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Abstract 
The mechanical integrity, load-bearing efficiency, and damage tolerance of short- and continuous-
fiber-reinforced polymer (SFRP/CFRP) composites depend intrinsically on their local 3D fiber-
orientation distribution. While X-ray micro-computed tomography (�ä�%�6) non-destructively reveals 
microstructural morphology, standard volumetric extraction relies on classical 3D structure-tensor 
eigen-analysis. These classical approaches require dense angular projection sets (180+ views), 
computationally demanding Feldkamp-Davis-Kress (FDK) reconstructions, manual filter tuning, and 
exhibit severe degradation under Poisson photon noise.  

This paper introduces an end-to-end deep learning framework for local fiber orientation estimation 
that operates across two practical regimes: high-precision offline volumetric inspection and real-time 
inline scan-to-orientation inspection. To overcome the scarcity of physical CT ground truth, we 
develop a physics-grounded synthetic pipeline coupling directional sampling via the von Mises-Fisher 
(vMF) distribution (�â �Ð �>�r�ä�w�á�t�w�?) with collision-free Random Sequential Adsorption (RSA) packing (�8�Ù �Ð

�>�s�r�¨ �á�u�w��̈?) and GPU-accelerated forward projection with realistic Poisson noise. Ground truth is 
formulated analytically through second-order orientation tensors, mathematically resolving the 
unoriented fiber director 
G�s�z�r�Ü sign ambiguity.  

We benchmark three paradigms across �0 
L �y�á�z�z�{ held-out sub-volume patches drawn from 150 
independent composite phantoms (70/15/15 parent split): (1) classical 3D structure tensor eigen-
analysis, (2) a 3D volumetric convolutional neural network (Model B), and (3) a novel Direct Projection 
Network (Model C) that infers 3D orientation directly from only 8 raw 2D sinogram projection views, 
completely bypassing 3D volumetric reconstruction.  

Model B achieves an overall mean angular error of �{�ä�u�w�Ü (�v�ä�y�z�Ü on aligned tape; a �x�y�  ̈error reduction 
relative to the �t�z�ä�t�y�Ü classical baseline) at an inference throughput of �s�v�r�ä�{ �L�=�P�?�D�A�O���O on GPU. Model 
C demonstrates that 3D orientation can be recovered directly from sparse 2D projection shadows 
with �t�t�ä�w�y�Ü overall error (�s�s�ä�u�w�Ü on aligned composites), achieving �s�y�v�ä�r �L�=�P�?�D�A�O���O with zero 
reconstruction computational overhead. Furthermore, industrial tolerance evaluation demonstrates 
an �z�v�ä�w�y� ̈ in-spec acceptance rate at automotive tolerance (�ì 
Q�s�w�Ü) for Model B. This work 
demonstrates that deep learning provides both a superior offline alternative to classical image 
filtering and a viable pathway for inline, reconstruction-free composite manufacturing quality 
assurance. 

Keywords: Micro-Computed Tomography (�ä�%�6), Fiber-Reinforced Polymer Composites, 3D 
Convolutional Neural Networks, Fiber Orientation Tensor, Direct Projection Inversion, Non-
Destructive Testing (NDT), von Mises-Fisher Distribution. 



 

1. Introduction & Motivation 
Fiber-reinforced polymer (FRP) composites, encompassing short-fiber-reinforced polymers (SFRP) 
and continuous carbon-fiber-reinforced polymers (CFRP), are widely adopted in automotive, 
aerospace, and energy industries due to their high specific stiffness, high strength-to-weight ratios, 
and fatigue resistance \cite{advani1987use}. However, the structural performance of injection-
molded, compression-molded, or automated fiber-placed parts is heterogeneous and strongly 
anisotropic. Local tensile modulus, thermal expansion, yield stress, and crack propagation pathways 
are directly governed by the local orientation of reinforcing fibers. Fibers aligned parallel to an 
applied load exhibit 20 to 100 times higher effective stiffness than transversely oriented fibers. 
Consequently, high-fidelity, non-destructive evaluation (NDE) of 3D local fiber orientation is essential 
for structural qualification, failure prediction, and finite-element homogenization. 

