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Abstract
Background: With the increase in aircraft platform carrying capacity and the development of space information technology, payload
operational mode is becoming increasingly complex. In the period of system test and operation control management in orbit, manual
interpretation is prone to errors for much of the workload.   Methodology:  By analyzing the characteristics of the payload telemetry data,
it’s proposed an automatic analysis method for payload operational mode based on improved feature weighted clustering. The method
is based on the classical feature weighted algorithm Relief, which is modified according to the characteristics of payload telemetry data.
The fractional distance metric is chosen as distance metric instead of the Euclidean distance to calculate the distance between records.
In the feature weight value calculation, the initial clustering information is adopted instead of only the record. Furthermore, all the
categories are used to calculate the different categorie’s weight values instead of relying on sampling in categories. Results: The
experimental results show that this method has the characteristics of a shorter calculation time, high real-time processing performance,
strong autonomy and accurate classification it is when applied to payload operational mode classification.  Conclusion:  Furthermore,
the method may be applied to other areas of space payload processing.
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INTRODUCTION

Space payload has an increasing variety of operational
mode as the system size becomes larger and the operational
mode become increasingly complex1. The operational mode
of the payload is usually inferred by the relevant telemetry
data. During the in-orbit operation of the payload, a large
amount of telemetry data is generated every day and the data
are significantly different for different types of payload. In
previous space engineering projects, the payload operational
mode is generally analyzed manually or according to the
designer’s prior knowledge of the design rules2. If the payload
has many operational modes, the design of the rules is more
complex. In addition, different rules should be designed
according to the different characteristics of the payload. The
reusability of the decision rules is low. To reduce the error rate
of manual interpretation and complexity of the rule-based
method, a novel method is presented based on data mining
technology to automatically find the system structure hidden
in telemetry data and the operational mode of payload.

Data mining3,4 is the computational process of
discovering patterns in large data sets involving methods at
the intersection of artificial intelligence, machine learning,
statistics and database systems. The overall goal of the data
mining process  is  to  extract  information  from  a data set
and   transform    it    into    an    understandable structure for
further use. The actual data mining task is the automatic or
semi-automatic analysis of large amounts of data to extract
previously unknown, interesting patterns, such as groups of
data records (cluster analysis), unusual records (anomaly
detection) and dependencies (association rule mining).

Data mining involves the use of many technologies.
Clustering    analysis      methods      are      chosen    to perform
pattern recognition according to the characteristics of the
payload telemetry data. Clustering5,6 is the task of grouping a
set of objects in such a way that objects in the same group
(called a cluster) are more similar (in some sense or another) 
to each other than they are to those in other groups.
Clustering is a primary task of exploratory data mining and is
a common technique for statistical data analysis. Clustering
can be achieved using various algorithms, which differ
significantly in their notion of  what  constitutes  a  cluster  and
how to efficiently find them. Popular notions of clusters
include groups with small distances among the cluster
members,  dense   areas   of   the   data  space, intervals  or
particular statistical  distributions. Clustering can therefore be
formulated as a multi-objective optimization problem. The
appropriate clustering algorithm and parameter settings
(including  values   such   as  the  distance  function  to  use,  a

density threshold or the number of expected clusters) depend
on the individual data set and intended use of the results.

Clustering belongs to the category of unsupervised
learning, which does not know the search target and only
obtains the common features of data from the algorithm. In
the absence of any prior knowledge of the payload, it’s hard to
know how the payload operates or how many operational
modes it has. In this case, clustering analysis methods can be
used to find the clustering feature of the telemetry data.

