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A B S T R A C T

This thesis project investigates approaches for malfunction prediction
using unsupervised, self-organized models, with an orientation on
bus fleets. Certain bus malfunctions are not predictable with conven-
tional methods and preventive replacements are too costly and time
consuming. Malfunctions that could result in interruption of service
or on degradation of safety are of high priority to predict. The settings
of the desired application define the following constraints: definition
of a model by an expert is not desirable as it is not a scalable solution,
ambient conditions or usage schedule must not affect the prediction,
data communication between the systems is limited so data must be
compressed with relevant to the problem features. In this work, defi-
nition of normal or faulty operation is not handled by an expert, but
using the Wisdom of the crowd idea and Consensus Self-organized models
for fault detection (COSMO), or by the system’s past state by monitor-
ing an autoencoder’s reconstruction error. In COSMO each system
constructs a model describing its condition and then all distances be-
tween models are estimated to find the Most Central Pattern (MCP),
which is considered the normal state of the system. The measure of
deviation is the tendency of a system’s model to be farther from the
MCP after a sequence of observations, expressed as a probability that
the deviation is incidental. Factors that apply to the total of systems,
such as the weather conditions are thus minimized. The algorithms
approach the problem from the scopes of: linear and non linear rela-
tions between signals, distribution of values of a single signal, spec-
trum information of a single signal. This is achieved by constructing
relevant models of each observed system (bus). The performance of
the implemented algorithms is investigated using ROC curves and
real bus fleet data, targeting at predicting a set of malfunctions of the
air pressure system. More tests are performed using artificial data
with injected malfunctions, to evaluate the performance of the meth-
ods. By applying the method on artificial data, the ability of different
methods to detect different malfunctions is exhibited.
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1
I N T R O D U C T I O N

1.1 introduction

Monitoring of health status and malfunction prediction on vehicles or
other systems equipped with multiple sensors, traditionally was per-
formed using rules strictly defined by experts. The most common ap-
proach is diagnostics using hard thresholding on sensor data. As the
number of integrated electronic systems and sensors increases, defin-
ing proper behavior for all components becomes challenging. The
available signals are in many cases produced, logged and monitored
but are not utilized to a great extent. Those data streams are potent of
providing more information regarding the health status of a system.
Buses (studied in this work as an example and a test case), have over
a hundred of sensor signals, some of which could be used to predict
malfunctions.

Interruption of service on various systems, including bus fleets,
could result in loss of credibility or increased cost. Inevitably, research
is focused on Self-Organizing Systems, the construction of models that
can without supervision adjust according to a cyber physical system.
Specifically when multiple systems are monitored and observed, it
is possible to extract information by the relation of a system to the
rest of the systems. "The wisdom of crowds"[19] refers to such cases,
where the proper behavior is not strictly defined but inferred by the
operation of the systems as an ensemble. Under the hypothesis that
the majority of the systems are operating normal, a deviating system
from the crowd is considered a malfunctioning system.

What is investigated in this work, is the use of different models to
predict malfunctions. As a test case, the methods are used on data
originating from a fleet of 19 Volvo buses, operating at Kungsbacka.
About 100 sensors were monitored with a frequency of 1 Hz for a pe-
riod of three years. The available repair log and, as a consequence, the
faults that the models should detect, are those of the air pressure sys-
tem. Air compressors are not included in regular maintenance plan
and an unexpected break down can result in bus towing to the work-
shop. Although the sensor readings are accurate, the repair log con-
tains misdated records.

The methods can predict malfunctions of different nature. Both real
and artificial data are used for evaluating the performance.

The problem was approached from multiple scopes by using dif-
ferent models that capture different features. The majority of the al-
gorithms are based on the wisdom of crowd method Consensus self-
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2 introduction

organized models for fault detection (COSMO)[2]. All methods try to use
underlying structures in the data to predict malfunctions. The need to
generate the models on board, with limited computational resources,
was taken into account during the implementation. Several methods
and a logging service have been implemented for RaspberryPi, a low
cost single board computer that can be used for sensor logging and
model construction on board the vehicle.

1.2 goal

The project goal is to implement algorithms for malfunction predic-
tion with an orientation on vehicle fleets. The algorithms should ap-
proach the problem from the scopes of: linear and non linear relations
between signals, distribution of values of a single signal, spectrum in-
formation of a single signal. The algorithms should construct models
of each observed system (bus) as it is not practical to transmit all sen-
sor data to a center. As a consequence, the model construction should
be able to be performed on board- on low power platforms. Sensor
readings can be affected by external factors that apply to all systems,
such as ambient temperature due to seasonal changes, or by a change
in the use of a system. Those deviations should be disregarded by the
algorithm to minimize false predictions. The definition of normal or
faulty operation of a system is not handled by an expert. The Wisdom
of the crowd idea is used for this purpose, where the expected behavior
is defined by the operation of a group of systems (bus fleet). The per-
formance of the implemented algorithms is investigated using both
real bus fleet data and artificial data, targeting at predicting a set of
malfunctions.
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B A C K G R O U N D

Maintenance of equipment has evolved from corrective maintenance,
where a component is replaced only when it is broken, to predictive,
where it is replaced after a predefined use period, to condition-based
maintenance (CBM), where replacement takes place only when there is
evidence of abnormal behavior (a schedule based on Condition Moni-
toring) [8].

Fault diagnostics is the process of determining which specific fault
has occurred. Fault prognostics is the prediction of specific faults and
the estimation of the time it will occur. To implement CBM, accurate
fault diagnostics and prognostics is a prerequisite.

For fault prognostics, model-based and data-based algorithms can
be used [17]. Model-based algorithms depend on a model constructed
by an expert that the system is expected to follow. This approach
is not scalable with increasing complexity and requires deep under-
standing of the system. Data-driven methods aim to address this
problem by constructing models based on past observations, either by
conventional numerical methods, or by Machine Learning techniques.[17]

Only data-based approaches are implemented in this work. Mod-
els that capture relevant properties to the malfunction are constructed
from the data. The distance between the models constructed from dif-
ferent data is estimated and, using that, deviating systems are iden-
tified. The resulting method’s performance to correctly predict mal-
functions is evaluated using ROC curves.

There should be no confusion between model-based techniques
and models presented, with the first one meaning the definition of
expected behavior by an expert, and in this work the models that are
fitted to the data to capture their characteristics.

2.1 models for feature extraction

The purpose of using models to describe the data, is to perform com-
parisons between models instead of data. If the model can capture
the property related to the malfunction, then differences of the data
will be represented by model differences.

As multiple systems (fleet of buses) are monitored, it is also desir-
able to execute as many of the algorithm operations decentralized,
on low power computers embedded on the systems. By constructing
structures that model the system’s behavior, the network data traffic
and the central node’s load can be reduced.

3



4 background

They are thus used as a compression and feature extraction tech-
nique. The models have to capture important system characteristics,
depending on the malfunction they intent to identify. The character-
istics that are investigated belong to three categories. They are inde-
pendent in the sense they can detect different kinds of deviations.

