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distributions and efficient sensitivity analysis. The sensitivity 
analysis results can be used to identify influential distributed 
generators for which power factor must be adjusted to reduce 
the chance of voltage violation. We demonstrated the validity 
of our proposed method on IEEE 33-bus system. The results 
show that the proposed approach provides efficient and 
accurate probabilistic voltage analysis. 

 
6. References   

Alanne K and Saari A (2006) Distributed energy generation 
and sustainable development. Renewable and sustainable 
energy reviews, 10(6), 539-558. 
Bruckstein AM et al. (2009) From sparse solutions of systems 
of equations to sparse modeling of signals and images. SIAM 
review, 51(1), 34-81. 
Candès EJ and Wakin MB (2008) An introduction to 
compressive sampling. IEEE signal processing 
magazine, 25(2), 21-30. 
Coster EJ et al. (2011) Integration issues of distributed 
generation in distribution grids. Proceedings of the 
IEEE, 99(1), 28-39. 
Doostan A and Owhadi H (2011) A non-adapted sparse 
approximation of PDEs with stochastic inputs. Journal of 
Computational Physics, 230(8), 3015-3034. 
Hung  DQ. and Mithulananthan  N (2013) Multiple distributed 
generator placement in primary distribution networks for loss 
reduction. IEEE Transactions on industrial electronics, 60(4), 
1700-1708. 
Jhala K et al. (2018) Probabilistic voltage sensitivity analysis 
(PVSA)—A novel approach to quantify impact of active 
consumers. IEEE Transactions on Power Systems, 33(3), 
2518-2527. 
Lou Y (2017) https://sites.google.com/site/louyifei/Software  
(accessed14/04/2019). 
Ni F et al (2017) Basis-adaptive sparse polynomial chaos 
expansion for probabilistic power flow. IEEE Transactions on 
Power Systems, 32(1), 694-704. 
Ni F et al (2018) Variance-based global sensitivity analysis for 
power systems. IEEE Transactions on Power Systems, 33(2), 
1670-1682. 
Ren Z et al (2016) Probabilistic power flow analysis based on 
the stochastic response surface method. IEEE Transactions on 
Power Systems, 31(3), 2307-2315. 
Shin Y and Xiu D (2016) Nonadaptive quasi-optimal points 
selection for least squares linear regression. SIAM Journal on 
Scientific Computing, 38(1), A385-A411. 
Sobol IM (2001) Global sensitivity indices for nonlinear 
mathematical models and their Monte Carlo 
estimates. Mathematics and computers in simulation, 55(1-3), 
271-280. 
Sudret B (2008) Global sensitivity analysis using polynomial 
chaos expansions. Reliability engineering & system 
safety, 93(7), 964-979. 

Sudret B and Caniou Y (2013) Analysis of covariance 
(ANCOVA) using polynomial chaos expansions (pp. 3275-
3281). ETH Zürich. 
Tamp F and Ciufo P (2014) A sensitivity analysis toolkit for the 
simplification of MV distribution network voltage 
management. IEEE Transactions on Smart Grid, 5(2), 559-
568. 
Valverde G and Van Cutsem T (2013) Model predictive 
control of voltages in active distribution networks. IEEE 
Transactions on Smart Grid, 4(4), 2152-2161. 
Weckx S et al. (2015) Voltage sensitivity analysis of a 
laboratory distribution grid with incomplete data. IEEE 
Transactions on Smart Grid, 6(3), 1271-1280. 
Xiu D (2010) Numerical methods for stochastic computations: 
a spectral method approach. Princeton university press. 
Zad BB et al (2015) Optimal reactive power control of DGs 
for voltage regulation of MV distribution systems using 
sensitivity analysis method and PSO algorithm. International 
Journal of Electrical Power & Energy Systems, 68, 52-60. 
Zhang Z et al (2018) A novel voltage sensitivity approach for 
the decentralized control of DG plants. IEEE Transactions on 
Power Systems, 33(2), 1566-1576.

UNSUPERVISED DEEP LEARNING FOR INSTRUMENTED 
INFRASTRUCTURE: A CASE STUDY 

A. Mikhailova1*, N.M. Adams1,2, C.A. Hallsworth1, F.D.-H. Lau1,3, and D.N. Jones4 

1Department of Mathematics, Imperial College of Science, Technology and Medicine, London, United Kingdom  
2Data Science Institute, Imperial College of Science, Technology and Medicine, London, United Kingdom 

3Lloyd’s Register Foundation Programme on Data-Centric Engineering, The Alan Turing Institute, London, United Kingdom 
4Mathematical Institute, University of Oxford, Oxford, United Kingdom 

* Corresponding author

ABSTRACT Deep learning methods have recently shown great success in numerous fields, including finance, healthcare, linguistics, robotics, 
and even cybersports. Modern computer hardware makes it possible to train very large deep neural networks that can handle datasets of high 
dimensionality and rich structure. The area of unsupervised deep learning addresses modelling underlying data distributions when no ground 
truth labels are present. Probabilistic deep learning studies models that provide a measure of uncertainty for a prediction. We present a case 
study where a state-of-the-art family of deep probabilistic unsupervised models called Variational Auto-Encoder (VAE) is applied to data 
accrued from a network of fibre-optic sensors installed within a composite steel-concrete half-through railway bridge. Our goals were to: 1) 
automatically characterise the response of the bridge under stimuli based on sensor measurements, and 2) based on this characterisation, 
determine when a train passes across a bridge. Based on the VAE model, we present an algorithm to automatically identify the “train event” 
points. Our case study illustrates how state-of-the-art deep learning methods can be applied to a civil infrastructure engineering problem without 
directly modelling the physics of the objects or using any labels. 

1. Introduction

The purpose of this paper is to investigate the applicability of 
modern machine learning machinery to a real-world 
instrumented infrastructure problem. Smart sensors are being 
integrated into infrastructure: as an example, several bridges in 
the UK have recently been instrumented with fibre-optic 
sensors (Butler et al., 2016). Analysis of measurements from 
such sensors can bring understanding of how bridges behave at 
rest, react to events, and recover afterwards, which is helpful 
for monitoring bridge health and detecting possible damage, an 
activity which is generically referred to as structural health 
monitoring (Chang et al., 2003). These measurements record 
the response of multiple sensors over time, and reflect both the 
behaviour of the bridge and the sensor network itself. These 
spatio-temporal data are high-dimensional, high-frequency and 
hard to interpret. Statistical methods are being developed to 
model this sensor data (Lau et al., 2018a). Our work presented 
in this paper demonstrates how a state-of-the-art unsupervised 
deep learning technique called Variational Auto-Encoder 
(“VAE”) (Kingma and Welling, 2013) can be leveraged to 
analyse these sensor measurements. 

Machine learning distinguishes supervised and unsupervised 
learning methods. Supervised methods require ground truth 
labels from which they learn. Examples of supervised learning 
tasks are classification and regression. Classification learns a 
discrete mapping from a data point to a class, based on the class 
labels present in the training set. The goal of regression is to 

learn a continuous mapping from a point to a real-valued scalar 
or vector. Unsupervised learning methods do not require any 
labels and at their essence map high-dimensional input data to 
a numerical space of a lower dimensionality. 

With recent improvements in computational capacity, deep 
learning methods are becoming increasingly popular and are 
already being adopted in numerous fields. Such fields include 
speech recognition (Graves et al., 2013), natural language 
processing (Sutskever et al., 2014), computer vision 
(Krizhevsky et al., 2012), finance (Heaton and Polson, 2016), 
robotics (Levine et al., 2017), playing board games (Silver et 
al., 2017), and even solving fundamental scientific problems 
such as modelling protein structure (Evans et al., 2018). Deep 
learning excels at analysing high-dimensional data and 
discovering complex hidden dependencies. 

