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Abstract. The stellar spectral data taken by LAMOST (Large Sky Area Multi-Object Fiber Spectroscopic
Telescope) include multiple types, some of which that fall between two spectral classes, namely boundary
spectra. Due to the massive and high dimensional nature of spectra data, it will take a lot of time and energy
to cluster these spectra by manual operation alone. To address this problem, a new clustering method based
on influence space is presented in this paper. First, we introduce the concept of influence space to reduce the
amount of data involved in the operation, and reduce the dimension of the data by extracting the main feature
lines. Second, a novel method for initial cluster center selection is applied. Next, based on the selected initial
cluster centres, other spectra are clustered by running K-means algorithm on the whole data set. The
experimental results indicate that the initial cluster centres obtained by this method are of higher quality and
the problem of boundary spectra clustering is also well solved.
Keywords. Clustering—influence space—initial cluster centres—boundary spectral—stellar spectral—
LAMOST.

1. Introduction
Spectral data are used to study the formation and
evolution of stars, celestial objects and the universe.
However, due to the influence of seeing, skylight
subtraction quality, magnitude of target celestial body
and other factors, there are some poor quality spectra,
abnormal spectra and ambiguous spectra falling
between two spectral classes in the original spectra
taken by LAMOST (Large Sky Area Multi-Object
Fiber Spectroscopic Telescope) that will introduce
some unnecessary obstacles in subsequent studies. So,
it will be very important to remove poor quality
spectra and abnormal spectra and make some distinctions between boundary spectra.
For some ambiguous data between the two categories, it is very difficult to determine a clear partition.
For the above problems, many researchers have proposed solutions from different perspectives. Mansheng et al. (2017) proposed an improved fuzzy
C-mean (FCM) algorithm from the perspective of

eliminating the effect of outlier data on the clustering
results and then clustering spectra data. The algorithm
combines sample spatial information and membership
smoothness. Through analysing spatial distribution
characteristics, interaction and influence value of the
samples, first, the algorithm improves the method of
clustering center calculation and the function of distance calculation, thereby reducing the impact of noise
data on the clustering results; then, the algorithm
redefines the fuzzy membership matrix by introducing
a control parameter during summing membership of
the samples with neighbourhood information, thus
realizing smoothing membership of neighbourhood
samples and the boundary clustering is better completed. A highly scalable clustering scheme using
boundary information (SCUBI) is proposed by Tong
et al. (2017). In this method, first, outliers are excluded by k nearest neighbours; then the scores of nonoutliers are calculated by a series of formulas, and the
data with high score are selected as boundary data;
next, the existing clustering techniques are used to