• Relation Models that are more effective at detecting deviations
that result in a disturbance of variable relations. Example of
variables that provide such information are ABS sensor read-
ings. An ABS sensor measures wheel rotation. There is a strong
relation between sensor readings of different wheels. If the rela-
tion is disturbed this could possibly indicate a malfunction.

• Density Models that encode a single variable’s density. Devia-
tions that can be detected include for example raised tempera-
ture.

• Frequency Models that can encode a variable’s frequency spec-
trum. An example of deviation that can be detected by such
models is a malfunctioning thermostat that remains open.

The ability of a method to detect a malfunction depends primarily on
model selection. The selected model must be capable of encoding the
deviation caused by the malfunction.

2.1.1 Relation

2.1.1.1 Linear

linear regression is an approach to model relations between
dependent and explanatory variables. In simple linear regression, there
is one dependent variable. The relation is assumed to be represented
by y = βX + ε where y is the dependent variable, X the explanatory
variables, β the regression coefficients and ε the error. In the imple-
mentation, the Least squares technique is used to determine β and ε
coefficients.

lasso least absolute shrinkage and selection operator, originally pro-
posed by Tibshirani [22], is a technique for linear regression where
the sum of regression coefficients is bounded by a constant. By pe-
nalizing the sum of the absolute values of the regression coefficients,
lasso produces coefficients that are zero, eliminate this way variables
that do not strongly affect the dependent variable. The lasso estimate
is defined by

(α,β) = argmin {‖y−α−βX‖} , subject to ‖β‖ 6 t
objective of which is find regression coefficients β and scaling coeffi-
cients α that minimize the sum of squared residuals of the linear re-
gression, where y are the regressands and x the regressors, under the
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constraint that the sum of absolute β coefficients is bellow a thresh-
old t. Regressors that do not have large contribution are thus omitted.
The algorithm used in the implementation to obtain the coefficients
is coordinate descent. The reduction of variables simplifies the com-
parison between models, but can result in omitting variables that are
also predicting the variable and keeping only variables that are re-
gressand’s duplicates.

pearson product-moment correlation coefficient mea-
sure of linear correlation between two variables[14]. The coefficient is
bound between -1 and 1. The Pearson’s r is given by

ρx,y =
cov (x,y)
σxσy

Where x,y are vectors containing the values of the variables, and
σx,σy are the variances of the input variables.

2.1.1.2 Non Linear

autoencoders (Rumelhart et al. [16]) are models that intent to
identify patterns in data and reduce dimensionality. They are usually
Multilayer Perceptron with one or more hidden layers, with fewer
neurons than the input size, and with output and input layer equal in
size. The values of the hidden layer are an encoded form of the input
data, and the data can be decoded on the top layers to approximate
the original variables. Autoencoders can be trained using same tech-
niques as Multilayer Perceptron, and in the special case of one hidden
layer with linear activation function they can be considered equal to
PCA, and estimated as such. The algorithm used in the implementa-
tion is Stochastic gradient descent [1], with two layers, one with linear
and one with sigmoid activation function. On the decoders the output
would be

f (x) = sigmoid (bout +wout (sigmoid (bhid +whid · x)))

where w denotes weights and b denotes bias. The autoencoder is
not used for compression or for denoising of the input, but rather to
investigate the reconstruction error. An autoencoder after training has
captured the relations between the inputs. By feeding inputs that are
far apart from the training set, the autoencoder will result producing
larger error than normal during reconstruction.

2.1.2 Density

2.1.2.1 Histogram

histograms are graphical representations that can be used to ap-
proximate a distribution function, first used by Pearson [13]. The
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range of values that the variable can take is divided into equal in-
tervals, bins. A histogram is characterized by bin’s range and the
number of elements in each bin. The histogram area is equal to the
sum of the bins values. The histograms have low computational com-
plexity, need small amount of memory and can be computed directly
inside a database with only variable the bin size.

2.1.3 Frequency

2.1.3.1 Fourier transform

the fourier transform of a time series provides information
regarding the alternation of the value. Some of the characteristics that
are captured by Histograms are also captured by models based on
Fourier transform. For example a signal that has higher value than
normal would result on a Fourier transform with higher zero fre-
quency, but the remaining frequencies would not be greatly affected.
By itself it is not a suitable model, as data are not reduced. The fre-
quencies that have higher or lower amplitude than neighboring fre-
quencies are the features of interest. The difference that is expected
to occur from a deviating system, will have potentially a peek trans-
posed to higher or lower frequencies. The efficiency at discovering
errors depends on the features selected. Features that are used:

• Segment peaks: Input data are partitioned on ranges, the same
way as Histograms, and the local maximum of each range is
obtained. The result is affected by the size of each partition.
As lower frequencies are probably more interesting, the ranges
could be of unequal length, increasing logarithmically.

• Polynomial: Using segment peaks calculated by the previous
method, a polynomial is fitted. The coefficient of zero degree is
omitted as it holds scaling information. Histograms would be
more suited to detect such distribution deviations. High order
coefficients are correlated (Figure 1) so only one of them can
be used without losing much of the information. The correla-
tion is observed because odd powered monomials have to can-
cel the affect of even powered monomials to produce a stable,
close to linear, function. The selection of polynomial degree af-
fects the result. After this procedure the feature obtained from a
Fourier transform of a signal will be one numerical value, which
is cheap to store or send through a network for comparison. The
fitting of a fifth order polynomial on the Fourier transform of a
malfunctioning bus can be seen at Figure 2 and for a good bus
at Figure 3, where a single day’s data have been used.

• Local minimum and maximum: Builds on top of the previous
method. The local minimums and maximums of the polyno-
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Figure 1: The coefficients of polynomials fitted on Fourier transforms. The
red points belong to a malfunctioning bus

mial are selected as features. Local minimums are the points
where the first derivative of the polynomial is zero while the
second derivative is positive. Local maximums are the points
where the first derivative of the polynomial is zero while the
second derivative is negative. In Figure 4 features are plotted
for the same period for a good and a malfunctioning bus. In
this case, the polynomial is used as a smoothing function so it
can be substituted by any other differentiable function without
changes but parameters would still have to be provided. In the
polynomial case, the parameter is the polynomial order.

2.2 dimensionality reduction

On the first concept of the thesis, the target was to use dimensionality
reduction techniques to map the data into lower dimensions and then
use GMM to cluster data points into operation modes. Those meth-
ods would not give any information regarding the health status of a
system. Uses under current implementation could include dimension-
ality reduction of the features that result from the models but such
possibility was not investigated in this work.

