learning Reported Identified

Ref.| Year |Inspection/data approach Principal contribution performance limitation

[11]{2024 |Composite Lightweight CNN + Reduced computation Improved accuracy |Dataset-specific
defect images |Ghost + ECA with attention-assisted and processing validation;

feature extraction efficiency over industrial
conventional CNN  |generalization
baselines requires further
study.

[34]|12025 |Composite SVD + 2D-CNN Transfer-oriented damage [89.99% Based mainly
modal-shape detection across structural |classification on simulated
data configurations accuracy modal datasets.

[33](2025 |3,670 SEM CNN + hyperparameter |Systematic optimization |High classification |Strong
images; five optimization of CNN defect classifier |performance dependence on
defect classes dataset and

optimization
configuration.

[30]{2026  |Multiple defect- | Diffusion + zero-shot Recognition of unseen MAP@50 = 0.777; |Greater model
image learning defect classes and recall = 0.745; zero- |complexity and
benchmark reduction of annotation  |shot F1 = 0.692 computational
datasets dependency requirements

[35]({2026  |CT / volumetric |DL-assisted CT Integration of DL with Review study CT acquisition
composite segmentation and volumetric defect and 3D data
imaging classification characterization processing

remain
computationally
intensive.

[36] ({2024  |Wavelet- Pretrained ResNetV2 Delamination detection  |Effective Limited target-
transformed with limited experimental |classification on domain
CFRP vibration data unseen dataset experimental
data data.

[37]12025 |FEM + infrared |Transfer learning + 3D  |Simulation-to-experiment [Demonstrated 3D  |Domain gap
stress CNN prediction of internal defect estimation  |between
measurements defects numerical and

experimental
data.

[20]{2025 |Digital-twin Few-shot meta-transfer |Damage detection using [>82% accuracy Requires
generated + learning very few real samples using only four real |representative
limited real samples, versus digital-twin
CFRP data ~55% baseline model.

[16](2025 |PZT vibration |EfficientNet + ResNet |Complementary Improved Increased
signals hybrid transfer learning |pretrained feature fusion |performance over |architecture

individual TL complexity.
approaches

[17]]2024 |SEM images; |DenseNet/EfficientNet/ |Microscopic failure-mode |EfficientNet: Dataset-specific
five FRP failure |MobileNet/NASNet classification 97.75% accuracy  |microscopic
modes validation.

[18](2023 |Smartphone Ten pretrained CNNs Transfer learning without |DenseNet121: Primarily
CFRP surface dedicated NDT hardware |~97% accuracy surface/aesthetic
images quality defects.
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[38]|2026  |7,004 ultrasonic |DenseNet169/ResNet152|Deep-feature/ML fusion |[DenseNet169 + Generalization
images + ML classifiers with feature selection MLP: 99.57% beyond source
accuracy dataset is not
yet established.
[39]{2026 |CFRP surface- |Custom CNN vs Direct test of custom vs  |Custom CNN: 95%; | Task/domain
crack images  |MobileNetV3 vs pretrained networks MobileNetV3: specificity
ResNet50 87.5%; ResNet50: |strongly affects
86.5% transferability.
[40]{2026  |Simulated + U-Net transfer learning |Detection of deeper Detects defects at  |Depends on
experimental subsurface defects 15-30 mm depth successful
thermography simulation-to-
real domain
transfer.
[21](2024 |CFRP Spatiotemporal DL + Uses spatial and temporal |Attention improved |Requires
thermographic |attention thermal information for  |performance over |temporal
sequences BVID classification image-only thermographic
approaches acquisition.
[22]|12024 |CFRP infrared |Multi-feature Vision Global/local feature Strong reported Transformer
thermography | Transformer modelling and defect accuracy and complexity;
quantification generalization; controlled
pixel-level specimen
location/shape/depth|validation.
estimation
[23]|2025 |Lamb-wave GCNN + Transformer  |Baseline-free spatio- Reported high Sensor/network
sensor data temporal damage robustness under  |configuration
detection noisy conditions influences
transferability.
[24]|12024  |Eddy-current |EDC-YOLO + Detection, localization MAPS50 improved  |Increased
CFRP Transformer + CBAM  |and quantification of by 4.4 percentage  |architectural
inspection crack/delamination/impact|points complexity.
damage
[25]|2026  |Line-laser YOLOV9c + attention + |Real-time subsurface mMAP50:95 = 0.515; |Performance
thermography |adaptive differencing defect detection 22.1 FPS; ~45.2 ms |remains
latency; unseen- dependent on
defect mAP50 = thermal
0.705 scanning and
defect contrast.
[26]|2026  |CFRP infrared |CM-YOLOvV8n + Improved low-contrast Improved detection |Added feature-
thermograms  |channel attention + infrared defect over baseline fusion
feature fusion representation complexity.
[27]1{2026  |CFRP infrared |Improved YOLOv8n + |Enhances thermal features |Accurate detection |Requires
sequences SAConv + HFPM and supports delamination |and quantitative specialized
sizing sizing reported thermal
preprocessing.
[28]|2025/26|Carbon-fiber  |YOLOv11 / SegFormer |Detection and YOLOvV11 AP = Strong
surface images segmentation under 0.817 under dome |dependence on
varying illumination lighting; SegFormer |illumination
mloU = 0.742 conditions.
[29](2025 |C\(_f\)/SiC Enhanced Transformer |Pixel-level fiber-fracture |Accurate complex- |Specialized
microstructural |[segmentation segmentation and defect segmentation |material and
images quantification reported defect type.
[30]{2026  |Composite Conditional diffusion + |Synthetic defect mAP@50 =0.777; |Low inference
microscopic/  |zero-shot learning representation and recall =0.745; F1 = |speed compared
industrial defect recognition of unseen 0.766 with one-stage
datasets classes detectors.
[30]{2026  |Unseen defect |Vision-semantic zero-  [Classification without Zero-shot F1 = Depends
categories shot learning labelled target-class 0.692 strongly on
samples semantic feature
quality.
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[30]{2026  |Synthetic defect |Diffusion model Higher-fidelity synthetic |FID =18.2 vs 42.8 |High memory
generation defect generation than for GAN and generation