X-ray micro-computed tomography (�ä�%�6) has emerged as the gold-standard non-destructive 3D 
imaging modality for composites, enabling volumetric visualization of intact internal architectures at 
micron and sub-micron spatial resolutions. Traditionally, extracting directional information from 3D 
�ä�%�6 volumes relies on classical gradient structure tensors (GST) \cite{krause2010determination}. The 
3D structure tensor computes the spatial covariance of local image intensity gradients smoothed by 
outer Gaussian scales. The local fiber axis corresponds to the eigenvector associated with the 
minimum eigenvalue (i.e., the direction of least intensity variation along the fiber centerline).  

Despite widespread adoption, the classical structure tensor workflow suffers from four major 
industrial and computational limitations: 

1. Computational Bottleneck: Computing 3D image gradients and outer-scale Gaussian 
convolutions across volumetric reconstructions (�s�r�t�v�7 to �t�r�v�z�7 voxels) requires tens of 
minutes to hours of CPU processing time, thereby prohibiting inline manufacturing 
inspection. 

2. Noise and Partial-Volume Sensitivity: Structure tensor estimation computes derivative filters 
(�Ø�+). High-frequency noise, photon shot noise, and partial volume effects at fiber-matrix 
interfaces severely perturb gradient directions, leading to systematic angular estimation 
errors exceeding �t�w�Ü
F �u�r�Ü at moderate signal-to-noise ratios (SNR). 

3. Mandatory Full Volumetric Reconstruction: Classical methods cannot operate on raw sensor 
data; they strictly require a complete set of 180 to 1,000 projection angles, followed by 
analytical Feldkamp-Davis-Kress (FDK) filtered backprojection, which creates severe memory 
and latency bottlenecks. 

4. Manual Parameter Heuristics: Filter scale parameters (�ê�Ü�á�á�Ø�å�á �é�â�è�ç�Ø�å) must be empirically tuned 
for specific fiber diameters and volume fractions, degrading generalizability across varying 
composite microstructures. 

1.1 Contributions of this Work 
To overcome these limitations, this paper establishes a physics-grounded, end-to-end deep learning 
framework for predicting 3D local fiber orientation. The primary contributions are: 

�‡ Physics-Grounded Procedural Phantom Engine: We implement a parametric generator 
combining directional sampling from the von Mises-Fisher (vMF) distribution (�â �Ð �>�r�ä�w�á�t�w�?) via 



Wood's rejection algorithm, collision-avoiding Random Sequential Adsorption (RSA) packing 
across fiber volume fractions �8�Ù �Ð �>�s�r�¨ �á�u�w��̈?, and GPU-accelerated forward projection with 
realistic Poisson photon noise and FDK reconstruction. 

�‡ Exact Analytical Ground-Truth Tensors: Ground-truth orientation labels are computed 
analytically from exact 3D segment placement geometry using second-order Advani-Tucker 
orientation tensors (�6 
L �Ã�S�Ü�R�Ü�R�Ü

�Í ), mathematically resolving the unoriented fiber axis 
G�s�z�r�Ü 
director sign ambiguity without image-derived heuristics. 

�‡ Volumetric 3D CNN (Model B): We train a 3D CNN regressor that predicts the 6 independent 
components of the orientation tensor directly from �u�t�7 CT sub-volumes, optimized with a 
sign-invariant geodesic spherical arc loss, achieving a �x�y�  ̈error reduction over the classical 
baseline (�{�ä�u�w�Ü vs. �t�z�ä�t�y�Ü). 

�‡ Reconstruction-Free Direct Projection Network (Model C): We propose and validate a 
paradigm shift: directly predicting 3D local orientation from only 8 sparse 2D projection 
sinograms without performing 3D FDK reconstruction. Model C demonstrates that cross-view 
sinusoidal shadow shifts encode sufficient 3D directional information to achieve �s�s�ä�u�w�Ü error 
on aligned composites at �s�y�v �L�=�P�?�D�A�O���O. 

�‡ Rigorous Industrial Benchmarking: We conduct a stratified sensitivity analysis across 7,889 
held-out patches, quantifying parametric error gradients (�@�'�N�N���@�â�á �@�'�N�N���@�8�Ù) and evaluating 
industrial quality-tier tolerance sensitivity (�ì �Ð �>�w�Ü�á�u�r�Ü�?) to validate compliance with aerospace 
and automotive NDT standards. 

 

2. Physics-Based Synthetic Data Generation 
Supervised training of 3D convolutional networks requires large volumes of paired CT data with exact 
ground truth. In physical composite CT scans, acquiring exact point-wise orientation ground truth is 
impossible without relying on the very classical algorithms (e.g., Structure Tensor) that one seeks to 
improve upon. Training a network on labels generated by an imperfect classical estimator merely 
trains the network to mimic the classical algorithm's errors and noise sensitivities. 