2.2.1 Principal Component Analysis

Principal component analysis (PCA) [12] is a procedure used to trans-
form high dimensional, possibly correlated data, to lower dimen-
sional uncorrelated values, while maintaining most of the informa-
tion. It does so by finding a coordinate system that explains the higher
variability in the data. The lower dimensional variables are called
principal components and their values are the projections of high di-
mensional points to the new coordinate system. The coordinate sys-
tem is defined by the directions of the axises, the eigenvectors. The
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Figure 2: The fitting of a fifth order polynomial on a Fourier transform of a
malfunctioning bus

Figure 3: The fitting of a fifth order polynomial on a Fourier transform of a
good bus
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Figure 4: First local minimum and maximum of the polynomial used as fea-
ture. Red:malfunctioning

input data must be demeaned. The covariance matrix of the input
data is calculated, according to

C =
XTX

N− 1

Then the eigenvectors v and the eigenvalues λ are obtained by solving
the system of linear equations

(C− λI) v = 0

where I is the identity matrix. After the eigenvector calculation, any
data X can be projected to its principal components by calculating

Tn = Xvn

The significance of every eigenvector to the variation is given by the
corresponding eigenvalue. To reduce the dimensionality, only n most
significant eigenvectors are used in the calculation.

The reason principal components were not used in the final im-
plementation as a model is that eigenvectors represent the directions
with higher variance. There is no indication that such directions are
more relevant to the system’s condition.

2.2.2 Autoencoders

Generally autoencoders are used to reduce dimensionality. See Sec-
tion 2.1.1.2

2.3 deviation detection

2.3.1 Gaussian Mixture Model

gaussian mixture models cluster observations of a multidi-
mensional variable by fitting Gaussian distributions. Each observa-
tion can then be assigned to a cluster, using a probability function.
The parameters of the Gaussian distributions are estimated using the
Expectation Maximization algorithm. The algorithm has two steps,



10 background

the prediction of the probability the observation belongs to a distri-
bution, and then update of the parameters of each distribution by
an amount proportional to this probability. The density function of a
distribution is given by

p(x|µ,Σ) =
1√

(2π)D |Σ|
e−

1
2 (x−µ)

′Σ−1(x−µ)

where Σ is the covariance matrix, µ the mean of the Gaussian model,
or the centroid, D the number of dimensions. and the probability an
observation x to belong to component i is given by

Pr(i|x) =
wip(x|µi,Σi)∑M
k=1wkp(x|µk,Σk)

, Where wi =
1

T

T∑
t=1

Pr(i|x)

which is the weighted a priori probability of x given the component,
divided by the summed weighted a priori probabilities of all the com-
ponents. The Expectation Maximization algorithm repeats those steps,
updating the weights, centroids and covariance matrices.

2.3.2 Consensus self-organized models for fault detection

Consensus self-organized models for fault detection [2] is a method
in which normal system behavior is not defined by an expert. The
method relies on the existence of multiple similar systems and a sim-
ilarity measure is used for comparisons between systems. Different
models can be used to measure the distance between the data. To
identify the deviating system by estimating the P-value, one method
is Most Central Pattern [15]. The distances between each pair of mod-
els is calculated and the model with the least sum of distances is
assumed to be the most central pattern. Then each model is assigned
a score according to how its distance to the central model relates to
that of the rest of the systems,

p− value =
|{i = 1, ...,N : dic > dmc}|

N

P-values are expected to be uniformly distributed between 0 and 1.
P-test is used on the moving average of p-values to estimate the prob-
ability that the samples come from the same normal distribution, with
mean 1

2 and variance 1
12n . A threshold can then be used on that prob-

ability to indicate a deviating system. Models that can be used with
COSMO and are investigated are described in Section 2.1.

Autoencoders are not used as comparable values, instead each sys-
tem trains an autoencoder which is then transmitted to the rest of the
systems. Then all systems evaluate all autoencoders and return the re-
construction error for every model. The result of this procedure is the
creation of the distance matrix between the systems. In this method
autoencoders can be considered a distance measure.



2.4 evaluation method, roc 11

2.3.3 Autoencoder without COSMO

The motivation for using autoencoders is that models contain infor-
mation about non-linear relation between variables. This is achieved
by using a hidden layer with sigmoid activation function. One au-
toencoder is used per monitored system. Input variables are chosen
so that they contain potentially important features. Autoencoders are
periodically trained for a fixed number of epochs with recent data.
Models are initialized only once, they are not destroyed after the
training. They are instead trained again with new data. The result-
ing autoencoder has "learned" an internal representation of the data,
can reduce the dimensionality and then reconstruct the input, with
a certain error rate. Changes in signal relations are of interest, so a
proper measure would be the difference in the reconstruction error.
If the autoencoder was capable of reproducing the variable X with
a mean squared error of 0.2 and for a series of days this error is in-
creased to 2, it could indicate a malfunction. A p-value is calculated
for this purpose. With this method a system’s health status can be in-
vestigated independent of the rest of the systems, by comparing it to
its past state. Autoencoders are adapting through time to the changes
to compensate for external influences, such as the season of the year.
The variables could be observed independently to detect different
malfunctions.

2.4 evaluation method, roc

After the creation of the model, a metric is required to evaluate the
result. The previous methods have as result variables that can be used
as binary classifiers, by applying a threshold, that classify systems as
malfunctioning or as normal. The classifier is adjusted by varying the
threshold. The classifier’s performance is of interest, the correct and
wrong predictions for different threshold values. For this purpose, Re-
ceiver Operation Characteristic (ROC) curve is used. Receiver operation
characteristic curve is a plot that visualizes the performance of a bi-
nary classifier for different values of one of its parameters. The curve
results from the pair of variables True Positive Rate (TPR) and False
Positive Rate. Assuming :

• θ is the variable of the classifier that its effect is under investiga-
tion

• the classes resulting for the classifier are P (positive) and N (neg-
ative), that vary depending on θ

• two classes should be identified, F (classifier negative) and T
(classifier positive)
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the measures that are defined are

TP (θ) =
∑
ν

∣∣∣P (θ)⋂ T
∣∣∣

True Positive, number of correct positive predictions

TN (θ) =
∑
ν

∣∣∣N (θ)
⋂
F
∣∣∣

True Negative, number of correct negative predictions

FP (θ) =
∑
ν

∣∣∣P (θ)⋂ F
∣∣∣

False Positive, number of wrong positive predictions

FN (θ) =
∑
ν

∣∣∣N (θ)
⋂
T
∣∣∣

False Negative, number of wrong negative predictions

Figure 5: Prediction classification for ROC curve. (ig: ignored)

TPR (θ) =
TP (θ)

TP (θ) + FN (θ)
FPR (θ) =

FP (θ)

FP (θ) + TN (θ)

The Area Under the Curve (AUC) can be used as measure of the classi-
fier’s performance. Disadvantage of this method of evaluation is that
the classifier might identify the deviation long before the prediction
horizon, and those predictions would be considered False Positives.