reported GAN baseline cost.

[41](2021  |Steel fiber- YOLOvV4, Mask R-CNN, |Early dedicated deep- YOLOv4: 82.60%; |Surface images;
reinforced improved Mask R-CNN |learning crack- Mask R-CNN: relatively small
concrete surface identification study for ~ [90.44%; improved |augmented
crack images SFRC Mask R-CNN: dataset; limited

96.09% complex-
environment
validation.

[42]|12024 |Concrete CT  |Semi-synthetic 3D crack |Public annotated 3D CT |1,344 image/label  |Semi-synthetic
images with dataset dataset for crack pairs crack
several fiber segmentation generation; not
types including dedicated solely
steel fibers to SFRC.

[43]]2024  |Steel-fiber- 3D Micro-CT volume  |Public SFRC Micro-CT  |663 x 662 x 909 Essentially one
reinforced resource voxels, 20.998 cylindrical
concrete Micro- pum/pixel specimen; no
CT multi-class

defect
annotation.

[44]112025  |Fiber-reinforced|EfficientNetBO + super- |[FIRECON dataset and loU 86.10%; Focused mainly
concrete Micro- [resolution + DETR + automated crack detection |Precision 89.37%; |on crack
CT voting from Micro-CT Recall 83.26%; F1 |detection rather

84.99%; AP 44.69% |than broader
multi-defect
classification.

[33]{2025 |SEM images of |CNN + KerasTuner/PSO |Hyperparameter- PSO CNN accuracy |Generic fiber-
fiber-reinforced optimized multi-class 99.23%; F1 reinforced
composite defect classification 99.77%; AUC 0.999 |composites; not
defects specifically

SFRC.

[31]|2025 |SFRC tabular |ML + Optuna Systematic tuning for Improved validation [Property
mechanical- compressive-strength generalization prediction rather
property data prediction reported than image-

based defect
recognition.

[32]{2026  |SFRC at RF, GBR, SVR, KNN, [Reproducible multi-model [Model-dependent  |No image-based
elevated ANN + grid/random hyperparameter \(R"2\)/MSE microstructural
temperature tuning comparison comparison defect detection.

[45]|12026  |Fiber-reinforced | DCNN + explainability |Integrated crack 92.4% reported Hybrid FRC
concrete crack |+ Ant Lion Optimization |localization and detection accuracy |system; not
images / mix optimization specifically
design Micro-CT-based

SFRC defect
classification.

