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ABSTRACT

The current paradigm for transportation vehicle maintenance in industries is a combination of corrective maintenance and preventive
maintenance, i.e. to maintain them after a failure occurs in the system, and to send them to the workshop based on the preplanned
calendar time. However, this has the following drawbacks: i) it does
not perform maintenance pro-actively well before the failure happens;
ii) the fixed maintenance period does not flexibly adapt to the status
of the equipment, it might be a waste of resources to repair or replace
the components that still function properly. Therefore, to overcome
the drawbacks above, predictive maintenance is suggested as a new
maintenance strategy. This kind of maintenance pays close attention
to the status of the machine, and only suggests repairs/ components
replacements when it is needed.
This thesis seeks to explore the feasibility to implement Recurrent
Neural Networks (RNNs) for Fault Detection (FD). Based on the hypothesis that the failure is gradual, the failure will emerge in a certain
amount of time and can be foreseen by the prediction models. One of
the challenges in this topic is that the data from industry is usually
imbalanced, there are too few samples about the failures. Therefore,
to derive and improve our model, different learning setups are used
to train the models. In such a way, the model does not have preference in one of the classes in the data, which means overfitting does
not occur to the faulty samples. A model based on Long Short-Term
Memory (LSTM) is developed on the dataset from heavy duty trucks
in real world, and it can achieve an outstanding performance. This
thesis, finally, illustrates the potential to apply RNNs for fault detection, and the issue of imbalance in the dataset can be dealt with by a
series of carefully devised learning setups.
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"Numbers do not lie.
Politics and poetry, promises, these are lies.
Numbers are as close as we get
to the handwriting of God."
— Hermann
in <Pacific Rim>
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BACKGROUND

1.1
1.1.1

background
Industrial Strategies on Equipment Maintenance

Nowadays, selling is not the only thing the commercial transportations should consider. The market requires more services after the
trade: it is very important to develop cost-effective method for such
after-market services, i.e. maintenance. Three common strategies are
implemented when Original Equipment Manufacturers (OEMs) of
commercial transportation make decisions on maintenance plan: corrective maintenance, preventive maintenance, and predictive maintenance.
Corrective maintenance is basically to repair after fault has occurred,
and it takes time to send the equipment to a workshop, and to fix the
problem and then to send it back to work. It does not perform any
maintenance before the failure happens. What is worse, some severe
component failures could cause further damage to the system.
Preventive maintenance is the other way around. Equipment under
this strategy is sent to workshop with a predefined, fixed calendar
time, where and when the components are replaced or overhauled.
This strategy has no guarantee that all the changed components have
used all their potentials and no guarantee on fixing or avoiding failures before the scheduled maintenance date since they do not care
about the status of the equipment.
The maintenance periodicity is closely relative to the age of equipment. Calendar time and mileage are always the first choices since
they can reflect the amount of work a vehicle has been done. This
is a traditional and mechanical idea because each of the components
has its guarantee working period. However, the mixture of these two
types of maintenance is no longer satisfying the market. People desire
and focus on high transport efficiency, they do not accept a downtime
of equipment for unguaranteed overhaul from time to time. That is
when the predictive maintenance is presented.
Predictive maintenance performs monitoring and prediction modelling on the previous and current observation of the machine, to
predict which components are likely to fail and when the failure is
going to happen. This strategy fixes the drawback of the mentioned
maintenance planning. However, it takes more effort to implement
and to bring it on in the real world. The challenges of it can be the
lack of the sensors for this particular use, the unstable or unreliable
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connectivity, and the well-designed prediction model for a specific
type of equipment in a specific usage.
1.1.2

Machine Learning Methods for Predictive Maintenance

Prytz[19] has done a great job on investigating predictive maintenance in 2014. They demonstrated that with a low amount of the available data, it is possible to result in significant cost saving in industry.
They also tried to identify some distinctive feature from the industrial
data, which can be suitable to be used in typical machine learning and
data mining research. After knowing it is feasible to predict the vehicle maintenance with the raw data from industry, they investigated a
method for automatic discovery of interesting relations between time
series of vehicle signal data, and their models are available for diagnostics by supervised learning. Overall, they derived Random Forest
(RF) in most of the works and used other prediction models, such
as k Nearest Neighbour (KNN), Support Vector Machine (SVM) and
decision tree, to validate that the random forest is the best among
them. However, recurrent model is one of the types that they have
not applied.
In one of the papers [22], Prytz et al. used the concept of Remaining Useful Life (RUL) in preparing their data and categorizing samples into two classes: if the equipment has a RUL shorter or longer
than the time to the next planned service visit. RUL is the length
from the current time to the end of the useful life of equipment or a
component and people usually develop regressors to do RUL estimations. Their work can be considered as an intersection of Prognostic
and Health Management (PHM), and Fault Detection and Isolation
(FDI)[5], which is mostly a classification task.
PHM is the process to predict the coming status in the future, on
the base of the previous and current observation of the machine. By
processing sensor data during operations, the condition of the equipment can be accessed, and maintenance decisions will be made. This
kind of prognostic is also called data-driven approaches. There is also
another common way for prognostics: condition-based maintenance,
where the health status of equipment is described as index[30, 31].
FDI is mostly a monitoring system that can be used to identify
when a fault occurs and accurately indicates the type of fault and
where it occurs. It is a pattern recognition to map sensor reading
which indicates a fault to the expected value that is analysed by a
model. One of the most common FDI is Model Based Diagnostics
(MBDMBD), which is based on the physical relationship between signals/sensor readings and the failures in systems.

1.2 data from heavy duty trucks

1.1.3

RNNs/ LSTMs for Predictive Maintenance

RNNs can describe the dynamic behaviours of a system and capture the temporal relationship between two records, which can reflect
the wear on the components. Unlike the feedforward neural network
only accepting input in a particular structure, RNNs cyclically passes
states within the network. Hidden unit in a standard RNNs is called
recurrent cell, which takes not only the current input but also the output of the last state into account when making decisions. This special
architecture enables RNNs to be more open for a wide range of time
series inputs, and to "remember" the previous state of the system.
The standard RNNs architectures usually suffer from the vanishing
and the exploding gradient problem [3]. The core of training RNNs
is to calculate and then update the recurrent weight matrix, the most
common method to compute the necessary gradients is backpropagation through time (BPTT). If the increasement in the norm of the gradient is too large, it causes exploding gradient problem because the
long-term components grow much faster than the short-term ones.
On the contrary, the vanishing gradient happens when the long-term
components are going too fast to norm 0, which contains no information about the correlation between two distant states of the system.
The main reason for that problem is that standard RNNs have more
weight on the states that close to the current states, the closer in time,
the bigger in weight. As a result, that important information in distant/prior states is not stored in RNNs. LSTM units are one type of
units in RNNs, it is created to solve the vanishing and the exploding
gradient problem by Hochreiter and Schmidhuber. Usually, an LSTM
unit it consists of a cell, a forget gate, an input gate and an output
gate. The cell is where the unit stores its memory, it "remembers" the
useful, important information regardless of the distance in time. This
is done by the cooperation of those three gates, who are in charge of
controlling the flow of information into and out of the cell.
Many researchers applied RNNs in prognostic because the status
of the equipment and RUL are time correlated [2, 10, 17]. Factors such
as working hours and work environment affect the state of the system
gradually and increasingly. In order to predict system failures, information that is hidden in the past system state must be considered.
This ground truth is the same for both prognostic and fault detection.
1.2

data from heavy duty trucks

These two datasets used in this study contains information from 1,046
heavy duty trucks. The readout dataset was collected between January 2015 and November 2016, while the repair dataset has a range
of time from April 2015 to December 2016. Records in the readout
table are collected when the truck went to the workshop, and they
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recorded information of the truck, configurations of the sensors on
that truck and the reading of the sensors. Note that the gap between
two visits to the workshop from the same truck is random. This is because there is no ground truth about the reason why a truck goes to
a workshop in the project. Nevertheless, its absence should not have
much influence on the study.
The repair table, on the other hand, is quite small. It saves the information about which part of which truck has got repaired at which
time. Not all trucks from the readout table have records in the repair table, around 90% of the trucks do not fail in their uptime. This
is where the imbalance of the data comes from, and it is one of the
challenges in the project. Without more detailed document to help,
this thesis assumes that a truck is repaired on the same date when
the failure happens, and the repair does not cause downtime of the
truck.
Challenges in this kind of dataset are also clear. Except for the high
imbalance of faulty situations, the number of dimensions of the readout dataset is very high. It will not be surprising that a truck has
more than 100 sensors, making the readout dataset to have the configurations and the reading on each of them. Besides, due to the connectivity issues, mechanism breakdowns, software updates, etc., the
raw data usually has missing values. They are in different types of
attributes, which needs different methods to fill up with.
Prytz et al. has used the Synthetic Minority Over-sampling TEchnique (SMOTE), introduced by Chawla et al., to fix the imbalance
problem. It creates new, synthetic, examples randomly placed in between the original example and its KNN in the same class (usually it
is the minority). There is a significant improvement after the implementation of SMOTE in his work.
However, SMOTE is not used in this thesis because of the lack of
evaluation on the synthetic data. By implementing SMOTE, there is
must be a distance (difference) between the synthetic sample and the
original sample. When the distance is too short, these two samples
could contain the same amount of useful/ interesting information,
making them redundant and duplicate to be used in prediction models. On the other hand, if the distance is too far, there is no evaluation
from the expert in the relative field to judge if the synthetic sample
is "real", e.g. if the situation that this sample describes is possible in
the real world. Therefore, a simpler method for up-sampling is implemented in this thesis, and the detailed discussion about it is in
Chapter 4.
Another way to handle the imbalance would be down-sampling
the majority. Combinations of up-sampling and down-sampling are
considered as learning setups, which differs from each other because
of the level of up-sampling or down-sampling. Technically, they are
just different portion of the majority and minority in the data. Our