2.5 related work

Using frequency features for malfunction prediction is not a new idea.
A lot of research have been done on using frequency information,
mainly for monitoring rotary systems, such as bearings and transmis-
sion gears. Parker et al. [11] used Fourier transform features as inputs
on a polynomial neural network and trained it to estimate the proba-
bility of failure for multiple classes of helicopter gearbox related prob-
lems. Zhang et al. [26] used PCA features on Hidden Markov models
to generate a component health/degradation index, which is used as
input to an adaptive prognostics component for on-line remaining
useful life prediction. The data features used are related to frequency.
The method was evaluated by simulation studies on bearing health
monitoring.
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Wavelets are extensively used for that matter. They have the prop-
erty to capture frequency information over a period. Yan and Lee [25]
used wavelets to extract features from signals and then used them
as inputs on logistic regression models to identify possible failure
modes, with an application on predicting elevator door faults. Vacht-
sevanos and Wang [23] introduced dynamic wavelet neural networks
and used them to predict bearing failure. They also suggested sta-
tistical methods to assess the performance of prognostic algorithms.
Swanson [21] used Kalman filters to track changes in waveform fea-
tures which were then associated with load conditions using fuzzy
logic and expert knowledge. Using wavelets would require further
investigation on compression of the data to meet the requirements.

For monitoring time related events another approach is to use ARIMA
models of the data, Wu et al. [24] uses Box-Jenkins based ARIMA
modeling, with an improved strategy that avoids using the previous
predicted values and generated predictions only based on true obser-
vations.

In the presented autoencoder approach, novelty detection is per-
formed by observing the reconstruction error. Relevant to this ap-
proach is the work of Luo et al. [9] that used a physical model of the
system, where the residuals between reality and the model were used
as indicators of fault. Instead of using a system’s model defined by an
expert, the method presented attempts to construct it using autoen-
coders. Autoencoders were first used for this purpose by Japkowicz
et al. [7], that proposed a novelty detection technique based on the re-
construction error of an autoencoder trained with positive examples.
One further advantage of retraining autoencoders with daily data, is
the gradually adaption to external factors. Such use of neural net-
works was exhibited before, by Sohn et al. [18]. In their work, they
used auto-associative neural networks to identify system deviations
and minimize the effect of ambient conditions.

All works presented so far depend on a model constructed by an
expert or on board. Svensson et al. [20] proposed an unsupervised
method for fault detection , based on Gaussian mixture models, that
monitored signal relations to model the expected behavior of a sys-
tem. Filev and Tseng [5] used fuzzy k-nearest neighbor clustering and
Gaussian mixture models to represent the system’s operating modes
as a collection of clusters. Often multiple similar systems are available.
Monitoring could be improved, if model construction was performed
based on the total condition of systems. Exploiting the information
provided by a set of systems, Byttner et al. [2] proposed Consensus
self-organized models for fault detection, and used Gaussian distri-
bution and leave-one-out technique as a similarity measure. Rogn-
valdsson et al. [15] used one class support vector machine (OCSVM),
conformal anomaly detection (CAD) and most central pattern (MCP)
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algorithms to estimate P-values for use in unsupervised deviation de-
tecting algorithms.

On using Histograms for malfunction prediction on buses, previ-
ous work has been done by Fan et al. [3], where Histograms of a
signal were used as inputs for hierarchical clustering of the buses,
and cluster transitions could indicate faults. Fan et al. [4] used His-
tograms as models that describe a system and Hellinger distance as
measures of similarity for COSMO method and evaluated the perfor-
mance using ROC curves.

In comparison to this work, no previous attempt has been made to
use autoencoders or frequency features in combination with COSMO.
Also, there has been no previous comparison of using different fea-
tures, and no evaluation of the impact of using different models on
the performance of the method to detect various malfunctions.



3
M E T H O D O L O G Y

3.1 distance measures

To make comparisons between the models, distance measures are
needed. The use of distance measure depends on the nature of the
resulting model.

euclidean distance is used as a measure in cases of compar-
ison that straight line distance is needed between two points. For
models, it is used on Fourier, Linear and Autoencoder. It is defined
as

Ed (p, q) = ‖p − q‖ =

√√√√ n∑
i=1

(pi − qi)
2

for vectors p and q.

hellinger distance [6] is used to quantify the similarity be-
tween two probability distributions. It is used here to measure dis-
tances between Histograms and is defined as

Hd (p, q) =
1√
2
‖√p −

√
q‖ =

√√√√1

2

n∑
i=1

(
√
pi −

√
qi)

2

for vectors p and q.

mahalanobis distance [10] takes into account the difference
in variance along the dimensions. Mahalanobis distance is used on
Gaussian Mixture Models, and is defined as

Md (p, q) =
√

(p − q)T S−1 (p − q)

for vectors p and q and covariance matrix S.

3.2 implementation

3.2.1 RaspberryPI

RaspberryPI 1 is a low cost, credit card sized computer. It can be used
on board, connected to the bus’ CAN using a CAN-SPI bus converter.
It can function as a logger and models from daily data can be con-
structed. The tools that have been implemented for RaspberryPI are:

1 https://www.raspberrypi.org/
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• Storing in Database A service has been implemented for Rasp-
berryPI in C, that accepts data from a FIFO (POSIX PIPE) and
at frequent intervals stores them in a DBMS. On the current
implementation the DBMS is Postressql.

• Histograms are calculated within the DBMS.

• Gaussian Mixture Models have been implemented in C using
GNU Scientific Library.

• Principal Components Analysis has been implemented in C
using GNU Scientific Library

Furthermore, the model construction of all algorithms can be exe-
cuted on RaspberryPI.

3.2.2 Preprocessing of data

The different sensor inputs of the logger have potentially different
sampling rate and time that they start and stop transmitting. When
examining only one variable this does not create any problem. But
in cases where the relations between variables are investigated, a
method is required to re-sample the data. Two methods have been
implemented:

• Clustering input variables according to their start and stop points
and then up-sampling signals of lower frequency. The clustering
of signals is performed by Gaussian Mixture Models. Further-
more, as usually there will be only one cluster and some noise,
except from clustering a threshold is applied to the probability
of a variable to belong to a cluster. After clustering, the algo-
rithm returns the resulting datasets. The number of datasets is
equal to the number of clusters.

• Use the rate and time points of the signal with the highest sam-
pling rate. This method was used on all tests, to make computa-
tions in shortest time to ease testing. Signals with low sampling
are up-sampled to match the signals with higher sampling rate.
The same value is kept until a new value of lower frequency sig-
nal is read. It could be assumed to be ’nearest’ interpolation, as
defined in python scipy library 2, but taking into account only
past values. It is inferior to the first method, but frequent classi-
fication of variables and their linear interpolation would require
significantly more resources.

After the data loading , they are demeaned and normalized before
the model fitting .

2 http://docs.scipy.org/doc/scipy/reference/generated/scipy.interpolate.

interp1d.html

http://docs.scipy.org/doc/scipy/reference/generated/scipy.interpolate.interp1d.html
http://docs.scipy.org/doc/scipy/reference/generated/scipy.interpolate.interp1d.html
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3.2.3 Models

The implemented models for testing are Linear Regression with COSMO,
Autoencoders with COSMO, Histograms with COSMO, Fourier with
COSMO and Autoencoders based on the vehicle’s change over time,
without COSMO.