VAE is a deep learning-based dimensionality reduction 
method. Unsupervised dimensionality reduction techniques are 
vital for numerous tasks, such as data compression and 
visualisation, generation of realistic synthetic data, feature 
extraction, and data density modelling. The most widely used 
techniques include PCA (Pearson, 1901) and its nonlinear 
generalisation Kernel PCA (Schölkopf et al., 1998). The 
popular t-SNE method (van der Maaten and Hinton, 2008) 
projects data points onto a low-dimensional (2D, 3D) space and 
hence is well-suited for visualisation. In modern machine 
learning, neural network-based data mappings have been most 
popular in recent years. A notable example is the family of 
word2vec models (Mikolov et al., 2013) that embed words into 
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numerical vector space so that words often appearing together 
in texts become vectors close to each other. Google’s trained 
word2vec model was trained on about 100 billion words taken 
from the Google News dataset (Google Code Archive – 
word2vec, 2013), which illustrates the efficiency and capacity 
of neural networks. 

Autoencoders are a family of techniques that learn both the 
embedding (“encoder”) and the inverse mapping (“decoder”, 
or “reconstruction”) simultaneously (Goodfellow et al., 2016, 
Chapter 14). VAE adds a probabilistic flavour to the 
autoencoder framework by operating with distributions over 
embeddings and reconstructions rather than single point 
estimates. 

This paper discusses applicability of VAE to the task of 
determining when a train passes across a bridge instrumented 
with sensors. The original dataset does not contain any labels 
indicating when exactly there is a train on the bridge, hence 
manual “event” and “no event” labelling of the data is 
conducted so that standard metrics for estimating quality of 
classification could be used. This paper provides necessary 
deep learning background, presents the VAE model, and 
defines a VAE-based train event detection algorithm based on 
the work of An and Cho (2015). The raw data have pronounced 
temporal drifts partially due to environmental factors such as 
temperature. We propose a method for data transformation that 
removes temporal variability and ensures stability of the VAE 
training procedure. Finally, our VAE-based model is assessed 
using various classification metrics such as precision, recall, 
and F-measure, and the benefits of our approach are 
demonstrated, compared to a widely-used quality control 
method. 

2. Data  

This analysis considers three distinct datasets of sensor 
measurements collected from one bridge. The datasets consist 
of 80-dimensional vectors representing measurements of 80 
sensors taken at 250Hz frequency. The sensor network consists 
of fibre-optic sensors with Bragg grating. There are two 
separate rail tracks on the bridge for trains travelling in 
opposite directions. There are two lines of 20 equidistant 
sensors located in the main girders of the bridge. The datasets 
contain 611108, 908238, and 803594 observations, accounting 
for runs of approximately 2440, 3630, and 3210 seconds, 
respectively. Such large volumes of data observed at high 
frequency pose challenges for analysis. 

The original data records wavelength measurements in 
nanometres. Following Lau et al. (2018b), the sensor 
measurements are converted to relative strains via the 
photoelastic constant as shown in Equation (1). This 
conversion of the data transforms the data into interpretable 
physical units and plays an important role in practical use of 
neural networks. 

𝑥𝑥" = 	 %
%&	'

	 ()&(*
(*

	×	10. (1) 
 

In Equation (1), 𝑦𝑦", 𝑥𝑥" are wavelength and strain (expressed in 
microstrains) at time 𝑡𝑡 and 𝜌𝜌 = 0.22 is the photoelastic 
constant of the fibre-optic cable. 

The original measurements do not have any labels indicating 
when a train is on the bridge. “Event” and “no event” labels 
needed for evaluation of our algorithms were constructed 
manually by considering the sum of strains of all sensors and 
hand-picking events. Figure 1 shows eight seconds of the sum 
of strains of all sensors marked by crosses and coloured in 
darker shade where, according to the constructed labels, an 
event happens. 

Figure 1 Sum of sensor strains around a train event 

 
Per our manual labelling, the “event” and “no event” classes 
turned out to be heavily imbalanced: the “event” class accounts 
for only about 0.43% of all the datasets. This manual labelling 
procedure is laborious and infeasible for larger datasets, hence 
automated labelling methods are important. 

The sensor data exhibit unpredictable temporal variation 
partially due to environmental factors such as temperature. 
Figure 2 illustrates a drift occurring in our third dataset in the 
strains of a sensor. Such variability of the data tends to 
negatively affect machine learning methods that do not account 
for any sequential structure. The classic VAE model 
demonstrated in this paper does not assume any temporal 
structure, therefore in Section 4.1 we propose a pre-processing 
technique to remove such drifts from the data. The spikes in 
the data that can be seen in Figures 2 and 3 correspond to the 
train events that we aim to detect automatically. 

	

	
	
	

Figure 2 Drift in the strains of an example sensor 

 
It is worth noting that temporal variation and train events 
manifest different features in individual sensors, subject to 
where the sensor is positioned on the bridge. Figure 3 depicts 
strain values of a second example sensor from the same subset 
of data as that shown in Figure 2. 

Figure 3 Drift in the strains from a second example 
sensor 

 
Part of our interest in using VAEs is to automatically capture 
the rich structure present in this data. 

3. Variational Auto-Encoder 

This section provides the necessary background on deep 
learning, defines the VAE model, and presents the algorithm 
for VAE-based train event detection. 

3.1 Background 
As briefly mentioned in Section 1, an autoencoder learns its 
encoder and decoder mappings jointly. Modern autoencoder 
models, including VAE, typically use deep neural networks as 
their encoders and decoders. Deep neural networks are 
commonly used to construct complex non-linear 
representations suitable for challenging datasets. 

Deep neural network (“DNN”) is the core building block of 
deep learning algorithms. There are numerous DNN 
architectures, each tailored for certain tasks and types of data. 
This paper considers the architecture called multilayer 
perceptron (“MLP”). An MLP is a composition of at least three 
functions 𝑓𝑓5 𝑓𝑓5&% … 𝑓𝑓% 𝑥𝑥 , where each component 
(“layer”) 𝑓𝑓7 · , except for the last, consists of a non-linear 
function, called an activation function, applied to a linear 
transformation of the input: 

𝑓𝑓7 𝑥𝑥 = 	𝑔𝑔(𝑊𝑊7
<𝑥𝑥 + 𝑐𝑐7) (2) 

 
(Goodfellow et al., 2016, Chapter 6). Here, 𝑊𝑊7 and 𝑐𝑐7 are 
parameters to be determined which are typically estimated via 
gradient descent optimisation of some objective function. The 
layers 𝑓𝑓@ ⋅ , …, 𝑓𝑓5&% ⋅  are called hidden layers. DNNs are 
known to be extremely good and scalable approximations of 
complex functions with high-dimensional inputs. 

Classic autoencoders use two separate MLPs as encoder and 
decoder. In training, their objective is to minimise the metric 
called reconstruction loss which is typically the mean squared 
error between the input and its reconstructed code. However, 
classic autoencoders are deterministic in nature and do not 
provide any measure of uncertainty either for the inferred code 
(that is, the latent representation) or for the reconstruction. For 
complex nonlinear models, it is usually necessary to perform 
approximate inference in order to quantify such uncertainty. 
VAE performs efficient variational inference, as discussed in 
the next subsection, under certain assumptions about the model 
while keeping its latent space close to a standard Gaussian 
distribution, and aiming at partitioning the latent space so that 
similar inputs are mapped to close codes. 