1.3 problem definition

objective is to design a kind of learning setup that can improve the
classifier, can help the model to survive from an imbalanced dataset
and can work normally without having bias for one of the categories.
1.3

problem definition

Inspired by Prytz et al.’s work, we would like to build a prediction
model (mainly LSTM) to detect whether a failure will occur in a truck
in the next 90 days. In the context of supervised learning, this is a classification task. The samples are classified to if it has a RUL shorter or
longer than a predefined prediction threshold (which is 90 days in
this case). The prediction threshold is also called the prediction horizon, which means the period of interest for the predictive algorithm.
It is set to be 90 based on the previous work from Prytz et al., and it
also can be related to the time needed to develop a compressor failure. If the value of prediction horizon is changed to 1, it means there
are still two classes in the data: the one who has one day away from
the failure, and the rest. This setting of the prediction horizon brings
the topic extremely close to fault detection.
In data preprocessing, the samples will be categorized into two
classes: the healthy (negative) ones and the faulty (positive) ones.
There are two objects in the dataset, the records in the readout table
and the trucks in the repair table, resulting in total four categories:
healthy trucks, faulty trucks, healthy records, and faulty records. Nevertheless, in each experiment, it is going to be either on record level or on
truck level, which will always make the task binary with the negative
and the positive.
Clearly, if a truck is not in the repair table, the truck is categorized
to the healthy trucks, thus all its records in the readout table is categorized to the healthy records. On the other hand, it is more complicated
for the trucks in the repair table. Although trucks in the repair table
are considered as the faulty trucks, not all records in faulty trucks can
be classified to the faulty records. This is because of the predefined
prediction horizon (90 days). If the sample is collected more than 90
days before a failure occurred, chances are that the sample contains a
little information related to that failure. They are as uninteresting as
the samples collected after the failure occurred, and thus both kinds
of samples are classified as the healthy records. And finally, all records
from a faulty truck and collected less than 90 days before the failure
happened are categorized to the faulty records.
Given a faulty truck t, it was repaired at the date Drepair . For each
of its readout record R, there is information about when the record
is collected, which is denoted as Dsend , and its distance d to Drepair is
calculated by Equation 1. Next, for every value of d, the sample can
be classified into either positive or negative according to Equation 2.
d = Drepair - Dsend

(1)
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PosR = {positive : 0 6 d 6 90}
NegR = {negative : d > 90 or d < 0}

(2)

This thesis aims to investigate the feasibility to apply (RNNs) for fault
detection. This is feasible based on a hypothesis that the failure is
gradual, e.g. the component is getting worse and worse over time and
none of the failures is caused by sudden breakdowns. The evidence
of a failure must be hidden for a certain amount of time and can be
foreseen by some kinds of methods, and here by methods, it means
prediction models.

2

R E L AT E D W O R K

2.1

approach for prognosis and diagnosis

Two common approaches are implemented for diagnosis and prognosis: the model-based paradigm and the data-driven paradigm[29].
The model-based method is basically to implement mathematical or
statistical operations on the signals of an equipment to discover information about the fault[1, 15]. In some works[6, 24, 35], researchers
process and analyze the signals to learn the status of the equipment.
However, it is complex and also challenging to use systems of differential equations to describe the dynamic physical system. On the
other hand, data-driven approaches are closely related to machine
learning. By processing sensor data during operations, condition of
the equipment will be accessed, and maintenance decisions can be
made[11, 18, 25].
As for prognosis, Zheng et al. presented a LSTM approach for RUL
estimation on three different data set, and the result is compared to
that from Support Vector Regression (SVR), Relevance Vector Regression (RVR), Multi-Layer Perceptron (MLP) and Convolutional Neural
Network (CNN)[2]. The best model that they derived has 3 forward
feed neural network layers after 2 LSTM layers. The CNN model used
is the from Babu et al., who firstly tried to adopt CNN for RUL estimation on the C-MAPSS by NASA [28]. They divided the sensor
data into sliding windows, in which CNN can only consider that the
sliding windows are independent of each other.
For the last few decades, machine learning techniques for fault
detection and diagnosis has been getting increasingly popular, and
plenty of supervised learning classification models and data preprocessing are developed[5]. In some papers[23, 32], authors applied
Support Vector Machine (SVM) for fault diagnosis of rolling element
bearing and for reciprocating compressors, respectively. Both of them
have accuracies higher than 80% on the testing set from practical application. Another study in power flow controller[27] show that decision tree can be used in fault classification, and it outperformed SVM
at accuracy and computational burden. Decision tree is effective of
the relaying scheme for transmission line [13].
Deep learning also has a place among fault detection. Lee et al. applied CNN to identify the fault signal through the characteristics of
the vibration image, with the images converted from sensor signals.
They investigated CNN structures with different degrees of complexity (from one layer to three layers) and found that CNN is also a
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tempting choice for diagnostic, with a bit extra work on data preprocessing.
2.2

previous contribution on this dataset

The work that Prytz et al.[19] has done in 2014 is considered as the
background of this thesis, since one of their data set is collected from
the same series of trucks. They implemented an unsupervised learning to find the interesting relations between measured signals in a
truck, whose results later were evaluated by supervised learning classification models[20]. They proved that the data is available to be
used in machine learning tasks and in fault detection, which is the
foundation of this thesis.
In one of the papers[21], they worked on early results of predicting air compressor failures by applying three different classification
models: KNN, C4.5 (one the most popular type of decision trees) and
random forest. The random forest is the best model that they derived, since it showed a big difference between True Positive (TP)
and True Negative (TN). Except for the F-Score, they used a particular evaluation criterion to measure the performance of the models:
a cost function based on the industrial fact that the correctly classified faulty trucks (TP) save more money than the non-faulty trucks
wrongly classified as faulty. This means that, the most prioritised goal
of the model is to have prediction on TP as many as possible. However, they did not mention other priorities in practical: apart from the
TP and TN, there are also cost on having wrong prediction i.e. False
Negative (FN) and False Positive (FP). This inspired us to have a more
specific evaluation criterion for the prediction models.
Moreover, Prytz et al. applied supervised learning to find signs
of wear[22]: a random forest is derived to detect the air compressor
failure in a truck before a pre-scheduled workshop visit. The method
is so successful that it can actually have an economical benefit. In that
paper, they flagged the truck as Faulty in the case that the truckâs
air compressor is predicted to fail before the next planned workshop
visit. Our way to label the data is incited by their work here. Instead of
giving trucks flags, the objective of the labelling process, discussed in
Section 3.2, is the records. Also, the random forest can be considered
as the baseline of this thesis, which is used to do comparison and to
evaluate other models in our experiments.
2.3

the rnn and the lstm

Regarding the importance of time in cognition, RNN is designed to
model time sequence data[7]. Except for the normal RNN used in
Heimes’s work[11], researcher have applied different kinds of RNNs
to do RUL estimation[10, 17]. Liu et al. developed an Adaptive Recur-

2.3 the rnn and the lstm

rent Neural Network (ARNN) to predict the RUL of lithium-ion batteries. With the optimization from the recursive Levenberg-Marquardt
(RLM), the (ARNN) outperformed the classical RNN and the recurrent neural fuzzy system (RNF)[16]. Another example is from Gugulothu et al., who presented an RNN Encoder-Decoder (RNN-ED) to
have significant improvements on the model robustness to noise.
As it mentioned in Section 1.1.3, RNN has long-term dependency
problem, which is overcome by LSTM developed by Schwabacher and
Goebel in 1997. LSTM has been successfully implemented into the
applications in different fields, such as Natural Language Processing
(NLP), acoustic modelling[26] and handwriting recognition[9]. However, apart from Zheng et al. and Zhao et al., there are not many
researches on applying LSTM diagnosis and prognosis. This is the
place where we see the window to further investigate LSTM on the
related area of equipment maintenance and industrial transportation
applications.
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D ATA P R E P R O C E S S I N G

