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Abstract
Cost effective methods for predictive maintenance
are increasingly demanded in the automotive industry. One solution is to utilize the on-board signals
streams on each vehicle and build self-organizing
systems that discover data deviations within a fleet.
In this paper we evaluate histograms as features
for describing and comparing individual vehicles.
The results are based on a long-term field test with
nineteen city buses operating around Kungsbacka
in Halland.
The purpose of this work is to investigate ways
of discovering abnormal behaviors and irregularities between histograms of on-board signals, here
specifically focusing on air pressure. We compare a
number of distance measures and analyze the variability of histograms collected over different time
spans. Clustering algorithms are used to discover
structure in the data and track how this changes
over time. As data are compared across the fleet,
observed deviations should be matched against (often imperfect) reference data coming from workshop maintenance and repair databases.

1

Introduction

Unplanned stops are problematic for commercial
transportation fleet operators. Besides the irritation and loss of confidence they cause with the
operator, they often lead to failures in meeting
the transportation schedule and delivery deadlines,
with attached penalty fees. If they occur on the
road, which is the worst case, there are further costs
incurred from towing, damages caused by towing,
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disturbance of the traffic flow, and the loss of confidence among the public.
The current paradigm for upkeep of on-road
transportation vehicles is a mix of proactive and reactive approaches. The specific case we have studied is a fleet of 19 city buses in Kungsbacka that run
on average 100,000 km per vehicle and year. Four
maintenance services are planned per year, when
filters, oils, and brakes are checked (one of these
is done in relation to the compulsory annual motor vehicle test). The on-board computers are also
checked for diagnostic trouble codes that have been
triggered since the last service. Furthermore, if the
customer has observed warnings on the dashboard
during operation and relays this to the workshop
then repairs related to this can also be done.
We have studied the operation of this vehicle fleet
for 30 months, with the conclusion that the leading principle for maintenance is still reactive: “you
fix something when it breaks”. These vehicles have
about equally many significant1 unplanned stops
per year as the planned maintenance services. The
average number of days spent in the workshop per
visit was about four, which equals the number of
days for the most complex of the planned service
stops. These numbers are very close to maintenance statistics recently reported for US heavy duty
trucks [19] so they are probably a quite accurate
description of the typical status of on-road vehicle
maintenance operation.
These uptime statistics mean that the bus operator needs to keep 1-2 vehicles as “spare” to guarantee undisturbed transportation services. This is
more than they desire: the goal is to have a 95%
uptime, i.e. one “spare” vehicle per twenty.
There are many reasons for the fairly high down1 We do not count minor repairs that are done while the
bus is in depot or by the on-road assistance service. With
“significant” we mean a repair that required going to a workshop and staying there for most of a day (often several days).

time. A substantial part is waiting time, i.e. the
bus is in the workshop but no work is being done
on it (“wrench time” is low). Another substantial
part is the time lost for not planning. Unplanned
maintenance often leads to long waiting times while
time is being allocated for the repair in the workshop. The same is seen in statistics for US heavy
duty trucks [18, 19] so it should not be specific for
the operation we have studied.
Thus, a significant improvement in uptime could
be achieved if the number of unplanned repairs
is decreased and the waiting time associated with
these is decreased. That is, a shift to a paradigm
with more predictive maintenance; fix or replace
components before they cause an unplanned stop.
This requires a technology for sensing the health
status of the vehicles and communicating this to
the maintenance operations.
There are several hurdles when transforming to a
predictive maintenance paradigm. One is to change
how vehicle assets are valued (or depreciated) [18].
Another is to design a business model that allows
all stake-holders to get a piece of the cake; it is often obvious that what the operator saves money on
is not valuable to the service provider (unless they
have a common goal of increased vehicle uptime).
A third is to decrease the threshold for predictive
maintenance technology, i.e. to design solutions
that can provide additional functionality without
the cost for new sensors or new expert-built systems for diagnosis.
Our contribution is on the third part, how to do
more with what already exists on vehicles. Modern transportation vehicles are mobile cyberphysical systems. There are hundreds, if not thousands, of sensor and control signals communicated
on the controller area network (CAN). There are
gateways for wireless communication with the vehicles. There are multiple computers on-board, albeit with limited computing powers available for
new services. Our approach is to utilize this cyberphysical aspect and mine the existing on-board
data streams for information that can be used for
predictive maintenance services.
Each vehicle in the fleet is equipped with a special electronic hardware, the Volvo Analysis and
Communication Tool (VACT), that is capable of
logging on board time series of sensor readings and
control commands, as well as communicating compressed versions of these wirelessly to a back-office