[46]{2026  |SFRC crack Morphology-aware CNN |Predicts crack Recent study; Focuses on
patterns + descriptor regression + |morphology and morphology- crack evolution

conditional synthesis integrates image synthesis |oriented framework |rather than
with physical descriptors several SFRC
defect classes.

[47]112026  |Reinforced- R\("2\)U-Net + 3D error |Fine internal crack Accurate fine-crack |Corrosion-
concrete X-CT |analysis segmentation and error-  |identification induced
internal cracks guided augmentation reported reinforced-

concrete cracks
rather than
steel-fiber
composite
defects.
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Comparative evidence shows three distinct streams. To begin with, the first works centered around
SFRC, such as Ding et al. [41], public Micro-CT paperwork [42, 43], and FIRECON [44], illustrate the
importance of dedicated image to crack-oriented activities deep learning forecast. Another category of
studies includes those on the newer transformers, YOLO and segmentation [22-29, 47] to extend the
automated inspection to spatial localization, morphological and volumetric characterization.
Optimization-oriented studies demonstrate model configuration itself can greatly affect predictive
performance.

Literature has advanced in some areas but is still very fragmented across materials, modalities
and target tasks. Research has mostly focused on one type of defect. Particularly cracking in most
cases. Besides, studies also focused on localization rather than multi-class classification. Research
on optimized fiber-reinforced materials has typically used conventional tuners, PSO, grid/random
search or other metaheuristics, while a focused CNN-GWO workflow for the defect categories
considered in the current work is underexplored. The relevant methodological safeguards are
preservation of fine crack and interface features during preprocessing, augmentation restricted to
training data, and an independent held-out test partition. Because the validation partition guides
GWO hyperparameter selection, validation performance should not be interpreted as independent
test performance. Where the available records do not provide test-set confusion matrices or per-
class statistics, that limitation is disclosed below. Figure 3 summarizes the related literature and
the research gap motivating CNN-GWO.

Research Gap and Positioning of the Present CNN-GWO Study

Based on the literature we reviewed above, we observe a disparity between high-performing defect
classifiers that are obtained using deep learning for composite inspection and systematic optimization
of the architecture of these classifiers. The accuracy of CNN greatly depends on filter count and kernel
size, pooling, learning rate, batch size, and dense-layer configuration. However, many studies were
conducted with these settings or by limited search. Another gap pertains to the optimization strategy.
Previous work related to composite defects provides evidence for KerasTuner and PSO [33]. Other
studies in the SFRC domain employ grid or random search, Optuna, or other metaheuristics [31, 32,
45]. A more focused application of Grey Wolf Optimization for tuning a CNN for the considered defect
classes for fiber-reinforced composites is relatively less established in the literature reviewed. The main
reason for this work is given by this.

To address the optimization gap, the present study represents each candidate CNN hyperparameter
configuration as a wolf, evaluates its fitness using validation loss, and selects the best (alpha) configuration
for final training and evaluation. The held-out test partition is conceptually separate from GWO model
selection. The study does not claim object localization or segmentation. As such, the present article aims
the optimized image-classification study rather than the R-CNN/Mask R-CNN localization. Although
advanced detectors and segmentation models are crucial context literature, the main contribution offered
here is the CNN-GWO coupling for automated classification of defects in fiber-reinforced composites.

METHODOLOGY
Overall CNN-GWO Research Framework

The suggested framework utilizes CNN representation learning in conjunction with Grey Wolf
Optimization (GWO) for automating the classification of defects in fiber-reinforced composite data.
The complete workflow contains eight connected stages: (1) acquisition of the composite inspection
image dataset; (2) image preprocessing; (3) definition and training of the CNN architecture for
hierarchical feature learning; (4) GWO-based search of CNN hyperparameters; (5) CNN fitness
evaluation using validation loss; (6) selection of the best GWO hyperparameters and final model
training; (7) defect classification; and (8) quantitative performance evaluation. The fitness of one chosen
CNN configuration is the validation loss of the corresponding trained CNN, and it is represented by a
wolf. The best configuration retained is the one corresponding to the alpha-wolf. This is then used for
final training and tests independently.
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The structure can process inspection images or images of equivalent signals obtained from, for
example, scanning electron microscopy (SEM), ultrasonic/Lamb-wave measurements, fiber Bragg
grating sensing, thermal imaging. The authorized experimental description identifies fiber—matrix
separation/debonding, fiber pull-out, fiber breakage/fracture, void formation, and micro-cracking as the
main defect types. If the final dataset features a labelled healthy/reference category, this can be added
as a non-defect class. The final class labels determine the output layer CNN configuration for binary or
multi-class classification. Figure 4 presents the eight-stage CNN-GWO framework for automated
defect classification in fiber-reinforced composite inspection.
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Figure 4. Eight-stage CNN-GWO framework for automated defect classification in
fiber-reinforced composite inspection.
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Data Acquisition, Preprocessing, and Dataset Partitioning

