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Abstract

Early detection and treatment of system faults is
significantly important for managing any space-
craft missions. The house-keeping data (HK data)
telemetrated from spacecrafts to the ground sta-
tions is a major information source to monitor the
status of the spacecrafts. Because HK data is gener-
ally so huge and primitive that operators can hardly
grasp the whole status of spacecrafts, it will be
of great help to make computers process the HK
data, check their status, and then reduce the burden
on the human operators. While many approaches
to detect anomalies of spacecrafts which require a
tremendous amount of priori knowledge are pro-
posed, we intend to make full use of stored HK data,
and especially, focus on automated summarization
of HK data. To summarize HK data, we pay much
attention to two kinds of “changes”, or event pat-
terns and mode change points. In this paper, we
describe a method for detecting event patterns and
mode change points respectively, and demonstrate
how effective our approach is by applying it to the
actual HK data of ETS-VII.

1 Introduction

Many services provided by spacecrafts, such as com-
munication satellites, are indispensable for our daily
lives these days. If some trouble arises in a space-
craft and it loses the capability to achieve its mis-
sion, our lives will be significantly affected. More-
over, development of spacecrafts generally requires
so much time and cost that mission failures are not
acceptable. On the other hand, since the space en-
vironment is generally severe and distant, it is al-
most impossible to perfectly avoid any system ac-
cidents and to recover from them once they occur.
Early detection and treatment of the system faults
is therefore significantly important for managing the
spacecraft missions.

When we attempt to monitor the status of
a spacecraft, the house-keeping data (HK data)
telemetrated from it to the ground stations is a ma-
jor information source. HK data of a spacecraft usu-
ally consists of thousands of time series, and each of
them presents very low level information of an indi-
vidual sensor output of a component such as “tem-
perature of solar battery panel 1”. The designers
and developers of the spacecraft decide which time
series of sensor outputs are included in the HK data
so that they can monitor the whole status of the
components. However, it is only in the early stage
that the designers and developers themselves take
part in the operation and monitoring of their prod-
ucts. After that, operators, who are not very fa-
miliar with the spacecraft, mainly have to monitor
the status through the other stages. Because HK
data is so huge and primitive that the operators can
hardly grasp the whole status of the spacecraft, and
it isn’t feasible to discover symptoms of the system
anomalies by viewing the raw HK data.

Hence it will be of great help to make comput-
ers process spacecrafts’ HK data, check their status,
and then reduce the burden on the human opera-
tors. In this paper, as an approach to this problem,
we propose a method to automatically summarize
HK data so that the operators can easily browse
and compare a lot of data at once. As described in
detail later, we apply this method to the actual HK
data of ETS-VII (Engineering Test Satellite VII)
provided by NASDA, and implement TLMViewer
that is a system for browsing massive HK data. We
also show some examples that demonstrate how use-
ful and effective our approach is.

2 Related Work

In the actual operations of today’s spacecrafts, the
limit sensing technique is applied online to a part of
the HK data. This method checks whether each
value of HK data is within a certain pre-defined
upper and lower limits. Though this limit sens-
ing method, which is the most basic approach, is
easy to apply to any type of spacecrafts, there are
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some inevitable limitations. First, it lacks in flex-
ibility generally because the upper and lower limit
values are fixed regardless of the operation mode of
spacecrafts. Second, as those limit values usually
contain wide margin for avoidance of false alert, the
checks tend to be too optimistic. It means that limit
sensing technique can detect anomalies only when
the values terribly different from the normal values.
Moreover, it can never detect a kind of anomalies
that don’t exceed the upper or lower limit values
but rather disturb the transition of values (figure
1-B).
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Figure 1: Types of changes

To realize more advanced fault detection capa-
bilities in the spacecrafts, some approaches have
been proposed. Especially, expert systems and
model based approaches are well known. Those ap-
proaches need a priori knowledge on spacecrafts’ be-
havior in the form of rules or models. During the op-
erations of spacecrafts, these systems compare the
actual behavior of the spacecrafts with the rules or
models to detect and diagnose anomalies. The bet-
ter priori knowledge human experts give to these
systems, the more effectively and precisely these
systems work. For example, a kind of expert sys-
tem has been used for ”NOZOMI” in Japan [1]. As
for model based approaches, a variety of modeling
methods are proposed, such as describing the be-
havior of system by mathematical equation [2], or
qualitative reasoning where observed measurements
and events are discretized [3]. However, these ap-
proaches have a common problem that the knowl-
edge acquisition from the human experts is usually
a very costly and time-consuming process, which is
known as the “bottleneck of knowledge acquisition”.