This study is based on a data set collected from real world application,
i.e. the readout table and the repair table that discussed in Section 1.2.
All learning setups that designed and all models that constructed
should be adapted to the characteristics of this data set. To get the
data ready for machine learning models, several steps must be done:
1) firstly the missing values should be imputed; 2) next it is to specify
the target variable to each sample, which is also called labelling; 3)
the redundant samples and the uninteresting attributes are removed;
4) finally, the time-steps between samples should be unified.
3.1
3.1.1

raw data
The Readout Table

In total the readout table has 162,852 reading records from 1,046 different trucks, an example is shown in Figure 3.1. Each truck has an exclusive identification as well as each reading record. Reading records
have information about sensors configurations and sensors readings.
There are 168 attributes in the table: 90 of them are categorical attributes, 74 of them are numerical attributes, and 4 of them are correlated with the identity and the time (date).
The identity and date attributes are truckID, readingID, delivery_date
and send_date. The first three attributes are not interesting in this
phase of the thesis; while the last one, send_date attribute, merits attention for indicating the date when the data is recorded. The overall

Figure 3.1: Samples of the readout table
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range is from 2015-01-05 (Jan 5th , 2015) to 2016-11-03, and it is crucial
to label the records and to impute the data later.
The percentage of the place with missing values in an attribute is
defined as missing rate. For example, when an attribute has a missing
rate at 60%, it means that 60% of the data is originally missing and
remains to be imputed. In this table, some of the categorical attributes
have missing rates at 0%, e.g. it is originally completed, while some
of them have a missing rate at 90%; however, the missing rates of
numeric attributes are more stable, most of them are between 30% to
50%.
3.1.2

The Repair Table

Comparing to the readout table, the repair table is quite small, as it
shown in Figure 3.2. There are 163 records from 114 different trucks
in this table, with only four attributes: truckID, part_code, repair_date
and repair_count. Here is a detailed description about these attributes:
• The truckID is as same as the one in the readout table, it is an
exclusive identification of the trucks in the data set;
• the part_code attribute specifies which part of the truck has been
repaired, and it is unable to match the part_code with the sensors
in the readout table;
• the attribute repair_date, as the term suggested, is to contain the
date that the truck been repaired, and its range is from 2014-0404 to 2016-12-19;
• the repair_count is about how many times the corresponding
component in the truck that has failed.

Figure 3.2: Samples of the original repair table

3.2 missing value

3.2
3.2.1

missing value
Categorical Data

The format of categorical data is string, which does not make sense
to prediction models. Therefore, it is necessary to transform it into
numeric so that models can learn from it. One way to do this is to
convert a categorical attribute into a feature vector, where each element represents each category of the attribute. All elements in the
feature vector is binary, and "1" or "0" indicate whether a sample/
record has the according feature or not respectively.
For the attributes that have no missing value, all categories in the
attributes are used to build a new set of binary attributes. Figure 3.3
is a histogram of an example attribute with its four categories: A, B,
C, and D.

Figure 3.3: A histogram of an example attribute

To transform the attributes, another four new columns are added
to the table, and their names are respectively matching these four
categories shown. If a record has a value A in the example attribute,
the value in column A will be filled with a binary value "1", and values in the other three columns will be "0". After all records has been
checked and filled up, the column of the original example attribute
is removed. Actually, it remains in the table in another form, and the
same transformation is applied to all completed categorical attributes.
Figure 3.4 shows the situation that there are missing values in categorical attributes. Before going through the transformation, the missing values need to be labelled. To avoid the situation that the blanks
in different attributes have the same empty label, a unique label is
used for each attribute.
The example attribute XX1 is the 8th attribute in the readout table,
and except for the blank, it originally has two categories category 1
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and category 2. A new label empty8, indicating that this missing value
is in the 8th attribute, is used to label blank in the attribute. As a
result, the attribute would be re-categorized with category 1 and category 2 and empty8, and it is able to go through the transformation
mentioned above.

Figure 3.4: A plot of the example attribute "XX1". The middle bar indicates
the amount of records which are original empty. Label-0 means
that it is a negative sample, while Label-1 means the faulty samples.

3.2.2

Numeric Data

Local Interpolation
To fill up the missing values in the numeric attributes, a reasonable
method for imputation should be used in generating synthetic data.
The values in those numeric attributes are changed because the trucks
have been working/ running, and they are the response variable.
Thus, an independent variable which can reflect the amount of work
of a truck is needed. In this case, mileage would be the best choice,
yet it also has missing values originally like others numeric attributes.
Therefore, another option, send_date, is used for building the simulation model.
The original values in send_date are in a date form, which is not
processable in program. It is necessary to do a transformation before it is used as an independent variable. An assistant attribute, distance_to_reference_date, is created to store the algebraic calculus form
of the data after the transformation. As it mentioned above, the send_date
has range in (2015-01-05, 2016-11-03), it is able to consider the date
Jan 5th , 2015 as the reference date. Thus, for example, value "0" in distance_to_reference_date means the date is one day after the reference
date, which it is Jan 6th , 2015, and so on and so forth.

3.2 missing value

At the first place, "local" interpolation models are built for every
attribute in every truck. This requires that at least two values existing originally. If there is at most one value in an attribute in a truck,
it is left to be fixed after the "global" interpolation models are built
(see the next section). There are two methods available for the local
interpolation, i.e. the first order linear interpolation and the Gaussian
distribution. An attribute which has n existed values can be represent
in a vector form V = [v1 , v2 , ..., vn-1 , vn ], where vi is the i-th existed
values. Next, the differential of each two adjacent values are calculated and denoted as a vector D = [d1 , d2 , ..., dn-2 , dn-1 ] 2R(n-1)⇥1 ,
where di = vi+1 - vi for vector V. Let denote sumD is the sum of all
values in D, and the Equation 3 shows the way to choose method to
process the numeric data:

method =

First Order Linear Interpolation, sumD > 3.5
Gaussian Distribution,

Otherwize

(3)

The values in most of the attributes can form a progressive curve
which is similar to the one shown in Figure 3.5. The left plot presents
a common situation that there are missing values in a numeric attribute. After the interpolation is done, values in that attributes are
likely to be monotonous as the one in the right plot of Figure 3.5.

Figure 3.5: The left plot shows the values in a numeric attribute; all the missing values are set to -1. The plot on the right is the values in the
attribute after interpolation.

However, in some of the attributes, the value is reset after an unknown amount of time, simply applying interpolation can have wrong
values in the place where a reset is about to happen. Instead of a
drop, the values before a reset are supposed to be progressive, for the
truck keeps working. Therefore, interpolation should be performed
between each two resets, resulting in an intermittent curve of the attribute (shown in Figure 3.6).
Empirically, the cliffs in numeric data are not positive to the learning models, and they can hardly learn this feature of resetting. Therefore, it is desirable to merge those segmentation to form one progres-
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Figure 3.6: The left and the right plots are the values in a numeric attribute before and after interpolation respectively. There are
"cliffs" when the values are reset.

sive curve, so that the discretization in such a continuous data can be
eliminated. To do this, the following extra steps are taken:
i. Empirically, the cliffs in numeric data are not positive to the
learning models, and they can hardly learn this feature of resetting. Therefore, it is desirable to merge those segmentation to
form one progressive curve, so that the discretization in such
a continuous data can be eliminated. To do this, the following
extra steps are taken:
ii. Gaps between each pair of adjacent points in the following period are calculated and later are used to join the curve by accumulation;
iii. Steps i and ii are repeated until a monotonous curve is generated, the result can be seen in Figure 3.7.

Figure 3.7: The values in the numeric attribute after the extra steps. The
range of y coordinate has been changed, since some of the values
have been accumulated.

Global Interpolation Based on A New Attribute: Age
In the last section, only one numerical attribute in one single truck is
considered at a time, and it works because there are at least two existing values in the attributes. However, chances are that an attribute

3.2 missing value

in a truck is totally empty, making it impossible to build the interpolation model with such a few data.
Fortunately, such defection can be compensated with data from
other trucks. It is possible to use all the existing data in an attribute
(no matter if it is from the same truck) to build the interpolation
model, with only one thing needs to be change here: the independent
variable. Previously, the numeric form of the send_date is used as the
reference; it can no longer be used for the global model because it can
mislead the model in a particular way.
Take two trucks as an example, one trucks starts to work at the 2nd
day and ends at the 92nd day, while the other truck starts at the 324th
day and ends at the 414th day. Both trucks have a working period
and working amount for 90 days, but with different values in distance_to_reference_date which could mislead the interpolation model.
Therefore, another more general attribute to be the reference are desirable, which can enable us to look at the working period of all trucks
without substantially being affected by the send_date.
To solve this problem, we introduce a new attribute, Age, a nonnegative integer indicating the gap between the send_date of a record
and the earliest send_date of that truck. Among all readout records
from a truck t, there must be a record collected at the earliest date
Dstart , which means from that day on, this truck has information in
the dataset. The age A of that record is set to be 0. For each of the rest
readout record R from t, its value in attribute send_date, which means
the date when the record is collected, is denoted as Dsend . And the
age A of the record R can be calculated in this form:
AR = Dsend - Dstart

(4)

In this way, each truck has its own age attribute that can be used in
the global interpolation model. Figure 3.8 is an example of the table
with new attribute Age.
After the Age is ready, it is time to build the interpolation model to
generate synthetic data. For every attribute, all the existing values in
it are used to build the global model, regardless from which trucks
they come. Consequently, all blanks in an attribute can be filled up
by using its corresponding interpolation model. And in the end, all
missing values are replaced by the synthetic data.
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Figure 3.8: Example table after the new attribute "age" was added to the
readout table