By analyzing the characteristics of the payload telemetry
data, a method is proposed based on feature weighted
clustering for automatic analysis of the payload operational
mode. Feature selection is the process of identifying the most
effective subset of the original features to use in clustering.
The method is based on the original feature weighted
algorithm Relief7. The algorithm Relief is a very efficient
algorithm for estimating features. The key idea of Relief is to
estimate features according to how well their values
distinguish the records that are near each other. For that
purpose, Relief for a given record searches for its two nearest
neighbors: One from the same class (called nearest hit) and
the other from a different class (called nearest miss). The
rationale is that a good feature should differentiate among
records  from  different  classes and should have the same
value for records from the same class. Original Relief can
identify discrete and continuous features and is limited to only
two-class problems. In addition, original Relief cannot be
extended to process incomplete data or address problems of
more than two classes. In this study, the algorithm is modified
according to the characteristics of payload telemetry data. In
addition, the algorithm is verified by the synthetic data and
the actual telemetry data of a payload in orbit. The
experimental results show that the algorithm can obviously
reduce the computation time compared with other methods
without loss of clustering accuracy. Thus, the algorithm can be
applied to a real-time application in orbit. Furthermore, the
algorithm may be applied to other areas of payload data
processing.

MATERIALS AND METHODS

Characteristics  of  payload  telemetry  data:  According to
the operation rules of the payload in orbit, a large amount of
telemetry data is produced every day (some payloads have
more than one hundred thousand records). Furthermore, for
different payloads, many different types of telemetry data
exist. In general, the telemetry data can be divided into
numerical and categorical data. The numerical data contain
the voltage value, current value, temperature value and
sequence number. The categorical data include the Boolean
value, work state and periodical value.
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In addition to the massive quantity and many types of
data, the payload telemetry data have the characteristics of a
high number of dimensions. A telemetry data record usually
has hundreds or even thousands of features and the domain
for each feature can be very large. It is not meaningful to seek
clusters in such a high dimensional space because the average
density of points anywhere in the data space is likely to be
quite low. Compounding this problem, many dimensions or
combinations of dimensions can have noise or values that are
uniformly distributed. Therefore, distance functions that use
all of the dimensions of the data may be ineffective. Moreover,
several clusters may exist in different subspaces that are
composed of different combinations of features.

The problem of high dimensionality is often addressed by
requiring the user to specify the subspace (a subset of the
dimensions) for cluster analysis. However, the user
identification of subspaces is quite error-prone. There are two
methods to solve the problem of high-dimensional data
clustering8,9 feature conversion and feature selection. Feature
conversion generally uses principal component analysis or a
singular value decomposition algorithm to reduce the number
of dimensions and find clusters in a low-dimensional space.
The new space has the property that the distances between
points remain approximately the same as before. Feature
selection generally selects effective features to form a related
subspace and cluster in the subspace10-12. The Relief algorithm
is a classical algorithm in the feature selection field, which is a
feature subset selection algorithm for weight search. Weight
search method gives a weight to each feature and the
weighted value reflects the correlation between the feature
and the clustering category. In this study, the classical Relief
algorithm has been modified according to the characteristics
of payload telemetry data.

Background  of  the  relief  algorithms:  The Relief algorithm
is a feature weighted algorithm that was proposed by Kira and
Rendell7. The algorithm randomly selects a record  xi in the
data set and determines the nearest neighbors in the same
class and in the different classes, which are represented by Hit
and Miss, respectively.

Suppose U = {x1, x2,...,xn} is the data set for clustering,
which includes n records and each record includes m feature
parameters:

xi = {xi1, xi2,..., xim} (i = 1, 2, ...., n) (1)

The difference between two records in the feature t 
(taking the numerical data as an example) is defined as:

(2)
xit xjtdiff (t, xi, xj) =

maxt mint



where, maxi and maxt are the maximum and minimum values,
respectively, of the feature t  in the data set.

In the process of clustering, the weight value of the
feature t is updated using the following formula:

wt = wt-diff (t, xi, Hit)+diff (t, xi, Miss) (3)

The theoretical basis of the algorithm is the information
theory to evaluate the feature, in which the mutual
information   between     the     correlation    feature   and the
category should be high. In the iterative process, the strongly
distinguished features should correspond to larger differences
in the different categories and smaller differences in the same
categories. After many rounds of iteration, the weight values
of the features that are close to the cluster are gradually
increased; however, the weight values of features that are
irrelevant to the clustering are decreased, even to zero.

