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1 Introduction and Methodology

The structural integrity and serviceability of transportation infrastructure, par-
ticularly roadway networks, are paramount for economic prosperity and public
safety. Pavement cracking is a primary form of distress that, if left unaddressed,
can propagate rapidly, leading to significant structural failures like potholes and
rutting, compromising pavement quality, service life, and user safety, while dras-
tically increasing maintenance costs [1]. Pavement Management Systems face
critical bottlenecks from traditional labor-intensive manual inspections with high
error rates [1][8]; and while supervised computer vision approaches (such as
CNN-based segmentation models) effectively detect and outline cracks [13][2],
they fall short in quantifying crack severity without large, high-quality labeled
datasets [3][10]. These black-box methods struggle with domain-shift and the
lack of transparency required for high-stakes infrastructure decisions. Further-
more, current industry practice treats severity as a series of discrete classes, a
paradigm that overlooks the continuous nature of pavement degradation [4].

To address these challenges, we introduce CrackGNN, an unsupervised frame-
work that reframes crack severity assessment as a representation learning prob-
lem. We extract seven interpretable features from crack skeletons (junction
count, box dimension, tortuosity, orientation, propagation potential, branching
factor, continuity) to encode complexity and morphology relevant to severity [9].
Using these as nodes (with features), we construct inter-crack dependency graphs
by estimating pairwise mutual information (MI) with the Kraskov-Stögbauer-
Grassberger method [6], sparsifying by retaining top-50% MI edges for noise
reduction. This graph is fed to our GNN network which fuses an autoencoder
and a two-layer GCN [5], producing embeddings that reflect both features and
relationships. A learnable fusion parameter combines these, and embeddings are
clustered with silhouette-guided adjustment.

In our loss function, we encourage correlation across embedding dimensions.
This approach can be considered counter-intuitive, as a common goal in machine
learning is to learn disentangled representations where each embedding dimen-
sion corresponds to an independent feature [7]. The naive expectation would
be that such de-correlated dimensions would offer a clearer and more modular
understanding of the data and avoid "representation collapse" [11]. However, by
encouraging correlation, we allow the model to identify and amplify the most
critical underlying factor in the data. Instead of distributing the concept of sever-
ity across multiple, independent dimensions, our method enables the model to
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consolidate this information into a primary axis of variation, creating a powerful
and unified representation of the feature we aim to measure

The novelty of this work is the unsupervised discovery of an intrinsic severity
manifold (Section 2). This discovery offers both immediate practical value and
fundamental theoretical insights. For the industry, it provides a principled foun-
dation for crack severity assessment that eliminates subjective bias and the need
for vast labelled datasets, while maintaining interpretability. For researchers, it
opens new directions in infrastructure informatics, unsupervised learning, and
confirms the manifold hypothesis in a novel, real-world application. By bypass-
ing the data bottlenecks of supervised methods, CrackGNN demonstrates that
unsupervised learning can uncover hidden engineering data structures, offering
a scientifically rigorous and practically valuable solution for modern Pavement
Management Systems.

2 The Crack Severity Manifold

Fig. 1. t-SNE visualization of CrackGNN’s embeddings (severity manifold) s

Visualizing CrackGNN embeddings through t-SNE (Figure 1) reveals organi-
zation into a spiral-shaped manifold where severity increases monotonically, re-
vealing that pavement crack severity can be understood as a single, dominant di-
mension despite apparent morphological complexity. Simple linear cracks occupy
one end while complex alligator networks occupy the opposite. High-severity
clusters exhibit elevated junction counts, fractal dimensions, and tortuosity—
signatures expected for advanced alligator cracking. Low-severity clusters display
minimal junction activity and linear morphologies consistent with early-stage
cracking. This provides evidence that the manifold hypothesis [12] could govern
pavement crack analysis, this means that the ostensibly intricate, multi-feature
representations can in fact be unfurled into a single, interpretable severity axis.
Rather than a pathological collapse, maximizing latent correlation in CrackGNN
reveals the intrinsic simplicity of the task: severity is the overwhelming source
of variation in the feature set.
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