3.2.3

Labelling

According to Section 1.3, the task of this thesis can be considered
as a diagnostic: predicting whether a failure will happen in the next
90 days (a manually select prediction horizon). Technically, it is a
classification task in supervised learning, and thus it needs target
variable to indicate which category the sample belongs to.
The label for diagnostic is binary: "0" means that it is a healthy
record and the truck does not fail in the following 90 days from the
collecting date; otherwise, the records are labelled with "1", which
means the record is either a failure or a faulty record that collected
less than 90 days before the failure. The targets are actually "hiding"
separately in two attributes from two tables: the send_date attribute in
the readout table and the repair_date attribute in the repair table.
In order to label the record, an assisted attribute gap is created and
the value of it are calculated by the following equation:
gap = Daterepair - Datesend

(5)

The value of Datesend is the value of send_date in the record. The
truckID of the record is used as the key value to map the corresponding record in the repair table, to get its repair_date value to become
Daterepair . To conclude, there are 3 scenarios in labelling for the classification task:
• The gap is negative: a failure happened before the record is
collected, thus the record is considered as a healthy record and
is labelled with "0";

3.3 pruning on rows and columns

• the gap is positive and less than (or equal to) 90: a failure happens within the predefined time period (90), making this record
a faulty record with a label "1";
• the gap is positive and greater than 90: a failure happens beyond
the predefined period, and therefore the record is labelled with
"0".
3.3
3.3.1

pruning on rows and columns
Low Level Feature Selection

In order to trim down the size of the training set, making the model
training faster and easier, it is necessary to remove some of the uninteresting attributes and the redundant records. In data preprocessing,
the attributes which are apparently uninteresting are removed firstly:
there are 7 attributes which are originally completed (with no missing value) and have the same value throughout the table. In these 7
attributes, the values of two of them are 24 and 1189, the values of
the rest are 0.
Another type of uninteresting attributes is the opposite of the mentioned ones: they are also originally completed but have unique values at each record. For example, attributes registration_date and readingID
do not reflect the working status or the working amount of a truck.
Therefore, it is also reasonable to remove this kind of attributes at the
first place.
3.3.2

Redundant Samples in the Same Day

Similarly, uninteresting records in the table need to be selected out
to get pruned in this section. In the process of using the send_date as
the reference in interpolation, it turned out that there are redundant
records in the raw data. To specify, redundant record is not repetitive
data, but multiple readings from a truck in the same day (send_date)
with different readingID and different values in some attributes. Considered that those readings are from the same day by same sensors
in the same truck, the difference between those records can be ignored. Therefore, when a truck has more than one reading records in
the same send_date, only one of them is selected (randomly) to retain,
and the rest of the redundant records in the same day are removed.
3.4

even the time-steps of the data

As it mentioned before, the records in the readout table are collected
every time the truck goes to workshop; however, trucks are not sent to
workshop with a fixed time interval and the gap between two records
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is random. This is causing the uneven time-steps in the data, and it
is a disadvantage when training a model to learning sequential data.
Therefore, to improve the training process and to make the data more
flexible, it is necessary to even the time-steps with the synthetic data.
And the data is unified by performing the following steps:
• In each truck, the first and the last records that originally existed
are respectively considered as the beginning and the end of the
data of the truck; no record is added before the beginning or
after the end;
• Values in the originally existing records are used to build linear interpolation models, which are implemented to generate
synthetic data between two existing records;
• In the end, there is one and only one record corresponding to
each date between the beginning and the end. The originally
existing records are not replaced by the synthetic and remain in
the data after these steps, which can be seen in Figure 3.9.

Figure 3.9: Example table to show the unified data set. The gap between two
records from a truck is the same and equal to 1.

4

METHOD

4.1

prediction models

Normal learning models tend to pattern feature pairs between attributes, and they assume that records in the data are independent.
This is the reason why they are static models, without ability to capture the temporal relationship between two records. As it mentioned,
this thesis hypothesizes that the reasons behind failures are gradual,
which means it needs a couple of records to describe this scenario.
Thus, the records that describing the same event are relative to each
other. To compare and prove that RNNs is the suitable models for
this task, two other supervised machine learning models are used.
4.1.1

Static Learning Models: Decision Trees, Random Forests

Decision Trees
Decision trees are a type of prediction models, which is able to be
used for both classification and regression tasks. The main idea of
the algorithm is to construction a tree (one type of data structures)
to describe the data. Each leaf in a decision tree can represent one
attribute from the data, and the leaves are the places where decision
rules can be learned and inferred. In general, samples in decision
trees should be in this form:
(x1 , x2 , . . . , xn , y1 )
(x1 , x2 , . . . , xn , y2 )
......

(6)

(x1 , x2 , . . . , xn , yn )
where yn is the target variable and xn is the value in the according
attribute. There are usually at least two splits in each of the attributes,
and the number of splits on each node depends on data preparation.
Overall, decision tree is easy to understand and is able to be visualized. It can handle both numeric data and categorical data, and it can
also be used to represent data. However, decision tree also has some
drawbacks. On one hand, it loses its generalization when it gets overfitting by splitting too many leaf nodes in its structure. On the other
hand, decision tree is also an unstable algorithm: a small difference
in the data can result in a totally different decision tree.
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Random Forests
The weakness of decision trees can be solved by implementing ensemble methods, Random Forest (RF)s are one of solutions, which
generally are consist of several decision trees. By using bagging methods or bootstrap sample, RFs randomly select samples in the training
set and fit the decision trees in the forest to this random subset of
the data. When RFs are giving prediction, it takes the average of the
outcome from each of the decision trees in the forest. This is a valid
method to avoid overfitting in a specific class in the data:
ŷ = 1/T ⇤

T
X
t=1

ft (x)

(7)

In a word, RFs are popular for its robustness. It can be used for a
wide variety of data, and for the problem which has a large number
of input variables. It keeps the generalization of the model while still
has a high accuracy. Also, by applying RFs, the imbalance in data can
be handled automatically, and the training process is usually fast.
4.1.2

Dynamic Learning Models: RNNs, LSTMs

Recurrent Neural Networks
Artificial Neural Networks (ANNs) are one type of learning models
of which operation and architecture are similar to biological neurons
in human brain. For the last few decades, ANNs has shown its incredible capacity in machine learning tasks. Though it is powerful, ANNs
also has its weakness. Whenever new data comes, ANN has to be retrained to get updated. It does not have "memory" to store previous
status of the system, which makes is can only be used off-line.
To overcome this problem, researchers proposed a new type of
ANNs, the RNN, where the connections between units form directed
cycles. By those cycles, the previous (or sometimes even the future)
status of the system can be recurrent in the network, which gives the
networks the ability to "remember" the information. With this unique
structure, instead of merely patterning feature pairs across attributes,
RNNs are also capable to capture dynamic information. Figure 4.1
illustrates the structures of the simple RNN, and the unrolled version of it. Generally, each unit in RNNs makes decisions based on the
previous outputs and current input in this way:
ht = g(ht-1 , xt )

(8)

where xt the current input which is a vector-based structure, ht-1 is
the last status of the system. ht is the current status, and it is updated
by the activation function g. Sigmoid ( ), Hyperbolic Tangent (tanh),
and softmax are the most common choices for the activation function.

4.1 prediction models

Figure 4.1: The left side of the equation is a simple RNN example, with only
one hidden unit in the network. It can be unrolled into the rightside form. xt is denoted the input with sequence, ht is denoted
the current status of the system, which will also go into the next
time step of the network.

The idea behind RNNs is to make use of sequential information,
which is quite suitable for prognostics: status of equipment is dynamic, and its condition is influenced both by the previous and the
current actions. However, as mentioned in Chapter 1, RNNs typically
suffer from long-term dependence problem, which means that the
memory of RNN is not big enough to store the useful information
for that long time. Besides, it is also difficult to train RNNs, with a
rough structure. With a wrong training method or an unreasonable
initialization weight matrix, it might take forever to train an RNN
and finally ends up in poor performance.
Long-Short Term Memory Units
LSTM units are developed to solve the vanishing and the exploding
gradient problem when training simple RNNs. It is one type of network unit which has special structure, and, thus, it is able to have a
better control on information flow in the network. RNN that contains
LSTM units in it architecture can be considered as a LSTM network.
LSTM unit structure at time t is illustrated in Figure 4.2.

