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Abstract

The classification of isolated versus interconnected pores in porous media is critical for
structural and fatigue assessments, yet classical 26-connectivity connected-component
(CC) labeling fails catastrophically under realistic computed tomography (CT) noise
due to the formation of false artifact webs. This study proposes a two-stage machine
learning refinement pipeline to correct classical thresholding errors. Following
Watershed over-segmentation to generate a proposal graph, we extract handcrafted
geometric features—specifically minimum neck radius and path intensity—which
successfully separate physical bridges from disconnected noise. We evaluate an XGBoost
classifier, a GraphSAGE Graph Neural Network (GNN), and a 3D-CNN against the
unrefined CC baseline. Feature importance analysis confirms that the tree-based model
anchors its predictions on true physical geometry rather than random noise. While
Watershed over-segmentation causes localized false-split penalties under the global
Adjusted Rand Index (ARI), the learned refinement models achieve robust edge-level
connectivity classification (Validation F1 ≥ 0.94), successfully severing the
noise-induced bridge artifacts that compromise classical 26-connectivity thresholding.

Introduction and Background

The structural integrity and fatigue resistance of porous materials, such as
pressure-tight castings, depend fundamentally on whether internal pores form isolated
cavities or interconnected percolating networks. The industry standard for evaluating
this connectivity is classical 26-connectivity connected-component (CC) labeling applied
to thresholded volumetric data [9]. However, this deterministic approach is
catastrophically fragile when applied to realistic Computed Tomography (CT) scans
subjected to Gaussian noise.

As demonstrated in Figure 1, classical thresholding methods fail because the noise
creates artifact webs; a single noisy voxel bridging two physically separate pores merges
them into a false connected cluster [9]. Conversely, a single missing voxel splits a truly
connected chain. This extreme sensitivity renders raw CC labeling effectively useless in
low signal-to-noise ratio environments.

To bypass this physical vulnerability, this study implements a two-stage machine
learning pipeline. The first stage utilizes Watershed over-segmentation on
distance-transformed volumes [10] to generate a noisy adjacency proposal graph,
systematically isolating individual pore nodes. The second stage treats connectivity as a
learned edge-classification problem. By engineering physically grounded metrics for each
candidate edge—specifically Euclidean centroid distance, estimated minimum neck
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radius, and 3D path intensity profiles—we train an XGBoost classifier [1], a
GraphSAGE Neural Network [2, 4, 6], and a 3D-CNN to systematically identify and
sever false noise bridges. This learned refinement corrects the structural topology of the
initial CC baseline, utilizing graph components [3] to restore the Adjusted Rand Index,
abbreviated as ARI (Note: An ARI of 1.0 means every pore is grouped exactly as in
physical reality, while 0.0 indicates the grouping is no better than random chance) [5] of
the clustered volumes to mirror ground-truth physical reality.

Figure 1. Cross-sectional profile demonstrating the failure of classical thresholding.
The Gaussian noise in the raw CT scan (left) corrupts the Otsu mask (center), creating
false single-voxel bridges between distinct pores compared to the physical ground truth
(right).

Intuition Summary: Imagine a building’s floor plan where rooms are separated by
solid walls. Low-quality CT scans add visual ”smudges” (noise), making solid walls
look like open doorways. Classical algorithms look strictly at touching pixels and falsely
conclude every room is open to the next. Our machine learning approach acts like
an architect: it measures the exact width and contrast of every suspicious doorway to
determine whether it is a real hallway or just a smudge, correctly isolating the true
rooms.

Data Generation and Methodology

Synthetic Data Generation

To train the refinement networks, we procedurally generated a dataset of 250 synthetic
phantom volumes (1283 voxels). These volumes contain a controlled mixture of isolated
pores and deliberately connected clusters formed by intersecting spheres or thin-neck
bridges. This generative approach guarantees an unambiguous, exact ground-truth
connectivity graph. Gaussian noise was subsequently injected to simulate realistic CT
scan degradation, creating the false merges required to train the models to correct
classical CC failures. This dataset size was specifically chosen to generate a statistically
robust distribution of over 3,000 candidate pore-pair edges across various noise
realizations while remaining computationally tractable for memory-limited training.