15

Page 2 of 8

group the boundary points into appropriate clusters;
finally, the remaining points are assigned to the same
cluster as its nearest boundary point. Inspired by the
natural phenomenon of soil erosion, a boundary erosion procedure is proposed by Deng and Zhao (2018).
The method firstly assumes that the clusters are separated by relatively sparse areas, and the samples are
sequentially corroded according to their dynamic
boundary density. The corrosion starts from the low
density area and constantly invades inside until all
samples are corroded. In this way, the boundaries
between different clusters become more and more
obvious. More important is, it is based on the
sequence of the eroded samples, a sequential order
that indicates how to assemble one sample after
another is established. This sequence order is used to
automatically rebuild the potential clusters.
When dealing with some complicated problems,
relying on only a typical clustering method, for
example, density-based (Zhu et al. 2014; Qiu et al.
2007; Li 2011) and graph-based (Liu et al. 2008;
Yang et al. 2002, 2020), usually seems to be inadequate. At this time, two or more typical clustering
methods need to be combined to deal with the problems. Some typical clustering methods include density-based and grid-based methods, such as CLIQUE
(Clustering In QUEst) (Santhisree & Damodaram
2011) and wave-cluster (Sheikholeslami et al. 1998).
However, these clustering methods can not judge the
attribution of the grid well on the cluster boundary,
and the boundary data between adjacent grids is more
or less related to the two grids. Therefore, ShengSheng et al. (2005) solved the above problems by
combining adjacent grids, that is, considering not only
the number of points in each grid, but also the influence of data points in adjacent grids on this grid is also
considered. Based on the idea of combination of
clustering analysis task and classification technology,
Hu et al. (2017) proposed an incremental fuzzy clustering integration method based on rough set theory
(IFCERS). On the basis of the soft clustering result,
the method obtained the positive region, the boundary
region and the negative region of the cluster assembly
by applying the rough approximation structure in the
rough set theory. Zhang et al. (2011) proposed a
DDBound clustering algorithm with boundary detection capability based on distance and density.
DDBound firstly calculates the density of all the grids,
and then the algorithm repeatedly finds the largest
density grid that has not been clustered. Starting from
the grid, the depth-first traversal method is used to
make the high density grid. Finally, the connection
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boundary of each cluster is extracted from the clustering result.
The processing method in this paper is similar to the
processing method in Mansheng et al. (2017). The
method proposed in this paper mainly consists of two
parts. The first part is that the influence space is used
to pre-process the original data. The result of the
preprocessing is that, on the one hand, most of the
outliers are removed, eliminating the impact of the
outliers on the final result. On the other hand, the
meaningful data are extracted to form a new data set,
thus reducing the amount of data involved in the
operation. The second part is that the initial clustering
centres on the new data set obtained by preprocessing
are determined by using the method of center determination (Li et al. 2019). Then based on those
determined clustering centres, K-mean algorithm is
performed on the entire data set to obtain the final
clustering result.
The rest of this paper is organized as follows: in
Section 2, we give a brief Introduction to the
LAMOST survey and data extraction process. In
Section 3, a new method for clustering of boundary
spectra is presented. In Section 4, the experiment is
displayed and in Section 5, we give a conclusion.
2. The data
The LAMOST general survey is a spectroscopic survey
that began regular observations in September 2012.
LAMOST is a quasi-meridian reflecting Schmidt telescope (Cui et al. 2012) with an effective aperture of 4
m. The telescope is equipped with 16 spectrographs,
each of which is connected to 250 fibres for acquiring
low-resolution (R  1800) spectra over the wavelength
range 3700–9000 Å. The LAMOST regular survey (Cui
et al. 2012; Zhao et al. 2006; Luo et al. 2015) finished
the second year observation goals in June 2014 and
obtained more than 3 million stellar spectra. These
spectra, together with 800,000 stellar spectra observed
during the pilot survey, have been released as DR2 of
the LAMOST survey. In 2015, the LAMOST survey
(Cui et al. 2012; Deng et al. 2012; Liu et al. 2015) had
collected more than 4 million stellar spectra in its
second internal data release (DR2). In August 2018, the
research team headed by the National Astronomical
Observatories of the Chinese Academy of Sciences
relied on the Guo Shoujing Telescope to discover a
strange object and its lithium content is about 3,000
times that of a similar celestial body. It is the star with
the highest lithium content known by humans. In
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March 2019, the DR6 data set included a total of 4,902
observations and released 11.25 million spectra. So far,
Guo Shoujing Telescope is the first spectral survey
project in the world to obtain the spectra exceeding tens
of millions, marking the launch of LAMOST spectra
officially into tens of millions of magnitude era.

2.1 Data preprocessing
Before using the spectral data, we firstly need to normalize the spectral data. The normalization method is
as follows. In addition, due to the high dimensional
characteristics of the spectral data itself, in the experiment, for the boundary spectra between A and F, we
choose the spectral flux corresponding to the spectral
wavelength of four characteristic lines Ha, Hb, Hc and
Hd. For the boundary spectra between F and G, we
choose the spectral flux corresponding to the spectral
wavelength of characteristic lines Ha, Hb, Mgb and
spectral flux corresponding to wavelength between
8300–9000 Å. For the boundary spectra between G and
K, we choose the spectral flux corresponding to the
spectral wavelength of characteristic lines Hc and Hd.
For the boundary spectra between K and M, we choose
the spectral flux corresponding to the spectral wavelength of characteristic lines Mgb and spectral flux
corresponding to wavelength between 6500–7600 Å.
Here, the 20,000 boundary spectra between adjacent
two classes of A, F, G, K and M are respectively taken
as experimental data sets for experiment.
The normalization method is as follows: Regarding
each spectral data as an object, and assuming that the
object xi contains p dimensional attributes, i.e.,
xi ¼ fx1i ; x2i ; x3i ; . . .; xpi g, calculating the Euclidean
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
distance avg ¼ ðx1i Þ2 þ ðx2i Þ2 þ ðx3i Þ2 þ    þ ðxpi Þ2 ,
x1