Another noteworthy trend is the emergence of
new methods to make full use of the stored past HK
data for detecting anomalies [4]. These method at-
tempt to reduce the amount of the required a priori
knowledge by constructing models of spacecrafts’

behavior from the stored HK data. Generally, these
methods entrust the final judgment about the sta-
tus of spacecrafts to the operators. That is to say,
the operators have to browse the HK data and grasp
the whole status of the spacecrafts using the hints
given by these methods.

3 Proposed Approach

3.1 Basic Concept

We also aim to make full use of the stored HK data.
Our approach is based on an idea that if operators
can browse as much HK data as possible at once,
it will be easier for them to grasp the whole status
of the spacecrafts. We think that if the operators
can readily compare the current data with the data
stored through the past operation, they will proba-
bly find the significant changes in the HK data that
correspond to some actual anomalies of the space-
craft systems.

However, any state-of-the-art display devices
have a fundamental problem that they are not able
to show so much HK data in the original form at
once. Even if this constrain was eliminated, triv-
ial information occupying the most part of the HK
data would in turn prevent the operators from con-
centrating on the really important information to
understand the health status of the spacecrafts.

In this paper, we focus on the automated summa-
rization of HK data (figure 2). Especially, we pay
much attention to the “changes” in the time series
data, because the changes in the HK data are ex-
pected to indicate some important incidents in the
actual spacecraft. Therefore, by detecting the sig-
nificant changes in the original HK data and then
listing them in time order, we can obtain a summary
of the time series.

CCCCCPCCCBFQF……FEDCB…BFEDC…...

Symbolization

Summarization

Figure 2: Concept of summarization of HK data
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Automated summarization of HK data is ex-
pected to solve the above problems and assist the
operators in focusing on some important changes
in HK data, exploring the cooccurrence relations of
them, and finding symptoms of the potential system
failures in future.

This approach cannot realize a fully automatic
fault diagnosis system that the expert systems and
model based approaches offer. But it can achieve
more flexible fault detection than the limit sensing
technique, with much more ease than the expert
systems and model based approaches.

3.2 Definition of Changes

Defining what are the “changes” in the time series
data is an important and difficult problem. For a
simple time series which doesn’t change frequently,
it will be appropriate to define the changes as local
maximum and minimum points (figure 1-A). For an-
other time series which vibrate regularly, the same
definition of the changes, however, isn’t appropriate
(figure 1-B). In the field of statistics, many methods
to detect various kinds of changes in databases have
been proposed and developed. They are known as
outlier detection, novelty detection, event detection,
and change point detection. Some of them are for
time series data, and others are for non-time series
data. For example, in [5], a time series is modeled
by some mathematical functions, and changes are
defined as the points where parameters of the func-
tions change, while in [6], a definition is introduced
which defines a pattern surprising if the frequency
of its occurrence differs substantially from that ex-
pected by chance, given some previously seen data.
In [7], on the other hand, an outlier in a dataset T
is defined as an object from which at least fraction p
of the objects in T lies greater than distance D. In
general, to use a concrete family of mathematical
functions as a model of a time series, the charac-
teristic of the time series has to be known well. In
addition, the definition of the changes is considered
to be dependent on the viewpoint from which we
explore the data after all.

In this paper, we consider a sequence of data
points in a time series as a pattern and the time
series as a sequence of patterns. Specifically, shift-
ing a starting point, we cut out patterns with a fixed
length of an original time series. Then we define two
kinds of “changes” as the following:

• Event Pattern (figure 1-A, B)
An event pattern is defined as a pattern being
rare and distinct from the most of the other
patterns. Event patterns are considered to cor-
respond to some incidents in a spacecraft, such
as sudden disturbances and jets of thrusters.

• Mode Change Point (figure 1-C)
A mode change point divides a time series into
two parts with different trends. Mode change
points are considered to correspond to some op-
erational mode transitions of a spacecraft, such
as the mode shifts when the spacecraft goes
into and out of eclipse.

