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Abstract

Large-scale sky survey projects have generated massive astronomical datasets,
necessitating research into automated spectroscopic processing methods suitable
for large-scale data. Traditional galaxy spectral classification methods based on
line detection or BPT diagrams are difficult to directly apply to automated
galaxy spectral classification pipelines; by contrast, machine learning-based au-
tomated spectral analysis is more suitable for classification research on massive
astronomical datasets. This paper proposes a galaxy spectral analysis method
based on two-layer clustering. The first layer employs the k-means clustering al-
gorithm to cluster galaxy spectra into absorption-line galaxies and emission-line
galaxies, while the second layer uses the CLARA (Clustering LARge Applica-
tions) clustering algorithm to cluster emission-line galaxies into five clusters.
Experiments conducted on galaxy data from LAMOST DR5 demonstrate that:
(1) the first-layer k-means clustering can successfully separate galaxy spectra
into absorption-line galaxies and emission-line galaxies, with clustering results
being essentially consistent with classification based on line detection; (2) the
second-layer CLARA clustering results can reflect different galaxy types in BPT
diagrams; (3) the spectral clustering results exhibit the expected correlation
with color-magnitude diagram classification; and (4) both k-means clustering
and CLARA clustering are applicable to automated analysis and processing of
large-scale data, with clustering results effectively reflecting the physical proper-
ties and evolutionary processes of galaxies, and cluster center data can provide
templates for automated spectral classification pipelines.
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Abstract: Large-scale sky survey projects have produced massive astronomical
datasets, necessitating the development of automated spectral processing meth-
ods suitable for big data. Traditional galaxy spectral classification methods
based on line detection or BPT diagrams are difficult to apply directly to auto-
mated galaxy spectral classification pipelines. In contrast, machine learning-
based automated spectral analysis is more suitable for classification studies
of massive astronomical data. This paper proposes a galaxy spectral analysis
method based on double-layer clustering. The first layer employs the k-means
clustering algorithm to separate galaxy spectra into absorption-line galaxies
and emission-line galaxies, while the second layer uses the CLARA (Clustering
Large Applications) algorithm to further cluster emission-line galaxies into five
subtypes. Experiments conducted on galaxy data from LAMOST DR5 demon-
strate that: (1) The first-layer k-means clustering successfully separates galaxy
spectra into absorption-line and emission-line galaxies, with results largely con-
sistent with classification based on spectral line detection. (2) The second-layer
CLARA clustering results reflect different galaxy types in BPT diagrams. (3)
The spectral clustering results show expected correlations with color-magnitude
diagram classifications. (4) Both k-means and CLARA clustering are applicable
to large-scale automated data analysis, with clustering results effectively reflect-
ing the physical properties and evolutionary processes of galaxies, and cluster
centers providing templates for automated spectral classification pipelines.

Keywords: LAMOST; Clustering; Galaxy spectral classification; Large-scale
spectral analysis

Galaxy spectral classification is crucial for studying galaxy formation and evo-
lution. Traditional classification methods include: Hubble’ s morphological clas-
sification, which categorizes galaxies into elliptical, spiral, barred spiral, and
irregular types based on appearance; color-based classification, where Strateva
et al. [?] found that color-magnitude diagrams from SDSS data exhibit a bi-
modal distribution with distinct peaks for blue and red galaxies, separated by
a “green valley” ; and spectral classification using the Baldwin, Phillips, & Ter-
levich (BPT) diagnostic diagram [?], which has evolved into line-ratio diagnostic
diagrams with empirical demarcation lines such as Kauffmann’s line for identify-
ing pure star-forming galaxies [?], Kewley et al.” s line for identifying pure AGN
galaxies [?], and lines by Kewley [?] and Cid Fernandes [?] for distinguishing
LINER (Low-Ionization Nuclear Emission-Line Region) galaxies from Seyfert 2
galaxies.