The usage of different models and metrics is the only difference
between versions that use COSMO. As a consequence the implemen-
tation can be easily adapted for testing by using different models.
The execution is divided into three parts, with saving of intermedi-
ate data, to be able to experiment with different averaging periods,
different thresholds and produce ROC curves.

3.2.3.1 Linear Regression

The Linear Regression was implemented in python, using sci-kit 3

library. Two versions have been implemented and tested.

• One regressand, multiple regressors For N variables, N− 1

models are created, each of them has the same regressand but
different regressor.

• Multiple regressands, multiple regressors For N variables,
N ∗ (N− 1)/2 models are created. All variables are paired with
every other to have all possible combinations of regressand/
regressor. If a Linear Regression is fitted between a pair (x− >

y), inverse relation is not calculated (y− > x)

3.2.3.2 Autoencoders

Autoencoders are implemented in python, using pylearn2
4 and theano

libraries, that allow the execution of some functions on GPU to speed
up training. The resulting autoencoder are cross tested with other
buses data, or with different time data, to observe the reconstruction
error, functioning this way only as a volatile distance measure.

Using COSMO, the data are loaded twice, this is a disadvantage of
the implementation. They are loaded once to train the autoencoders,
and then once again to compare them. In real execution, the data
could be loaded only once per bus, as learning will be performed on
board, as long as new data are read. In the simulation it was not pos-
sible to keep daily data loaded for 19 buses at the same time because
of the memory usage.

As some autoencoders were constantly performing better than oth-
ers, the autoencoder of the Most Distant Pattern is replaced by the
autoencoder of Most Central Pattern. The difference on performance

3 http://scikit-learn.org
4 http://deeplearning.net/software/pylearn2/
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is caused by the different examples that are presented to the autoen-
coders. By coping the best autoencoder in place of the worst on every
execution, an amount of diversity is maintained between the autoen-
coders and at the same time no autoencoder is fitted to deviating
data. There is a similarity with genetic algorithms, as only the au-
toencoders with the best fit get a chance to keep training with new
data, to create new variations.

3.2.3.3 Fourier Transform

The COSMO method using spectral features. The features used in
different implementations were:

• The local maximum values of the segmented Fourier transform.
The number of segments is an input. Only one tenth of the
Fourier transform containing the lowest frequencies is taken
into account.

• The higher order coefficient of a polynomial fitted on the above
values.

• The first local minimum and local maximum of the polynomial.
In this case the polynomial is used as a smoothing function, and
the result is less dependent on the polynomial order.

It is important to filter input data, as for some signals there are ex-
treme values that greatly distort the Fourier transform. In the dataset,
extreme values are present when the bus first starts to operate.

3.2.3.4 Histograms

COSMO method using histogram values. Histograms are obtained
with numpy 5 library for the simulation. The bin size is set so that
the resulting models can capture the difference between normal and
malfunctioning systems. Variable filtering is not required, as extremes
are very few, with minimal effect to the model.

3.2.4 ROC

Variable Prediction Horizon (days before the event that the classifier
must return positive) and number of days that are ignored after the
event. For autoencoders a script was made to test also for combination
of variables.

5 http://www.numpy.org/
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3.3 tests with real data

3.3.1 Dataset

The dataset that is used for the experiments is from a fleet of nine-
teen buses, operating from July 2011 to August 2014 in the area of
Kungsbacka. Approximately 100 sensors are monitored for each bus,
with a sampling rate of 1 Hz. The sensors include signals that are
useful and others that are not of particular importance or are not
relevant to the problem. The repair log for the air pressure system
is also available for those buses. The dates of the repairs are not al-
ways accurate, as the repairs are often registered when the invoice
is issued, and not when the actual repair takes place. Of particular
interest are the replacements of the air compressor. If a compressor
failure occurs on the road it would require the bus to be towed to the
workshop. It is desirable to predict this failure, as it is a component
not replaced on standard service. The compressors are sometimes re-
placed before they actually break as a preventive measure. Those re-
placements are not always necessary. Consequently the replacement
logs that are more accurate are those that took place after the break-
down of the bus and the towing to the workshop. The repairs are
grouped into five categories, which are:

• CRwT Compressor replacement with towing

• CRiW Compressor replacement in workshop

• PHRD Congested air pipes, malfunctioning regulator-dryer

• GBAB Gearbox and air breaks

• ALKS Air leaks

3.3.2 Settings of tests

3.3.2.1 Linear Regression

The features for comparison were selected to be the coefficients of
the regressions and the performance of the regressions. The variables
that were selected for the linear regression were relevant mainly to the
engine of the bus, as there were not many variables relevant to the
air pressure system. The selected variables can be seen at Table 1. The
linear models were constructed from daily data. Averaging period of
30 days with prediction horizon 60 days and ignoring 10 days after
the malfunction.

On the single regressand test, the variable that was selected was
16929, Wet Tank Air Pressure. The resulting Z values can be seen at
Figure 6 and the ROC curve at Figure 28.
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variable id variable name

16632 Engine Retarder %

16646 Oil Temperature

16550 Estimated Fan Speed

16678 Engine Oil Pressure

16786 Transm. Oil Temp

16929 Wet Tank Air Pressure

24660 EngineIntakeManifold1Temperature

24661 EngineAirInletPressure

24663 EngineExhaustGasTemperature

25270 EngineIntakeManifold1Pressure

25271 EngineAirFilter1DifferentialPr

25314 TemperatureUpstreamCatalyst

25333 NOxConcentration

25334 LinearLambda

Table 1: The selected signals for Linear Regression

The resulting ROC curve of the multiple regressand can be seen at
Figure 29

3.3.2.2 Autoencoders

Two algorithms were tested, one using COSMO and the other by com-
paring the bus to its previous states by an autoencoder that keeps
training with daily data. In both cases the settings were the same.
Five hidden elements, one layer with sigmoid activation function and
one with linear, trained for 10 epochs for every new data, momentum
learning rule with factor 0.2 and initial learning rate 0.3. The training
algorithm used is Stochastic Gradient Descend. The same variables
with Linear regression were used (Table 1).

The version that didn’t use COSMO, repeatedly trained an autoen-
coder with daily data. The data are reduced to N values per day, the
reconstruction errors of each variable. For every monitored variable
there is a resulting time series that represents the performance of the
autoencoder to reconstruct the particular variable. The p-values are
obtained by monitoring a selected variable. A one-sided T-test was
performed as only events that the reconstruction error is higher than
normal are of interest. By observing different variables, the predic-
tion performance is different for particular malfunctions. For exam-
ple, Figure 7, where variable 24660 was monitored, the result was
very different than Figure 8, where 16632 was monitored.
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Figure 6: The Z values of Linear model based COSMO(Wet tank air pressure
as regressand)
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Figure 7: The ROC curve of independent autoencoder (observe 24660)

The ROC curve resulting from COSMO and autoencoder is pre-
sented at Figure 30. The distance measure was mean squared recon-
struction error for all variables.