x2

x3

i
;
the normalized coordinates are xi ¼ favgi ; avgi ; avg

xp

i
g.
. . .; avg

3. A new method for clustering of boundary
spectra
As we know, the existence of low-quality and abnormal
spectra in the spectral data set will greatly influence the
study of boundary spectra. Thus, how to process these
low quality and abnormal spectra is very vital for further research. The influence space is the intersection of
k nearest neighbours and inverse k nearest neighbours
(Radovanović et al. 2014), which indicates the number
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of point p contained in the k nearest neighbours of other
data points except point p. The influence space provided a good way to eliminate the negative impact of
noise data on the global and local clustering algorithm.
The global noise data basically do not exist in the
normal data objects’ inverse k nearest neighbours, so
noise data will not appear in the normal data objects’
influence space. The quality of region partition based
on the influence space will be higher. So, in this
method, the influence space is firstly introduced to
reduce the amount of data involved in the operation and
finally obtain a new data set. The specific process is
shown in Algorithm 1. Then, the method of determining the cluster center (Li et al. 2019) is applied to the
newly constructed data set, the typical spectra of each
class are found as the initial cluster centres. The starting
point of finding the initial cluster center is that once the
cluster centres are determined, the clustering results
will not change and the boundary data will not be
randomly assigned. The specific implementation process is shown in Algorithm 2.

3.1 Algorithm description
The algorithms are described in Algorithms 1 and 2.
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iterations is T. The time complexity of the traditional
K-means algorithm is OðnKTÞ. So the total time
complexity of the algorithm is Oð2n2 þ n þ n log2 nþ
MD þ 1 þ w2 þ w þ nKTÞ.

4. Experimental

The time complexity mainly comes from two
aspects, one is the data preprocessing stage (Algorithm 1), and the other is the stage of finding initial
center point (Algorithm 2). The specific analysis is as
follows: in Algorithm 1, when searching for NNk ðxi Þ
of each data point, the distance between any two
points need to be calculated. The time complexity of
calculating the distance between any two objects is
Oðn2 Þ. The time complexity of the algorithm
description above, that is, the time complexity of
finding NNk ðxi Þ of all data objects, is OðnÞ in the third
row. The time complexity of finding RNNk ðxi Þ of all
data objects is Oðnðn  1ÞÞ in the fourth row. The time
complexity of finding ISk of all data objects is OðnÞ in
the fifth row. The ISk of all data objects are sorted in
the seventh row. Here, the merging sort is used, so the
time complexity is Oðn log2 nÞ. The eighth to fifteenth
rows obtain a special center object set. Assuming that
the mean of all influence spaces is D, and the number
of special center objects is M, the time complexity is
OðMDÞ. Since Algorithm 2 has some processing steps
similar to Algorithm 1, the results of Algorithm 1 can
be used directly in Algorithm 2. So here we only
analyse the time complexity of the other steps of
Agorithm 2 except the repeating step. We assume that
w is the number of all objects in data set SC. For
Algorithm 2, the time complexity of calculating the
mean of all kdist ðpÞ is Oð1Þ. The time complexity of
calculating the density q of each data object in the
fourth is Oðw2 Þ, and the time complexity of dividing
the density q of each object by the corresponding
distance kdist ðpÞ in the fifth is OðwÞ. In the eighth, we
run the K-means on D, assuming the number of

