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Abstract

The uniform distribution of U308 particles within an aluminum matrix is cru-
cial for the optimal performance and safety of plate-type nuclear fuel produced
by the dispersion technique. X-ray radiography is one of the methods em-
ployed to inspect the homogeneity of U308-Al dispersion fuel plates. This non-
destructive inspection technique involves an X-ray source emitting a beam that
passes through the fuel plates, with varying absorption based on the material’
s density. The resulting image reveals the internal distribution of U308 parti-
cles, allowing inspectors to identify any inhomogeneities. This study presents
an automated inspection system combining deep learning and optimization algo-
rithms to classify fuel plates into “Homogeneous” (regular) or “non-homogeneous”
(observed/defected). Multiple optimization techniques are evaluated to identify
the most effective approach, using the Chimp Optimization Algorithm (CHOA)
that selected for its superior performance. Leveraging a pre-trained Efficient
Net for feature extraction and CHOA for feature selection, the system identifies
optimal discriminative features, while a support vector machine (SVM) classifier,
optimized via CHOA, achieves classification accuracies of 99.77% (binary) and
99.72% (ternary) classification. This approach significantly improves inspection
reliability and efficiency, ensuring robust nuclear fuel quality control.
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Abstract

The uniform distribution of U O particles within an aluminum matrix is crucial
for the optimal performance and safety of plate-type nuclear fuel produced by
the dispersion technique. X-ray radiography is one of the primary methods
employed to inspect the homogeneity of U O -Al dispersion fuel plates. This non-
destructive inspection technique involves an X-ray source emitting a beam that
passes through the fuel plates, with varying absorption based on the material’ s
density. The resulting image reveals the internal distribution of U O particles,
allowing inspectors to identify any inhomogeneities.

This study presents an automated inspection system combining deep learning
and optimization algorithms to classify fuel plates as “homogeneous” (regular)
or “non-homogeneous” (observed/defected). Multiple optimization techniques
are evaluated to identify the most effective approach, with the Chimp Opti-
mization Algorithm (CHOA) selected for its superior performance. Leveraging
a pre-trained EfficientNet for feature extraction and CHOA for feature selection,
the system identifies optimal discriminative features, while a support vector ma-
chine (SVM) classifier, optimized via CHOA, achieves classification accuracies
of 99.77% (binary) and 99.72% (ternary). This approach significantly improves
inspection reliability and efficiency, ensuring robust nuclear fuel quality control.

Keywords: X-ray radiography, U O -Al fuel plates, deep learning, Chimp Op-
timization Algorithm (CHOA), automated inspection, nuclear quality control

1. Introduction

Since 1998, the Fuel Manufactured Pilot Plant (FMPP) has been producing
plate-type nuclear fuel for the Egyptian Second Research Reactor (ETRR-2).
This fuel is a U O -Al dispersion fuel type (19.75% U?3 ). U O serves as a chem-
ical compound that contains the fissile material (U??) in nuclear fuel, typically
dispersed within an aluminum matrix to form a composite material encased
in cladding made from 6061 nuclear-grade aluminum alloy using the “picture
frame” technique [1].
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The distribution of U O within the aluminum powder matrix is a critical aspect
of fuel performance during reactor operation. Uranium homogeneity refers to
the uniform distribution of uranium within a nuclear fuel plate, which is essen-
tial for consistent fuel behavior, optimal reactor performance, and safety. The
distribution of U O particles impacts heat generation along the fuel plate; in-
homogeneities lead to localized hotspots, increasing local thermal stresses and
risking fuel clad failure. Additionally, non-uniform distribution affects reactiv-
ity and neutron moderation, leading to reduced fuel efficiency and operational
challenges [2, 3].

In the context of examining U O distribution uniformity, X-ray radiography
provides a valuable tool for assessing the homogeneity of U O -Al dispersion
fuel plates [4, 5]. In radiography, an X-ray source emits a beam of high-energy
electromagnetic radiation that passes through the nuclear fuel plates and is ab-
sorbed in varying degrees based on the material’ s density and thickness. The
penetrating X-rays strike a detector (such as film or a digital sensor) on the op-
posite side. Areas with higher density (such as uranium oxide particles) absorb
more X-rays, reducing intensity reaching the detector, while lower-density areas
(such as the aluminum matrix) allow more X-rays to pass through. These in-
tensity variations create an image representing the internal structure, enabling
inspectors to examine U O particle distribution. Uniformly distributed particles
appear as consistent patterns, while localized accumulations or inhomogeneities
are visible as deviations from uniform distribution. The transmission densitome-
ter is one tool used for this evaluation, measuring transmitted light intensities
through a small circular aperture using a photoelectric sensor [6].