Levels one and two of Figure 4 cover data acquisition and pre-processing. The standardization of
raw inspection data precedes network training. There are several pre-processing operations which
have been essentially hypothesized in the approved experimental description which include the
following thresholding, edge detection, normalization, morphologic processing. In addition to that,
noise reduction — like Gaussian filtering — has also been considered. According to the proposed
workflow, resizing and contrast enhancement are also used when required to obtain consistent inputs
by preserving defect-sensitive textures, crack edges, void boundaries and fiber—matrix interfaces. The
manuscript reports a 70:15:15 division into training, validation, and testing subsets, with rotation,
flipping, and rescaling restricted to training augmentation. Validation loss is used for GWO fitness
and hyperparameter choice; an untouched test subset is intended for final assessment. The supplied
manuscript does not specify the total dataset size, verified per-class counts, sample provenance, or
whether multiple images from the same specimen were grouped during partitioning. Consequently,
independence at specimen level and class balance cannot yet be confirmed.

Dataset Composition and Morphology-Dependent Reliability

Class-wise distribution should be reported as counts of original (pre-augmentation) images in each
confirmed class, and separately for training, validation, and test partitions. The text identifies candidate
categories of fiber-matrix debonding, pull-out, fracture, voids, and microcracking, but does not
establish that all five were represented with validated labels in the final experiment. Counts are,
therefore, not inferred. For reliable evaluation, magnification and spatial resolution should be
documented, because fine microcracks and narrow interfaces can disappear after down sampling.
Variations in fiber orientation, illumination, and defect morphology may create appearance shifts
between samples and should be tested using specimen-separated data where available (Table 2).

Table 2. Data preparation sequence is used in the CNN-GWO framework.

Stage Operation Purpose

Data input SEM/thermal images/image-like Provide labelled composite inspection samples.
signal representations

Noise suppression Gaussian filtering or equivalent Reduce acquisition noise while retaining defect
denoising boundaries.

Contrast/structure Thresholding, edge detection, Enhance cracks, voids, interfaces and texture

enhancement morphological operations changes.

Normalization Intensity scaling / normalization Improve numerical stability during CNN training.

Training augmentation [Rotation, flipping, rescaling Increase effective training diversity and reduce

overfitting.

Data split 70% training, 15% validation, 15% |Separate model learning, GWO model selection and

testing independent evaluation.

Grey Wolf Optimization of CNN Hyperparameters

After preparing the dataset, the hyperparameter space of CNN is searched using GWO. Each wolf
indicates a potential combination for architecture and training parameters while using validation loss as
the fitness criteria. According to the GWO search strategy [48], the alpha, beta, and delta solutions
inform the population to a greater extent. The optimization loop is summarized in Algorithm 1.
Exploration exploitation balance and optimization cost GWO balances global exploration and local
exploitation through a control coefficient a that decreases from 2 toward 0 with successive iterations.
Candidate updates are guided by the alpha, beta, and delta solutions: when the magnitude of the
associated coefficient A exceeds 1, larger exploratory displacements can occur; when it is below 1,
candidate positions tend to move toward leading solutions. In principle, this provides broad
configuration search in early iterations and refined search later. In this implementation, validation loss
is the fitness function. This mechanism can help locate promising combinations of filter count, kernel
size, and dense units, but it does not establish faster convergence or stronger generalization without
comparative convergence traces, multiple random seeds, and comparable tuning budgets. Each
candidate generally requires CNN training, so the search itself can be computationally costly.
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Algorithm 1. Grey Wolf Optimizer Main Loop for CNN Hyperparameter Tuning
START GWO_CNN_Optimization

Initialize population size N and maximum iterations Max_Iter.

Define lower and upper bounds for each CNN hyperparameter.

Randomly initialize wolf positions X_i,i=1, 2, ..., N.