To establish ground-truth labels with zero estimation error, we developed a procedural simulation 
framework based on first-principles physics. Following standard synthetic CT benchmarks for 
composite AI evaluation, the generation pipeline strictly implements a standardized 7-step end-to-
end workflow: 

5. Procedural Phantom Synthesis: Generating realistic 3D microstructures using parametric 
directional sampling and collision-avoiding excluded-volume packing (Section 2.1�t2.2). 

6. Scan Geometry Definition: Establishing explicit source-to-detector trajectories across 180 
full-orbit angles and 8 sparse-view angles. 

7. Forward Projection: Numerically integrating X-ray attenuation along discrete ray paths 
according to the Beer-Lambert law. 

8. Acquisition Noise Injection: Simulating signal-dependent Poisson photon shot noise based on 
realistic incident beam intensities (�+�4 
L �s�r�9 �L�D�K�P�K�J�O���N�=�U). 

9. Analytical CT Reconstruction: Applying the 3D Feldkamp-Davis-Kress (FDK) filtered 
backprojection algorithm. 

10. Exact Ground-Truth Pairing: Deriving second-order orientation tensors directly from known 
3D cylinder coordinates with zero heuristic estimation error. 



11. Volume-Level Partitioning: Enforcing strict segregation by parent phantom ID (70/15/15 
split) to prevent data leakage. 

2.1 Directional Sampling via the von Mises-Fisher Distribution 
Real composite components exhibit diverse fiber alignment regimes depending on processing 
conditions: injection molding produces core-shell layered distributions with varying alignment, 
whereas automated fiber placement (AFP) or pultrusion produces unidirectional alignment. To model 
this continuous spectrum, fiber candidate orientation vectors �R �Ð �5�6 are sampled from a von Mises-
Fisher (vMF) distribution centered about a prescribed mean director �ä �Ð �5�6 with concentration 
parameter �â 
R �r: 

�L�:�R �ä �ä�á �â�; 
L
�â

�v�è�O�E�J�D �â
�A�T�L�:�â���ä�Í �R�; 

When �â 
L �r, the distribution degenerates to a uniform isotropic distribution on �5�6. As �â �\ �», the 
distribution concentrates sharply around the mean axis �ä, modeling highly aligned continuous-
filament composites. 

To ensure computational efficiency and avoid numerical instability at small or large �â, we sample the 
colatitude angle �9 
L �?�K�O�à using Wood's rejection sampling algorithm \cite{wood1994simulation}. A 
candidate �9  is drawn from a transformed beta distribution: 

�> 
L

F�t�â 
E
¥�v�â�6 
E �:�@ 
F �s�;�6

�@ 
F �s
�á �T�4 
L

�s 
F �>

�s 
E �>
�á �? 
L �â�T�4 
E �:�@ 
F �s�;�H�J�:�s 
F �T�4

�6�; 

Once sampled around the canonical pole �>�r�á�r�á�s�?�Í , vectors are mapped to the arbitrary 3D target mean 
vector �ä using the Rodrigues rotation formula: 

�4�:�ä�; 
L �+ 
E �>�G�?
H 
E �>�G�?
H
�6 �s 
F �V �„ �ä

�æ �V 
H �ä �æ�6 

where �G 
L �:�V 
H �ä�;���æ �V 
H �ä �æ and �>�G�?
H represents the skew-symmetric cross-product matrix. 

2.2 Collision-Free Spatial Packing via Random Sequential Adsorption 
Placing fibers randomly without geometric constraints results in non-physical interpenetration, 
which alters local absorption and creates artificial gradient singularities. We implement a 3D Random 
Sequential Adsorption (RSA) algorithm \cite{torquato2002random} that enforces physical excluded-
volume constraints. 