3.2 Variational Auto-Encoder 
Consider a generative latent variable model which consists of 
a random variable 𝑋𝑋 driven by a latent random variable 𝑍𝑍. The 
joint probability density function can be written as follows: 

𝑝𝑝E 𝑥𝑥, 𝑧𝑧 = 	 𝑝𝑝E 𝑥𝑥|𝑧𝑧 	𝑝𝑝E 𝑧𝑧  (3) 
 
where 𝜃𝜃 denotes the true parameters of the model. Note that we 
are following the notation similar to that used by Kingma and 
Welling (2013). We would like to point out that various 
notations are used in the literature in this area, and they often 
differ from statistical conventions. Given a set of independent 
and identically distributed samples from 𝑋𝑋, the goal is to 
estimate the true parameters 𝜃𝜃 and to sample from the posterior 
distribution of 𝑍𝑍|𝑋𝑋. This generally implies computing the 
marginal likelihood 𝑝𝑝E 𝑥𝑥  and the posterior 𝑝𝑝E 𝑧𝑧|𝑥𝑥  shown in 
Equations (4) and (5) respectively, which are often intractable 
or infeasible to calculate, hence require approximation. 

𝑝𝑝E 𝑥𝑥 = 	 𝑝𝑝E 𝑥𝑥, 𝑧𝑧 	𝑑𝑑𝑑𝑑K  (4) 
 
𝑝𝑝E 𝑧𝑧|𝑥𝑥 = 	 LM(N,K)

LM(N)
 (5) 
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numerical vector space so that words often appearing together 
in texts become vectors close to each other. Google’s trained 
word2vec model was trained on about 100 billion words taken 
from the Google News dataset (Google Code Archive – 
word2vec, 2013), which illustrates the efficiency and capacity 
of neural networks. 

Autoencoders are a family of techniques that learn both the 
embedding (“encoder”) and the inverse mapping (“decoder”, 
or “reconstruction”) simultaneously (Goodfellow et al., 2016, 
Chapter 14). VAE adds a probabilistic flavour to the 
autoencoder framework by operating with distributions over 
embeddings and reconstructions rather than single point 
estimates. 

This paper discusses applicability of VAE to the task of 
determining when a train passes across a bridge instrumented 
with sensors. The original dataset does not contain any labels 
indicating when exactly there is a train on the bridge, hence 
manual “event” and “no event” labelling of the data is 
conducted so that standard metrics for estimating quality of 
classification could be used. This paper provides necessary 
deep learning background, presents the VAE model, and 
defines a VAE-based train event detection algorithm based on 
the work of An and Cho (2015). The raw data have pronounced 
temporal drifts partially due to environmental factors such as 
temperature. We propose a method for data transformation that 
removes temporal variability and ensures stability of the VAE 
training procedure. Finally, our VAE-based model is assessed 
using various classification metrics such as precision, recall, 
and F-measure, and the benefits of our approach are 
demonstrated, compared to a widely-used quality control 
method. 

2. Data  

This analysis considers three distinct datasets of sensor 
measurements collected from one bridge. The datasets consist 
of 80-dimensional vectors representing measurements of 80 
sensors taken at 250Hz frequency. The sensor network consists 
of fibre-optic sensors with Bragg grating. There are two 
separate rail tracks on the bridge for trains travelling in 
opposite directions. There are two lines of 20 equidistant 
sensors located in the main girders of the bridge. The datasets 
contain 611108, 908238, and 803594 observations, accounting 
for runs of approximately 2440, 3630, and 3210 seconds, 
respectively. Such large volumes of data observed at high 
frequency pose challenges for analysis. 

The original data records wavelength measurements in 
nanometres. Following Lau et al. (2018b), the sensor 
measurements are converted to relative strains via the 
photoelastic constant as shown in Equation (1). This 
conversion of the data transforms the data into interpretable 
physical units and plays an important role in practical use of 
neural networks. 
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In Equation (1), 𝑦𝑦", 𝑥𝑥" are wavelength and strain (expressed in 
microstrains) at time 𝑡𝑡 and 𝜌𝜌 = 0.22 is the photoelastic 
constant of the fibre-optic cable. 

The original measurements do not have any labels indicating 
when a train is on the bridge. “Event” and “no event” labels 
needed for evaluation of our algorithms were constructed 
manually by considering the sum of strains of all sensors and 
hand-picking events. Figure 1 shows eight seconds of the sum 
of strains of all sensors marked by crosses and coloured in 
darker shade where, according to the constructed labels, an 
event happens. 

Figure 1 Sum of sensor strains around a train event 

 
Per our manual labelling, the “event” and “no event” classes 
turned out to be heavily imbalanced: the “event” class accounts 
for only about 0.43% of all the datasets. This manual labelling 
procedure is laborious and infeasible for larger datasets, hence 
automated labelling methods are important. 

The sensor data exhibit unpredictable temporal variation 
partially due to environmental factors such as temperature. 
Figure 2 illustrates a drift occurring in our third dataset in the 
strains of a sensor. Such variability of the data tends to 
negatively affect machine learning methods that do not account 
for any sequential structure. The classic VAE model 
demonstrated in this paper does not assume any temporal 
structure, therefore in Section 4.1 we propose a pre-processing 
technique to remove such drifts from the data. The spikes in 
the data that can be seen in Figures 2 and 3 correspond to the 
train events that we aim to detect automatically. 

	

	
	
	

Figure 2 Drift in the strains of an example sensor 

 
It is worth noting that temporal variation and train events 
manifest different features in individual sensors, subject to 
where the sensor is positioned on the bridge. Figure 3 depicts 
strain values of a second example sensor from the same subset 
of data as that shown in Figure 2. 

Figure 3 Drift in the strains from a second example 
sensor 

 
Part of our interest in using VAEs is to automatically capture 
the rich structure present in this data. 

3. Variational Auto-Encoder 

This section provides the necessary background on deep 
learning, defines the VAE model, and presents the algorithm 
for VAE-based train event detection. 

3.1 Background 
As briefly mentioned in Section 1, an autoencoder learns its 
encoder and decoder mappings jointly. Modern autoencoder 
models, including VAE, typically use deep neural networks as 
their encoders and decoders. Deep neural networks are 
commonly used to construct complex non-linear 
representations suitable for challenging datasets. 

Deep neural network (“DNN”) is the core building block of 
deep learning algorithms. There are numerous DNN 
architectures, each tailored for certain tasks and types of data. 
This paper considers the architecture called multilayer 
perceptron (“MLP”). An MLP is a composition of at least three 
functions 𝑓𝑓5 𝑓𝑓5&% … 𝑓𝑓% 𝑥𝑥 , where each component 
(“layer”) 𝑓𝑓7 · , except for the last, consists of a non-linear 
function, called an activation function, applied to a linear 
transformation of the input: 

𝑓𝑓7 𝑥𝑥 = 	𝑔𝑔(𝑊𝑊7
<𝑥𝑥 + 𝑐𝑐7) (2) 

 
(Goodfellow et al., 2016, Chapter 6). Here, 𝑊𝑊7 and 𝑐𝑐7 are 
parameters to be determined which are typically estimated via 
gradient descent optimisation of some objective function. The 
layers 𝑓𝑓@ ⋅ , …, 𝑓𝑓5&% ⋅  are called hidden layers. DNNs are 
known to be extremely good and scalable approximations of 
complex functions with high-dimensional inputs. 

Classic autoencoders use two separate MLPs as encoder and 
decoder. In training, their objective is to minimise the metric 
called reconstruction loss which is typically the mean squared 
error between the input and its reconstructed code. However, 
classic autoencoders are deterministic in nature and do not 
provide any measure of uncertainty either for the inferred code 
(that is, the latent representation) or for the reconstruction. For 
complex nonlinear models, it is usually necessary to perform 
approximate inference in order to quantify such uncertainty. 
VAE performs efficient variational inference, as discussed in 
the next subsection, under certain assumptions about the model 
while keeping its latent space close to a standard Gaussian 
distribution, and aiming at partitioning the latent space so that 
similar inputs are mapped to close codes. 