server. Service records, including maintenance and
component exchange information, are also available.
A particular challenge with our approach of
learning from normal operation is the lack of labeled and accurate data. There is no ground truth
of how a risky component looks like. The quality of
the service records is far from satisfactory for the
purpose of learning. The service record database
is designed primarily for keeping track of invoices,
which means that information about parts replaced
and operations performed is quite accurate but the
dates (and mileages) of maintenance are inaccurate.
Furthermore, fact that a component was replaced
does not strictly mean that is was broken (there is
no follow-up on this). There is always the human
factor; if a particular important component breaks
unexpectedly a few times then this can result in an
increased eagerness for checking and replacing that
same component on other buses.
We have in previous works [3, 4] presented analyses of the data streams on the bus fleet mentioned above, showing that it is possible to mine
the data streams and detect upcoming problems on
many systems by comparing signal profiles across
the fleet. This paper focuses on the air compressor. It is a vital component that supplies high
pressure air to the brakes, the suspension and the
gear box. Compressors are particularly interesting
for this fleet since there was an avalanche of compressor replacements within the fleet during 2012
and 2013. The vehicles in the fleet are year models 2007, 2008 and 2009. Four vehicles are from
2009, one is from 2008, and the remaining vehicles
are from 2007. Prior to 2012 had only one compressor been replaced on the vehicles. During 2012
and 2013 were 19 compressor replacements done,
on some vehicles more than once.
We are using the Wet Tank Air Pressure signal
for diagnostics. This is the only signal we have
access to on the CAN that is relevant to the compressor function. The wet tank is a supply tank
for pressurized air. The compressor feeds the air
through an air dryer and into the wet tank (the
name is a bit of a misnomer). The air from the wet
tank is then fed into air drain tanks, one for each
brake circuit, through one way valves.
There are several faults that can affect the wet
tank air pressure. One is an insufficient compressor.
Another is congested pipes due to carbon deposits

in them, somewhat like atherosclerosis in humans.
The carbon deposits come from vaporized lubrication oil (the same lubrication oil as for the main
engine). A third is a leak.
Our goal is to perform fault detection on the air
pressure system and find irregularities within a fleet
with the use of histograms of the Wet Tank Air
Pressure. Differences between histograms of the
signal, as well as the derivative of the signal, are
compared across the fleet. Clustering is performed
to dissect the structure of the data. The work is a
continuation of previous work presented in 2013 [4].

2

Related Work

The commercial fleet application, with data mining of on-board data streams, fits into the theme
of ubiquitous knowledge discovery, self-monitoring
and diagnostic system. The challenges we have seen
and encountered in this application match well with
the description given by Gama and Cornuéjols of
resource aware distributed knowledge discovery [8].
Our first work in this field was presented in 2007 [5],
introducing the idea of using the fleet as a “wisdom
of the crowd” for fault detection.
A similar “wisdom of the crowd” idea was recently suggested by Lapira in his work on clusterbased fault detection for fleets of similar machines
(wind farms and manufacturing robots) [17] . He
clusters wind turbines into “peer-clusters”, i.e. turbines with similar external conditions, and deviating (poorly performing) turbines within peerclusters are identified.
There is also quite a lot of common ground between our work on mining on-board data streams
and the Vedas and MineFleet R systems suggested
by Kargupta et al. [14–16]. Kargupta et al. focus
on monitoring correlations between on-board signals for vehicles but they use a supervised paradigm
to detect certain fault behaviors.
There is a large amount of literature of equipment monitoring, fault detection and diagnostics
that is related to commercial fleet application, reviews can be found in [9–12]. The traditional
method of equipment monitoring for fault detection
on automotive systems follow two concepts, using
a reference model or develop a pattern recognition
classifier. In those works, human experts plays a vital role in the development of the reference model