All the experiments are performed on an Intel core i54210U processor with 1.7 GHz and 4 GB RAM running Windows 7 Ultimate service pack-1.
When the k of KNN takes a different value, the
result for each trial is different, and the value of k has
little effect on the new data set finally obtained
through the influence space, while the value of k has a
large effect on the typical spectra that have a bigger
f value and appear more frequently. So, when using
the influence space to process noise data, the value of
k is taken as any number between 1 and 9. When
determining the cluster center, the number of clusters
is specified as 2 based on expert experience, equidistant sampling by selecting a spacing of 100 for 20,000
stellar spectral data. After comprehensive consideration, two typical spectra are finally determined as the
initial cluster centres. Based on the selected initial
clustering centres, the K-mean algorithm is used for
clustering on the whole data set, the clustering center
of K-mean is taken as the center of each cluster.
Figures 1, 3, 5 and 7 show the cluster centres
obtained by clustering 20,000 boundary spectra
between A/F, F/G,G/K and K/M, respectively. In each
cluster, the ratio of the number of data with a signalto-noise ratio between 0–10, 10–50 and 50–the number of all elements in this cluster is shown in Figures 2, 4, 6 and 8. Among them, the colors from left
to right in the figure indicate the proportion of snru,
snrg, snrr, snri, snrz in each SNR stage (0–10, 10–50,
50–).

4.1 Typical spectra and experimental results obtained
by clustering the data between A/F type star
The spectra are classified as two clusters, and the
clustering centres are show in Figure 1. The main
features of these two clusters are the obvious Balmer
lines. The biggest difference between the two centres
lies in the profiles of the continuous spectra especially
for the blue band. It may be affected by the extinction
of Milky Way. Therefore, the members of two clusters
may be located in different positions of our Galaxy.
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Figure 1. Cluster centers obtained by clustering 20,000 boundary spectra between A/F.

Figure 2. Analysis of the signal-to-noise ratio of each class obtained by clustering the spectra between A/F.

Figure 3. Cluster centers obtained by clustering 20,000 boundary spectra between F/G.

For the featured lines, the Center1 displays lower
spectral quality. For example, the Hd line in Center2
is smoother than that in Center 1. The SNR distributions of the cluster members are shown in Figure 2.
From this histogram, we can see that the SNRs of
most spectra in Cluster 1 are  10.

4.2 Typical spectra and experimental results obtained
by clustering the data between F/G type star
The spectra are also classified as two clusters, and the
clustering centres are shown in Figure 3. There is no
obvious difference between the two clusters neither in
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Figure 4. Analysis of the signal-to-noise ratio of each class obtained by clustering the spectra between F/G.

Figure 5. Cluster centers obtained by clustering 20,000 boundary spectra between G/K.

the continuum nor in the featured lines. From the
whole spectra, the type of Center 1 may be later than
that of Center 2. Meanwhile, there is no obvious difference in the SNR distributions, which can be seen in
Figure 4.

4.3 Typical spectra and experimental results obtained
by clustering the data between G/K type star
The two average spectra of relevant cluster center are
shown in Figure 5. The obvious difference of the two
clusters mainly reflects in the spectral quality, which

Figure 6. Analysis of the signal-to-noise ratio of each class obtained by clustering the spectra between G/K.
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Figure 7. Cluster centers obtained by clustering 20,000 boundary spectra between K/M.

Figure 8. Analysis of the signal-to-noise ratio of each class obtained by clustering the spectra between K/M.

can be also seen in the histogram (Figure 6) of SNR
distributions. The members of Cluster 2 show lower
spectral quality.

4.4 Typical spectra and experimental results obtained
by clustering the data between K/M type star
The spectra in this dataset are also divided into two
groups (see Figure 7). Comparing the two average
spectra, Center 1 shows stronger molecular bands, and
may be of later spectral type. There is no large difference between the SNR distributions in Figure 8.

5. Conclusions
In the stellar spectra taken by LAMOST, some spectra
are boundary spectra between two types, such as the
spectra between Class A and Class F. It will take a lot
of time and energy to classify these spectra by manual
operation and it is difficult to accurately determine
whether this spectrum is A type or F type. In view of
this problem, a new method for clustering of boundary

spectra is proposed in this paper. This method firstly
utilizes the influence space to reduce the amount of
data participating in the calculation. Then, this method
uses the method in literature (Li et al. 2019) to
determine the initial cluster centres, that is typical
spectra. Next, using previously determined clustering
centres, the K-means clustering algorithm is used for
clustering on the whole data set. The clustering process is improved effectively.
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