Examples of fuel meats with good and acceptable homogeneity are shown in Fig.
1

, representing reference radiographs based on field experience. Any variations
in uranium density within specific areas of the fuel meat are reflected in densit-
ometer readings corresponding to those regions. Statistical analysis of collected
data is then performed to determine the homogeneity level in each plate [7].

X-ray radiography serves as a crucial non-destructive testing (NDT) technique
for fuel plate inspection, capturing detailed internal images that reveal U O
particle distribution within the aluminum matrix without physical alteration
(Fig. 2

). While this technique offers critical insights into fuel homogeneity, traditional
manual assessment presents significant challenges. Human-based inspection is
time-consuming and suffers from subjectivity and declining accuracy in high-
volume production. These limitations have driven adoption of machine learn-
ing (ML) and deep learning (DL)-based automated inspection systems, which
demonstrate superior detection accuracy, processing speed, and consistency com-
pared to conventional visual examination.

Recent advancements in computer vision and artificial intelligence show sig-
nificant potential for automating defect detection and material characterization.
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Deep convolutional neural networks (CNNs) [8, 9] can extract high-level features
from radiography images for accurate defect classification. However, model ef-
fectiveness depends heavily on optimal feature selection and classifier optimiza-
tion. Traditional dimensionality reduction techniques like Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA) [24] often struggle
with high-dimensional data, while suboptimal hyperparameter tuning degrades
performance. Metaheuristic optimization algorithms [10-16], such as the Chimp
Optimization Algorithm (CHOA) [17-20], have shown remarkable success in en-
hancing ML models by efficiently navigating complex search spaces to identify
optimal features and parameters.

Current nuclear fuel inspection systems face three fundamental limitations: (1)
manual feature dependency in traditional GLCM-based approaches that re-
stricts adaptability to novel defect types, (2) computational inefficiency of deep
learning models that hinders real-time deployment, and (3) oversimplified bi-
nary classification frameworks that lack granularity for multi-defect analysis.
To overcome these challenges, this study proposes an integrated framework
combining EfficientNet-based deep feature extraction for robust pattern recog-
nition, CHOA-optimized feature selection to enhance discriminative capability
while maintaining computational efficiency, and CHOA-tuned SVM classifica-
tion achieving superior accuracy in both binary (defective/non-defective) and
ternary (regular/observed/defected) tasks, thereby addressing all three limita-
tions simultaneously.

2. Related Work

Automated inspection of nuclear fuel plates has evolved significantly over the
past two decades, leveraging advancements in non-destructive testing (NDT),
image processing, and machine learning. This section reviews key methodologies
for nuclear fuel inspection, focusing on X-ray radiography, texture analysis, deep
learning, and optimization algorithms.

X-ray radiography has long served as a primary NDT method for evaluating
U O -Al dispersion fuel plate homogeneity. Early approaches relied on manual
expert inspection using transmission densitometers to measure radiographic film
density variations correlated with uranium particle distribution [6, 7]. While
effective, this method was labor-intensive and subjective, leading to inconsisten-
cies in large-scale production.

To overcome manual inspection limitations, researchers increasingly adopted
ML techniques. Early automated systems used texture analysis, with Keyvan
et al. [21] exploring supervised neural networks (backpropagation and fuzzy
ARTMAP) and unsupervised ART2-A for pellet inspection, finding supervised
learning outperformed unsupervised methods. Berbar et al. [22] proposed a
system using Haralick’ s Gray Level Co-occurrence Matrix (GLCM) to extract
textural features from U O -Al X-ray images, achieving 96% accuracy with a
Backpropagation Neural Network (BPNN). However, this approach was limited
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by handcrafted features that may not generalize to complex defects.

Recent studies have shifted toward DL for higher-accuracy defect detection. Guo
et al. [23] applied Faster R-CNN with ResNet-101 to detect scratches on fuel
assemblies, achieving 98% true positive rate at 10% false positive rate. These
studies underscored DL potential while identifying challenges such as the need
for large annotated datasets and computational resources.