In section 4, we describe a method to detect the
event patterns. In section 5, we explain a method to
detect the mode change points. A brief explanation
of TLMViewer – a system for browsing the summa-
rized HK data and usage examples of the system is
given in section 6. Finally, section 7 concludes with
future works.

4 Event Detection

To measure how different one pattern is from an-
other, we have to introduce a metric of patterns.
As mentioned above, regardless of characteristics
of an original time series such as periodicity, all
of the patterns are cut out of an original time se-
ries uniformly. For example, Pattern-B in figure
3 should be regarded as more similar to Pattern-
A than to Pattern-C. As a metric which is robust
against the elasticity in time scale, we use DTW
(Dynamic Time Warping) distance. DTW is often
used for template matching problems such as speech
recognition.

A

B

C

Figure 3: Pattern similarity

Based on distances between all of the patterns,
we cluster similar patterns. A pattern belonging to
a very small cluster is regarded as a rare and dis-
tinctive one, or an event pattern. Specifically, we
decide whether a pattern is an event pattern or not
in the following manner. Let V be the set of all
patterns, and Vk be the set of patterns belonging to
the k-th cluster. The number of patterns contained
in V , Vk are denoted by |V |, |Vk| respectively. Then
qk = |Vk|/|V | means the proportion of the number
of patterns in Vk to that of V . The smaller qk is,
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the rarer and the more distinctive the patterns in
Vk are. We assume that users or operators interac-
tively adjust the threshold q that decides whether
each pattern is an event or not, as they browse the
summarized HK data.

As to the actual algorithm for clustering pat-
terns, there are many conventional methods such as
k-means or maximum distance clustering. Any of
them, however, are subject to the granularity prob-
lem that the number of clusters or the threshold for
distance to be included in a cluster must be decided
by some means. Though information criteria such
as AIC (Akaike Information Criterion) and MDL
(Minimum Description Length) criterion decide the
granularity of the clustering automatically to some
extent, the result is not always the best for the hu-
man operators, because the granularity that is really
best for them is dependent on various factors such
as how closely the operators need to check the data.

In our method, to control the granularity of clus-
tering, operators adjust the threshold rmax, which
is calculated in the following manner:

µk = argmin
vj∈Vk

[ ∑

vi∈Vk

d2(vi, vj)

]

r2(Vk) = max
vi∈Vk

[
d2(vi, µk)

]

r2
max = max

Vk

[
r2(Vk)

]

where d2(vi, vj) is the squared distance between pat-
terns vi and vj . To obtain clustering results for mul-
tiple granularities of clustering at a lower cost, we
use a hierarchical clustering algorithm. To select
two clusters to be merged in this algorithm, the fol-
lowing strategy is used when the above rmax is used
as the threshold.

(V̂i, V̂j) = argmin
Vi,Vj

[
r2(Vi ∪ Vj)

]

Each time series of ETS-VII’s HK data for four
years is originally fragmented into a thousands of
parts (we call each of these parts an “access” pe-
riod in the rest of this paper), each of which lasts
for dozens of minutes, because ETS-VII can com-
municate with the ground stations only when it is
visible. Therefore the clustering procedure is ap-
plied to each access period of the time series with
the same threshold rmax.

By using the results of clustering, we can obtain
a sequence of symbols from a numerical time series
data. Specifically, we assign a symbol to each clus-
ter and labels all the patterns in it that symbol. Fig-
ure 4 shows some results of clustering patterns and
symbolization. Operators using TLMViewer choose
the best result that distinguishes the important pat-
terns from others. This choice is used to decide the

threshold rmax, which is re-used to cluster the pat-
terns in the other access periods.
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Figure 4: The results of clustering patterns & sym-
bolization

5 Mode Change Detection

In addition to the time series that take numeri-
cal values, some others take nominal values such
as NO/OFF. Our mode change detection method
deal with them in a uniform manner by transform-
ing the former type of time series to the latter type
as mentioned in section 4. In this section, we de-
scribe a method to detect mode change points in a
symbol sequence by repeatedly dividing it into two
parts with different distributions of the symbols.

A change in the distribution of the generated
symbols at a certain time implies that the mech-
anism generating the sequence changed at the time.
To detect the mode change points, we estimate the
distribution models from the sequence of symbols
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and find the points where it seems that one model
shifts to another model.