The  Relief   algorithm   can   only   address  two-class
classification problems. Kononenko13 proposed the feature
weighted algorithm ReliefF to address the multi-class
classification problem on the basis of the work of Kira. The
algorithm divided the multi-class classification problem into
a number of two-class classification problems. The ReliefF
algorithm selects d records of the nearest neighbors of xi  from
each category  of  the  data  sets.  The  nearest neighbors in
the same  class  with   xi    are  marked  as  hj,   j = 1, 2,....d. The
difference between the nearest neighbors is defined as
follows:

(4)
d i j

j = 1

x h1diff_hit =
d max (X) min (X)




The nearest neighbors in the different classes with xi are
marked as mlj, j = 1, 2,....d. The difference between nearest
neighbors is defined as follows:

(5)
i

d i lj

il¹class (x ) j = 1

x m1 P(l)diff_miss =
d 1 P(class(x )) max (X) min (X)


  

In the above formula, P(l)  is the probability of occurrence
of the l class.

The feature weight values are updated using the
following formula:
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wt = wt-diff_hit+diff_miss (6)

Because the ReliefF algorithm requires calculating the
difference between each record and any other records in
different classes, the amount of calculation required is very
large when the data set contains massive numbers of records.
Ye et al.14 proposed a modified feature weighted algorithm,
called Multi-Relief, which is based on multiple sampling of
Relief. The algorithm randomly selects two categories from
multiple categories and then selects a fraction of the features
from the two sample categories to form the training set that
is used to calculate the feature weight. The calculation results
of the multiple feature weights are obtained using the
iteration process. The weight value of each calculation is fused
with the following formula to obtain the final weight value of
every feature:

(7)
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Where:

N+ = {W_e(t)>0, œe}, NG = {W_e(t)<0, œe}

In the definition of wt, only those runs for which Relief
assigned  a   positive   weight    to   feature   t  are  considered.
In this manner, wt assigns a high score to  position t only if it
discriminates at least two classes. In particular, a maximum
weight will be assigned if t fully discriminates two specific
classes but does not differentiate (i.e., weight less than or
equal to zero) any other pair of classes.

Improved feature weighted clustering algorithm: In this
study, an improved feature  weighted  clustering  algorithm
has been proposed referring to the ReliefF algorithm and
multi-Relief algorithm, according to the characteristics of
payload telemetry data. The improved feature weighted
clustering algorithm is as follows:

C The Euclidean distance is usually chosen as the distance
measure. However, the Euclidean distance is not suitable
for the distance between high-dimensional data. The
fractional  distance  measure   is    much    better15.   In  this

study, the fractional distance metric has been chosen as
the distance metric instead of the Euclidean distance the
formula to measure the distance is defined as follows:

(8)
1/fd

f f
i id

i 1
dist (x,y) (x y ) , f (0,1)



    

C The ReliefF algorithm calculates the feature weight at the
base of each record without considering the initial
clustering, which leads to a massive calculation for
feature selection when the data set contains many
records. In this paper, not all of the records are selected to
use in the feature weight calculation. For large categories
with many records, the nearest neighbors of the category
center are chosen to participate in the calculation.
However, for small categories with very few records, all of
the records are chosen in the category. The result is to
maintain the balance among the different categories in
the calculation process. The pseudo-code of the modified
ReliefF algorithm is as follows:

Input: The data set U for clustering;
Output: The weight value wt of each parameter;
1. set all weights wt = 0;
2. for i = 1 to iter_count
3.  select a record xi from the neighbor of cluster center;
4. find k nearest hits hj;
5.  for each class C ! = class(xi)
6. from class C find k nearest misses mlj ;
7.  for t =1 to m
8.  wt  = wt-diff_hit+diff_miss;
9.  end;