The performance of ML-based inspection systems critically depends on optimal
feature selection and model parameter tuning. While traditional techniques
like PCA and LDA have demonstrated utility in simpler applications, their lin-
ear assumptions often fail to capture complex, nonlinear relationships in high-
dimensional data. Metaheuristic optimization algorithms have emerged as pow-
erful alternatives, including Whale Optimization Algorithm (WOA), Dragonfly
Algorithm (DA) [11, 15], Salp Swarm Algorithm (SSA) [10, 15], Sine-Cosine Al-
gorithm (SCA) [11, 15], and Grey Wolf Optimizer (GWO) [13-15]. Among these,
CHOA has demonstrated particular efficacy due to superior convergence speed
and balanced exploration-exploitation dynamics, making it especially suitable
for high-dimensional optimization challenges in defect classification [17-20].

3. Methodology

The proposed system leverages EfficientNet-B0 as a deep feature extractor, fol-
lowed by CHOA for feature selection to enhance discriminative capability while
minimizing computational overhead. Subsequently, CHOA is utilized again to
fine-tune SVM hyperparameters. This dual-stage optimization framework sig-
nificantly boosts classification performance, achieving high accuracy in both
binary (Hom/Non-Hom) and ternary (regular/observed/defected) tasks.

3.1 EfficientNet-B0

EfficientNet-BO serves as an optimal feature extractor for nuclear fuel plate
inspection, combining computational efficiency with robust pattern recognition
[25-27]. As the baseline of the EfficientNet family, it employs compound scaling
to balance depth, width, and resolution. The architecture consists of an initial
3x3 convolution followed by 16 MBConv layers (mixing 3x3/5x5 kernels) and
global max pooling, outputting a 1280-D feature vector from raw images as
shown in Fig. 3 [FIGURE:3].

With only 5.3M parameters, its pre-trained weights enable effective transfer
learning, extracting hierarchical features directly from U O -Al radiographs with-
out preprocessing or large datasets. The network’s ability to capture multi-scale
spatial patterns makes it ideal for nuclear fuel inspection tasks where defect man-
ifestations vary significantly in size and morphology. By leveraging EfficientNet’
s deep feature representations, the system reduces reliance on manual feature
engineering while improving defect detection robustness.
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3.2 Hybrid CHOA-SVM Optimization Framework

The Chimp Optimization Algorithm (CHOA) is a population-based metaheuris-
tic inspired by intelligent chimpanzee social and hunting behaviors [17-20]. It
has demonstrated strong capabilities in global optimization and is particularly
well-suited for high-dimensional search spaces, making it effective for feature
selection and parameter tuning in machine learning tasks.

CHOA is employed in a two-stage hierarchical optimization process to enhance
SVM performance for nuclear fuel plate defect classification. In Stage 1 (Feature
Selection), CHOA operates on a binary-encoded population where each chimp
represents a candidate feature subset. The fitness of each subset is evaluated by
training an SVM with default parameters and measuring cross-validation accu-
racy. CHOA’ s position update rules—modeling chimps’ group hunting dynam-
ics with chaotic exploration—iteratively refine feature subsets until convergence,
effectively eliminating redundant or noisy features. Stage 2 (Parameter Opti-
mization) then optimizes SVM hyperparameters (e.g., regularization strength C,
kernel coefficient ) using continuous-valued chimps, where fitness is assessed via
cross-validation on the optimal feature subset identified in Stage 1. The algo-
rithm’ s adaptive chaos factor balances exploration of the parameter space with
exploitation of promising regions. Finally, the selected features and tuned pa-
rameters are used to train a high-performance SVM classifier, achieving superior
generalization by simultaneously addressing dimensionality reduction and model
calibration. This hybrid approach leverages CHOA’ s strengths in both discrete
(feature selection) and continuous (parameter optimization) search spaces while
maintaining computational efficiency through parallelizable fitness evaluations.
The pseudo-code for the proposed Hybrid CHOA-SVM is shown in Fig. 4
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4. Experimental Results and Discussion
4.1 Data Description

Experiments were conducted using a dataset of fuel plate images manufactured
for the ETRR-2 reactor. Classification was performed under two scenarios:
binary (Homogeneous vs. Non-Homogeneous) and ternary (Regular, Observed,
or Defected). Data augmentation techniques were applied to improve model
generalization, including vertical and horizontal flipping, blurring, cropping, and
random rotations (20° to 280°).

The binary classification task employed 4,330 images (2,570 homogeneous and
1,760 non-homogeneous), while the ternary classification used 3,570 images
(1,810 regular, 1,496 observed, and 264 defected).