Figure 4.2: Structure of LSTM Unit

Assuming that there are m nodes in the unit, xt , ht , and ct respectively denote input of LSTM, output of LSTM and the cell state, where
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ht 2 Rm⇥1 and Ct 2 Rm⇥1 . The reading data collected from each truck
is represented in a matrix form Xn =[x1 ,x2 ,. . . ,xt ,. . . xd ]2 Rp⇥d where
d is the duration of the data from a truck (when d is 300, it means
there are 300 continues records in the data from each truck used in
training and testing processes), and xt =[xt 1 ,. . . ,xt p ]2 Rp⇥1 ,t=1,2,. . . d is
p-dimensional vector of the reading records at time t.
There are three gates in a LSTM unit: the forget gate, the input
gate, and the output gate. Each of them controls the amount of information used in the unit. Generally, based on xt and ht-1 , input gate
it 2 Rm⇥1 decides which values to use in calculating Ct . Next, forget gate f t 2 Rm⇥1 determines which information from Ct-1 should
be remove, and which can be used to update Ct . Finally, output gate
0t 2 Rm⇥1 controls what information in Ct is ht . In this thesis, all LSTM
units that are used in the models are implemented as follows:
it = (Wi xt + Ui ht-1 + bi )

(9)

t-1

+ bo )

(10)

t-1

+ bf )

(11)

at = tanh(Wc xt + Uc ht-1 + bc )

(12)

t

t

a

(13)

t-1

tanh(C )

(14)

t

t

o = (Wo x + Uo h
t

t

f = (Wf x + Uf h
t

C =f
t

t-1

C
t

h =o

+i

t

where variable weights and bias to be calculated during training
process are W i , W o , W f , W c 2 Rm⇥p , Ui , Uo , Uf , Uc 2 Rm⇥m , and bi , bo ,
bf , bc 2 Rm⇥1 . is the element-wise multiplication of two vectors, is
the element-wise logistic sigmoid function. tanh in at is the elementwise hyperbolic tangent function, which can be replaced by different
kinds of available activation function that used in ANNs.

Figure 4.3: Networks structure with multiple LSTM layers and multiple
dense layers

There is a connection between different LSTM layers so that the
output of one layer becomes the input of the next layer. As to the first
layer of the network, its input is the reading data. Also, as shown in
Figure 4.3, the model that are used in this thesis is combined multiple
LSTM layers and with multiple dense layers afterwards. Dense layers

4.2 evaluations criteria

are one type of the feed forward neural networks whose layers are
fully connected, and they are in the network because that: the LSTM
layers is good at handling the sequential features in the data, while
the dense layer is powerful at mapping the result from LSTM to the
classification outcomes.
4.2
4.2.1

evaluations criteria
Confusion Matrix

Confusion matrix is one type of evaluation of classifiers, it can help
people to have a better understanding on what prediction the model
is making. Confusion matrix can visualize the prediction in numeric
form, presenting how many samples of a class are predicted correctly
and how many are not. There are four important terms in confusion
matrix as illustrated in Figure 4.4 (for binary classification task).

Figure 4.4: An example of confusion matrix

The columns are the Predicted classes and the row are the Actual
classes. TN stands for True Negative, which means the number of
the negative samples correctly classified, FP stands for False Positive, which is the number of the negative samples wrongly classified.
Similarly, FN is False Negative, and it is the number of the positive
samples wrongly classified, TP is True Positive, and it is the number
of the positive samples correctly classified. Upon these four statistics
of the prediction, there are more evaluation metrics defined to have a
comprehensive view of the performance of the model.

accuracy = (TN + TP)/(TN + FP + TP + FN)

(15)

precision = TP/(TP + FP)

(16)

recall = TP/(TP + FN)

(17)

f1score = 2 ⇤ precision ⇤ recall/(precision ⇤ recall)

(18)

The portion of the correct prediction over all samples is defined as
accuracy, which is usually the first evaluation metric that a classifier
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should have. However, it is general and flimsy, and people would like
to have other metrics that more specific towards the positive samples:
the precision and the recall. As the equation shows, precision is the
number of correct predictions over all positive prediction, and the
recall is the number of correct predictions over all positive samples.
These two metrics are influenced by each other. In the perfect case,
there should be high values in both of them; however, in practical,
only one of them can be good and the other one can only have a
lower value.
To have a better measurement on these two metrics, F-measure is
implemented and its result, f1score, can be used to describe the tradeoff between precision and recall. When f1-score is 1, it means the best
case happens: the model has the highest precision and the highest
recall at the same time. While, on the other hand, its value is 0, it
means the model does not give any correct prediction for the positive
class, which is the worst case.
4.2.2

ROC Curve and AUC Score

Receiver Operating Characteristic (ROC) Curve, which illustrates how
well the model can distinguish between two classes, is a powerful
evaluation of binary classifiers. It is a graphical plot whose X-axis
represents False Positive Rate (FPR) and Y-axis means True Positive
Rate (TPR). Figure 4.5 gives a general idea on how a ROC curve looks
like.
false positive rate = FP/(TN + FP)

(19)

true positive rate = TP/(TN + TP)

(20)

To obtain a ROC curve, a threshold parameter, T, is needed to categorize the prediction. All positive values in the prediction that greater
than T will be categorized to TP, and all negative values that greater
than T will be classified as FP, since they are considered to be wrongly
predicted as positive samples. The highest T describes a situation that
all predictions are negative, which results in both TP and FP are zero.
Thus, the FPR and TPR are also 0, making the ROC curve starting at
the point(0, 0). On the contrast, when there is the lowest T, TN and
FN are 0. Consequently, the FPR and TPR are 1, which makes the
ROC curve to end at the point(1, 1).
By increasing the value of T, TN and FN will remain the same value
or decrease, while the TP and FP will remain or increase. Therefore,
ROC curves are mostly located in the upper left area of the plot. The
ideal point is at the most upper left, the point(1, 1), which means
all samples in both classes are correctly predicted (with FP is 0 and
TP is 1). If the ROC curve grows along with the diagonal line (the
grey line in Figure 4.5), it means that the model is giving random

4.2 evaluations criteria

Figure 4.5: An example of ROC curve

guessing on all samples. In this case, the chance for TPR and for FPR
to increasing is equal to 50%, which makes them easy to have similar
values regardless of the value of T.
Area Under the Curve (AUC), as the term suggested, is the portion
of the area of the unit square [8]. Therefore, it has a range between 0
and 1. If the ideal point(1,1) is on the ROC curve, the AUC is equal to
1, which is the perfect (overfitting) case; if the ROC curve is close to
the diagonal line(y=x), the AUC is at 0.5, which means the model is
random guessing. AUC can be considered as a number that describes
the according ROC curve, which makes it easier to compare between
classification model.
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EXPERIMENT

5.1

baseline

Before shaping the training set to be more balanced or implementing
any kind of feature selections, one important information worth to
know is that: what can the models learn from the raw data. Since
the original data set has the highest imbalance in the project, the
models trained with this data set are expected to have the "worst"
performance.
Random forest is used in the baseline experiment, for its robustness
in handling the imbalance of the data. Firstly, the default random
forest classifier in python library scikit-learn is implemented, with 10
trees in the forest and 22 features (the root of 490, the number of
features in the data). Figure 5.1 (left) is the result of the experiment
under 5-fold cross-validation.
Three parameters of the random forest are tuned by implementing
a grid search based on accuracy, they are the number of trees in the
forest (n_estimator), the number of features to consider when looking
for the best split (max_feature) and the maximum depth of the tree
(max_depth). Values in the grid search are listed as below:
• n_estimators: 1, 10, 25, 50, 75, 100;
• max_features: 10, 15, 20, 25, 30;
• max_depth: 1, 3, 6, 10, 14

Figure 5.1: the ROC curves of the default random forest (left); the ROC
curves of the best random forest from grid search (right)

The range of values in each parameter is designed specifically based
on the size of the data set. The values are not very meticulous, because, at this phase of the project, the general performance is most
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desirable for designing the next experiment. Spending time on having a careful grid search with such a high imbalance in the data is
unreasonable.
The best random forest from the grid search is a random forest
with n_estimator at 10, max_features at 10 and max_depth at 1. Figure 5.1
(right) shows the ROC curves of it, both of the AUC scores are quite
close to 0.5, which is considered as models that give a random prediction.
In this experiment, only 1,655 over 120,722 records are faulty: the
imbalance in the data set is around 1:100. Under this imbalance, the
model can easily have an accuracy of 95-100% of the majority class
by predicting all samples to negative. Therefore, the accuracy shows
no useful information and the imbalance must be decreased in the
following experiments.
5.2

the adjustment of the portion of trucks

The dataset used in the project has very high imbalance: 1) the imbalance in trucks: there are only 114 faulty trucks among 1,046 trucks;
2) the imbalance in records: the healthy records also outnumber the
faulty records generally, even in the faulty trucks, they have more
healthy records than faulty ones (there are only 90 faulty records
among around 620 records in each faulty trucks).
With such a high imbalance, it is too easy for the prediction models to learn the majority (normal) class; meanwhile it is extremely
difficult to recognize the minority (abnormal). Therefore, to help the
models to improve their performances, the imbalance needs to be decreased. This experiment is trying to fix the imbalance in trucks, by
changing the number of healthy trucks that are used in training and
testing.
Most of the trucks have approximate 620 records in total, some
of them are existing in the raw data while some are generated during data imputation. However, if it is too many synthetic data in the
trucks, it is likely that the model would learn the imputation rather
than the real data. Therefore, all trucks that have less than 100 records
in the raw data are removed. As a result, the data from 96 faulty
trucks are left and available, and the following learning setups are
used on a default random forest:
• Setup 1: data from 96 faulty trucks;
• Setup 2: data from 96 faulty trucks and 48 healthy trucks (half
of the faulty trucks);
• Setup 3: data from 96 faulty trucks and 96 healthy trucks (the
same amount as the faulty trucks);

5.3 the adjustment of the portion of samples

• Setup 4: data from 96 faulty trucks and 172 healthy trucks (twice
of the faulty trucks).