5.1 Algorithm

Suppose a sequence of symbols [s1, . . . , st, . . . , sN ]
has been divided into M segments

[st1 , . . . , st2−1]
...[

stm
, . . . , stm+1−1

]

...[
stM

, . . . , stM+1−1

]

(t1 = 1, tM+1 − 1 = N)

and a model is estimated for each segment. Let FM

be the total modeling loss, i.e., the degree of the dif-
ference between the model and the actual sequence
of symbols. In addition, let f [m] be the modeling
loss for the m-th segment and C(M) be a constant
value independent of manners dividing the whole
sequence into M segments. Now, we assume that
we can calculate FM using only f [m] and C(M) as
follows:

FM =
∑
m

f [m] + C(M)

When the m-th segment is divided at t = tm̃ + τ
into the following two segments,

m̃f : [stm̃ , . . . , stm̃+τ−1], m̃b : [stm̃+τ , . . . , stm̃+1 ]

the diminution in the total modeling loss is given
by equation (1).

FM − FM+1 = (f [m̃]− f [m̃f ]− f [m̃b])
+ (C(M)− C(M + 1))(1)

The value for the second parentheses is independent
of m̃ and τ . Then we can evaluate how much a di-
viding point reduce the total modeling loss (we call
this “the gain of the dividing point” in the rest of
this paper) using the terms in the first parentheses
of equation (1):

∆fm̃(τ) = f [m̃]− f [m̃f ]− f [m̃b]

Therefore we can select the new dividing point
which reduce the total modeling loss the most
among the possible dividing points by finding two
parameters m̂ and τ̂ , which achieve the following:

max
m

[
max

τ
[∆fm(τ)]

]

Iterating this procedure finds a set of appropriate
dividing points one by one.

Note that ∆fm(τ) is independent of the manner
of dividing the whole sequence except the m-th seg-
ment, which means that all we have to calculate
is maxτ [∆fm(τ)] for the two newly separated seg-
ments at each iteration. This contributes to the
reduction of the computation cost.

5.2 Model for Generating Symbols

In this method, we model a symbol sequence as
a probabilistic process. Though a higher order
Markov model, which takes into account the gen-
erating order of symbols, can be used as well, we
use a frequency rate model, which corresponds a
0-order Markov model, because we aim to mainly
detect mode changes roughly. The parameters of
the probabilistic model are estimated by maximum
likelihood estimation for the corresponding partial
sequence of symbols.

5.3 Modeling Loss Function

When we use − log p̂(s1, . . . , sN ) (p̂(s1, . . . , sN ) is
the maximum likelihood estimate for a certain man-
ner of dividing the whole sequence into some seg-
ments) as the total modeling loss function, this func-
tion cannot decide by itself which dividing points
are significantly important because this function
monotonically decreases as the number of the seg-
ments increases. While MDL criterion may be ap-
plicable to this problem to a certain extent, we im-
plement TLMViewer so that operators can interac-
tively adjust the threshold for the gains of dividing
points as they are browsing the summarized HK
data.

By keeping the order and the gains of the divid-
ing points for each access period, TLMViewer later
decides whether each dividing point is really impor-
tant or not based on a consistent criterion specified
by the operators as a threshold value.

Figure 5 shows the results of mode change detec-
tion. As the threshold becomes larger, trivial mode
change points gradually disappear.

6 Implementation & Case
Study

We implemented the methods described above
and applied it to HK data of ETS-VII for four
years and tried to detect event patterns and mode
change points. The implemented system named
TLMViewer interactively shows the original HK
data and the summarized data. In this section, we
briefly explain this system and examine the effect
of summarization of HK data and viewing the sum-
marized data.

5



2660

0 25 50 75 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525 550 575 600 625 650 675 700

2660

0 25 50 75 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525 550 575 600 625 650 675 700

2660

0 25 50 75 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525 550 575 600 625 650 675 700

2660

0 25 50 75 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525 550 575 600 625 650 675 700

AOCS2:D61040

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700

-20

-10

0

10

20

Original
Data

G
ai

n 
of

 C
ha

ng
e 

Po
in

t
La

rg
e

Sm
al

l

Figure 5: The results of mode change detection

6.1 TLMViewer

TLMViewer consists of the following modules:

• TLMBrowser (figure 6, 7)

• TLMSummary (figure 8)

• TLMOverview (figure 9)

• TLMSearch

TLMBrowser shows the original HK data “as it
is” for each access period (figure 6). TLMBrowser
also performs the pattern clustering on the HK data
and shows the results with various granularities (fig-
ure 7). With this function, an operator first roughly
selects the granularity for a relatively small part of
a time series in HK data by trial and error. Then
this granularity is applied to the clustering of the
remaining data.