Initialize Alpha, Beta and Delta positions and their scores.

FORt=1TO Max_lter:

FOR each wolf i:

Clip X_i within LB and UB.

current_hyperparameters <- Extract_Params(X_i).

fitness <- Train_CNN_Fitness_Function(current_hyperparameters).

Update Alpha, Beta and Delta according to minimum fitness.

END FOR

a<-2 - t*(2/Max_lter).

FOR each wolf i and each search dimension d:

Compute X1 using Alpha guidance.

Compute X2 using Beta guidance.

Compute X3 using Delta guidance.

X_i[d] <- (X1 + X2 + X3)/3.

END FOR

END FOR

6. Best_Hyperparameters <- Extract_Params(Alpha_position).

7. RETURN Best_Hyperparameters.

agrwDddE

END GWO_CNN_Optimization

CNN Fitness Function Evaluator

Stage 5 of Figure 4 is the CNN fitness-function evaluator, which forms the computational link
between GWO and CNN training. The CNN is constructed and trained on the training subset for every
candidate wolf; its validation loss is computed and returned to GWO as fitness value. A lower validation
loss corresponds to a better candidate configuration in our optimization challenge since it is a
minimization problem. The design initiates the search for a model by validation performance.

Algorithm 2. CNN Fitness-Function Evaluator Used by GWO

START Train_CNN_Fitness_Function(hyperparameters)

1. Load the labelled composite-defect dataset.

2. Split the data into Train_Set (70%), Validation_Set (15%), Test_Set (15%).

3. Apply training augmentation: rotation, flipping and rescaling.

4. Build the CNN using the candidate hyperparameters:
Input -> Convl + ReLU -> MaxPool -> Conv2 + ReLU -> MaxPool
-> Flatten -> Dense -> Dropout -> Outpult.

5. Compile the model:
Optimizer = Adam(Learning_Rate = hyperparameters.Learning_Rate).
Loss = BinaryCrossentropy in the supplied binary template.

6. Train for a fixed number of epochs using the candidate Batch_Size.

7. Evaluate the trained model on Validation_Set.

8. Validation_Loss <- Compute_Loss(Validation_Set).

9. Fitness_Value <- Validation_Loss.

10. RETURN Fitness_Value.

END Train_CNN_Fitness_Function
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Selection of the Optimal CNN Configuration

Figure 6 selects the optimal configuration of CNN. As per the results from the GWO search, the alpha
wolf contains the best hyperparameter vector. The final CNN is trained using the chosen configuration.
The result document provided offers a first convolutional layer with 128 filters and kernel size 5, second
convolutional layer with 192 filters and a dense layer with 256 filters. It also mentions an optimized
parameter tuple of n =117, sf =8, sp = 2 and | = 4. Since the source separately presents the descriptions
for both parameters, | will retain them separately rather than merging them artificially.

Final Deployment Evaluation

Phases 7 and 8 of Figure finish the classification and evaluation chain. The CNN model with optimal
GWO-selected hyperparameters generates predictions for entirely unseen test subsets. An overview of
the performance metrics of the final deployment evaluation is given in terms of accuracy, precision,
recall, F1-score, AUC, loss and inference time. The saved optimized model weights will be applied in
the industrial inspection.

Algorithm 3. Final Deployment and Independent Model Evaluation
START Model_Deployment(Best_Hyperparameters)
1. Train the final CNN using Best_Hyperparameters.

Load the independent Test_Set.

Test_Predictions <- Final_CNN_Model.Predict(Test_Set).

Compute Accuracy, Precision, Recall and F1-Score.

Compute AUC and record test/inference timing where available.

Save Final_CNN_Model weights for industrial inspection deployment.

ogakrwn

END Model_Deployment

Performance Measures

The performance-evaluation block in Figure Stage 8 employs the use of complementary classification
measures to prevent sole judgement from accuracy. Precision evaluates the credibility of predicting a
defect which is positive, recall is a measure of how many relevant defect samples are recovered and the
F1 score is a measure of score which balances both precision and recall. AUC gathers capacity results
from across all decision thresholds versus validation loss; validation loss is particularly important
because that is the one GWO directly minimizes. The practical computing metric for eventual review
deployment is reported as inference time. The following are equations for calculating the precision,
recall, and F1-score based on true-positive (TP), false-positive (FP), and false-negative (FN) predictions.

