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Context and objectives

Application context

This study concerns the diagnosis of a complex
railway system, the track circuit, made up of several
subsystems (the trimming capacitors). It has two
main functions :

•Continuous and automatic detection of vehicles on
the track

• Transmission of coded data (signaling information)
to the train with safety constraints

Capacitors are subject to dysfunction (ageing, cor-
rosion,...). Periodic inspections are made to keep a
good operating ability. The diagnosis is based on the
analysis of a specific current, recorded by an inspec-
tion vehicle (fig. 1).

Aim

Provide an estimation of ri, the internal resistances
of each trimming capacitor which composed the
track circuit.

Challenges

•Spatial dependencies of subsystems along a di-
rection: a defective subsystem modifies inspection
data downstream its position (fig. 1)

•Variable number of subsystems N ∈ {15..25}, de-
pending on the track circuit length

← fig. 1
(top) Schema of track circuit,
(bottom) some example of theoretical inspection signals

Linear generative model

A piecewise approach is adopted for the signal representation. Each arch
between two capacitors is parametrized by a local polynomial ci, (ci ∈ R

6). The
complete vector (c1, c2, ..., cN) is the input vector of the diagnosis problem.

A particular generative model can be built (fig. 2) taking advantages from prior
knowledge (downstream-upstream dependencies).

πi = parents(ci) = {r1, r2, ..., ri}

fig. 2 Generative model of inspection data

If a linear, Gaussian model is chosen :

c = A.r + E , E ∼ N (0, ΣE)(1)

with c = (c1, c2, . . . , cN)t , r = (r1, r2, . . . , rN)t, A block lower triangular, ΣE diagonal

Learning : the parameters (A, ΣE) are easy to learn with the maximum likelihood
(ML) approach if a database is available :

• A → least square regression
• ΣE → empirical estimation of residual variance

Inversion : to compute an estimation of the features of interest with this model,
we may also use the ML framework :

r̂ = c
t
Σ
−1
E AΣr , with Σr = (A

t
Σ
−1
E .A)−1

In the case of prior informations on the {ri} distributions, the MAP framework
can be used.

Interesting property for our application : The diagnosis of a shorter track circuit
(N′ < N) simply uses a sub-model extracted from model (1)

But non-linear realtions exist between r and c. Inference with nonlinear relation-
ship between nodes is difficult and time consuming (sampling techniques). To
overcome the problem, we use RKCCA as a preprocessing step in order to linea-
rize this conditional relations and control the complexity of the model.

Nonlinear preprocessing with RKCCA

CCA (Canonical Correlation Analysis) : find the input subspace and the output
subspace for which the data correlation is maximized [3]

RKCCA (Regularized Kernel Canonical Correlation Analysis) : do the same but
in the feature spaces induced by the kernels. Regularization is important here,
because the feature space is high-dimensional, even infinite [4, 2].

To linearize the conditional relationship between nodes of the graphical model,
we use RKCCA to find, for each node ci, non-linear transformations which are
maximally correlated with linear combinations of his parents π i

The dual vectors αi which give us the directions Li = Kci
αi, i ∈ {1..N} of maximal

correlations are the solutions of a generalized eigenvalue problem of the form :
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These directions are then used as new input features for the model described by
eq. (1).

fig. 3 Generative model of inspection data and resistance
with pre-processing by RKCCA

Incomplete Cholevsky factorization of Gram matrix was used to speed up the
computation of latent variables [4].

Hyperparameter tuning and regularization

• kernel : polynomial or Gaussian
• hyperparameters and regularization tuning with a test set
• complexity control : the features extracted were sorted according to the empiri-

cal correlation on the test set to obtain a succession of imbricated spaces. The
size of the final space was chosen in order to minimize the global mse on the
same set.

Numerical results
Database simulation

• simulation (electric model of track circuit [1]) with
random value of trimming capacitor resistances
• realistic noise injection
• 5000 signals (2500 training, 1000 test, 1500 vali-

dation)

Global results on validation set
mse correlation

"Linear Gaussian" 0.1018 0.7699

RKCCA
(Polynomial kernel)

0.0139 0.9684

RKCCA
(Gaussian kernel)

0.0244 0.9415

tab. 1 Numerical results on simulated and noisy data

Conclusion

The proposed approach gives excellent results for
our application. We may conclude that the relations
between nodes of the generative model have been li-
nearized, with the help of RKCCA. This solution may
be an interesting alternative to sampling techniques.
The Gaussian kernel and the polynomial kernel give
close results, even if the polynomial seems to be a
little better.

Prospects

•work on similar model for unsupervised and semi-
supervised learning
• comparison (computational time and perfor-

mances) with sampling techniques
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