Figure 5.2: the ROC curves of four different learning setup in the experiment
in Section 5.2

Figure 5.2 is the average AUC score of each learning setup with
5-fold cross-validation on sample level. It is clear that there is no
significant improvement from the last experiment. The reason behind
this can be that the imbalance of records remains: there are more than
500 healthy records in each of the faulty trucks. Thus, only adjusting
the portion of trucks does not work on improving the models, and
the next experiment should focus on the imbalance in records.
5.3

the adjustment of the portion of samples

One way to make the data in a truck balanced it to remove some
of healthy records. In each truck, 110 healthy records are selected to
remain in the data along with all of the faulty records. The reason
for choosing this amount of records is that it can shape the portion
of healthy records and faulty records to 11:9. Besides, to make it fair
for all the faulty trucks, instead of random selection, the 110 healthy
records right before the 90 faulty records are chosen. As a result, the
failure always happens at the 200th records in all faulty trucks. Based
on this learning setup, the faulty trucks that do not have 200 records
before its failure are not used in this experiment. As for the healthy
trucks, a subsequence (length at 200) in its data is selected. Keeping
the sequence of the data is for a specific purpose: it is convenient to
compare the result from this experiment with the result from RNNs,
since the data in RNNs will only be meaningful when it is sequential.
Only 76 faulty trucks are left after the selection in the context. There
are three learning setups are devised according to this number:
• Setup 5: 15,200 records from 76 faulty trucks (the imbalance in
records is 11:9);
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• Setup 6: 20,000 records from 76 faulty trucks and 24 healthy
trucks (the imbalance in records is 13:7);
• Setup 7: 30,400 records from 76 faulty trucks and 76 healthy
trucks (the imbalance in records is approximate 4:1).
Figure 5.3 shows the results of these three learning setups. Generally, the AUC scores from this experiment are better than the previous
one in the experiment in Section 5.2. The result is expected due to a
lower imbalance data. However, it is also surprising that the best AUC
score is from the second highest imbalance learning setups in this experiment, it is the setup 5. Therefore, other forms of measurements
are desirable to see how well the models work.

Figure 5.3: The ROC curves of random forest trained by setup 5, 6 and setup
7 with a 5-fold cross-validation

Figure 5.4: A box plot of the accuracies (left) and the f1-score (right) of the
default random forests trained by the three different learning
setups in the experiment

p-value

setup 5 & 6

setup 6 & 7

setup 5 & 7

0.1658

0.4650

0.4288

Table 1: The result of t-tests for the f1-scores of setup 5, 6 and setup 7

From the left plot of Figure 5.4, it is clear that the setup 7 is the best
and the most stable learning set among the three, with the highest
accuracy and lowest standard deviation. The setup 6 is the second
and the setup 5 is the worst. However, the comparison is not that clear
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from the right plot about the f1-score. Therefore, a t-test on f1-score is
applied to see if there is a significant difference between each of the
two results. According to the result shown in Table 1, none of them
is significantly different from each other. Therefore, it is meaningless
to compare them or make any conclusion on it.
5.4
5.4.1

recurrent neural networks
Model Construction with Failure Occurred at the End

There is no clear theorem on how to construct the recurrent neural
networks, or more specifically, the LSTMs for different kinds of problems and applications. To obtain the best network architecture for the
project, the number of nodes, layers are adjusted. Accuracy and cross
entropy are used as the evaluation metric and loss function of the
LSTMs, and a 5-fold cross validation on vehicle level is performed
for each of the selected architecture. Notation L(64,32)D(10,2) refers
to a network that has 4 hidden layers with 64 nodes in the first LSTM
layer, 32 nodes in the second LSTM layer, 10 and 2 nodes in the first
and the second dense layer right after the LSTM layers.
The dataset used in this experiment is the same as setup 6 in experiment Section 5.3. This is because on one hand, the sequence is
the most important feature of the data for RNNs; on the other hand,
to avoid overfitting to the faulty trucks, some healthy trucks are required. Table 1 shows the result of different network architectures
that have been tested, and they are designed based on the work of
Zheng et al. in 2017.
Accuracy

Cross Entropy

L(32)

0.6787±0.01

0.6050±0.02

L(64)

0.7009±0.05

0.5981±0.11

L(32, 32)

0.7964±0.15

0.4148±26

L(32, 64)

0.8476±0.22

0.3009±0.38

L(64, 32)

0.8964±0.13

0.3724±0.29

Table 2: The best accuracy and the best Cross Entropy of different network
architectures with 5-fold cross-validation on vehicle level (best values in bold)

According to the result shown in Table 2, both L(32, 64) and L(64,
32) have decent performance. As for the cross entropy, there is no
significant difference between L(32, 64) and L(64, 32). Since the main
idea of this thesis is to investigate the feasibility to apply RNNs for
fault detection, any model that performs reasonably is suitable and
sufficient to work with. As long as the model does not give the ran-
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dom or abnormal prediction that cannot explain, it is qualified. Also,
when the training time is tolerated, it is desirable to use a network
architecture as big/deep as possible. Therefore, in the end, L(64, 32)
is picked to use in the following experiment, because it is more common and easier to have a network architecture with a size trimmed
down over layers.
5.4.2

Model Construction with Failure Occurred at Random Time

After the network architecture is determined, two new learning setups are designed for the experiments. As the beginning of experiments on RNNs, learning setup 6 is applied, which means from each
truck, a piece of the sequential records is selected with a size of 200
(days) and the failure always happened at the 200th day. This is a
common failure trajectory, i.e. to have the failure on the last sample,
in the similar machine learning tasks. For the coming experiments
on RNNs, a similar learning setup to what has been done with the
random forest would be better. Therefore, from each truck, a piece of
the sequential records is selected with a size of 200.

Figure 5.5: An example of how to select two different segments (with different position of the same failure) from the data of a truck

For the healthy trucks, it does not matter which piece of time (200
days) is selected, since all records from them are healthy. For the
faulty trucks, however, the failure should happen at one of the days
during the selected piece of time. Here comes the problem of the position of the failure in the data from the faulty trucks. Even though,
technically, the exact same setups used in experiment in Section 5.3
is available, it is too easy for the RNNs to learn how to count days
instead of to learn how to diagnose. For example, if the failure of a
truck always occurred at the 200th day/records, the easiest and the
most straightforward way to predict the failure is to count the number of the records to 200. To avoid this situation, the positions of
the failures should be random, making the faulty data from different
trucks to be "fair".
Another problem that draws our attention is the number of the
available samples. RNNs will always look at a couple of records (in
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sequence) rather than one single record. In the last experiment, there
are only less than 100 trucks used in training and testing, which limits
the prediction model to achieve better performances no matter how
good the model selection is. Therefore, more faulty samples/trucks
are required. The solution is that: during the process of randomly
choosing the position of failure in a faulty truck, two positions are
chosen instead of only one (see Figure 5.5). With two different positions of the failures, two different pieces/sequences of the data are
selected. By doing this, twice of faulty trucks are obtained and later
used in this experiment.
The last thing that needed to be fixed from the last experiment
would be the portion of healthy records and faulty records in the
faulty trucks. When there are 200 records in the faulty trucks, the
maximum portion of the faulty records is 45% after the random selection on the position of failure, e.g. when the position of the failure is
earlier than the 90th , on the 45th day, for instance, there will be only 45
faulty records in this sample and the portion of the faulty records is
22.5%. This situation will not be improved by having the position of
the failure after the 90th day, since only 90 records before the failure
are marked as faulty records. To RNNs, faulty trucks that are healthy
in most of the time (more than 55%) might be too alike to the healthy
trucks. To distinguish between two types of trucks, a new learning
setup is designed. The number of records in a truck is further decreased to 100. The position of failure is forced to be located at the
last 10 days (the 90th to the 100th day), making sure that the portion
of the faulty records in the faulty trucks is 90%.
In this experiment, a 5-fold cross-validation is implemented on the
truck level; further, it is guaranteed that each set contains approximately same percentage of samples of each class in the dataset. These
two following in the L(64,32)D(10,2) architecture:
Setup 8

Setup 9

TN

0.85±0.18

0.61±0.21

FP

0.15±0.18

0.39±0.21

FN

0.65±0.64

0.48±0.16

TP

0.35±0.64

0.52±0.16

Accuracy

0.68±0.15

0.58±0.10

Precision

0.43±0.42

0.43±0.13

Recall

0.35±0.64

0.52±0.16

F1-Score

0.36±0.50

0.46±0.10

Table 3: Results of setup 8 and setup 9 in different evaluation metrics

35

36

experiment

• Setup 8: 156 faulty trucks and 44 healthy trucks, each truck contains 200 records from 200 consecutive days;
• Setup 9: 96 faulty trucks and 54 healthy trucks, each truck contains 100 records from 100 consecutive days.
From Table 3, even though the accuracy in records of setup 9 is
lower than that in setup 8, the variances in each evaluation metrics
are also lower, meaning that the result of setup 9 is more stable. Besides, other metrics, such as TP, F1-score, precision and recall, of setup
9 are higher than setup 8. Therefore, it is desirable to see how exactly
the RNNs works with setup 9. Figure 5.6 and Figure 5.7 are the further visualization of the result from the testing set. According to the
setting, there are 37 trucks in the testing set for the best model from 4fold cross-validations. One of the most interesting things in the result
is that: the prediction is quite stable. The last subplot of Figure 5.6
(result from truck no.178) is the most "fluctuating" curve, and it is the
one and the only one from all 37 trucks.