Implementation and Workflow Details

The dataset of 250 volumes was split into 70% training (175 volumes), 15% validation
(37 volumes), and 15% testing (38 volumes) to guarantee zero spatial leakage of edges.
Ground-truth edge labels (y = 1 for connected, y = 0 for isolated) were derived directly
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from the exact placement of intersecting spheres and physical sub-voxel necks during
synthetic generation. The deep learning models were optimized using Binary
Cross-Entropy (BCE) loss and the Adam optimizer (lr = 10−3) with early stopping.
The 3D-CNN utilized 16× 16× 16 voxel patches centered at candidate neck midpoints,
passing through three consecutive 3D convolutional blocks (filters: 16, 32, 64; kernel
size: 3× 3× 3) before dense classification. The GraphSAGE model employed hidden
dimensions of 64, while the XGBoost baseline was trained using 100 estimators with a
maximum depth of 6.

Preprocessing and Proposal Graph Generation

The noisy volumes were initially segmented using an Otsu threshold, followed by
morphological opening to remove isolated single-voxel noise [9]. To isolate the pore
nodes and generate candidate connections, we applied a Euclidean distance transform
followed by a Watershed over-segmentation algorithm (The Watershed algorithm acts
like flooding a topographic map with water; it systematically breaks massive, connected
blobs into separate ”catchment basins” or individual sub-nodes based on their
geometry) [10]. This systematically partitioned the noise-blurred blobs into discrete
pore regions, establishing the nodes of our candidate adjacency graph.

Feature Engineering

For every pair of adjacent nodes proposed by the Watershed algorithm, we engineered a
set of handcrafted physical features to capture the geometry of the connection. The
primary features include the Euclidean distance between centroids, the estimated
minimum neck radius (derived from the distance transform), and the mean and
90th-percentile intensity along the 3D line path connecting the centroids. As illustrated
in Figure 2, these engineered features successfully map the physical reality of the
volume, creating a distinct, separable feature space between true physical bridges and
disconnected noise artifacts.

Model Architectures

We evaluated three distinct machine learning architectures to classify the candidate
edges. These three specific architectures were chosen to benchmark fundamentally
different learning paradigms against the classical baseline: tabular logical rules
(XGBoost), topological message-passing (GraphSAGE), and raw spatial feature
extraction (3D-CNN).

• Gradient Boosted Tree (XGBoost): Operating strictly on the handcrafted
tabular edge features, this tree-based model [1] served as a highly interpretable
baseline for logical cuts.

• GraphSAGE Neural Network: A 2-layer Graph Convolutional Network
operating on the proposal graph [4]. Node embeddings were concatenated with
the raw edge features and passed through an MLP to predict binary connectivity,
implemented using PyTorch Geometric (In simple terms, GraphSAGE learns the
properties of a pore by continuously exchanging information with its immediate
neighboring pores to understand its structural neighborhood) [2, 6].

• 3D-CNN (Neck Patching): A fully convolutional 3D neural network trained
directly on local voxel crops surrounding the candidate neck regions, bypassing
the handcrafted tabular features entirely to learn spatial filters directly from the
voxel grid.
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Figure 2. Validation of geometric feature engineering. The top panel confirms the
physical distance transform correctly tracks the connecting neck profile, while the scatter
plot (bottom) demonstrates strong class separation between truly connected pores and
disconnected noise artifacts based on neck radius and centroid distance.

1. Synthetic Data
Gen (Isolated
& Connected)

2. Inject CT Noise
3. Otsu + Wa-
tershed Pro-
posal Graph

4. Extract Geomet-
ric Edge Features

5. Train ML
(Tree, GNN, CNN)

6. Topological Re-
construction & Eval

Figure 3. End-to-End Methodological Pipeline.
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Results and Evaluation

The quantitative clustering performance, measured via the Adjusted Rand Index (ARI),
presents a stark contradiction to the qualitative topological reality. As shown in Table 1,
the Raw CC baseline achieved the highest ARI score (0.7681), outperforming the
XGBoost, GraphSAGE, and 3D-CNN refinement models (∼0.64).

Model Pipeline Edge Validation F1 Adjusted Rand Index (ARI)
Classical CC Baseline N/A (Failed) 0.7681
XGBoost Tree Refined 0.9414 0.6425
GraphSAGE GNN Refined 0.9457 0.6379
3D Neck-CNN Refined 0.9736 0.6452

Table 1. Final Benchmark. The ML models achieve strong edge-level accuracy on the
validation set, supporting topological correction despite raw Watershed-induced global
ARI penalties evaluated across the volumes.

However, visual inspection completely invalidates the baseline’s numerical
superiority. Figure 4, rendered via PyVista [8], demonstrates that the Raw CC baseline
is overwhelmed by noise, resulting in false merges that connect distinct pores into a
massive, unphysical web. In contrast, the ML refinement networks successfully sever
these false bridges, isolating the clusters to closely match the physical ground truth.