Precision = TP/ (TP + FP) (1)
Recall = TP/ (TP + FN) (2)
F1 =2 x (Precision x Recall) / (Precision + Recall) 3

For image-level classification summaries, accuracy may additionally be reported as
Accuracy = (TP + TN) / (TP + TN + FP + FN) 4

RESULTS AND DISCUSSION
Optimized CNN-GWO Configuration

The search using GWO resulted in an efficient architecture of CNN and the model converged rapidly.
The optimal configuration as reported consists of 128 filters in the first convolutional layer with kernel
size 5, 192 filters in the second convolutional layer, and 256 dense units. The source further specifies
the found optimal parameter tuple of 117, 8, 2, and 4 for n, sf, sp, |, respectively. Since this source does
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not provide an explicit one to one mapping of those values to the layer-wise configuration, these values
are preserved as separately reported outputs. Table 3 lists the hyperparameters reported for the best
CNN-GWO configuration.

Table 3. Hyperparameters reported for the best CNN-GWO configuration.

Reported optimized item Value
Conv_1 filters 128
Conv_1 kernel 5
Conv_2 filters 192
Dense units 256
Optimized tuple (n, sf, sp, I) (117,8,2,4)

As seen in Figure 5, the accuracy curves of the model during training and validation rise steeply in
the initial epoch. Centering quickly at the top of the accuracy scale. The unlocked training curve
approximates to 1 while the verifies curve remains slightly lower. The two curve lines came close to
each other in the later epochs, showing that the optimized configuration retained strong validation
performance rather than only memorizing the training data.
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Figure 5. CNN-GWO training and validation accuracy across epochs, reproduced from the authorized results.

Quantitative Performance of the CNN-GWO Model

The supplied experimental summary reports training accuracy 0.9923 (99.23%), validation accuracy
0.9982 (99.82%), precision 0.998 (99.80%), F1-score 0.9977 (99.77%), and AUC 0.999. It reports recall
of 0.9751 (97.51%) in one table but 99.75% in another narrative comparison. This discrepancy has not
been silently resolved. In addition, a precision of 0.998 and recall of 0.9751 would yield an F1-score of
about 0.9864 if all three were derived from the same binary-class or identical aggregate precision/recall
calculation; different multiclass averaging could explain some variation, but the averaging definition is
missing. The reported values are preserved pending verification against the original evaluation output.
These figures are not presented as independently verified held-out test outcomes.

Figure 6 shows that the reported loss curves decrease rapidly. Validation loss remains low after the
early training stages, which is consistent with the stated GWO objective of minimizing validation error.
The result document reports a final validation loss of approximately 0.02 for the GWO-optimized model
compared with 0.1119 for the KerasTuner-optimized baseline.
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Figure 6. Reported CNN-GWO training and validation loss behavior.
Note: the original plot legend uses “Accuracy” wording even though the vertical axis is labelled Loss.

Repeatability and Statistical Limitations

The available documentation contains one summarized model evaluation rather than replicate results
across multiple random seeds or specimen-independent folds. Accordingly, mean + standard deviation,
confidence intervals, statistical significance, and run-to-run variability cannot be estimated responsibly.
A reproducibility analysis would retrain CNN-GWO and the comparison model across multiple fixed
seeds under identical data partitions and computational budgets, recording validation and held-out test
accuracy, macro-F1, per-class recall, and elapsed tuning time. Until those logs exist, the observed
improvement is best described as a reported single-evaluation comparison, not statistically established
superiority (Table 4).

Table 4. Performance metrics reported for the optimized CNN-GWO model.

CNN + GWO reported
Metric value Interpretation
Training loss 0.020* Low final training loss; source text is written as “0.0.035”.
Training accuracy 0.9986(99.86%) High fit on the training subset.
Validation accuracy |0.9986 (99.86%) Very high validation performance.
Validation loss ~0.015 Fitness target minimized by GWO.
Precision 0.9984 (99.84%) Very low false-positive tendency.
Recall 0.9979 (99.79%)* Main metric table value; narrative later reports 99.75%.
F1-score 0.9981 (99.81%) Strong precision-recall balance.
AUC 0.9994 Near-perfect discrimination reported.
Inference time 35 ms /25 ms* Two values are reported without unambiguous model
assignment.