Figure 5.6: Example plots for the prediction (softmax value) over time of
different healthy trucks in the testing set of setup 9

Figure 5.7: Example plots for the prediction (softmax value) over time of
different faulty trucks (records in blue shadow are faulty) in the
testing set of setup 9

However, from the Figure 5.6 and Figure 5.7, another problem shows
up: the accuracy above is based on records, and it is not suitable for
the experiment. New criterion should be designed to judge whether
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a truck is correctly labelled or not: a confusion matrix on truck level
(sees Figure 5.8). Two thresholds are set respectively for the healthy
trucks and the trucks sample, based on the cost of the wrong prediction in industry. The FP category represents the situation that healthy
trucks are predicted as faulty trucks. As a result, those trucks might
be sent to the workshop, at most, to replace the components that work
normally or at least to takes the sources (labour, space and time) in
the workshop to check the trucks. Considering that the total amount
of trucks in this category is large, there will be a huge waste of these
resources due to the wrong prediction.
Nevertheless, on the other hand, the FT category means that the
faulty trucks are predicted as the healthy trucks, on the contrary.
The worst consequence of this type of error would be that the truck
fails without being warned by the model, which is the exact situation
when no prediction model is used. It is more acceptable for this type
of the wrong prediction since the prediction model must have improved the situation by having a correct prediction on TP. Therefore,
the following definition of TN, FP, FT and TP are used in the new
confusion matrix, noted that all records in healthy trucks are healthy:
• True Negative Trucks: more than 80% of records in a healthy
truck are correctly predicted;
• False Positive Trucks: less than 80% of records in a healthy truck
are correctly predicted;
• False Negative Trucks: less than 20% of the faulty records in a
faulty truck are correctly predicted;
• True Positive Trucks: more than 20% of the faulty records in a
faulty truck are correctly predicted.

Figure 5.8: the confusion matrix based on trucks of setup 9

The last kind of evaluations is designed to check if the LSTM gives
prediction by counting the number of records/ days. To learn how
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the model works over time instead of only focusing on the time before or after the failure, it would be better to test the model with the
whole period. In this test, a faulty truck and a healthy truck that are
not in the training set are chosen. From each of the trucks, 600 continuous days of records are selected as a new testing set. The size of
the windows is set to be 50 days, e.g. at the first round the model is
going to predict the 1st to the 100th records, and at the second round,
it predicts the 51th to the 151th records and so on, until all the records
in the testing set have been predicted. The visualization of this evaluation is shown in Figure 5.9 and Figure 5.10, respectively for the
healthy truck and for the faulty truck.
There is at least one intersection in each of the plots in Figure 5.9,
and that is where the model changes its prediction to the other category against the previous prediction. The positions of the intersections are different in the plots, even when the model is trained by the
same length of time, it is not counting the number of days. Similar to
Figure 5.6 and Figure 5.7, the prediction is quite stable: there are also
no more than 3 intersections in one plot. Although technically, there
are no faulty records in a healthy truck; it is satisfying with the fact
that in most of the time of most of the plots, the black curve is above
from the red curve.

Figure 5.9: The result of windows test of a healthy truck. With a window
size of 50 days, the data from the last 50 days in the previous
plot is exactly the same as the data from the first 50 days in
the next plots. The plots show that even is the same data, since
they are at the different position of the sequence of the data, the
model gives different prediction on them.
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As for the testing shown in Figure 5.10, the prediction is as stable as always, and it gives an almost perfect prediction on the faulty
records. Almost in all the blue shadow area, the red curve is above
the black curve. However, the healthy records after the failure are also
predicted as faulty records, which means the model does not recognize the event "repair". This performance can be foreseen because, in
this learning setup, the portion of faulty records is sure at 90%; it
is a must that the model learns less information about the healthy
records. Nevertheless, the main task of the project is fault detection,
it is tolerable to lose accuracy after the failure.

Figure 5.10: The result of windows test of a faulty truck. The wrong predictions before and after the failure are tolerate and reasonable
under this learning setup, since the model does not learn much
from the healthy records in a faulty sample.

5.4.3

Binary Classifier

In the setup 9, the portion of faulty records in the faulty truck is guaranteed and fixed at 90%, e.g. the ratio of faulty vs healthy samples is
9:1, and it triggered an idea on a new learning setup (as the setup 10):
there are only healthy records in a healthy truck while only faulty
records in a faulty truck. In theory, this learning setup makes the task
to become a binary classification. The target variable does not change
along with time, and it is interesting to see how the model works
under this "extreme" setting in the experiments.
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Figure 5.11: Confusion matrix of setup 9 based on records (left); Confusion
matrix of setup 9 based on trucks (right).

In this experiment, the length of the samples is 90, and there are
96 faulty trucks and 54 healthy trucks in total. Data from 20% of the
trucks, i.e. 44 trucks, is used as the testing set, and a 4-fold cross validation on truck level is applied. Figure 5.11 contains two confusion
matrices: the left one is on the record level, it does not imply any
information about which truck the record belongs to; the right one
in on the truck level, and it follows the rules in the experiment in
Section 5.4.2. The confusion matrix shown in Figure 5.12 is result of
one of the validation testing set, and to "zoom in" the detail of its
performance, A further evaluation is done and shown in Figure 5.13.

Figure 5.12: the confusion matrix based on trucks of setup 10. It follows the
rules described in the experiment in Section 5.4.2
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Figure 5.13: The visualization of the prediction overtime in each sample. It
is clear that the model neither always gives healthy prediction
in the healthy samples, nor always gives faulty prediction in the
faulty samples. This means the model is not overfitting to one
of the categories. The prediction is as stable as the models in
the experiment in Section 5.4.2.

5.4.4

Comparison

In the last part of the experiment, it would be interesting to compare
the performance of different models trained by different learning setups. Cross Validation on truck level is applied to have an overview
of the performance for each model trained with each learning setup.
Table 4 is a description of different learning setups that are used in
experiments. For each of the setups, the statistic is done with 7 different features of the setups. One more classifier, decision tree, is used
to show how difficult the task is for the models that are simpler than
random forest. Three different metrics are shown in table 4-6, which

5.4 recurrent neural networks

can give comprehensive evaluations for each of the combinations of
models and learning setups.
Faulty Trucks / All
Trucks in training and
testing set

Faulty Records / All
Records in a Faulty Truck

Setup 1

100%

14.52%

Setup 2

66.67%

14.52%

Setup 3

50%

14.52%

Setup 4

33.33%

14.52%

Setup 5

100%

45%

Setup 6

76%

45%

Setup 7

50%

45%

Setup 8

78%

5%-45%

Setup 9

65%

90%

Setup 10

65%

100%

Table 4: A summary of the learning setups

Accuracy

Decision Trees

Random Forest

L(64,32)D(10,2)

Setup 1

0.72±0.07

0.85±0.03

0.35±0.28

Setup 2

0.82±0.07

0.89±0.01

0.26±0.14

Setup 3

0.84±0.02

0.93±0.03

0.39±0.33

Setup 4

0.90±0.01

0.95±0.02

0.36±0.24

Setup 5

0.58±0.09

0.59±0.07

0.71±0.05

Setup 6

0.63±0.08

0.67±0.05

0.76±0.07

Setup 7

0.67±0.16

0.77±0.03

0.77±0.09

Setup 8

0.83±0.22

0.85±0.22

0.74±0.06

Setup 9

0.61±0.08

0.63±0.08

0.70±0.09

Setup 10

0.75±0.04

0.86±0.10

0.84±0.25

Table 5: The accuracy of different setups from different models (best values
are in bold)

Table 5 is the accuracy of the result, which is rarely mentioned in
the thesis. This is because there is imbalance in the data set, and even
the models which predicts all sample as the majority (without learning) can have a high accuracy. Therefore, although the accuracy of
the decision tree and the random forest on setup 1-4 seem to be high,
they are not regarded as good results. For the setup 5 -10, random
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forest has the highest accuracy on setup 7, 8, and 10; while L(64,32)
works best on setup 5, 6, and 9. In a number of combinations, these
two models are equal. Overall, however, the variances of L(64,32) are
smaller than random forest in most of the cases.
F1-Score

Decision Trees

Random Forest

L(64,32)D(10,2)