or classifier.
When it comes to fault detection and diagnostics for compressors during run-time it is common
to use specific sensors for this. Accelerometers for
vibration statistics, e.g. [1], or temperature sensors to measure the compressor working temperature [13]. The standard off-board tests for checking
the health status of compressors require first discharging the compressor and then measuring the
time it takes to reach certain pressure limits in a
charging test, as described e.g. in a compressor
trouble shooting manual [2]. All these are essentially model-based diagnostic approaches where the
normal performance of a compressor has been defined in the laboratory and then compared to the
field case. Similarly, there are some patents that describe methods for on-board fault detection for air
brake systems (compressors, air dryers, wet tanks,
etc.). They build on setting reference values for
operation at installment (or after repair) of a compressor system, see e.g. [7].
We are not aware of any work on fault detection of air brake compressor systems that utilize
the pressure signal in the wet tank.

3

Method

In this section we describe and justify different approaches we have used in order to better understand and illustrate how histograms can be used
to detect deviations. We have looked at a number
of parameters for individual histograms, as well as
several distance measures that can be used for comparing them, both between buses and across time.
We have investigated the structure of the fleet using clustering algorithms, as well as followed how
clusters changes over time. Finally, we analyze distances between individual vehicle and the rest of
the groups, and match observed deviations against
reference data.

3.1

Histogram Analysis

Histograms are simple, compact, easy to compute
and robust against noise. They are one dimensional arrays representing signal within a specific
time span. Histograms are more expensive to calculate and store than statistical parameters such
as mean and variance, but they also capture more

information. One of the drawbacks of using histograms is the loss of time information, but in many
cases this is acceptable.
There is a number of basic parameters that have
to be decided when using histograms, including
number of bins or the length of time over which
the histogram should be collected. In particular,
shorter lengths mean more randomness, for example due to the usage patterns, external conditions
or sensor inaccuracies. Such influences would even
out over longer time periods and lead to more stable
results. However, such a system would react slower
and can not detect deviations as quickly. Similarly,
more bins means that more variation would be captured from the original signal, it would also introduce more noise when comparing histograms.
There is a number of well-defined distance and
similarity measures for histograms. Cha in [6] summarized and categorized different measures both
syntactically and semantically. In the previous
work we have had success using Hellinger distance.
Here we compare four popular distance measures
from a few families: Euclidean and Chebyshev
distances from Minkowski family, Cosine distance
from the inner product family and Hellinger distance from Fidelity family.

3.2

Clustering

Clustering algorithms can be used for deviation detection in the sense that outliers are a lot differ
from normal observations and therefore would not
fit regular clusters. At the same time, clustering
provides more details than anomaly detection does,
including information such as structure of the data.
Knowing which samples naturally group together is
valuable for analysis.
As an example, Xu in [20] presents a review of
a number of clustering algorithms. In our case we
have initially used hierarchical clustering since it
provides a very good way to visualize the structure
of the data using dendrograms. It allows one to
quickly decide how many clusters to use later on,
for example. Another popular clustering method
is spectral clustering, which has been shown to often outperform other, more traditional, clustering
algorithms.
In our compressor data, we expect clustering algorithms to assign individuals with similar behavior into the same cluster. Examples of that would