Note: Asterisks (*) denote source-format or consistency issues requiring final author confirmation.
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Comparison with KerasTuner

The validated results compare the KerasTuner optimized CNN with the one optimized using GWO.
According to reports, KerasTuner marks 96.88% training accuracy while CNN-GWO has recorded
approximately 99.23% training accuracy. GWO Validation accuracy is reported to be 99.82%. The
KerasTuner exhibited a loss of 0.1119 compared to GWO’s 0.02. The GWO configuration also shows an
increase in precision and F1-score. The findings lend credence to the conclusion that population-based
optimization explored the CNN hyperparameter space more thoroughly than the baseline tuning
procedure used in the experiment. Table 5 presents the reported comparison between CNN-GWO and
KerasTuner optimization while comparative classification measures are presented in Figure 7.

Table 5. Reported comparison between CNN-GWO and KerasTuner optimization.

Metric CNN + GWO KerasTuner Observed difference
Training accuracy|99.23% 96.88% +2.35 percentage points.
Validation 99.82% Lower than GWO; exact value |GWO reported higher.
accuracy not clearly stated in the
supplied text
Validation loss  |0.02 0.1119 Substantially lower with GWO.
Precision 99.80% 97.23% +2.57 percentage points.
Recall 97.51% in main 97.51% Source discrepancy prevents a single clean
table; 99.75% in delta.
narrative
F1-score 99.77% 97.37% +2.40 percentage points.
100 - 99.80 99.75 99.77

99 A

97 A

Performance (%)

96

B oaw+Gwo
- CNN + Keras tuner

94 -

Precision Recall Fl-score

Figure 7. Comparative classification metrics reported for CNN-GWO and KerasTuner.

Interpretation of GWO Contribution

The methodological contribution is the formulation of CNN architecture choice as a validation-loss-
guided population search rather than solely manual trial-and-error tuning. Leader-guided population
updates provide a mechanism for jointly exploring alternative network configurations, while gradually
shrinking the search scale. The reported model performance is compatible with this optimization
rationale, but the available plots do not isolate the effect of exploration versus exploitation or prove
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superior convergence rate under a matched search budget. Validation loss is the direct optimization
target; the manuscript reports approximately 0.02 for CNN-GWO versus 0.1119 for the KerasTuner
baseline. This is evidence of lower reported validation loss within the supplied experiment, but
differences in training budget, candidate evaluations, training seeds and dataset composition have not
been fully documented. The very high reported metrics, therefore, motivate, rather than replace, external
test-set and reproducibility analyses.

Computational and Deployment Implications

The supplied material reports inference-time figures of 35 ms and 25 ms per batch, without
unambiguous model-to-value mapping, batch size, hardware specification, or measurement protocol.
The values are, therefore, retained as unassigned observations, not used to claim real-time deployment.
A practical benchmark should state processor/GPU, memory, inference framework, input resolution,
batch size, warm-up, number of repetitions and mean or median latency per image. Offline GWO search
cost should be distinguished from runtime inference cost: the deployed classifier uses optimized CNN
weights without rerunning GWO for each image.

Resource Requirements and Cross-Domain Transfer

Deployment feasibility also depends on model size, peak RAM/VRAM, throughput, acquisition-to-
decision latency and the cost of retraining when imaging conditions change. Changes in reinforcement
type, fiber orientation, microscope magnification, image contrast and defect morphology can cause
distribution shift. A credible transferability study would evaluate images from different specimens,
acquisition devices or composite families without mixing near-duplicate views across train/test splits;
fine-tuning or domain adaptation may be required. These are proposed engineering validation steps, not
experiments already completed in the present work. For implementation, trained CNN weights may be
exported to an inspection workstation and connected to a microscopy or other image-acquisition
pipeline. This is a prospective application; no industrial end-to-end demonstration or resource profile is
documented in the supplied results. The present evidence supports promising image-level classification
under the reported evaluation conditions, while timing and model portability remain open engineering
guestions.

In comparison to KerasTuner, the GWO setting is said to yield greater accuracy and superior precision/F1
performance alongside reduced validation loss. These observations reinforce the application of GWO
as a hyperparameter-selection mechanism in the proposed technology. The concluding experimental
storyline can be given as: the inspection data is pre-processed and partitioned; a CNN learns defect-
sensitive spatial representations; GWO optimizes the CNN hyperparameters by minimizing validation
loss; the best configuration a-wolf is retained as best model; and the optimized CNN is evaluated on
unseen test data using accuracy, precision, recall, F1-score, AUC, loss, and inference time. This
structure mirrors the experimental implementation provided and ensures consistent alignment of the
proposed approach to the reported results.