The Relief algorithm, which is not limited to two class
problems, is more robust and can process incomplete and
noisy data. However, the Relief algorithm has high
computational complexity. Different from the ReliefF
algorithm, the modified algorithm randomly selects a record
xi  from  the  neighbor  of the cluster center and then searches
for   both   k   of   its   nearest   neighbors   from  the same class
(called nearest hits hj) and k of its nearest neighbors from each
of the different classes (called nearest misses mij). The
algorithm updates the quality estimation wt for all features,
depending on  their  values for xi, hits hj and misses wljt. The
update formula is similar to that of Relief, except that the
contributions of all of the hits and misses are averaged. The
contributions of hits and misses should be in [0, 1] in each step
and should be symmetric and the misses’ probability weights
should be summed to 1. The process is repeated for iter_count
times. Selection of the hits and misses is the basic difference
between ReliefF and Relief and ensures greater robustness of
the algorithm concerning noise.
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C In multi-Relief algorithm,  some records are sampled in
the calculation of the different categorie’s weight values.
The categories with larger records are sampled at a higher
probability and those with fewer records are sampled at
a lower probability and may even be abandoned. Without
considering the contribution of small categories, the
results are not accurate. According to the payload
operation in orbit, the operational mode occurs only a
few times every day, at most several dozen times.
However, there are operational modes with relatively
fewer records. All the categories are chosen to calculate
the different categorie’s weight value. Because the
number of categories is not so large, the amount of
calculation may not be increased significantly

RESULTS

A combination of synthetic and real datasets for one
space payload in orbit has been chosen to test the accuracy
and efficiency of the modified algorithm discussed in this
study. In the synthetic datasets, the performance of the
modified algorithm has been evaluated by controlling the
number of data points, the dimensionality and the number of
clusters. Because synthetic datasets are usually quite different
from real datasets, the modified algorithm has also been
compared with other clustering algorithms to test its
performance.

Test  results  of  the  synthetic  datasets: The data points of
each synthetic dataset follow a series of normal distributions.
The size of the datasets ranges from 10-100 K points, the
dimension ranges from 10-100 and the number of clusters
ranges from 5-20. To reflect the evolution of the data, the
mean and variance of the normal distribution have been
changed in each 10 K points.

First, the modified feature weighted algorithm has been
compared with the K-means algorithm based on Euclidean
distance metrics. The clustering accuracy has been chosen as
the evaluation criteria, which is the ratio of the number of
correctly clustered points to the total number of points in the
datasets. The parameter f of the fractional distance metrics
(formula 8) is chosen as 0.5. The test results are as follows:

C Figure 1 shows that the two algorithms both achieve
good clustering accuracy, up to 98%, when the datasets
have low dimensions. With an increased number of
dimensions, the clustering accuracy of the modified
algorithm discussed in this study, which used the
fractional distance metrics, decreases only slightly.
However, the clustering accuracy of the K-means
algorithm, which  uses  the  Euclidean  distance  metrics, 

Fig. 1: Comparison of the clustering accuracy

Fig. 2: Comparison of the clustering process time

decreases very quickly from 98-85%.  It can be concluded
that the fractional distance metrics can achieve better
clustering accuracy for high-dimensional data clustering
than can the Euclidean distance metrics

C Second, the modified feature weighted algorithm has
been compared with classical ReliefF algorithm in process
time. When the initial clustering is created, the modified
algorithm uses only the nearest neighbor points of the
clustering center for feature weight calculation. The range
of the nearest neighbor is chosen as 10% of the number
of clustering data points. If there are fewer than 10
chosen points, then all the points will be selected for the
calculation. The test results are shown below

C Figure 2 indicates that the process time spent in the
modified Relief algorithm is less than that of the classical
Relief algorithm

Test results of real datasets: A data set of actual telemetry
data of  one  space  payload  in  orbit  has  been  chosen for the
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Table 1: Clustering results of different distance metrics
Euclidean distance Fractional distance