Each fiber inclusion is modeled as a 3D cylinder of radius �N 
L �u�ä�r �R�K�T�A�H�O and length �. �Ð �>�u�t�á�x�v�? �R�K�T�A�H�O. 
When a new candidate fiber segment �5�Ö�Ô�á�× with center �? �Ð �4�7 and orientation �R �Ð �5�6 is proposed, its 
minimum 3D Euclidean distance �@�à�Ü�á to every previously placed segment �5�Ý is computed: 

�@�à�Ü�á�:�5�Ö�Ô�á�×�á �5�Ý�; 
L �I�E�J �O�á �P �Ð �>
F�.���t�á �.���t�? �æ �L�Ö�Ô�á�×�:�O�; 
F �L�Ý�:�P�; �æ�6 

The candidate segment is accepted if and only if: 

�@�à�Ü�á�:�5�Ö�Ô�á�×�á �5�Ý�; 
R �t�N 
E �Ü�Ú�Ô�ã 

where �Ü�Ú�Ô�ã
L �r�ä�w �R�K�T�A�H�O is a physical clearance parameter. If 250 consecutive candidates are not 
accepted, the system is deemed to have reached the physical jamming limit (�ý30%- 35% volume 
fraction for randomly oriented rods), thereby terminating placement. 



Accepted cylinders are voxelized into a �s�t�z�7 discrete absorption volume �8�:�T�;. Voxels residing inside 
any fiber cylinder are assigned an X-ray linear attenuation coefficient �ä�Ù�Ü�Õ�Ø�å
L �r�ä�s�r �I�I �?�5 
(representative of carbon or E-glass fibers), while background voxels receive matrix attenuation 
�ä�à�Ô�ç�å�Ü�ë
L �r�ä�r�t �I�I �?�5 (epoxy/thermoplastic resin). 

2.3 Forward CT Simulation and Noise Modeling 
To simulate physical X-ray radiographic inspection, the voxelized phantom �8�:�T�; is subjected to 
forward projection simulating cone-beam/parallel-beam geometry. For an X-ray ray path �.�:�Q�á �R�á �à�; 
parameterized by detector coordinates �:�Q�á �R�; and rotation angle �à, the noiseless line integral �L�4�:�Q�á �R�á �à�; 
follows the Beer-Lambert law: 

�L�4�:�Q�á �R�á �à�; 
L �ì�Å�:�è�á�é�á���;�8�:�T�;���@�O 

Photon counting statistics and quantum noise are incorporated via a Poisson process: 

�+�:�Q�á �R�á �à�; �ý �2�:�+�4�A�T�L�:
F�L�4�:�Q�á �R�á �à�;�;�; 

where �+�4 
L �s�r�9 �L�D�K�P�K�J�O���N�=�U represents the incident beam intensity. The calibrated transmission 
sinogram is extracted as: 

�L�¸�:�Q�á �R�á �à�; 
L 
F�H�J�:
�I�=�T�:�+�:�Q�á �R�á �à�;�á�s�;

�+�4
�; 

Reconstruction is performed using the standard Feldkamp-Davis-Kress (FDK) filtered backprojection 
algorithm \cite{feldkamp1984practical} with a Ram-Lak ramp filter across 180 equispaced projection 
angles �à �Ð �>�r�á �è�;, yielding reconstructed CT volumes exhibiting realistic beam hardening, noise grain, 
and streak artifacts. 

 

3. Mathematical Formulation & Symmetry Handling 

3.1 The 
G
Ú
á
Ù�Ü Director Ambiguity Problem 
A reinforcing fiber is an unoriented cylindrical rod. Reversing its directional sign (
E�R �\ 
F�R) describes 
the exact same physical entity. This presents a fundamental challenge for conventional neural 
regression: 

�+�B �U�ç�å�è�Ø
L �>�r�á�r�á�s�?�Í  �=�J�@ �U
Ü�ã�å�Ø�×
L �>�r�á�r�á 
F�s�?�Í �á �æ �U
Ü�ã�å�Ø�×
F �U�ç�å�è�Ø�æ
�6
L �v�ä�r 

A naive Euclidean mean squared error (MSE) penalizes physically identical predictions with the 
maximum possible loss, destabilizing gradient descent and causing the network to collapse toward 
trivial zero-magnitude predictions. 

3.2 Second-Order Advani-Tucker Orientation Tensors 
To achieve rigorous sign invariance, we represent orientation through the second-order orientation 
tensor �6, introduced by Advani and Tucker \cite{advani1987use}: 

�6 
L �ï�Ì �. �R�R�Í �ð�:�R�;���@�R 

For a local sub-volume containing �/  intersecting fiber segments, where the �E-th segment has length 
�S�Ü and unit axis �R�Ü, the discrete orientation tensor is computed analytically as: 



�6 
L
�Ã�Ü�@�5

�Æ �S�Ü���:�R�Ü�R�Ü
�Í �;

�Ã�Ü�@�5
�Æ �S�Ü


L �>�6�ë�ë�� �6�ë�ì �6�ë�í

�6�ë�ì �6�ì�ì �6�ì�í
�6�ë�í �6�ì�í �6�í�í�?