4.2 Evaluation Metrics

Classification accuracy (CA), confusion matrix (CM), area under the receiver
operating characteristics curve (AUC), precision (P), specificity (Sp), recall (R),
and Fl-score (F1) are used to evaluate model performance:

o Precision: TP / (TP + FP)

e Recall: TP / (TP 4+ FN)

« Specificity: TN / (TN + FP)

e Fl-score: 2 x P xR/ (P+R)

o Classification accuracy: (TP + TN) / (TP + TN + FP + FN)

where TP, FP, TN, and FN represent true positives, false positives, true nega-
tives, and false negatives, respectively.

4.3 Results and Discussion

To attain optimal performance, the optimized SVM is fed with robust features
acquired by CHOA. All experiments used consistent hardware: an Intel Core
i7-10870H 8-core processor, 16GB RAM, and NVIDIA GeForce RTX 3060 GPU,
running Windows 11 with MATLAB 2024a.

The CHOA framework was implemented with a population size of 50 chimps
and 100 iterations. The dataset was partitioned into 90% for training (with
10-fold cross-validation) and 10% for testing. Deep features were extracted
using EfficientNet-B0, followed by feature selection. Six metaheuristic algo-
rithms—SSA, WOA, GWO, DA, SCA, and CHOA—were employed to optimize
feature selection and SVM hyperparameters, with performance systematically
compared.

Binary Classification Performance: As shown in Table 1 , CHOA achieved
the most efficient feature selection, reducing the initial 1,028 features to only 191
(an 81.4% reduction) while yielding the highest classification accuracy for both
feature selection and SVM optimization. Although SSA exhibited the highest
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training accuracy, CHOA demonstrated superior testing performance and over-
all robustness. The confusion matrix and ROC curves further validate model
effectiveness, as shown in Figs. 5 [FIGURE:5] and 6 [FIGURE:6]. Only one
homogeneous plate image was misclassified, while all non-homogeneous images
were correctly identified. AUC values of 1.0 for both classes confirm near-perfect
classification performance.

Ternary Classification Performance: For the three-class scenario (Regular,
Observed, Defected), CHOA again outperformed competing algorithms, select-
ing only 315 features while achieving the highest classification accuracy in both
feature selection and SVM optimization, as shown in Table 3 . When these
features were used to train an optimized SVM, CHOA-based classification sur-
passed all other methods (Table 4 ). CHOA reduced the feature space by 69.4%
(315/1,028 features), enhancing computational efficiency without sacrificing ac-
curacy.

The proposed model’ s classification performance for the three fuel plate types is
detailed in Table 5 , demonstrating optimal accuracy (100%) for Regular plates
with high performance maintained for remaining classes. The confusion matrix
in Fig. 7 [FIGURE:7] and ROC curves in Fig. 8 [FIGURE:8] provide visual
validation. The model correctly classified all 1,810 Regular and 1,496 Observed
plate images. For the Defected class, only 1 out of 264 images was misclassified.
ROC curves confirm robustness, with AUC values of 1.0 (Regular), 0.9967 (Ob-
served), and 0.9985 (Defected), indicating strong discriminative power across
all classes.

Comparative Analysis: Table 6 summarizes key studies in nuclear fuel plate
inspection, emphasizing methodologies, datasets, and performance metrics. The
proposed model advances existing approaches by integrating optimized feature
selection with multi-class SVM classification, achieving superior accuracy and
generalizability.

5. Conclusion

This study presented an advanced automated inspection system for evaluat-
ing U O -Al dispersion fuel plate homogeneity by integrating X-ray radiog-
raphy, deep learning, and metaheuristic optimization. The framework lever-
ages EfficientNet-B0O for robust deep feature extraction, followed by CHOA
for optimal feature selection and SVM hyperparameter tuning. The system
achieved 99.77% binary accuracy (Hom/Non-Hom) and 99.72% ternary accu-
racy (Regular/Observed/Defected), outperforming competing algorithms (SSA,
WOA, GWO, DA, SCA). CHOA reduced features by 81.4% (binary) and 69.4%
(ternary), enhancing computational efficiency without sacrificing accuracy. The
model demonstrated near-perfect discriminative capability, with 100% accuracy
for Regular plates and 99.72% for Defected plates, validated by AUC values of
1.0, 0.9967, and 0.9985 for respective classes. This approach addresses critical
limitations of manual feature dependency, computational inefficiency, and over-
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simplified binary classification, offering a fast, reliable, and automated solution
for nuclear fuel quality assurance.
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