3.3.2.3 Histograms

Histogram models are constructed with daily data. Hellinger distance
measure is used. The bin size selected is 30 and 60 days Prediction
Horizon, the number of days before the break down that Positives
are desirable from the binary classifier. There was a variation in the
performance depending on the prediction horizon, that was not ob-
served for the rest of the models. The resulting ROC curve can be
seen at Figure 9.

3.3.2.4 Fourier Transform

Fourier models were based on the assumption that the spectrum of
interest was one tenth of the initial spectrum, meaning that only fre-
quencies below 0.1Hz are interesting, or changes that occur with a
period over 10 seconds. This assumption is based on th normal oper-
ation and charge cycle of the air compressor. Frequencies above that
are discarded for all methods. The data are filtered to remove val-
ues below 4. Frequency 0 Hz is ignored, as it represents scaling and
not charge cycles of the compressor. Other models are more suitable
for this comparison. The time period of this model is 1 day. The input
variable is Wet Tank Air Pressure. Three different models were tested:
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Figure 8: The ROC curve of independent autoencoder (observe 16632)

Figure 9: The ROC curve of Histogram based COSMO
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Figure 10: The ROC curve of Fourier based COSMO with polynomial coeffi-
cient

• Peaks are used as representations of the Fourier transform. The
transform is divided into 10 equal segments, and the maximum
of each segment is obtained. The samples obtained are of am-
plitude and not frequency. The Euclidean distance measure is
used between the models. Other distance measures for compar-
ing distributions might be more suitable, such as Hellinger dis-
tance, but no difference was observed on the final result. A plot
of the ROC curve with Euclidean distance is presented at Fig-
ure 31, and with Hellinger distance at Figure 32

• A fifth order polynomial is fitted on 100 peak samples. Then the
coefficient of higher degree is used as a measure. The result is
one output per model, so that every bus has to send one value
daily. The distance measure used in Euclidean distance. The
resulting ROC curve is on Figure 10.

• The first local minimum and the first local maximum of the
polynomial are used as measures. The distance measure be-
tween the models is Euclidean. The resulting ROC curve, Fig-
ure 33. Interesting in this case is the plot of p-values, Figure 11,
as the case that the compressor was malfunctioning was cor-
rectly identified, without false positives, but no repairs are logged
for this malfunction.
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Figure 11: The P-values of Fourier based COSMO with local minimums and
maximums
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3.4 tests with artificial data

In order to compare the performance of methods based on differ-
ent models, additional test were performed using synthetic data with
injected faults. The reason for performing such a test is to validate
that each model is functioning and to determine the capacity of each
model to detect faults in its intended category.

The synthetic data contains different types of injected faults. Differ-
ent types of faults can be captured by using different methods and
models, faults such as disturbance of distribution, linear ,non-linear
relations and frequency are expected to be detectable by Histogram,
linear regression and Fourier transform based methods respectively.
A malfunction can be proceeded by a sudden break down of a com-
ponent that cause an immediate diversion from normal behavior, or
by the gradual deterioration of a component. Both cases are included
in the test.

In this setting twenty systems are monitored, for a time period of
five years, with a sampling period of one minute. Seven signals are
generated. A summary of the signals and the malfunctions related to
each one of them can be found at Table 2 Detailed explanation of each
signal’s generation:

1. Independent signal. Generated by the function
D1 = 100 ·

(
1− 100

m+100

)
where m is minute of the day. It is

used as input to other signals. This signal is not affected by the
injected faults.

2. Linear dependent from D1. Generated by the function
D2 = D1 · coefl + noisem. This signal is used to inject and de-
tect malfunctions that result on deviations of linear relations or
noise.

3. Frequency signal, generated by D3 = sin(m · freqn) + noiseo.
This signal is used to test methods that detect variations of fre-
quency and noise.

4. Frequency signal, generated by D4 = sin(
m·freq
4 ) +noise. This

signal is used as input to D5 and is not used by itself to identify
any fault.

5. XOR signal, generated by D5 = (D3 ⊕D4)⊕Cp , where values
are considered true if they are above 0. Cp contains value 0

on normal operation and 1 when malfunctioning. This signal
contains the result of a non-linear operation and is used to inject
and detect malfunctions that influence this relation.

6. Random number, uniform distributed 1–4, D6. This signal con-
tains a random sequence. No faults are injected.
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Signal Formula Faults/Use

D1 100 ·
(
1− 100

m+100

)
Used for D2

D2 D1 · coefl +noisem Coefficient, Noise

D3 sin(m · freqn) +noiseo Frequency, Noise

D4 sin(m·freq4 ) +noise Used for D5
D5 (D3 ⊕D4)⊕Cp +noiseq XOR/XNOR, Noise

D6 randomUniform(1, 4). Used for D7

D7



3 ·D2 ,if D6 = 1

2 ·D2 ,if D6 = 2

1 ·D2 ,if D6 = 3

4 ·D2 ,if D6 = 4

Non-linear

Table 2: Signals of simulated data.

7. Nonlinear signal, D7 =



3 ·D2 ,if D6 = 1

2 ·D2 ,if D6 = 2

1 ·D2 ,if D6 = 3

4 ·D2 ,if D6 = 4

This signal con-

tains the result of a non-linear operation and is used to inject
and detect malfunctions that influence this relation.

The noise added on the signals is Gaussian with variable deviation
depending on malfunctions.

The methods are tested against ten fault categories. A summary of
the features affected by each fault, as well as the normal and abnor-
mal values, can be found at Table 3. The total number of malfunctions
for the experiments is 75, distributed randomly. In Figure 12 is a vi-
sualization of fault occurrences.

1. Disturbance of linear relation between two signals. The change
occurs suddenly, two months before the malfunction (MALF1).
Number of faults: 6. A comparison of a normal signal and a
malfunctioning can be seen in Figure 13.

2. Disturbance of linear relation between two signals. The change
occurs gradually, starting two months before the malfunction
and progressing linearly (MALF2). Number of faults: 8. A com-
parison of a normal signal and a malfunctioning can be seen in
Figure 14.

3. Noise over the linear dependent signal. The change occurs sud-
denly, two months before the malfunction (MALF3). Number of
faults: 12.
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Figure 12: The occurrences of faults on synthetic data.

Figure 13: Normal and malfunctioning signal for MALF1(Normal:
blue,MALF1: red)
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Malfunction Affected Feature Normal Malfunction

Feature Symbol Value Value

MALF1 S Linear Coefficient coefl 1.5 2.5

MALF2 G Linear Coefficient coefl 1.5 2.5

MALF3 S Noise Noise σ2 noisem 0.08 0.14

MALF4 S Frequency Period freqn 180sec 360sec

MALF5 G Frequency Period freqn 180sec 360sec

MALF6 S F. Noise Noise σ2 noiseo 0.1 0.16

MALF7 G F. Noise Noise σ2 noiseo 0.1 0.16

MALF8 S XOR Not Coefficient Cp 0 1

MALF9 S XOR Noise Noise σ2 noiseq 0.1 0.14

MALF10 S Non-linear Coefficients [3,2,1,4] [4,1,2,3]

S: immediate change, G: gradual change

Symbols reference: Table 2

Table 3: Features affected by each fault

Figure 14: Normal and malfunctioning signal for MALF2(Normal:
blue,MALF2: red)



30 methodology

Figure 15: Normal and malfunctioning signal for MALF4(Normal:
blue,MALF4: red)

4. Disturbance of frequency for one channel. The change occurs
suddenly, two months before the malfunction (MALF4). Num-
ber of faults: 9. A comparison of a normal signal and a malfunc-
tioning can be seen in Figure 15.