include old versus newly replaced compressors, etc.
Therefore we could label each cluster with meaningful description. It is, however, difficult to do that
without reliable reference data. In many cases clustering algorithm will assign outliers into the same
group, but it is also likely that they would be assigned to different clusters, since they may be very
far from each other.
One issue with clustering is that most algorithms
will always provide clusters, even if provided with
random data. Therefore, verification of whether
the clusters are useful is necessary. As we have explained in the introduction, we do not have ground
truth to decide that. A number of quality measures
such as intra- and inter-cluster distances and ratios
between them have been proposed and can be used
for comparisons. But they typically do not have
intuitive and understandable meaning.
Generally speaking, even healthy buses provide
histograms that differ from one another. Those
“natural” differences are not the type of deviation
we are expected to capture and therefore can be
considered as noise. We expect normal buses differ
from faulty ones more than the normal ones differ
among themselves, but it is not guaranteed. Thus,
we need to observe the changes in clusters by introducing different amount of noise.
A way to examine cluster validity is to add noise
to the data and see whether the structure changes.
Small amount of noise will not affect grouping result, but the amount of noise in this case remain
unknown to us. If the structure is easy to destroy,
then the clusters did not capture any particularly
strong relations. We can obtain different clustering
results by introducing certain amount of Gaussian
noise into the histogram similarity matrix and compare the similarities between those clusterings. To
quantify this, We use Jaccard index to calculate
similarity between two clusters, and match clusters from the two clusterings in a way that maximizes the sum of Jaccard similarities. Addition to
that, practically, whether the clusters are meaningful also depends on the input data. We expect that
using histograms of very short length would introduce large randomness and made clustering results
less useful.
On the other hand, proper time length chosen
for histogram is not clear. For signal histograms,
the shorter time length they are the more difference
and variance they will present. Clustering with his-

tograms of short time length will show large uncertainty in grouping results and thus should be avoid.
Additionally, if we choose to use histogram with
longer time span, it would take longer before we
can detect faults. Therefore, a reasonable trade off
between shorter and longer time length is required.

3.3

Group Comparison

Finally, the main focus of our deviation detection
method is based on comparing individual vehicles
against the rest of the group. The goal is to provide
quantitative analysis that could be used for fault
detection and diagnosis.
The most important aspect is to account for the
natural variability within the group. For each week,
daily histogram is calculated for each bus and we
start by calculating the distance between each bus
with the rest of the fleet, in a leave-one-out style.
Average distance among all the buses is also calculated and a bus is considered to be deviating if
there is a large difference between these two values.
For each week, daily histograms were computed
and For each bus, average distance to the fleet and
within the fleet is computed using daily histogram
within a week. High peaks in the figure address the
deviation of target bus with the fleet and therefore
can be used to match the analysis against reference data from workshop maintenance and repair
databases.
One issue with using histogram distances, when
considering diagnostics task, is that new compressors are likely to also be deviating from the group.
They are definitely not broken, but they still behave differently from the old ones. Basically a better or a new compressor would tend to pump air
faster than the old ones, which would result in signal with sharper slopes and also histogram with
higher mean. Therefore, we are interested in capturing more information with our distance measures, not only whether a given bus is deviating,
but also in what way. To this end we augment the
difference between histograms with a sign, depending on histograms’ center of gravity. A distance
will be positive if target vehicle has average pressure higher than fleet’s average, and negative if it
has lower pressure.
Another way of adding more information is to use
histogram of signal derivatives. Basically air compressor provide bursts of pressure when the pres-

Figure 1: Two month histogram of Wet Tank Air
Pressure signal from different buses

Figure 2: Histograms from bus 374 using different
time periods
sures in the tank is dropped to certain level. Thus
the compressor affect the signal similar to impulse.
Therefore, the derivative of signal is the changes
in value over time created by those pulses. An assumption of using Wet Tank Air Pressure derivative is that it is less susceptible to differences in
usage of the vehicle. Usually, average pressure will
be lower in a city than on a highway, due to the
amount of breaking, which uses air. Derivatives
contains the information of how the compressor
burst up the pressure in tank, which offer direct
link to the condition of compressor. We expect a
better or a new compressor would pump air faster
than the old and faulty ones, which would result
in a signal with sharper slopes while pumping and
histogram with larger shift. By combining with distance measures on original signal and deviation between derivative histograms across the fleet, we can
map and visualize individuals on the fleet level on
a 2D map for observation.