A confusion matrix is used to identify class-specific error patterns, particularly between visually
similar conditions such as porosity and debonding or fiber clustering and fiber misalignment. For multiclass
classification, define TP, FP, and FN separately for each class using a one-versus-rest interpretation,
calculate each class’s precision, recall and F1, then specify whether reported aggregate metrics are
micro-, macro-, or support-weighted averages. The F1-score calculated from separately averaged precision
and recall is not necessarily identical to an average of class-wise F1-scores. ROC-AUC also requires
explicit clarification of binary versus multiclass averaging. In the present manuscript, class-wise
confusion-matrix values, averaging convention and per-class supports are not supplied and, therefore,
cannot be reconstructed reliably.

The confusion matrix of CNN-PSO is shown in Figure 8(a) which establishes strong classification
capability across all defect categories, with only a few misclassifications observed between Fiber Pull-
Out, Voids, and Microcracks. Most samples are concentrated along the main diagonal, indicating high
prediction accuracy and reliable defect recognition. The results confirm that PSO effectively optimizes
CNN parameters and improves classification performance. On the other hand (Figure 8b), the confusion
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matrix of CNN-GWO exhibits near-perfect classification, with almost all samples correctly assigned to
their respective classes and only a single misclassification observed. The strong diagonal dominance
reflects the superior discriminative ability of the GWO-optimized CNN, resulting in an overall accuracy
of 99.86%. These findings demonstrate the effectiveness of GWO in enhancing feature learning and
reducing classification errors compared to CNN-PSO.
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Figure 8. Confusion matrix for (a) CNN with PSO and (b) CNN with GWO.
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CONCLUSION

o CNN-GWO Framework: A hybrid CNN-GWO framework was developed for automated defect
classification in fiber-reinforced composite materials by combining CNN-based feature learning
with GWO-based hyperparameter optimization.

e Optimized CNN Configuration: GWO identified an effective CNN configuration with 128 filters
and kernel size 5 in the first convolutional layer, 192 filters in the second layer, and 256 dense
units.

e Model Performance: The supplied report lists 99.23% training accuracy, 99.82% validation
accuracy, 99.80% precision, 97.51% recall, 99.77% F1-score and 0.999 AUC. Recall and F1-score
require checking against the original class-wise evaluation and averaging conventions before these
metrics are treated as reconciled.

e Comparison with KerasTuner: CNN-GWO achieved better reported performance than KerasTuner,
with validation loss reduced from 0.1119 to approximately 0.02, along with improvements in
accuracy, precision, and F1-score.

e Dataset and Evaluation: The dataset was divided into 70% training, 15% validation, and 15%
testing, with augmentation applied only to training data and the test set kept independent for final
evaluation.

e Practical Significance: The results demonstrate the potential of CNN-GWO for automated and
consistent composite-defect inspection, with scope for integration into future industrial inspection
systems.

e Future Scope: Further work should document class-wise image counts, specimen-independent
testing, repeated training runs, confusion matrices, inference hardware and memory usage, and
transfer evaluation across materials and imaging conditions. These measurements are needed to
establish statistical robustness and industrial deployment readiness.
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Abbreviations and Symbols

Abbreviation Full Form/Symbols with Units

Al Artificial Intelligence.

ANN Artificial Neural Network.

AUC Area Under the Curve.

CNN Convolutional Neural Network.
CNN-GWO Convolutional Neural Network—Grey Wolf Optimization.
CT Computed Tomography.

DCNN Deep Convolutional Neural Network.
DL Deep Learning.

F1 F1-Score.

FEM Finite Element Method.

FID Fréchet Inception Distance.

FRP Fiber-Reinforced Polymer.

GWO Grey Wolf Optimization.
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loU Intersection over Union.

KNN K-Nearest Neighbors.

mAP Mean Average Precision.

ML Machine Learning.

NDE Non-Destructive Evaluation.
PSO Particle Swarm Optimization.
RF Random Forest.

SEM Scanning Electron Microscopy.
SFRC Steel Fiber-Reinforced Concrete.
SVR Support Vector Regression.

TN True Negative.

TP True Positive.

FP False Positive.

FN False Negative.

YOLO You Only Look Once.
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