3.2 Variational Auto-Encoder 
Consider a generative latent variable model which consists of 
a random variable 𝑋𝑋 driven by a latent random variable 𝑍𝑍. The 
joint probability density function can be written as follows: 

𝑝𝑝E 𝑥𝑥, 𝑧𝑧 = 	 𝑝𝑝E 𝑥𝑥|𝑧𝑧 	𝑝𝑝E 𝑧𝑧  (3) 
 
where 𝜃𝜃 denotes the true parameters of the model. Note that we 
are following the notation similar to that used by Kingma and 
Welling (2013). We would like to point out that various 
notations are used in the literature in this area, and they often 
differ from statistical conventions. Given a set of independent 
and identically distributed samples from 𝑋𝑋, the goal is to 
estimate the true parameters 𝜃𝜃 and to sample from the posterior 
distribution of 𝑍𝑍|𝑋𝑋. This generally implies computing the 
marginal likelihood 𝑝𝑝E 𝑥𝑥  and the posterior 𝑝𝑝E 𝑧𝑧|𝑥𝑥  shown in 
Equations (4) and (5) respectively, which are often intractable 
or infeasible to calculate, hence require approximation. 
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The two most common approaches to posterior approximation 
are MCMC (Gelfand and Smith, 1990; Hastings, 1970) and 
variational inference (Jordan, 1999; Wainwright and Jordan, 
2008). According to Blei et al. (2016), the latter is often faster 
and scales better. VAE employs variational inference for its 
training procedure. In variational inference, the true posterior 
𝑝𝑝E 𝑧𝑧|𝑥𝑥  is approximated by a simpler distribution 𝑞𝑞P 𝑧𝑧  
whose parameters 𝜑𝜑 are learned jointly with the parameters 𝜃𝜃 
of the generative model. The maximisation objective is 
Evidence Lower Bound (“ELBO”) which is a lower bound of 
the true marginal likelihood 𝑝𝑝E 𝑥𝑥 : 

ℒ 𝑞𝑞; 𝜃𝜃, 𝜑𝜑 = 𝔼𝔼UV(K|N) log 𝑝𝑝E 𝑥𝑥 𝑧𝑧 	− 𝐷𝐷\](𝑞𝑞P 𝑧𝑧 ∥ 𝑝𝑝E 𝑧𝑧 ) (6) 
 
where 𝐷𝐷\](𝑞𝑞P 𝑧𝑧 ∥ 𝑝𝑝E 𝑧𝑧 ) denotes the Kullback-Leibler 
divergence (“KL-divergence”). The derivation of Equation (6) 
is given in (Blei et al., 2016). Intuitively, Equation (6) 
optimises the likelihood of the decoder (i.e. converting codes 
into realistic data) while keeping the latent space of the codes 
close to the prior over 𝑍𝑍. 

Under certain assumptions made in the VAE framework, 
ℒ	 𝑞𝑞; 	𝜃𝜃, 𝜑𝜑  is differentiable almost everywhere with respect to 
both 𝜃𝜃 and 𝜑𝜑, and can be optimised via gradient ascent with 
the Stochastic Gradient Variational Bayes algorithm (Kingma 
and Welling, 2013). More specifically, we consider the case 
when 𝑞𝑞P 𝑧𝑧  and 𝑝𝑝E 𝑥𝑥|𝑧𝑧  are assumed to be Gaussians whose 
parameters are estimated by encoder and decoder DNNs. All 
covariance matrices are assumed to be diagonal for simplicity, 
rather than a valid modelling assumption in the problem 
context. It is possible to extend the model to non-diagonal 
covariance matrices. The prior over the latent variables 𝑍𝑍 is set 
to the standard normal distribution, 𝒩𝒩 0, 𝐼𝐼 . With these 
assumptions, the probability density function 𝑝𝑝E 𝑥𝑥|𝑧𝑧  is 
differentiable almost everywhere with respect to 𝜃𝜃, and the 
KL-divergence term in Equation (6) can be computed and 
differentiated in closed form as shown by Kingma and Welling 
(2013). 

3.3 Model for anomaly detection 
As “event” and “no event” classes are heavily unbalanced, the 
train event detection problem can be formulated as an anomaly 
detection task. We use the classic VAE model where both 
encoder and decoder are MLPs, and employ the reconstruction 
probability (“recproba”) metric calculated via Algorithm 1 as 
per An and Cho (2015) to distinguish “event” from “no event”. 
More details on the architecture of the networks are given in 
Section 4.4. We would like to note that this reconstruction 
probability metric is not a properly defined probability 
measure. 

Algorithm 1 Calculation of reconstruction probability 
>	Let	𝐿𝐿	be	number	of	samples	to	compute	recproba.			
>	Get	[𝜇𝜇K, ΣK] = 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑥𝑥).		 	
>	Draw	𝑧𝑧(%), … , 𝑧𝑧 ] 	~	𝒩𝒩 𝜇𝜇K, ΣK .		 	
>	Get	 𝜇𝜇N

k , ΣN
k = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑧𝑧 k 	𝑓𝑓𝑓𝑓𝑓𝑓	𝑙𝑙	𝑖𝑖𝑖𝑖	1. . . 𝐿𝐿.		 	

>	Finally:	𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑥𝑥 = 	 %
]
	 log𝒩𝒩 𝑥𝑥; 	𝜇𝜇N

k , ΣN
k]

kp% .	

Here, 𝒩𝒩 𝑥𝑥; 	𝜇𝜇N
k , ΣN

k  is the probability density function for 
the normal distribution with the given parameters, evaluated at 
data point 𝑥𝑥. Essentially, the reconstruction probability is the 
MC estimate of 𝔼𝔼UV(K|N) log 𝑝𝑝E 𝑥𝑥 𝑧𝑧 , the left-hand term of the 
ELBO objective presented in Equation (6). For computational 
simplicity reasons, the number of samples 𝐿𝐿 is set to 1 in this 
experiment. 

To perform the “event” / “no event” classification, a threshold 
𝛼𝛼 is chosen for reconstruction probability. If the recproba value 
for a data point 𝑥𝑥 is lower than this threshold, 𝑥𝑥 is marked as 
an anomaly, i.e. a train event. In this case study, 𝛼𝛼 is set to 
−130 based on empirical observation of a subset of the data. 
Generally, the choice of 𝛼𝛼 controls the false positive and the 
false negative rates of such binary classifiers (see Section 4.2 
for details on the evaluation methods). 

There are two major simplifications in this model. First, for 
computational convenience, both covariance matrices ΣK and 
ΣN

k  are diagonal, hence any correlation between sensors is lost. 
Second, temporal dependencies in the data are not captured in 
this method. 

4. Demonstration 

This section discusses data preparation for anomaly detection, 
describes the baseline used to compare the VAE model against, 
and defines metrics for evaluation of model quality. Finally, 
the evaluation of the baseline and the VAE is presented. 

4.1 Data pre-processing 
As illustrated in Figures 2 and 3 in Section 2, the individual 
sensor strain data are non-stationary and have unpredicted 
temporal variation. Such variation interferes with the process 
of training neural networks in the VAE model as the model 
assumes that there is no temporal correlation in the underlying 
process. The highly complex and non-convex VAE loss 
function is sensitive to variability in the input data, and when 
drifts become more pronounced (e.g. like that shown in Figure 
2), the loss explodes, and the training procedure does not 
converge. 

The difference transformation is a common method to remove 
temporal variability from data (Cowpertwait and Metcalfe, 
2009: p. 93). It is performed by subtracting the data point at 
previous time step from the data point at the current time: 
∆𝑥𝑥" = 	 𝑥𝑥" − 𝑥𝑥"&%. However, as the sensor strain data were 
taken at a high frequency, differences between consecutive 
observations are small enough that the train events are no 
longer apparent in the data plots. This phenomenon is 
illustrated in Figure 4. 

	

	
	
	

Figure 4 Sum of sensor strains before and after the 
difference transform 

 
To resolve this issue, we first downsample the data by retaining 
only one observation at regular intervals. Intuitively, 
downsampling the data should make the differences larger 
when a train event starts to happen, compared to when the 
bridge is at rest. We show empirically that lowering the 
frequency from 250Hz to 5Hz is enough to visibly remove the 
temporal variability while preserving the signal of train events 
in the data. Figure 5 illustrates the same subset of data 
differenced at various frequencies: 250Hz (original frequency), 
50Hz, and 5Hz. 