4

Results

The data presented here were collected over almost
three years on 19 commercial fleet buses operating
in Kungsbacka. All the signals were sampled with
1 Hz frequency. In addition, we use service records
to analyse maintenance and repair history of the
vehicles.
Based on the signal specification document, we
have chosen to use histograms with 60 bins and
range between 0 and 12 bars. Figure 1 shows an
example representing two months of data from different vehicles, collected in December 2012. As can
be seen, there are significant differences between
individual buses, some of them have higher average pressure value or lower variance. This could
be due to different usage of the buses (e.g. average
pressure would be lower for city instead of highway
driving) but it can also be an indication of a worn
compressor.
Figure 2 shows examples from a single bus, using
different time lengths. As can be expected, one
year data histograms are quite stable, and shorter
periods display more variability. Differences in the
lower pressure ranges can be seen in Figure 3.
Figure 4 shows different distance measures between weekly histograms from two buses, 370 and
377. The peaks in April and July are interesting
since they show that the buses are suddenly becoming less similar than they normally are. However they do not show which bus is the faulty one.
We can analyse the distance between bus 370 and
the average histogram of the rest of the fleet, presented in Figure 5. Since the April peak is also
present here, we can assume that bus 370 is faulty.
On the other hand, peak in July is missing, so in
this case bus 377 is to be blamed.

Figure 3: Histograms from bus 374 using different
time periods, scaled to show lower-valued bins

Figure 4: Change in time of distance between
weekly histograms from two buses, 370 and 377
Comparing the four distance measures we can
see that they all display the same trend but with
different bias. Chebyshev distance seems to suppress lower differences and only peak where large
differences exists. Cosine distance shows the largest
peaks, which makes it interesting for deviation detection. Euclidean distance is the least preferred,
since it shows the least variance. Hellinger distance
gives results similar to cosine, they both have very
early and steep “up slope”, which shows that they
are sensitive to the changes in data.
Figure 6 shows the result from hierarchical clustering based on distance matrix using Hellinger distance. With dendrogram representation, it is easy
to see the structure in the data. The result shows
that there is three large clusters among all the
buses. However, we also expect to see some outliers and therefore we decide to use 4 clusters in
the subsequent experiments.
Figure 7 shows the results of spectral clustering
over a period of five and half months. The visualization here focuses on changes of cluster membership for buses. Each shape and color represents
one of the four clusters, each row corresponds to
one bus and each column to a single histogram collected over 2 week period. It can be seen that some

Figure 5: Change in time of distance between
weekly histogram from bus 370 and fleet average

Figure 6: Hierarchical clustering

Figure 8: Cluster structure

of the buses are always assigned to the same cluster time, while buses 383 and 454 shift frequently. It
(e.g. 370 and 455), while some others are switching is also interesting to note that in the middle of October, first and second clusters merged, while the
between clusters frequently (e.g. 376 and 379).
third cluster split into two. Multiple interpretaFigure 8 shows some simple information about
tions are possible here. After the split there could
clusters and their internal structure. Four horizononly be three natural clusters in the data, but since
tal sections represent different clusters. For each
we have set the algorithm to always find four cluscluster, the diamond shape represents its centroid
ters, it made the artificial split. Alternatively, there
and the circles above it are the members of the clusshould have been more clusters all along, and this
ter. The distance between each circle and the corchange is an effect of competition between different
responding diamond is the actual distance between
clusters.
the bus and the centroid of its cluster (however,
the distances between circles are not meaningful).
Figure 10 presents the effect of increased variTherefore, this figure shows the difference between ability of data when using shorter time periods.
large and small clusters, sparse and dense clusters, It shows comparisons between clustering obtained
as well as the difference between monolithic clusters from half year long histograms, and clusterings oband clusters with outliers. For example, in January tained from shorter subsets of the same data. We
2013, the top (red) cluster contains a clear outlier. can compare it to Figure 11, where similarity of the
Figure 9 is based on the previous one, but adds clustering results drops as we introduce increasing
information about how each bus shifts from one amounts of Gaussian noise into the distance macluster to another. Gray lines represent connect trix. The maximum similarity between clusters is
points corresponding to the same bus. As an ex- 4.0, since we always have four clusters and we use
ample, bus 455 stays in the same cluster all the the sum of Jaccard indexes. The average similarity