Figure 6: TLMBrowser showing a time series of the
original HK data for an access period

TLMSummary shows some time series of the sum-
marized HK data for several access periods at once

Figure 7: Adjustment of the granularity of cluster-
ing

using a color map (figure 8). The horizontal axis
of the color map indicates the time in each ac-
cess period. A red cell of this map corresponds to
an event pattern and a blue one corresponds to a
mode change point. TLMSummary lets the opera-
tor change the order of series so that he or she can
easily compare some relevant series. In addition, the
operator can adjust two thresholds for each time se-
ries, a fraction q to distinguish event patterns and
the gains of dividing points ∆fm(τ), in this module.

Figure 8: TLMSummary showing some time series
of the summarized HK data for several access peri-
ods

TLMOverview provides more abstract and global
information of HK data. This module shows the
percentages of the event patterns in every access
period. If this event percentage is very high in an
access period compared with others, we expect that
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some drastic changes occurred in this period.

Figure 9: TLMOverview showing the percentages
of the event patterns in every access period

TLMSearch helps the operator search for similar
patterns when he or she is interested in a specific
pattern in a time series. In this paper we won’t give
further details of this module because it is beyond
the scope of this paper.

6.2 Case Study

In this section, we present some examples of the
summarized HK data obtained by our method. The
profiles of six time series used in this section is given
in table 1.

ID Explanation

D60040 Drive signal of AOCS reaction
wheel (Roll)

D50050 Drive signal of AOCS reaction
wheel (Pitch)

D60060
Drive signal of AOCS reaction
wheel (Yaw)

D61030 Incremental angle of IRU (Roll)
D61040 Incremental angle of IRU (Pitch)
D61050 Incremental angle of IRU (Yaw)

Table 1: A part of ETS-VII’s HK data

First, by browsing the summarized HK data, we
can easily grasp the temporal changes in several
time series simultaneously. For example, we can
notice that changes occur at the same time in these
time series from figure 10. From figure 11, we can
find that D61030, D61040 and D61050 begin to fluc-
tuate after D60050 goes through an event pattern,
and then D61030, D61040 and D61050 become quiet
right after event patterns occur in D60040, D60050
and D60060.

Second, when we browse the summarized HK
data for several access periods together, we can un-
derstand when the changes occur more often in the
long term (figure 10, figure 12). TLMOverview lets
us take the longer term view. TLMOverview is
useful for us to know whether a time series has a
lot of changes or not, and which time series has
a strong correlation with another about the occur-
rence of changes, and to find how the correlation
strength changes over time. In figure 13, at the pri-
mary stage of the operation D61030, D61040 and
D61050 have many changes but occur in D60040,
D60050 and D60060 don’t, while in the later stages
of the operation the changes in D60040, D60050 and
D60060 correspond well to those in D61030, D61040
and D61050.

Summarization of HK data is useful not only to
grasp the whole data roughly, but also to find subtle
changes which would be buried in the other data if
we browsed the raw HK data as it is. For example,
a change in a wave form data can be successfully
detected as an event pattern in figure 14.
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Figure 11: Example 2
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7 Conclusion

In this paper, we suggested that it is useful to sum-
marize a huge amount of HK data to assist the op-
erations of spacecrafts, and proposed a method to
summarize the time series data. Especially, we fo-
cused on two kinds of changes in the time series as
followings:

• Event patterns, which are rare and distinctive
from the most of the other patterns

• Mode change points, each of which divides time
series into two parts with different trends

Moreover, we demonstrated that it is effective to
show the summarized HK data for the following pur-
poses:

• To grasp the relations among the temporal
changes across several time series

• To grasp the global trends of the system over
time

• To find subtle changes which would be buried
in the other data

We plan to find rules about the occurrence of
event patterns and mode change points automati-
cally, and realize higher level summarization of HK

data so that operators can qualitatively understand
the whole status of spacecrafts. Furthermore, by
using the rules, we are going to develop to classify
the event patterns and mode change points from the
perspective of whether the event patterns or mode
change points are reasonable in their characteris-
tics and contexts. This will be a key technology to
realize more automatic operations.
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