Figure 5 Sum of sensor strains before and after 
difference transform with lowered frequency 

 
4.2 Metrics and manual labelling 
To evaluate our models, we use the standard metrics of the 
quality of binary classification: precision, recall, and F-
measure (Manning et al., 2008, pp. 154–157). The definitions 
of these metrics are built on the concept of a confusion matrix 
for binary classification. A binary confusion matrix is a table 
that characterises the performance of a classification algorithm 
based on the known ground truth labels. Henceforth, the 
“event” class is referred to as “Positive”, and the “no event” 
class as “Negative”. The confusion matrix counts the number 

of times the algorithm correctly identified instances of both 
classes (“True Positive” and “True Negative”), and the number 
of times it mistook an ordinary data point for an anomalous 
event (“False Positive”) and vice versa (“False Negative”): 

Table 1 Layout of the binary confusion matrix 
 Predicted Yes Predicted No 

 
True Class Yes True Positive 

(TP) 
False Negative 
(FN) 

True Class No False Positive 
(FP) 

True Negative 
(TN) 

 

In this context, precision is the ratio of correctly detected 
events to the total number of data points labelled as events, 
which measures the accuracy of an anomaly detector: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = <v
<vwxv

 (7) 
 
Precision, Equation (7), alone is not enough to evaluate the 
quality of a classifier. Suppose that the classifier is tuned to be 
very conservative to the false positive labels, and only 
classifies an entry as positive in very few cases, hence missing 
a large amount of actual positive samples. In this setting, 
precision is going to be very high, but such a classifier is 
practically useless. Therefore, the number of samples labelled 
as positive needs to be assessed as well. 

Recall, Equation (8), is the ratio between the number of items 
correctly labelled as positive by the classifier and the number 
of all items that have ground truth positive labels. Recall 
essentially characterises how many positive items the classifier 
misses, the quantity which is particularly important to access 
when the classes are unbalanced (as in our case): 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = <v
<vwxz

 (8) 
 
Similarly, recall can be high even if the classifier is poor: 
consider the classifier that labels every data point as positive. 

Finally, the F-measure (“F1”) balances precision and recall and 
summarises them in one number. It is defined as the harmonic 
mean of precision and recall: 

𝐹𝐹1 = 2	×	v|}~7�7€5	×	Å}~‚kk
v|}~7�7€5wÅ}~‚kk

  (9) 
 
These three metrics require ground truth “event” and “no 
event” labels to be assigned to the data, hence we performed 
manual labelling of the sensor data as mentioned in Section 2. 
Out of 2322940 data samples in total, 9934 were labelled as 
“event”. 

4.3 Baseline – CUSUM 
We apply the cumulative sum control chart (“CUSUM”) 
method initially proposed by Page (1954) to our event 
detection problem, and compare our VAE model against it. As 
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The two most common approaches to posterior approximation 
are MCMC (Gelfand and Smith, 1990; Hastings, 1970) and 
variational inference (Jordan, 1999; Wainwright and Jordan, 
2008). According to Blei et al. (2016), the latter is often faster 
and scales better. VAE employs variational inference for its 
training procedure. In variational inference, the true posterior 
𝑝𝑝E 𝑧𝑧|𝑥𝑥  is approximated by a simpler distribution 𝑞𝑞P 𝑧𝑧  
whose parameters 𝜑𝜑 are learned jointly with the parameters 𝜃𝜃 
of the generative model. The maximisation objective is 
Evidence Lower Bound (“ELBO”) which is a lower bound of 
the true marginal likelihood 𝑝𝑝E 𝑥𝑥 : 

ℒ 𝑞𝑞; 𝜃𝜃, 𝜑𝜑 = 𝔼𝔼UV(K|N) log 𝑝𝑝E 𝑥𝑥 𝑧𝑧 	− 𝐷𝐷\](𝑞𝑞P 𝑧𝑧 ∥ 𝑝𝑝E 𝑧𝑧 ) (6) 
 
where 𝐷𝐷\](𝑞𝑞P 𝑧𝑧 ∥ 𝑝𝑝E 𝑧𝑧 ) denotes the Kullback-Leibler 
divergence (“KL-divergence”). The derivation of Equation (6) 
is given in (Blei et al., 2016). Intuitively, Equation (6) 
optimises the likelihood of the decoder (i.e. converting codes 
into realistic data) while keeping the latent space of the codes 
close to the prior over 𝑍𝑍. 

Under certain assumptions made in the VAE framework, 
ℒ	 𝑞𝑞; 	𝜃𝜃, 𝜑𝜑  is differentiable almost everywhere with respect to 
both 𝜃𝜃 and 𝜑𝜑, and can be optimised via gradient ascent with 
the Stochastic Gradient Variational Bayes algorithm (Kingma 
and Welling, 2013). More specifically, we consider the case 
when 𝑞𝑞P 𝑧𝑧  and 𝑝𝑝E 𝑥𝑥|𝑧𝑧  are assumed to be Gaussians whose 
parameters are estimated by encoder and decoder DNNs. All 
covariance matrices are assumed to be diagonal for simplicity, 
rather than a valid modelling assumption in the problem 
context. It is possible to extend the model to non-diagonal 
covariance matrices. The prior over the latent variables 𝑍𝑍 is set 
to the standard normal distribution, 𝒩𝒩 0, 𝐼𝐼 . With these 
assumptions, the probability density function 𝑝𝑝E 𝑥𝑥|𝑧𝑧  is 
differentiable almost everywhere with respect to 𝜃𝜃, and the 
KL-divergence term in Equation (6) can be computed and 
differentiated in closed form as shown by Kingma and Welling 
(2013). 

3.3 Model for anomaly detection 
As “event” and “no event” classes are heavily unbalanced, the 
train event detection problem can be formulated as an anomaly 
detection task. We use the classic VAE model where both 
encoder and decoder are MLPs, and employ the reconstruction 
probability (“recproba”) metric calculated via Algorithm 1 as 
per An and Cho (2015) to distinguish “event” from “no event”. 
More details on the architecture of the networks are given in 
Section 4.4. We would like to note that this reconstruction 
probability metric is not a properly defined probability 
measure. 

Algorithm 1 Calculation of reconstruction probability 
>	Let	𝐿𝐿	be	number	of	samples	to	compute	recproba.			
>	Get	[𝜇𝜇K, ΣK] = 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑥𝑥).		 	
>	Draw	𝑧𝑧(%), … , 𝑧𝑧 ] 	~	𝒩𝒩 𝜇𝜇K, ΣK .		 	
>	Get	 𝜇𝜇N

k , ΣN
k = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑧𝑧 k 	𝑓𝑓𝑓𝑓𝑓𝑓	𝑙𝑙	𝑖𝑖𝑖𝑖	1. . . 𝐿𝐿.		 	

>	Finally:	𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑥𝑥 = 	 %
]
	 log𝒩𝒩 𝑥𝑥; 	𝜇𝜇N

k , ΣN
k]

kp% .	

Here, 𝒩𝒩 𝑥𝑥; 	𝜇𝜇N
k , ΣN

k  is the probability density function for 
the normal distribution with the given parameters, evaluated at 
data point 𝑥𝑥. Essentially, the reconstruction probability is the 
MC estimate of 𝔼𝔼UV(K|N) log 𝑝𝑝E 𝑥𝑥 𝑧𝑧 , the left-hand term of the 
ELBO objective presented in Equation (6). For computational 
simplicity reasons, the number of samples 𝐿𝐿 is set to 1 in this 
experiment. 