Category quantity 2 4
Clustering accuracy (%) 33 67
Processing time (sec) 15 16

Table 2: Feature weight values of the parameters in multiple iterations
No. of Weight value after Weight value after Weight value after 
parameter  the first Iteration the second iteration the third iteration
19 0.80 0.90 0.90
21 0.82 0.91 0.91
96 0.15 0.60 0.60
98 0.18 0.66 0.68
174 0.61 0.75 0.76
176 0.60 0.70 0.70

test. The data set includes 45256 records and each record
contains  206   parameters. In the dataset 100 records have
been chosen for the calculation and obtain the comparison
results between the improved algorithm and other algorithms.
Some useful conclusions are obtained via clustering analysis.
First, in the process of initial clustering, two distance

metric methods are applied to the data set. The results of
clustering show that the fractional distance metric is better
than the traditional Euclidean distance for high-dimensional
data. The results are shown in Table 1.
When the 100 records are analyzed manually, the result is

that the two categories identified by Euclidean distance
method  are   compression   storage   mode  (Records 1~24)
and idle   mode     (Records     25~100);      the   four categories
identified by the fractional distance method  are  compression
storage mode (Records 1~24), compression stops mode
(Records 25~50), transmission mode (Records 51~82) and idle
mode (Records 83~100). From the Table 1, it is concluded that
the fractional distance method has a higher degree of
recognition than does the Euclidean distance method for
high-dimensional data without a significant increase in
processing time.
Second, using the result of the original clustering, all of

the feature weight values can be obtained in multi-Relief
method. Then the dataset is clustered again using the
weighted parameters. After several iterations, the payload
operational mode can be obtained.
The   Multi-Relief     algorithm    selects    the categories

randomly,    selects       the     records     randomly   and   then
calculates  the   feature   weight.  The  experiment shows that
this algorithm may miss the small categories. The clustering
result of the Multi-Relief algorithm is the same as that of the
fractional distance method, which found four categories. In
the  improved  method,  all  the   categories  are  adopted in
the  calculation   rather   than   sampling   randomly   when the

Fig. 3: Feature weight values of the data set

difference calculation is performed. In this way, another two
categories are found that the Multi-Relief algorithm cannot
identify. The improved algorithm identifies records 1~3 as the
idle mode, records 4~24 as the compression storage mode,
records 25~50 as the compression power down mode, records
51~53 as the power down mode, records 54~82 as the
transmission mode and records 83~100 as the idle mode.
Because of the excessive number of parameters, Table 2 only
lists the feature weight values that have higher values than the
others (the results have been normalized).
The two categories identified by the improved algorithm

reflect the payload’s transmission state, which is closely
related to parameters 96 and 98 in Table 2. In Table 2,
parameters 19 and 21 are closely related to the payload’s
compression state and parameters 174 and 176 are closely
related to the payload’s storage state.
From Table 2, it’s discovered that all of the feature weight

values are gradually stable after three iterations. The
distribution of the feature weight values is shown in Fig. 3.
Figure 3 shows that the feature weight values of several
segments are zero. After analyzing the original data, it’s found
that the parameters are voltage or temperature values and do
not exhibit any change in the selected data set. Thus, they do
not have any contribution to the clustering and their weight
value is zero. If some threshold is established for the feature
weight value (e.g., 0.1) and the parameters do not involve a
calculation that is less than the threshold, then the processing
time can be further reduced.
Third, if the weight values of the parameters are

calculated according to the ReliefF algorithm strictly, accurate
results can be obtained. However, the amount of calculation
is very large when the record  size  is  massive,  thus  making it
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Fig. 4: Variation curve of the payload operational mode

Table 3: Comparison of two algorithms in processing time and clustering
accuracy

Processing time (sec) Clustering accuracy (%)
Classical ReliefF algorithm 420 100
Modified ReliefF algorithm 32 99

impossible to obtain final results. In this study, the nearest
neighbors of the clustering center are selected instead of all of
the records to achieve a calculation that clearly reduces the
processing time. In the data set 10,000 records are randomly
selected for clustering analysis and obtain the comparison
results of  the  processing  time  and  the  clustering accuracy
for the  two  algorithms.  The  comparison  results  are shown
in  Table   3.  The  table  indicates  that  the  modified ReliefF
algorithm can greatly reduce the computation time with a
lower loss of clustering accuracy.