Figure 4. 3D Topological Comparison of Baseline Failure versus ML-Refined Clusters.
The Raw CC fails by merging distinct clusters via noise webs. The Tree, GNN, and
3D-CNN successfully refine the topological structure to match the Ground Truth.

To validate that the machine learning models learned actual physics rather than
memorizing random noise distributions, we analyzed the XGBoost baseline using
permutation feature importance (Permutation importance acts as a stress test: it
randomly scrambles one feature’s data at a time to see how much the model’s accuracy
drops, mathematically revealing which physical traits the model relies on most) [7]. As
shown in Figure 5, the model anchored its predictions almost entirely on true physical
geometry—specifically mean path intensity and minimum neck radius.

Furthermore, the deep learning models exhibited highly stable training dynamics.
Figure 6 illustrates the training loss convergence and validation F1 progression for both
the GraphSAGE GNN and the 3D-CNN. The smooth decline in training loss combined
with plateauing validation scores confirms that neither network overfit to the synthetic
noise, achieving peak Validation F1 scores of 0.95 and 0.97, respectively.
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Figure 5. Permutation Feature Importance for the XGBoost model. The algorithm
heavily prioritizes physical geometric features over raw volume metrics to classify con-
nectivity.

Figure 6. Neural Network Convergence. Both the GNN and 3D-CNN show smooth loss
convergence and stabilize at high validation F1 scores. Note: The train loss curves differ
in scale due to architecture differences and should not be compared directly against each
other.
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Critical Discussion and Limitations

The discrepancy between the high baseline ARI and its catastrophic visual failure
exposes a critical limitation in the evaluation metric. Because the raw CC baseline is a
global thresholding method, it does not evaluate individual edges, rendering a direct
edge-level F1 comparison mathematically inapplicable. Furthermore, the reliance on
Watershed introduces an artificial node inflation; a single true physical pore is often
shattered into typically several sub-nodes. While the ML models boast strong Validation
F1 scores at the edge level, missing even one of these artificial internal edges splits the
physical pore, which the global ARI metric aggressively penalizes. We hypothesize that
this node inflation is the primary driver of the reduced ARI for the ML models. Future
work must compute ARI only after post-processing and merging these internal
Watershed sub-nodes to verify this mathematically and provide a fair global evaluation.

Ethical Considerations, Domain Bias, and Safety Risks

Deploying synthetic-trained refinement models to real-world industrial inspection poses
inherent domain-gap risks. Training exclusively on additive Gaussian noise and
idealized sphere-only phantom geometries fails to capture complex physical CT artifacts
such as beam hardening, scatter, and irregular manufacturing defects. Furthermore, in
safety-critical applications—such as aerospace castings—a false-positive classification
(labeling a percolating, leak-causing pore path as ”isolated”) introduces severe
mechanical safety risks. Non-destructive evaluation (NDE) pipelines must incorporate
safety-weighted loss functions that aggressively penalize false-isolated predictions prior
to physical deployment.

Methodological FAQ and Limitations

Why not simply apply a 3D Gaussian or Median denoising filter before
thresholding? Pre-filtering blurs thin physical necks (sub-voxel channels), physically
wiping out true connections. Learned edge refinement evaluates raw intensity gradients
without destroying fine spatial details.

Why train on synthetic phantoms instead of real CT scans? Real µCT
scans lack mathematically unambiguous ground-truth connectivity at sub-voxel
resolutions, which is strictly required to supervise the edge-classification networks.

Will this work on real scans? Not without domain adaptation. Bridging the
synthetic-to-real gap will require techniques like CycleGAN intensity matching or real
noise-profile injection.

Conclusion

This study demonstrates that while classical 26-connectivity connected-component
analysis is highly susceptible to Gaussian noise, machine learning refinement offers a
robust topological correction mechanism. By extracting physical geometric features
from a Watershed proposal graph, XGBoost and deep learning models successfully
learned to distinguish true physical connections from noise artifacts. Despite the
penalization of internal false splits by the Adjusted Rand Index, qualitative 3D
topological analysis confirms that the learned refinement pipeline supports the
restoration of the physical structure of noisy porous media.
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Data and Code Availability

The complete project repository, including all raw generated synthetic phantom datasets
(as volumetric .npy arrays), trained neural network checkpoint weights (.pth), XGBoost
model artifacts (.pkl), precomputed edge-feature CSV tables, preprocessing scalers,
Jupyter notebooks, HTML 3D visualizations, and publication figures for Project 44, is
fully archived and accessible for academic verification and peer review on Google Drive.
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