To perform the “event” / “no event” classification, a threshold 
𝛼𝛼 is chosen for reconstruction probability. If the recproba value 
for a data point 𝑥𝑥 is lower than this threshold, 𝑥𝑥 is marked as 
an anomaly, i.e. a train event. In this case study, 𝛼𝛼 is set to 
−130 based on empirical observation of a subset of the data. 
Generally, the choice of 𝛼𝛼 controls the false positive and the 
false negative rates of such binary classifiers (see Section 4.2 
for details on the evaluation methods). 

There are two major simplifications in this model. First, for 
computational convenience, both covariance matrices ΣK and 
ΣN

k  are diagonal, hence any correlation between sensors is lost. 
Second, temporal dependencies in the data are not captured in 
this method. 

4. Demonstration 

This section discusses data preparation for anomaly detection, 
describes the baseline used to compare the VAE model against, 
and defines metrics for evaluation of model quality. Finally, 
the evaluation of the baseline and the VAE is presented. 

4.1 Data pre-processing 
As illustrated in Figures 2 and 3 in Section 2, the individual 
sensor strain data are non-stationary and have unpredicted 
temporal variation. Such variation interferes with the process 
of training neural networks in the VAE model as the model 
assumes that there is no temporal correlation in the underlying 
process. The highly complex and non-convex VAE loss 
function is sensitive to variability in the input data, and when 
drifts become more pronounced (e.g. like that shown in Figure 
2), the loss explodes, and the training procedure does not 
converge. 

The difference transformation is a common method to remove 
temporal variability from data (Cowpertwait and Metcalfe, 
2009: p. 93). It is performed by subtracting the data point at 
previous time step from the data point at the current time: 
∆𝑥𝑥" = 	 𝑥𝑥" − 𝑥𝑥"&%. However, as the sensor strain data were 
taken at a high frequency, differences between consecutive 
observations are small enough that the train events are no 
longer apparent in the data plots. This phenomenon is 
illustrated in Figure 4. 

	

	
	
	

Figure 4 Sum of sensor strains before and after the 
difference transform 

 
To resolve this issue, we first downsample the data by retaining 
only one observation at regular intervals. Intuitively, 
downsampling the data should make the differences larger 
when a train event starts to happen, compared to when the 
bridge is at rest. We show empirically that lowering the 
frequency from 250Hz to 5Hz is enough to visibly remove the 
temporal variability while preserving the signal of train events 
in the data. Figure 5 illustrates the same subset of data 
differenced at various frequencies: 250Hz (original frequency), 
50Hz, and 5Hz. 

Figure 5 Sum of sensor strains before and after 
difference transform with lowered frequency 

 
4.2 Metrics and manual labelling 
To evaluate our models, we use the standard metrics of the 
quality of binary classification: precision, recall, and F-
measure (Manning et al., 2008, pp. 154–157). The definitions 
of these metrics are built on the concept of a confusion matrix 
for binary classification. A binary confusion matrix is a table 
that characterises the performance of a classification algorithm 
based on the known ground truth labels. Henceforth, the 
“event” class is referred to as “Positive”, and the “no event” 
class as “Negative”. The confusion matrix counts the number 

of times the algorithm correctly identified instances of both 
classes (“True Positive” and “True Negative”), and the number 
of times it mistook an ordinary data point for an anomalous 
event (“False Positive”) and vice versa (“False Negative”): 

Table 1 Layout of the binary confusion matrix 
 Predicted Yes Predicted No 

 
True Class Yes True Positive 

(TP) 
False Negative 
(FN) 

True Class No False Positive 
(FP) 

True Negative 
(TN) 

 

In this context, precision is the ratio of correctly detected 
events to the total number of data points labelled as events, 
which measures the accuracy of an anomaly detector: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = <v
<vwxv

 (7) 
 
Precision, Equation (7), alone is not enough to evaluate the 
quality of a classifier. Suppose that the classifier is tuned to be 
very conservative to the false positive labels, and only 
classifies an entry as positive in very few cases, hence missing 
a large amount of actual positive samples. In this setting, 
precision is going to be very high, but such a classifier is 
practically useless. Therefore, the number of samples labelled 
as positive needs to be assessed as well. 

Recall, Equation (8), is the ratio between the number of items 
correctly labelled as positive by the classifier and the number 
of all items that have ground truth positive labels. Recall 
essentially characterises how many positive items the classifier 
misses, the quantity which is particularly important to access 
when the classes are unbalanced (as in our case): 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = <v
<vwxz

 (8) 
 
Similarly, recall can be high even if the classifier is poor: 
consider the classifier that labels every data point as positive. 

Finally, the F-measure (“F1”) balances precision and recall and 
summarises them in one number. It is defined as the harmonic 
mean of precision and recall: 

𝐹𝐹1 = 2	×	v|}~7�7€5	×	Å}~‚kk
v|}~7�7€5wÅ}~‚kk

  (9) 
 
These three metrics require ground truth “event” and “no 
event” labels to be assigned to the data, hence we performed 
manual labelling of the sensor data as mentioned in Section 2. 
Out of 2322940 data samples in total, 9934 were labelled as 
“event”. 

4.3 Baseline – CUSUM 
We apply the cumulative sum control chart (“CUSUM”) 
method initially proposed by Page (1954) to our event 
detection problem, and compare our VAE model against it. As 

Mikhailova, Adams, Hallsworth, Lau and Jones
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the sensor data are multidimensional and classic CUSUM 
accepts only one-dimensional inputs, we input the sum of 
strains of all 80 sensors at each time step to the algorithm. 
Using the sum of strain measurements within a CUSUM is a 
simple and arbitrary choice. Other one-dimensional summaries 
can be used within the CUSUM approach. The sensor strain 
values are pre-processed before they are summed, as described 
in Section 4.1. 

The CUSUM method is used to detect points in a time series 
when the process goes out of control. It monitors changes in 
the mean of the process over time, and signals when it detects 
a deviation from the expected mean that is outside of the 
allowed limits. This paper considers two standard CUSUM 
charts for train event detection, where events are flagged using 
the same threshold on both charts. 

The method uses the following parameters: 1) expected mean 
of the process, 𝜇𝜇; 2) magnitude of a change in the process that 
is to be labelled as an anomaly, 𝑘𝑘; 3) control limit, 𝐻𝐻. The 
parameters 𝑘𝑘 and 𝐻𝐻 are set to 𝜎𝜎 and 3𝜎𝜎 respectively, where 𝜎𝜎 
is the estimated standard deviation of the process. In this case 
study, 𝜇𝜇 and 𝜎𝜎 are set to 0 and 15 respectively based on 
empirical observation of a subset of the data. For consistency, 
the data subset used here is the same as that chosen to compute 
the VAE reconstruction probability threshold mentioned in 
Section 3.3. The full CUSUM-based anomaly detection 
method is presented below in Algorithm 2. 

Algorithm 2 CUSUM-based event detection 
>	Compute	𝜇𝜇	and	𝜎𝜎.	 	
>	Set	𝑘𝑘	 ∶= 	𝜎𝜎	and	𝐻𝐻	 ∶= 	3𝜎𝜎.	 	
>	Set	𝑆𝑆%k€ˆ ∶= 	0	and	𝑆𝑆%

‰7Š‰ ∶= 	0.	 	
>	For	each	data	point	(sum	of	sensor	strains)	𝑥𝑥":	 	
>>	Set	𝑆𝑆"k€ˆ ∶= 	min	 0, 𝑆𝑆"&%k€ˆ + 𝑥𝑥" − 	𝜇𝜇 + 𝑘𝑘 .		
>>	Set	𝑆𝑆"

‰7Š‰ ∶= 	max	 0, 𝑆𝑆"&%
‰7Š‰ + 𝑥𝑥" − 	𝜇𝜇 − 𝑘𝑘 .	 	

>>	If	𝑆𝑆"k€ˆ ≤ 	−𝐻𝐻	or	𝑆𝑆"
‰7Š‰ ≥ 𝐻𝐻,	label	𝑥𝑥"	as	event.	 	