 

 

Because �:
F�R�;�:
F�R�;�Í 
L �R�R�Í , the tensor is identically invariant to director reversal. Furthermore, �6 is 
symmetric (�6 
L �6�Í ) and has unit trace (�6�N�:�6�; 
L �6�ë�ë
E �6�ì�ì 
E �6�í�í 
L �s). The network outputs a 6-
dimensional vector parameterizing the unique elements: 

�P 
L �>�6�ë�ë�á �6�ì�ì �á �6�í�í�á �6�ë�ì�á �6�ë�í�á �6�ì�í �?
�Í  

The dominant fiber direction is recovered by solving the eigensystem �6�A�Þ 
L �ã�Þ�A�Þ with eigenvalues �ã�5 
R

�ã�6 
R �ã�7 
R �r. The primary fiber director corresponds to the eigenvector �A�5 associated with the maximal 
eigenvalue �ã�5. 

3.3 Geodesic Spherical Arc Loss 
While tensor Frobenius distance �æ �6
à
F �6�ç�å�è�Ø�æ�¿ provides a stable surrogate loss, it does not directly 
optimize the physical angular deviation. We formulate an exact geodesic arc loss on the unit sphere 
�5�6. Given the dominant predicted unit director �@�� and true director �@�ç�å�è�Ø, the geodesic angular error 
�à�Ø�å�å�Ð �>�r�Ü�á�{�r�Ü�? is: 

�à�Ø�å�å�:�@���á �@�ç�å�è�Ø�; 
L �=�N�?�?�K�O�:�ä �@���„ �@�ç�å�è�Ø�ä�; 
H
�s�z�r�Ü

�è
 

The absolute value �ä �@���„ �@�ç�å�è�Ø�ä enforces direction invariance, ensuring that antipodal vectors evaluate 
to zero error. The composite loss function combines the tensor Frobenius loss with geodesic 
regularisation: 

�.�ç�â�ç�Ô�ß
L�æ �6
à
F �6�ç�å�è�Ø�æ�¿
�6
E �Û�:�s
F�ä �@���„ �@�ç�å�è�Ø�ä�; 

where �Û 
L �r�ä�w balances global tensor component convergence with primary director alignment. 

3.4 Analytical SO(3) 3D Rotation Augmentation 
To prevent overfitting and enforce rotational equivariance, we apply exact 3D spatial rotations during 
training. Because ground-truth labels are second-order tensors, spatial rotation of the image sub-
volume by a 3D rotation matrix �4 �Ð�5�1�:�u�; rotates the ground-truth tensor analytically without 
interpolation: 

�6�å�â�ç�Ô�ç�Ø�×
L �4���6���4�Í  

This closed-form transformation provides thousands of unique training configurations with zero label 
distortion. 

 

4. Deep Learning Architectures & Baseline 
We investigate and compare three distinct paradigms for local orientation extraction: 

4.1 Classical 3D Gradient Structure Tensor (Model A) 
As our primary benchmark baseline, we implement the standard 3D Gradient Structure Tensor (GST) 
\cite{krause2010determination}. For an intensity volume �+�:�T�;, the local gradient vector �Ø�+
L �>�+�ë�á �+�ì �á �+�í�?

�Í  



is computed using 3D central difference operators. The structure tensor matrix �,��  is formed by taking 
the dyadic product smoothed by a 3D Gaussian kernel �)�� : 

�,�� �:�T�; 
L �)�� �Û �:�Ø�+�� ���Ø�+��
�Í �; 
L

�>�æ�+�ë
�6�ç �æ�+�ë�+�ì �ç �æ�+�ë�+�í�ç

�æ�+�ë�+�ì �ç �æ�+�ì
�6�ç �æ�+�ì �+�í�ç

�æ�+�ë�+�í�ç �æ�+�ì �+�í�ç �æ�+�í
�6�ç�?