Figure 7: Evolution of clustering

Figure 9: Cluster structure

Figure 10: Clustering similarity for histograms Figure 12: Clustering similarity with added noise,
with different time lengths
zoom in at lower noise level
expected from random clusterings is 1.01. Figure
12 shows the noise tolerance of the cluster structure. Within two percent of noise, the clustering
results remain the same. By comparing Figures 10
and 11 we can see that the curves have similar behavior, which means the randomness introduced by
short term histogram can be seen as noise.
Figure 13 in the left column shows the original
Wet Tank Air Pressure signal along with its derivative signals, calculated with different steps. In
the right column are the corresponding histograms.
The purpose to introduce step average calculation
here is to provide more variation and bin values to
derivative histograms, and therefore, to compensate limited resolution of the sensor.
Figure 14 uses a “map of the fleet” plot to visualise how deviations change in time. Subfigure 14a
presents the map using two weeks of data from 6th
of July, while subfigure 14b shows the data from
25th of July to 7th of August. According to the
maintenance records, bus 371 had its compressor
replaced on 22nd of July. We have decided to show
the situation before(14a) and after (14b) that repair. This “map” shows how each individual bus
deviates from the fleet. Distance is calculated between the histogram for each bus and the average
histogram for the whole fleet, both using the original Wet Tank Air Pressure signal as well as its

derivative. We add sign to the distance between
histograms as explained in section 3.3: positive
values correspond to the buses with higher pressure compared to the fleet average, and negative
ones correspond to pressure lower than fleet average. We expect a new compressor to be located in
upper right part of the map and a worn compressor
in the lower left corner.
Data of 14 buses are available at this period. The
figure shows the expected shift of bus 371 after it
got its compressor replaced. Similarly, bus 454 had
compressor air leak problem that was fixed between
10th and 15th of July, and it also shifted in the
plot. Another bus that moved is 377. According
to maintenance records, it had an air leak problem
in gearbox that was fixed between 5th and 18th of
July. However, during most of the time shown in
the figure the bus was in the workshop. Bus 452 has
moved significantly to the left, however it only has
six hours of operation in the ’after’ period, which is
not enough to draw any conclusions. On the other
hand, bus 375 also moved to the left. According to
the service records it had air dryer problem on 4th

Figure 11: Clustering similarity with added noise

Figure 13: Original and derivative signal

(a) Data from 6th of July until 20th of July 2013, before
the replacement

(b) Data from 25th of July until 7th of August 2013,
after the replacement

Figure 14: Map of the fleet around 22nd of July 2013, compressor replacement for bus 371
of September and problem with the brake system
on 1st of October. Therefore, we suspected that
this shift corresponds to early fault symptoms.
Figure 15 shows average distance comparison between each individual bus and the average of the
fleet from January 2012 until February 2013. For
each week, daily histograms were computed for
each bus, and the average distance to the rest of
fleet is presented. High peaks in the figure correspond to the deviation of target bus from the
group and therefore can be matched against reference data from the workshop. For example, bus
452 has a large deviation between 17th and 30th of
November that corresponds to gearbox renovation.

5

Conclusion & Future Work

Our previous work introduced a self-monitoring
predictive maintenance system for commercial vehicle fleets. The general idea is perform comparisons across the fleet, using histogram representations of various signals, and detect individuals that
display abnormal behaviour. We have found, however, that the lack of ground truth about component condition made it hard to rigorously evaluate
quality of the result.
This paper addresses a challenge of evaluating
a number of possible techniques and design choices
that bear significant influence on the final effectiveness of the solution. We use a concrete example of
analysing deviations in the Wet Tank Air Pressure
signal and relating them to heterogeneous, uncertain reference data of air compressor repairs his-

tory. Problems related to this component are very
common and costly ones for our industrial partner.
The results presented here are very much work
in progress. Our clustering results would benefit
from adaptive number of clusters, as well as recognizing and categorizing different clusters. Another
interesting idea is to perform self correlation analysis by comparing histogram with the object itself
in terms of different time span. We are also investigating ways to determine significance of deviations.
In our long term perspective, we plan to build
up fully self-organized and self-awareness systems.
Under predictive maintenance field, we would like
to develop a system that could adapt different data
mining method to real world application, be able
to perform fault detection on heterogeneous, cross
domain data and convey knowledge in a concise and
effective way.
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