4.4 Technical specification of the VAE model 
The input to VAE is multi-dimensional, hence vectors of 
sensor strains are passed to it directly after the pre-processing 
procedure described in Section 4.1 is performed. 

Both encoder and decoder are multilayer perceptron networks 
with one hidden layer (see Section 3.1). The hidden layer size 
is set to 40, ReLU activation (Nair and Hinton, 2010) is chosen 
as the non-linearity, and L2 weight regularisation is used in 
both encoder and decoder. The latent space (code) 
dimensionality is set to 2. All the neuron weights are initialised 
randomly from a Gaussian distribution with mean 0 and 
variance 0.01. The model is trained on the whole dataset with 
mini-batches of size 64 for 50 epochs via stochastic gradient 
descent using the Adam optimiser (Kingma and Ba, 2014). 

The presented choice of the hyperparameters and the DNN 
properties is a reasonable standard choice for MLP networks 
and the VAE framework. No special hyperparameter tuning 
was performed for this case study. 

The data are normalised by computing the Z-score before being 
passed to the VAE model as such standardisation of inputs aids 
the convergence of the training of deep neural networks. 

4.5 Evaluation 
Table 2 gives the results of the evaluation of CUSUM and 
VAE. Both algorithms are sensitive to the choice of 
hyperparameters, mainly to the thresholds controlling the size 
of anomalies to be detected. As mentioned earlier, we did not 
perform any special hyperparameter tuning, adopting 
reasonable standard choices instead. With the given choice of 
parameters, VAE noticeably outperforms CUSUM: 

Table 2 Evaluation results 
 CUSUM VAE 

 
Precision 0.579 0.840 
Recall 0.905 1.000 
F-measure 0.706 0.913 

 

Figure 6 illustrates one of the events labelled by CUSUM and 
VAE, compared to the ground truth manual labels. Notably, 
CUSUM produces a few false positives right after the end of 
the event, and misclassifies several anomalous points in the 
middle of the event. Note that as the frequency of the data was 
lowered during pre-processing, the number of points input to 
the algorithms and shown in Figure 6 is smaller than the 
original number of entries in this time interval. To bring the 
predicted labels to the original data, one can set all the original 
observations falling between the two labelled points to “event” 
or “no event” based on these two predicted labels. 

Figure 6 Predicted vs. ground truth labels 

 
Apart from event detection, another interesting property of the 
VAE is the representation of the sensor strain data in the latent 
space. Figure 7 depicts the two-dimensional latent space of the 
VAE on a subset of the data. The data points are marked based 
on the ground truth manual labels. One can see that the “event” 
and the “no event” data are clearly separated in the latent space, 

	

	
	
	

with the “no event” data distribution being close to a standard 
Gaussian. 

Figure 7 Latent space of the VAE 

 
5. Conclusion 

The purpose of this case study is to show that state-of-the-art 
deep learning methods have potential for engineering problems 
and are feasible to adopt. VAE is a fully unsupervised 
probabilistic deep learning technique that is commonly used to 
model data distributions. This paper demonstrates how a 
standard VAE model can be applied to a real-world anomaly 
detection problem for instrumented infrastructure. The 
performance of our VAE model is reasonable compared to the 
widely used CUSUM benchmark, while VAE, unlike 
CUSUM, can process vector data and also map inputs to a low-
dimensional space, separating the anomalous points there. The 
VAE approach does not involve any mathematical modelling 
of the bridge structure and behaviour. As this case study 
reveals, VAE can be treated as a black box as long as the input 
data do not have drifts and are standardised to expedite the 
convergence of the training procedure. 

The full source code of our case study is available online at 
https://github.com/red-cheese/icsic-vae-for-bridges. 

6. Future work 

As stated earlier, the standard VAE model is not sequential in 
nature, i.e. it does not consider temporal dependencies between 
subsequent data points. When training on or predicting for 𝑥𝑥", 
VAE does not take earlier observations 𝑥𝑥%, … , 𝑥𝑥"&% into 
account. Due to this, the pre-processing of our data presented 
in Section 4.1 was required, as VAE assumes the input process 
to be stationary. As a solution to this limitation, several 
methods have been introduced in the recent literature. For 
example, variational RNN (“VRNN”) (Chung et al., 2015) 
employs a VAE machinery on each time step within a fixed 
time window, and takes previous data points as inputs as well. 
It appears to us that this or other similar sequential approaches 
that allow for richer model specifications can be beneficial for 
instrumented infrastructure tasks such as ours, and they might 

help to get rid of the additional step of data pre-processing 
altogether. 

Table 2 and Figure 7 show that when the “event” class accounts 
for a small portion of the dataset, VAE is able to separate the 
dominating (“no event”) class and detect train events with high 
quality. Another interesting research task is to assess the 
performance and the latent space structure of VAE in cases 
when the proportion of events in the data is increasing and 
eventually becomes the same as the proportion of “no event” 
entries. 
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the sensor data are multidimensional and classic CUSUM 
accepts only one-dimensional inputs, we input the sum of 
strains of all 80 sensors at each time step to the algorithm. 
Using the sum of strain measurements within a CUSUM is a 
simple and arbitrary choice. Other one-dimensional summaries 
can be used within the CUSUM approach. The sensor strain 
values are pre-processed before they are summed, as described 
in Section 4.1. 

The CUSUM method is used to detect points in a time series 
when the process goes out of control. It monitors changes in 
the mean of the process over time, and signals when it detects 
a deviation from the expected mean that is outside of the 
allowed limits. This paper considers two standard CUSUM 
charts for train event detection, where events are flagged using 
the same threshold on both charts. 

The method uses the following parameters: 1) expected mean 
of the process, 𝜇𝜇; 2) magnitude of a change in the process that 
is to be labelled as an anomaly, 𝑘𝑘; 3) control limit, 𝐻𝐻. The 
parameters 𝑘𝑘 and 𝐻𝐻 are set to 𝜎𝜎 and 3𝜎𝜎 respectively, where 𝜎𝜎 
is the estimated standard deviation of the process. In this case 
study, 𝜇𝜇 and 𝜎𝜎 are set to 0 and 15 respectively based on 
empirical observation of a subset of the data. For consistency, 
the data subset used here is the same as that chosen to compute 
the VAE reconstruction probability threshold mentioned in 
Section 3.3. The full CUSUM-based anomaly detection 
method is presented below in Algorithm 2. 

Algorithm 2 CUSUM-based event detection 
>	Compute	𝜇𝜇	and	𝜎𝜎.	 	
>	Set	𝑘𝑘	 ∶= 	𝜎𝜎	and	𝐻𝐻	 ∶= 	3𝜎𝜎.	 	
>	Set	𝑆𝑆%k€ˆ ∶= 	0	and	𝑆𝑆%

‰7Š‰ ∶= 	0.	 	
>	For	each	data	point	(sum	of	sensor	strains)	𝑥𝑥":	 	
>>	Set	𝑆𝑆"k€ˆ ∶= 	min	 0, 𝑆𝑆"&%k€ˆ + 𝑥𝑥" − 	𝜇𝜇 + 𝑘𝑘 .		
>>	Set	𝑆𝑆"

‰7Š‰ ∶= 	max	 0, 𝑆𝑆"&%
‰7Š‰ + 𝑥𝑥" − 	𝜇𝜇 − 𝑘𝑘 .	 	

>>	If	𝑆𝑆"k€ˆ ≤ 	−𝐻𝐻	or	𝑆𝑆"
‰7Š‰ ≥ 𝐻𝐻,	label	𝑥𝑥"	as	event.	 	

4.4 Technical specification of the VAE model 
The input to VAE is multi-dimensional, hence vectors of 
sensor strains are passed to it directly after the pre-processing 
procedure described in Section 4.1 is performed. 