Setup 1

0.14±0.17

0.02±0.07

0.28±0.06

Setup 2

0.12±0.08

0.01±0.02

0.26±0.14

Setup 3

0.09±0.10

0.00±0.00

0.22±0.11

Setup 4

0.05±0.09

0.00±0.00

0.27±0.11

Setup 5

0.56±0.11

0.51±0.10

0.64±0.09

Setup 6

0.44±0.19

0.37±0.12

0.63±0.17

Setup 7

0.31±0.20

0.36±0.18

0.54±0.22

Setup 8

0.77±0.28

0.78±0.31

0.62±0.09

Setup 9

0.35±0.18

0.26±0.22

0.56±0.13

Setup 10

0.74±0.03

0.84±0.11

0.85±0.23

Table 6: The f1-score of different setups from different models (best values
are in bold)

AUC Score

Decision Trees

Random Forest

L(64,32)D(10,2)

Setup 1

0.49±0.11

0.51±0.15

0.61±0.15

Setup 2

0.51±0.04

0.49±0.10

0.52±0.13

Setup 3

0.05±0.07

0.49±0.04

0.46±0.23

Setup 4

0.05±0.04

0.48±0.08

0.64±0.24

Setup 5

0.59±0.09

0.65±0.06

0.81±0.04

Setup 6

0.58±0.09

0.67±0.09

0.84±0.02

Setup 7

0.55±0.15

0.73±0.07

0.80±0.11

Setup 8

0.82±0.22

0.90±0.16

0.82±0.09

Setup 9

0.54±0.09

0.60±0.09

0.76±0.10

Setup 10

0.75±0.04

0.90±0.12

0.90±0.27

Table 7: The AUC score of different setups from different models (best values are in bold)

Table 6 is the f1-score of the result, where L(64,32) has the highest
values in most of the cases(8 over 10). As for the AUC score, shown
in Table 7, L(64,32) still works best in over half of the combinations.
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Random Forest

L(64, 32)D(10,2)

TN

0.94±0.13

0.78±0.25

FP

0.06±0.13

0.22±0.25

FN

0.22±0.13

0.10±0.24

TP

0.78±0.13

0.90±0.24

Accuracy

0.86±0.10

0.84±0.25

Precision

0.93±0.15

0.81±0.23

Recall

0.77±0.14

0.90±0.24

F1-Score

0.84±0.11

0.85±0.23

AUC

0.90±0.12

0.90±0.27

Table 8: The result of random forest and L(64,32) trained with setup 10

There is no best value in setup 2 and 3 because all values are close to
0.5, which means the model is giving a random prediction. In such a
case, even though the AUC score is the "highest", it does not mean the
model perform normally. Setup 8 is the "most balanced" one among
all 10 learning setups, since all classifiers have not-low scores. Random forest outperforms in setup 8 and 10, however, the performances
of L(64,32) in these two learning setup are not inferior: an AUC score
at 0.82 (in setup 8 of L(64,32)) is generally good, and in setup 10, the
difference is only shown in variance. Further, a t-test has been done
on the results of random forest and L(64,32) from setup 8-10, and it
shows that only the f1-score and the AUC from setup 9 are significantly different. Finally, from the row’s point of view, it is clear that
the results from setup 10 are better than the rest 9 learning setups.
Further evaluations on different criterions are done on the result of
random forest and L(64,32) on setup 10, which is shown in Table 8.
5.4.5

Stability

During the experiment on LSTM, an result is found occasionally: the
LSTM models are quite stable. For the records (from the same truck)
that are close in time, the LSTM models tends to categorize them as
the same. Besides, when the prediction of LSTM switches to the other
category, it does not "jump" to that category immediately; instead, the
values of softmax function are decreasing slowly overtime. This result
makes the fact more convincing, that the LSTM models do capture the
temporal relationships between records and take sequence of the data
into account when making decision.
In order to measure the stability of the models, a special metric is
used. Take Figure 5.14 as an example, it is clear that there are gaps
between each two switches. The average length of the gaps can reflect
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Figure 5.14: A figure to show the prediction overtime from a test in setup
9. The prediction of random forest has total 4 switches between
two categories, while the prediction from LSTM only switches
for once.

how stable the model is: if the average length are small, it means that
the prediction jumps between two categories so frequently and the
result is quite fluctuated; on the other hand, a big average length
means that the prediction is switched after a not short period of time,
and this feature can be considered as stable.
The average lengths of gaps are measured in setup 8 and setup 9,
and the result is illustrated in Figure 5.15 - Figure 5.16. It shows that
in most of the cases, both LSTM and random forest are stable and
have no gap between switch. This means that the prediction does
not switch or only switches for once, which is normal when there
are some healthy records before the faulty records. However, if the
switches happen, the average lengths of gaps in random forest are
generally smaller than that in LSTM; and the range of X coordinate
also tells this fact. Especially for the random forest in setup 9, where
the windows size of the records are 100 days and 90 of them are
faulty, the prediction has a average length of gaps less than 20 days.
This proves that the performance of random forest is unstable even
in the 90-day faulty period.

Figure 5.15: Histogram of the average length of gaps from random forest
and LSTM in setup 8.

5.4 recurrent neural networks

Figure 5.16: Histogram of the average length of gaps from random forest
and LSTM in setup 9.
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6.1

conclusion

In this thesis, models based on LSTM are derived to predict whether a
compressor failure will occur in a truck in the next 90 days. A series of
learning setups are devised for the training process to make the models survive from a data set that has a high imbalance. Additionally, a
criterion to assess whether a truck is correctly predicted as faulty or
healthy is designed based on the industrial scenarios to complete a
more comprehensive view of the prediction from the LSTM models.
It is clear that the performances of the LSTM models trained by some
of the learning setups are surprisingly stable and fair to the samples
from both categories. Finally, in comparison with the work of Prytz
et al., both of us tried to solve the same problem (building prediction
models for predictive maintenance) with a similar dataset; however,
our LSTM model is better than their method (RF) in the respects of
robustness, stability and the ability to capture temporal relationships
from the data.
We can also draw a few conclusions from Table 5-7. The performances of random forest and LSTM are equally good in these prediction models, judging from no significant difference in most cases.
Moreover, if we read the tables across the columns, it is explicit that
the performances of the models trained by different learning setups
are increasingly improved from setup 1 to 10. Usually, the models
archive the best performance on setup 10, which can be considered
as our contribution: a learning setup that can improve classifiers for
fault detection based on an industrial dataset.
We initially found that LSTM can give stable prediction over a
certain amount of time without switching. Before a switch happens,
there is a distinct tendency that it is increasingly likely to categorize
data to another class. Once it reaches the prediction boundary and
gives a prediction on another category, it does not quickly change
again. Those features meet the requirement in industry: Companies
do not favor a model that provides one prediction at first and switches
to another prediction the next day, and they need time to arrange the
resources of a workshop and schedule the repair.
Based on the results, we can see advantages and benefits to implement recurrent methods, for example, to use LSTM on fault detection.
First, it survives from the high dimensional data sets and has good
performance, even without careful or in-depth feature selection process before the experiments. Second, with a proper design on learning
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setups, LSTM can be trained thoroughly to minimize biases of one of
the categories in the data. Last but not least, LSTM derived from this
thesis is considerably stable and thus more feasible for real-world
application.
6.2

future work

Due to a limited amount of time, we have not yet experimented and
discussed a few other ideas in this thesis, such as a careful feature
selection and data normalization. Another imperfection of the project
is that the training set and the testing set are similar in all learning
setups. We have not tested the models with imbalanced data drew
from reality. However, the work we did is substantial to support further studies in different directions. One of the most exciting directions
would be to have different prediction horizons and different window
sizes in the learning setups to see if LSTM can still perform properly
on both classes.
Regarding stability, we need to conduct more experiments to prove
that LSTM is generally more stable than the random forest since the
reason behind this feature is still undiscovered. Nevertheless, in some
cases, the prediction does switch between two classes, and it would be
interesting to do more investigation on the point where the prediction
changes to the other class: They might be the potential turning point
of the states in a truck or the time when a compressor failure starts
to develop.
Moreover, there could be more effort to be made in model selection and resampling the data. For the network architecture, L(64,32)
is the best model that we had derived so far. Except for LSTM with
different structures, deep LSTM models, such as bidirectional-LSTMs
or Convolutional Neural Network LSTMs (CNN-LSTM), can be applied on the same series of learning setups. In this way, we can have
a general idea of how suitable they are for this specific task. For the
second one, the resampling method we used for now is on a basic
level, but there are more methods available to balance the data, such
as under-sampling healthy records from only a few representative
healthy trucks instead of randomly selecting from all healthy trucks.
The performance of the model is influenced by different factors,
one of them is the data itself. If there is no useful and noticeable
information hidden in the data, no matter how well the model is
constructed, it generates zero valuable results from the training set.
Therefore, apart from the method that is implemented in the thesis, it is also good to investigate this question: Is there other way
to augment industrial data? Furthermore, the expert knowledge in
the related domain, such as transportation and mechanic, should be
applied to obtain a more concrete and specific dataset. In such a way,

6.2 future work

it is possible to improve RNNs for it to be widely implemented for
diagnosis and predictive maintenance.
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