5. Disturbance of frequency for one channel. The change occurs
gradually, starting two months before the malfunction and pro-
gressing linearly (MALF5). Number of faults: 9.

6. Noise over the frequency channel. The change occurs suddenly,
two months before the malfunction (MALF6). Number of faults:
12. A comparison of a normal signal and a malfunctioning can
be seen in Figure 16.

7. Noise over the frequency channel. The change occurs gradually,
starting two months before the malfunction and progressing lin-
early (MALF7). Number of faults: 6.

8. XOR malfunction. A signal contains the XOR of two signals
with different frequencies. Two months before the malfunction,
the signal is the inverse, XNOR (MALF8). Number of faults: 7.
A comparison of a normal signal and a malfunctioning can be
seen in Figure 17.

9. Noise over the XOR signal. The change occurs suddenly, two
months before the malfunction (MALF9). Number of faults: 6.
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Figure 16: Normal and malfunctioning signal for MALF6(Normal:
blue,MALF6: red)

Figure 17: Normal and malfunctioning signal for MALF8(Normal:
blue,MALF8: red, inverse of the signal)
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Figure 18: Normal and malfunctioning signal for MALF9(Normal: blue,
MALF9: red, increased noise)

A comparison of a normal signal and a malfunctioning can be
seen in Figure 18.

10. Disturbance of non-linear relation between signals (MALF10).
Number of faults: 7. A comparison of a normal signal and a
malfunctioning can be seen in Figure 19.

3.4.1 Settings of tests

The settings per model used. All settings are defined based on the
assumption that the model captures the important characteristics re-
lated to the target malfunction. A table with the settings can be seen
at Table 4

linear models All variables are used both as regressors and re-
gressands. The parameters for comparison between models are the re-
gression coefficients and the performance of the regression. Euclidean
distance measure is used. (L)

frequency models The method used is of local minimums and
maximums. The Fourier transform is sampled on 100 points, and a
polynomial of sixth degree is used as a smoothing function. Euclidean
distance measure is used. Frequency models are used on signals D3

and D7 and the resulted models (F3) and (F7).
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Figure 19: Normal and malfunctioning signal for MALF10(Normal:
blue,MALF10: red

density models The selected bin size is 60. The range is [0, 500]
for the signal D2 and [−1, 1] for the signals D3 −D7 . Hellinger dis-
tance measure is used. Density models are used on signals D2 (H2),
D3 (H3), D5 (H5) and D7 (H7).

autoencoders The network’s topology is: 7 inputs, five neurons
on the hidden layer with sigmoid activation function and 7 output
neurons with linear activation function. The training algorithm used
is Stochastic Gradient Descend with momentum. The learning rate is
0.5 and momentum is 0.1. The network is trained with mini-batches
of size 100 and each network is trained for 10 epochs every day. The
model constructed is symbolized with (A).
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Model In SN NF D Feature Used Details

Linear
Regression

All 7 84 E Coefficients &
performance

Histogram D2 1 60 H Bin frequencies range(0,500)

Histogram D3 1 60 H Bin frequencies range(−1.5,1.5)

Histogram D5 1 60 H Bin frequencies range(−1.5,1.5)

Histogram D7 1 60 H Bin frequencies range(0,500)

Fourier
Transform

D3 1 2 E Frequencies
with Min&Max
Amplitude

100 samples, 6
th order polyno-

mial as smoothing function

Fourier
Transform

D5 1 2 E Frequencies
with Min&Max
Amplitude

100 samples, 6
th order polyno-

mial as smoothing function

Fourier
Transform

D7 1 2 E Frequencies
with Min&Max
Amplitude

100 samples, 6
th order polyno-

mial as smoothing function

Autoencoder All 7 7 E Reconstruction
error

5 hidden Neurons with sigmoid,
SGD, 10 epochs, replace MDP’s
autoencoder with MCP’s autoen-
coder

SN: Number of signals used

NF: The number of features that result from the fitting of the specific
model. The type of the feature is given on column Feature Used

D: Distance measure-Euclidean , Hellinger

Table 4: Parameters per model for synthetic data
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D I S C U S S I O N O F R E S U LT S

COSMO based methods have been implemented using various mod-
els, in an attempt to capture different features of the data, namely
relations between variables, density of a variable and frequency in-
formation of a variable. The implemented methods were tested with
artificial data and with real data originating from a fleet of buses, in
an attempt to predict malfunctions of the air pressure system. The
performance of each method was evaluated using ROC curves and
AUC measure. The models can capture the relevant features on the
artificial data Table 5, although they do not perform adequate on the
target problem Table 6.

In the experiment with synthetic data injected faults can be de-
tected. The model parameters (bin size for Histograms, smoothing
function for Fourier Transform, number of hidden neurons for Au-
toencoders) greatly affect the ability of the method to predict mal-
functions. The experiment shows that all models are functioning and
all categories of faults are detectable, given that the parameters se-
lected result in the generation of different models for normal and
malfunctioning systems.

4.1 relational models

4.1.1 Linear Relations

real data The models based on Linear Regression did not per-
form well. The dendrogram of the hierarchical clustering of bus sig-
nals gives an explanation for this. The main variable related to the
problem (Air pressure - 16929) does not have strong correlation with
other variables. The method is not suitable for this problem. Better
performance would be expected in variables that have strong linear re-
lations, for example RelSpdRear2Right (24026), RelSpdRear2Left (24027),
RelSpdRear1Right (24028), RelSpdRear1Left (24029), RelSpdFrontRight
(24030), RelSpdFromLeft (24031), LongitudAcc (24381) and related
malfunctions.

artificial data The models based on Linear Regression can de-
tect the malfunctions of linear relations, MALF1 and MALF2. They
also detected malfunctions MALF4,MALF5,MALF7 which are frequency
and density malfunctions, but that is due to the procedure of data
generation.

35
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Type L F3 F7 H2 H3 H5 A

MALF1 S Linear 0,95 0,62 0,40 0,97 0,73 0,38 0,45

MALF2 G Linear 0,92 0,49 0,57 0,96 0,58 0,64 0,52

MALF3 S Noise 0,36 0,38 0,57 0,74 0,55 0,33 0,37

MALF4 S Frequency 0,94 0,97 0,49 0,51 0,51 0,55 0,60

MALF5 G Frequency 0,83 0,95 0,45 0,46 0,44 0,45 0,71

MALF6 S F. Noise 0,81 0,92 0,43 0,66 0,98 0,70 0,50

MALF7 G F. Noise 0,68 0,59 0,57 0,43 0,88 0,54 0,49

MALF8 S XOR Not 0,50 0,53 0,57 0,50 0,55 0,47 0,96

MALF9 S XOR Noise 0,52 0,69 0,47 0,43 0,55 0,93 0,48

MALF10 S Non-linear 0,43 0,47 0,49 0,51 0,51 0,61 0,98

S: immediate change, G: gradual change

Table 5: Area under curve for simulated data.