 

where �+�� 
L �)�� �Û �+ is pre-smoothed at inner scale �ê 
L �s�ä�r �R�K�T�A�H�O�á and �é 
L �u�ä�r �R�K�T�A�H�O denotes the outer 
integration scale. The estimated fiber director corresponds to the eigenvector associated with the 
smallest eigenvalue �ã�7, representing the direction along which image intensity variation is minimal. 

4.2 Model B: 3D Volumetric CNN Regressor 
Model B operates on �u�t
H�u�t
H�u�t voxel sub-volumes extracted from the FDK-reconstructed CT 
volume. The architecture consists of four sequential 3D convolutional blocks: 

�‡ Block 1:�%�K�J�R�u�&�:�s �\�s�x�á �G�A�N�J�A�H 
L �u�á �O�P�N�E�@�A 
L �s�; �\ �$�=�P�?�D�0�K�N�I�u�& �\ �4�A�.�7 �\ �/�=�T�2�K�K�H�u�&�:�t�; 

�‡ Block 2:�%�K�J�R�u�&�:�s�x�\ �u�t�á �G�A�N�J�A�H 
L �u�á �O�P�N�E�@�A 
L �s�; �\ �$�=�P�?�D�0�K�N�I�u�& �\ �4�A�.�7 �\ �/�=�T�2�K�K�H�u�&�:�t�; 

�‡ Block 3:�%�K�J�R�u�&�:�u�t�\ �x�v�á �G�A�N�J�A�H 
L �u�á �O�P�N�E�@�A 
L �s�; �\ �$�=�P�?�D�0�K�N�I�u�& �\ �4�A�.�7 �\ �/�=�T�2�K�K�H�u�&�:�t�; 

�‡ Block 4:�%�K�J�R�u�&�:�x�v�\ �s�t�z�á �G�A�N�J�A�H 
L �u�á �O�P�N�E�@�A 
L �s�; �\ �$�=�P�?�D�0�K�N�I�u�& �\ �4�A�.�7 

�‡ Head: Global Average Pooling (�s�t�z
H �v 
H �v 
H �v �\�s�t�z) �\ �.�E�J�A�=�N�:�s�t�z�\ �x�v�; �\ �4�A�.�7 �\

�&�N�K�L�K�Q�P�:�r�ä�t�; �\ �.�E�J�A�=�N�:�x�v�\ �x�;. 

The 6-dimensional output vector �P� ̧is reconstructed into a symmetric �u 
H �u tensor, trace-normalized, 
and diagonalized via differentiable eigendecomposition (torch.linalg.eigh ) to yield the primary 
director �@��. Total parameter count is �s�á�t�v�z�á�u�{�r. 

4.3 Model C: Direct Projection Network (Reconstruction-Free) 
Model C explores a fundamentally novel sensing paradigm: predicting 3D local orientation directly 
from raw 2D detector radiographs, bypassing 3D volumetric reconstruction.  

A tilted fiber inclusion casts a 2D shadow that shifts sinusoidally across projection angles �à. By 
sampling only 8 equi-spaced projection angles (�Â�à
L �v�w�Ü across �r�Ü
F �u�x�r�Ü) and extracting local �u�t
H�u�t-
pixel detector patches along the central ray trajectory, the input is formatted as an 8-channel 2D 
tensor of shape (8, 32, �u�t�;. 

The architecture processes cross-view correlations using 2D convolutions: 

�‡ Features: 4 sequential blocks: �%�K�J�R�t�&�:�z �\�u�t�; �\ �%�K�J�R�t�&�:�u�t�\ �x�v�; �\ �%�K�J�R�t�&�:�x�v�\ �s�t�z�; �\

�%�K�J�R�t�&�:�s�t�z�\ �s�t�z�;, each with BatchNorm, ReLU, and �t 
H �t MaxPool. 

�‡ Head: Global Average Pooling �\ �.�E�J�A�=�N�:�s�t�z�\ �x�v�; �\ �&�N�K�L�K�Q�P�:�r�ä�t�; �\ �.�E�J�A�=�N�:�x�v�\ �x�;. 

Total parameter count is �t�w�s�á�x�t�t (�z�r�¨ fewer than Model B). Model C requires 22× fewer projection 
views (8 vs. 180) and zero backprojection computation. 