Both encoder and decoder are multilayer perceptron networks 
with one hidden layer (see Section 3.1). The hidden layer size 
is set to 40, ReLU activation (Nair and Hinton, 2010) is chosen 
as the non-linearity, and L2 weight regularisation is used in 
both encoder and decoder. The latent space (code) 
dimensionality is set to 2. All the neuron weights are initialised 
randomly from a Gaussian distribution with mean 0 and 
variance 0.01. The model is trained on the whole dataset with 
mini-batches of size 64 for 50 epochs via stochastic gradient 
descent using the Adam optimiser (Kingma and Ba, 2014). 

The presented choice of the hyperparameters and the DNN 
properties is a reasonable standard choice for MLP networks 
and the VAE framework. No special hyperparameter tuning 
was performed for this case study. 

The data are normalised by computing the Z-score before being 
passed to the VAE model as such standardisation of inputs aids 
the convergence of the training of deep neural networks. 

4.5 Evaluation 
Table 2 gives the results of the evaluation of CUSUM and 
VAE. Both algorithms are sensitive to the choice of 
hyperparameters, mainly to the thresholds controlling the size 
of anomalies to be detected. As mentioned earlier, we did not 
perform any special hyperparameter tuning, adopting 
reasonable standard choices instead. With the given choice of 
parameters, VAE noticeably outperforms CUSUM: 

Table 2 Evaluation results 
 CUSUM VAE 

 
Precision 0.579 0.840 
Recall 0.905 1.000 
F-measure 0.706 0.913 

 

Figure 6 illustrates one of the events labelled by CUSUM and 
VAE, compared to the ground truth manual labels. Notably, 
CUSUM produces a few false positives right after the end of 
the event, and misclassifies several anomalous points in the 
middle of the event. Note that as the frequency of the data was 
lowered during pre-processing, the number of points input to 
the algorithms and shown in Figure 6 is smaller than the 
original number of entries in this time interval. To bring the 
predicted labels to the original data, one can set all the original 
observations falling between the two labelled points to “event” 
or “no event” based on these two predicted labels. 

Figure 6 Predicted vs. ground truth labels 

 
Apart from event detection, another interesting property of the 
VAE is the representation of the sensor strain data in the latent 
space. Figure 7 depicts the two-dimensional latent space of the 
VAE on a subset of the data. The data points are marked based 
on the ground truth manual labels. One can see that the “event” 
and the “no event” data are clearly separated in the latent space, 

	

	
	
	

with the “no event” data distribution being close to a standard 
Gaussian. 

Figure 7 Latent space of the VAE 

 
5. Conclusion 
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probabilistic deep learning technique that is commonly used to 
model data distributions. This paper demonstrates how a 
standard VAE model can be applied to a real-world anomaly 
detection problem for instrumented infrastructure. The 
performance of our VAE model is reasonable compared to the 
widely used CUSUM benchmark, while VAE, unlike 
CUSUM, can process vector data and also map inputs to a low-
dimensional space, separating the anomalous points there. The 
VAE approach does not involve any mathematical modelling 
of the bridge structure and behaviour. As this case study 
reveals, VAE can be treated as a black box as long as the input 
data do not have drifts and are standardised to expedite the 
convergence of the training procedure. 

The full source code of our case study is available online at 
https://github.com/red-cheese/icsic-vae-for-bridges. 

6. Future work 

As stated earlier, the standard VAE model is not sequential in 
nature, i.e. it does not consider temporal dependencies between 
subsequent data points. When training on or predicting for 𝑥𝑥", 
VAE does not take earlier observations 𝑥𝑥%, … , 𝑥𝑥"&% into 
account. Due to this, the pre-processing of our data presented 
in Section 4.1 was required, as VAE assumes the input process 
to be stationary. As a solution to this limitation, several 
methods have been introduced in the recent literature. For 
example, variational RNN (“VRNN”) (Chung et al., 2015) 
employs a VAE machinery on each time step within a fixed 
time window, and takes previous data points as inputs as well. 
It appears to us that this or other similar sequential approaches 
that allow for richer model specifications can be beneficial for 
instrumented infrastructure tasks such as ours, and they might 

help to get rid of the additional step of data pre-processing 
altogether. 

Table 2 and Figure 7 show that when the “event” class accounts 
for a small portion of the dataset, VAE is able to separate the 
dominating (“no event”) class and detect train events with high 
quality. Another interesting research task is to assess the 
performance and the latent space structure of VAE in cases 
when the proportion of events in the data is increasing and 
eventually becomes the same as the proportion of “no event” 
entries. 
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ABSTRACT The urban population is projected to rise to 66% in 2050 to 7.6 billion. This has had, and will have, a profound effect on the 
geological and geomorphological character of the Earth’s shallow geosphere. It is important to know the character and geometries of the 
geological deposits so that infrastructure is planned sensibly and sustainably, and urban areas can be reused responsibly to ensure that they 
help facilitate economic and social development. This brings major challenges for our cities, where there is increased pressure on resources, 
space and services. The geosciences have an important part to play in securing sustainable global cities - they can support urban innovation 
and city performance, reduce our environmental footprint and ensure greater resilience to natural hazards such as flooding and ground 
instability.  

For more than 30 years the British Geological Survey has advanced the geoscientific understanding and 3D characterisation of urban 
environments, producing multi-themed spatial datasets for geohazards and ground investigation used across the environmental, planning and 
insurance sectors.  

The BGS have collaborated with the University of Cambridge to better integrate geological data with landuse and infrastructure to look at the 
long-term impact on these types of activities at surface and subsurface. A 3D GeoLanduse layer was produced from the geological framework 
model of London. This vector-based grid means that many soil and rock properties (e.g. foundation conditions, groundwater levels, volume 
change potential), can be represented alongside landuse statistics and infrastructure type and correlated in the XYZ domain. Focus has been at 
geothermal potential of the ground surrounding residential basements and the broader correlation between geology, energy consumption and 
landuse at city scale using principle component analysis and cluster recognition.      

 
 

1. Introduction 

We have reached a key milestone in history where over half of 
the world’s population now lives in urban areas.  In 2014, it 
was estimated that 54% of the world’s population lived in 
urban areas (up from 30% in 1954), and this is projected to rise 
to 66% in 2050 according to World Population Prospects (The 
2014 Revision), when the urban population will grow by 2.5 
billion people to a total of around 7.6 billion. This has had, and 
will have, a profound effect on the geological and 
geomorphological character of the Earth’s shallow geosphere. 
It is important to know the character and geometries of the 
geological deposits so that infrastructure is planned sensibly 
and sustainably, and urban areas (including peri-urban and 
brownfield sites) can be reused responsibly to ensure that they 
help facilitate economic and social development.  

This brings major challenges for our cities and surrounding 
resources where there is increased pressure on resources, space 
and services. The geosciences have an important, but often 
underappreciated part to play in securing sustainable global 
cities - they can support urban innovation and city 
performance, reduce our environmental footprint and ensure 

we are resilient to natural hazards such as flooding and ground 
instability.  

For more than 30 years the BGS has advanced the geoscientific 
understanding and modelling of urban environments. The BGS 
have pioneered the scientific and technological development of 
3D city-scale ground models (Campbell et al., 2010; Kessler et 
al., 2009; Lelliot, 2006; Royse, 2008) and our multi-themed 
spatial datasets for geohazards and difficult ground conditions 
are used across the environmental, planning and insurance 
sectors (Gakis, 2015; Kessler et al., 2015) 

To unlock the economic potential of the ground in our cities 
and to demonstrate the value of the services it provides, from 
water, geothermal energy and building materials through to 
green infrastructure and human health, there is a need to 
develop an integrated 3D city geospatial model of both the 
above surface and below surface natural and artificial 
environment. 

The need to identify and quantify the service benefits the 
ground can provide, the need for new forms of underground 
space management and an alignment of the many custodians of 
subsurface has recently been highlighted by the Government 
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