Fault
category

Linear
COSMO

Autoenc Autoenc
COSMO

Hist
COSMO

Fourier
COSMO

CRwT 0.48 0.66 0.48 0.60 0.72

CRiW 0.48 0.37 0.49 0.38 0.36

PHRD 0.55 0.41 0.61 0.62 0.62

GBAB 0.49 0.42 0.56 0.55 0.54

ALKS 0.53 0.37 0.56 0.56 0.55

Table 6: Area under curve for real data.
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4.1.2 Autoencoder

real data Both methods that were based on autoencoders did
not perform good. One reason could be that the variables selected for
the model were not relevant to the problem. The variables were rele-
vant to the bus engine. More tests are required to evaluate the method
on different categories of malfunctions that have many variables re-
lated to the subsystem. With this method multiple systems can be
monitored depending on the variable used for comparison. Depend-
ing of the variable selection different periods of deviation between
vehicles are identified. The major drawback of this method is that sig-
nificantly more processing is required. This makes testing time con-
suming but in normal operation it can be performed at reasonable
time even in low power platforms. The number of hidden neurons
is also a critical variable, as ideally it must fit the number of inde-
pendent signals. Underestimation will result in poor reconstruction
of the signal, while overestimation could possibly forward non-linear
information directly to the output.

artificial data The autoencoder model achieved higher AUC
than other methods for fault categories MALF8, MALF10 reaching
0.96 and 0.98 respectively, while the other models did not perform
better than random. However, the number of neurons on the hidden
layer was based on the prior knowledge of independent signals. It is
possible that autoencoders with different number of elements would
fail to detect the deviation.

4.2 density models

real data The results for models based on Histograms were not
comparable to those obtained by Fan et al. [4]. In their implementa-
tion they used as features daily histograms of each bus within one
week time frame. To keep the model consistent with the others stud-
ied, only daily distances were used. What is interesting is the negative
correlation between the P value and the repair Compressor replacement
in Workshop, which could indicate replacements of the compressor as
part of the preventive maintenance, that could have been avoided.

artificial data The models based on Histograms correctly de-
tected the target fault categories MALF3, MALF6, MALF7, MALF9.

4.3 frequency models

real data The method using sample peaks did not perform any
different from random.



38 discussion of results

The method using local minimums and maximums had a ROC
curve that did not differ from random. It is noteworthy that Fourier
COSMO method is able to detect anomalies in duty cycle, as in bus
380 after July of 2013. Anomaly in duty cycles for that specific event
does not hold a relation to compressor replacement and is probably
related to another malfunction. This correct identification indicates
that the method could perform better with different data. The Fourier
method using polynomial coefficients as features had the best perfor-
mance on the tests. The ROC curve for Compressor replacement with
towing was comparable to [4] and resulted in very low AUC for Com-
pressor replacement in Workshop, possibly from unnecessary preventive
replacements.

artificial data The models using frequency information de-
tected the fault categories MALF1, MALF4, MALF5, MALF7. The
fault MALF1 was detected as D2 affects D7 on the construction of
the data.



5
C O N C L U S I O N

The methods that were implemented had low performance on the
target problem, as indicated by the AUC measure, attributed to the
selection of signals and models. In the course of the experiments the
methods succeed in detecting deviating vehicles from the fleet, indi-
cating problems in different components. This is further validated by
the tests with constructed data where every model predicted the mal-
function with high accuracy. Thus COSMO method can be used to
detect abnormal behavior of a fleet member, even on problems that
have not been encountered before, given that the deviation can be
formulated by the type of model used. The methods are not com-
putationally intensive, even for a low power platform, and require
minimum exchange of data between the systems.
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6
F U T U R E W O R K

Future work directions could be oriented on evaluating or improving
the presented methods. As different types of errors are expected to be
predicted by different model, relevant data sets are required. Compar-
isons between models is not of particular significance, as they are ex-
pected to perform different depending on the failure’s nature. Instead
a comparison with other, currently used methods is more relevant.

More models relevant to frequency information and COSMO method
should be tested. Wavelets is an example of such a model, as they
capture frequency information by time frames. This model can be
used in combination with autoencoder to extract a frequency profile
of the signal. It could result in better performance for the malfunc-
tion CRwT, as the malfunctioning compressors exhibit difference in
duty cycle, but their detection would require strict adjustment of the
Fourier method.

Investigate how different models can be combined to improve ac-
curacy, on malfunctions that exhibit mixed behavior.

Investigate the use of frequency relations between signals, using
wavelet features, autoencoders and COSMO.

Investigate the existence or devise new P-value estimation algo-
rithms for standalone autoencoders.
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Figure 20: The Z values of Autoencoder based COSMO
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Figure 21: The Z values of Fourier based COSMO using minimums and
maximums
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Figure 22: The Z values of Histogram based COSMO
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Figure 23: The Z-values of Fourier based COSMO with polynomial coeffi-
cients
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Figure 24: The P-values of Fourier based COSMO with polynomial coeffi-
cients
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Figure 25: The P-values of Histogram based COSMO
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Figure 26: The P-values of Autoencoder based COSMO
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Figure 27: The P-values of Linear Regression based COSMO



52 appendix

Figure 28: The ROC curve of Linear model based COSMO(Wet tank air pres-
sure as regressand)

Figure 29: The ROC curve of Linear model based COSMO(All regressands)
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Figure 30: The ROC curve of autoencoder based COSMO

Figure 31: The ROC curve of Fourier based COSMO with samples and Eu-
clidean
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Figure 32: The ROC curve of Fourier based COSMO with samples and
Hellinger

Figure 33: The ROC curve of Fourier based COSMO with local minimums
and maximums
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Figure 34: The ROC curve of independent autoencoder (observe 16550)

Figure 35: The ROC curve of independent autoencoder (observe 16646)
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Figure 36: The ROC curve of independent autoencoder (observe 16678)

Figure 37: The ROC curve of independent autoencoder (observe 16786)
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Figure 38: The ROC curve of independent autoencoder (observe 16929)

Figure 39: The ROC curve of independent autoencoder (observe 24661)
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Figure 40: The ROC curve of independent autoencoder (observe 24663)

Figure 41: The ROC curve of independent autoencoder (observe 25270)
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Figure 42: The ROC curve of independent autoencoder (observe 25271)

Figure 43: The ROC curve of independent autoencoder (observe 25314)
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Figure 44: The ROC curve of independent autoencoder (observe 25333)

Figure 45: The ROC curve of independent autoencoder (observe 25334)
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Figure 46: Dendrogram of the Hierarchical clustering of signals
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