 

5. Experimental Results & Benchmarking 

5.1 Dataset and Experimental Protocol 



Experiments were performed using a dataset of 150 parent composite phantoms (�s�t�z�7 voxels) 
generated with varying concentration parameters (�â �Ð �>�r�ä�w�á�t�w�?) and volume fractions (�8�Ù �Ð

�>�s�r�¨ �á�u�w��̈?). The parent phantoms were partitioned at the phantom level into: 

�‡ Training Set: 105 parent phantoms (�u�x�á�r�s�w extracted �u�t�7 patches, �y�r�¨) 

�‡ Validation Set: 22 parent phantoms (�y�á�w�v�x patches, �s�w�)̈ 

�‡ Held-out Test Set: 23 parent phantoms (�y�á�z�z�{ patches, �s�w�)̈ 

No patches from the test parent phantoms were ever seen during training or validation. Training was 
executed on an NVIDIA GPU using the AdamW optimizer (learning rate �s�r�?�7, cosine annealing 
schedule down to �s�r�?�:, batch size 64, weight decay �s�r�?�8) for 100 epochs. 

 

Figure 1: Empirical learning curves demonstrating stable monotonic convergence of the tensor Frobenius and 
geodesic loss for Model B across 100 training epochs on the 70/15 parent split. 

5.2 Comparative Accuracy & Throughput Benchmark 
Table 1 presents overall performance across all 7,889 held-out test patches. 

Table 1: Comparative benchmark results across all 7,889 test patches. 

Model Input 
Modality 

Projections Requires 
FDK? 

Mean 
Angular 
Error 

Median 
Error 

Aligned 
Tape 

 (�â 
R�s�r) 

Inference 
Throughput 

Model A 
(Classical 
GST) 

3D 
Volume  

(�u�t�7) 

180 Yes 

 
(Mandatory) 

�t�z�ä�t�y�Ü


G�s�v�ä�t�Ü 
�t�v�ä�s�t�Ü �s�{�ä�z�w�Ü �u�x�ä�r �L�=�P�?�D�A�O

���O 

 (CPU) 

Model B 
(3D CNN) 

3D 
Volume 
(�u�t�7) 

180 Yes 

 
(Mandatory) 

�{�ä�u�w�Ü


G �x�ä�z�Ü 
�y�ä�s�v�Ü �v�ä�y�z�Ü �s�v�r�ä�{ �L�=�P�?�D�A�O

���O 

 (GPU) 



Model Input 
Modality 

Projections Requires 
FDK? 

Mean 
Angular 
Error 

Median 
Error 

Aligned 
Tape 

 (�â 
R�s�r) 

Inference 
Throughput 

Model C 
(Direct 
Proj) 

2D 
Sinogram 
(�z 
H�u�t�6) 

8 No 

 (Bypassed) 

�t�t�ä�w�y�Ü


G�s�t�ä�s�Ü 
�s�x�ä�x�r�Ü �s�s�ä�u�w�Ü �s�y�v�ä�r �L�=�P�?�D�A�O

���O 

 (GPU) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Probability density histogram of geodesic angular errors across the 7,889 held-out test patches. 
Model B concentrates sharply below 10°, whereas the classical structure tensor exhibits high dispersion 
extending beyond 40° due to Poisson photon noise. 

 

 

 

 

 

 

 

 

 

 

 



Figure 3: Spherical polar orientation distribution comparison. Predicted fiber axes from Model B align closely with true 
analytical directors across the canonical hemisphere, faithfully reconstructing both principal axis and directional 
dispersion. 

Key Findings: 

12. Model B achieves a 67% error reduction over classical Structure Tensor analysis (�{�ä�u�w�Ü vs. 
�t�z�ä�t�y�Ü), while increasing throughput by �u�ä�{ 
H (�s�v�r�ä�{ �L�=�P�?�D�A�O���O). On unidirectional composites 
(�â 
R�s�r), Model B achieves near-optimal precision of �v�ä�y�z�Ü. 

13. Model C outperforms the classical baseline on aligned fibers (�s�s�ä�u�w�Ü vs. �t�z�ä�t�y�Ü), despite using 
22× fewer projection views and bypassing 3D FDK reconstruction entirely. 

14. Model B provides the highest accuracy for offline laboratory inspection, while Model C offers 
an ultra-fast screening solution for inline factory quality control (�s�y�v�ä�r �L�=�P�?�D�A�O���O). 

5.3 Stratified Sensitivity Analysis: Orientation Dispersion (�Ä) 
Figure 4 and Table 2 evaluate model performance stratified by fiber concentration parameter �â. 

Table 2: Angular error stratified by fiber concentration parameter �â. 