Large-scale survey projects have provided massive spectral datasets for astron-
omy, including 2dF, 6dF, RAVE, SDSS, LAMOST, and GATA. LAMOST DR5
alone released over 150,000 galaxy spectra, necessitating research into auto-
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mated spectral classification techniques for large-scale data processing. Tradi-
tional methods based on line detection or BPT diagrams require stellar popu-
lation synthesis, a complex and time-consuming process unsuitable for massive
datasets and incompatible with automated classification pipelines. In contrast,
machine learning-based spectral classification methods are better suited for an-
alyzing massive astronomical data. Numerous machine learning approaches
have been successfully applied to astronomical classification, including both su-
pervised and unsupervised methods. Unsupervised methods include Principal
Component Analysis (PCA), widely used for galaxy spectral identification and
classification—for example, the spectral processing system in the SLOAN survey
identifies galaxy spectra using principal components [?], and Almeida et al. [?]
successfully applied k-means clustering to galaxy spectral classification, with
results effectively reflecting galaxy evolutionary processes. Supervised methods
include Fisher discriminant analysis for quasar and normal galaxy classification
[?], Support Vector Machines for active and non-active celestial object classifi-
cation [?], and decision trees for galaxy morphological classification [?].

Clustering, as an unsupervised method, offers simplicity, fast convergence, and
high accuracy. It relies primarily on data features for automatic classification,
operating independently with minimal subjective influence. Unlike supervised
methods, it does not require labeled training data, and clusters with smaller
populations can help identify rare celestial objects. This paper designs a double-
layer clustering method for analyzing galaxy spectral data from LAMOST DRS5.
The structure is as follows: Section 1 introduces the double-layer clustering
method, Section 2 describes the galaxy spectral clustering experiments including
preprocessing, procedures, and parameter selection, Section 3 analyzes the ex-
perimental results by evaluating effectiveness and physical significance through
comparisons with classifications based on line detection, BPT diagrams, and
color-magnitude diagrams, and Section 4 presents the conclusions.

1. Double-Layer Clustering Method

Based on the characteristics of galaxy spectra and different clustering algo-
rithms, this paper proposes a double-layer clustering method for galaxy spectral
analysis. The first layer uses the k-means clustering algorithm [?] to separate
galaxy spectra into absorption-line and emission-line galaxies. K-means is sim-
ple, converges quickly, and scales well for large datasets, making it suitable for
massive galaxy spectral processing. The second layer employs the CLARA clus-
tering algorithm [?] to further divide emission-line galaxies into five subtypes.
CLARA is simple, robust to noise, and suitable for large-scale data.

1.1 K-Means Clustering Algorithm

The core of the k-means clustering algorithm is to partition n samples into k
clusters while minimizing the sum of squared distances from each sample point
to its cluster center. The basic steps are:
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Input: n samples and number of clusters k.
Output: Partition of samples into k clusters.

1. Select k initial points from n samples as initial cluster centers.

2. Calculate the distance between each sample point and all cluster centers,
assigning each sample to the nearest cluster center.

3. Recalculate the mean of all samples in each cluster as the new cluster
center, and compute the sum of squared distances D from each sample to
its cluster center.

4. Check if cluster centers or D have changed. If changed, update cluster
centers and repeat steps 2-3; otherwise, clustering ends.

Many factors affect clustering performance, including k value selection, initial
center selection, and distance metric. K value can be chosen empirically or
based on density. Common methods for selecting initial cluster centers include:
(1) random selection of k samples; (2) random selection of 10% of data for
pre-clustering with random initial centers; (3) uniform random selection of k
centers within the sample space range; and (4) weighted k-means++ method,
where after randomly selecting the first center, distances from all points serve
as weights for selecting subsequent centers, giving higher probability to distant
points. Distance metrics include Euclidean, Manhattan, cosine, and correlation
distances.

In our experiments, considering spectral characteristics and comparing multiple
distance measures, we selected correlation distance as the metric. The corre-
lation distance is defined as d = 1 — p, where p is the correlation coefficient
measuring the relationship between random variables X and Y, with range [-
1,1]-larger absolute values indicate stronger correlation.

1.2 CLARA Clustering Algorithm

K-means is sensitive to noise. The k-medoids algorithm [?] improves upon k-
means by replacing cluster centers with actual data points rather than means,
reducing outlier impact. The basic steps are:

Input: n samples and number of clusters k.
Output: Partition of samples into k clusters.