By analyzing the payload operational mode, the change
trend of the payload can be described. Taking the example of
600 records in the data set, the operational mode curve of the
payload is shown in Fig.  4, where the value of 1 represents the
idle mode, 2 represents the transmission mode, 3 represents
the compression storage mode and 4 represents the
maximum mode, which includes the compression storage and
transmission mode.

Figure  4 shows that after the payload powers on, it enters
the image compression storage and transmission mode. After
the payload powers off, there are three data transmission
modes. Finally, the payload powers on and enters the image
compression storage and transmission mode again.

DISCUSSION

Compared with Nearest Neighbor, K-means, Relief, ReliefF
and Multi-Relief   algorithm,  the  improved  feature  weighted

clustering algorithm is more efficient in payload telemetry
data analysis. It has the characteristics of a shorter calculation
time, high real-time processing performance and accurate
classification.

The Nearest Neighbor clustering algorithm as a
hierarchical method, with large computation complexity, is
suited for the small dataset. Compared with the amount of
payload telemetry data, the Nearest Neighbor clustering
algorithm is not efficient. The improved algorithm mentioned
in this study as a partition algorithm, can gradually improve
the clustering quality through iterative optimization process.

The K-means algorithm adopts the Euclidean distance
metrics in data difference calculation. It’s not efficient when
the data dimension is very large. By verification in synthetic
datasets and real datasets, it can be concluded that the
fractional distance metrics can achieve better clustering
accuracy for high-dimensional data clustering than can the
Euclidean distance metrics.

The ReliefF algorithm calculates the feature weight at the
base of each record without considering the initial clustering,
which leads to a massive calculation for feature selection
when the data set contains many records. The ReliefF
algorithm may be impossible for real-time application. The
initial clustering information is adopted and the balance
among the different categories is maintained in the
calculation process according to the cluster’s scale. The
experimental results show that the modified algorithm is
efficient in processing the payload telemetry data.

Multi-Relief algorithm may miss small cluster for its
random sample strategy. In the improved method, all the
categories are adopted in the calculation rather than sampling
randomly when the difference calculation is performed. For
the number of payload telemetry data category is not so large,
the amount of calculation is not increased significantly.

CONCLUSION

According to the analysis of the telemetry data, a new
method has been proposed for analyzing the payload
operational mode. The method is based on the feature
weighted clustering algorithm and increases the clustering
accuracy by using the fractional distance measure. The
modified algorithm has a reduced amount of calculations,
high real-time processing performance and accurate
classification. It performs an automatic analysis of the payload
operational mode. The method can be applied to the
following areas:

C Real-time processing: Through the training of a large
number  of   records,   a   library  of  characteristics  can  be
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established for the payload operational mode. This library
of the operational mode includes all of the feature vectors
of this payload. When a new record is obtained, it’s only
needed to perform similarity matching between the
record and the feature vectors in the feature library to
identify the operational mode of the coming record in
real time

C Fault diagnosis: After analyzing the payload operational
mode, fault diagnosis may be performed using the
analysis results. Generally, the payload operates in idle
mode in the beginning and the operational mode is
switched in the external command. For example, the
ground  observation  payload  switches  from idle mode
to camera-on mode and the scientific payload switches
from idle   mode    to    experimental   process.   When the
operational mode changes, the telemetry data generally
exhibit an obvious change; this change is reflected by one
or more telemetry data points. By monitoring the status
of these telemetry data, many methods can be performed
including fault detection, fault diagnosis and fault
recovery
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