Alignment 
Regime 

Physical 
Analogy 

Sample Size Model A (GST) Model B (3D 
CNN) 

Model C 
(Direct) 

�â 
O �u 

 (High 
Dispersion) 

Random 3D 
bulk / core 
layer 

�0 
L �t�á�s�v�r �u�x�ä�v�w�Ü �s�y�ä�x�y�Ü �v�w�ä�y�z�Ü 

�u 
Q �â 
O�s�r 

 (Medium) 

Shear-flow 
aligned shell 

�0 
L �u�á�t�s�w �t�x�ä�s�t�Ü �z�ä�v�z�Ü �s�{�ä�s�x�Ü 

�â 
R�s�r 

 (Strong 
Alignment) 

Unidirectional 
tape / 
pultrusion 

�0 
L �t�á�w�u�v �s�{�ä�z�w�Ü �v�ä�y�z�Ü �s�s�ä�u�w�Ü 

 



Figure 4: Stratified sensitivity analysis. (Left) Mean angular error as a function of von Mises-Fisher concentration 
�‰���Œ���u���š���Œ���ƒ�U���•�Z�}�Á�]�v�P���•�Z���Œ�‰�����Œ�Œ�}�Œ���Œ�����µ���š�]�}�v�����•�����o�]�P�v�u���v�š���]�v���Œ�����•���•�X���~�Z�]�P�Z�š�•�����Z���Œ�����š���Œ�]�•�š�]�����h-shaped sensitivity curve as a 
function of fiber volume fraction Vf, highlighting optimal performance in the 18%�t25% industrial sweet spot. 

Parametric Sensitivity Gradients: 

�‡ Model B sensitivity gradient: �@�'�N�N���@�â
L 
F�r�ä�u�x�y�Ü �L�A�N �Q�J�E�P �â. 

�‡ Model C sensitivity gradient: �@�'�N�N���@�â
L 
F�r�ä�{�s�y�Ü �L�A�N �Q�J�E�P �â. 

Model C is significantly more sensitive to fiber alignment. In highly dispersed regimes (�â 
O �u), 
overlapping projected shadows from contradictory 3D directions create 2D projection ambiguity. 
However, as alignment increases (�â 
R�s�r), shadow shift coherence becomes unambiguous, allowing 
Model C to achieve �s�s�ä�u�w�Ü accuracy. 

5.4 Stratified Sensitivity Analysis: Volume Fraction (�‚ �Œ) 

Table 3 summarizes accuracy across fiber packing fractions. 

Table 3: Angular error stratified by fiber volume fraction �8�Ù. 

Density 
Regime 

Volume 
Fraction  

(�8�Ù) 

Sample Size Model A (GST) Model B (3D 
CNN) 

Model C 
(Direct) 

Dilute �8�Ù 
O�s�z�  ̈ �0 
L �s�á�z�{�r �u�t�ä�v�r�Ü �s�s�ä�{�{�Ü �t�{�ä�r�{�Ü 

Optimal �s�z�¨ 
Q �8�Ù

Q�t�w�  ̈

�0 
L �u�á�z�v�w �t�w�ä�s�r�Ü �y�ä�t�w�Ü �s�w�ä�x�s�Ü 

Dense �8�Ù 
P �t�w�  ̈ �0 
L �t�á�s�w�v �t�{�ä�z�r�Ü �{�ä�y�v�Ü �t�w�ä�w�r�Ü 

Both deep learning models exhibit a characteristic U-shaped sensitivity response: 

�‡ In dilute regimes (�8�Ù 
O�s�z� )̈, few fiber voxels exist per sub-volume, reducing contrast-to-noise 
ratio and increasing directional variance. 

�‡ In the optimal packing window (�s�z�¨ 
F �t�w� )̈, sufficient fiber interfaces exist to provide strong 
structural gradients without crowding, yielding peak accuracy of �y�ä�t�w�Ü for Model B and �s�w�ä�x�s�Ü 
for Model C. 

�‡ In dense regimes (�8�Ù 
P �t�w� )̈, inter-fiber contact zones and partial-volume blending slightly 
degrade boundary resolution. Fortunately, standard industrial SFRP parts reside 
predominantly within the �s�z�¨ 
F �t�w�  ̈window. 

 

6. Industrial Quality Assurance & Tolerance Sensitivity 
In industrial non-destructive testing (ASTM E1441 / ISO 15708), composite par