1. Select k initial points from n samples as initial cluster centers.

2. Calculate distances from all samples to cluster centers, assigning each to
the nearest center.

3. Randomly select a non-center point, calculate the total cost of replacing
the original center with this point, and repeat until all non-center points
are evaluated.

4. If any replacement yields negative total cost, select the one with minimum
cost as the new center.

5. Repeat steps 3-4 until cluster centers stabilize.

To determine whether a new non-center point O,, can replace original center O,
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each non-center point O; must satisfy: after replacement, O is assigned to the
nearest cluster (which could be O;, O,,, or the new O;). The total replacement
cost is the sum of costs for all non-center objects:

n
CTih = E Cjih
Jj=1

where C;;, is the cost for O; when O, is replaced by O),, defined as the difference
between distances to the original and new centers. Negative total cost indicates
replacement is beneficial; positive cost means no change is needed.

Since k-medoids requires exhaustive search for optimal solutions, it only works
for small datasets. CLARA (Clustering Large Applications) improves k-medoids
by using sampled data to represent the full dataset for center calculation, en-
abling large-scale clustering.

CLARA Algorithm Steps:
Input: n samples, number of clusters k, number of samples m.
Output: Partition of samples into k clusters.

1. Repeat m times: randomly sample (40 + 2k) points from the full dataset
and perform steps 2-4.

2. Apply k-medoids to the sample to select k cluster centers.

3. Calculate distances from all non-center points to these centers and assign
them to nearest clusters.

4. Compute total cost from step 3. If cost is lower than current best, apply
these centers to the full dataset; otherwise return to step 1 for the next
iteration.

2. Galaxy Spectral Clustering Experiment
2.1 Data Preprocessing

This study uses 30,000 randomly selected spectra from 153,093 galaxy spectra
in LAMOST DR5.

Due to the lack of photometric calibration equipment, LAMOST employs rel-
ative flux calibration using high-quality F-type dwarf stars as standards to de-
rive instrument response curves. However, reddening of these standard stars can
cause continuum uncertainties, requiring spectral recalibration. We use SLOAN
u,g,r,i,z fiber magnitudes to recalibrate LAMOST continua.

After recalibration, spectra are deredshifted to rest wavelengths and resampled
over 3600-9000A with 1A intervals. To avoid noise and environmental effects,
flux normalization is applied. Assuming a spectrum is an n-dimensional vector
x = (1, Tg, ..., T, ), the normalization method [?] is:
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After removing spectra that cannot be recalibrated or have invalid redshift val-
ues, 27,272 galaxy spectra remain for clustering experiments.

2.2 Clustering Experiments

K-means and CLARA clustering algorithms are applied to LAMOST DR5
galaxy spectra in two layers. The first layer uses k-means to separate spectra
into absorption-line and emission-line galaxies. The second layer uses CLARA
for fine classification of emission-line galaxies.

First Layer: K-means clustering partitions the 27,272 preprocessed spectra
into emission-line and absorption-line galaxies. Early-type galaxies dominated
by old stars show strong absorption lines with weak or undetectable emission
lines, while some late-type galaxies exhibit similar weak emission features. In
later-type galaxies, absorption lines gradually lose dominance as emission lines
become more prominent. To emphasize emission and absorption features, con-
tinua are removed using median filtering to fit and subtract the continuum,
leaving line information for clustering. Considering galaxies with both emis-
sion lines and stellar components, we set k=3, use k-means++ for initial center
selection, and employ correlation distance.

Second Layer: CLARA clustering further subdivides emission-line galaxies
from the first layer. Since continua reflect some emission-line galaxy character-
istics, they are retained. We select 12,689 spectra with r-band S/N > 5. To
avoid sky line effects, median filtering with a 5-point window is applied. As
some samples only have flux values in 3600-7900A and CLARA depends on
sample points, we use this wavelength range. With 100 sampling iterations and
correlation distance, we determine the optimal k using the elbow method on the
SSE (sum of squared errors) curve, observing a clear elbow at k=5.

[Figure 1: see original paper] shows the SSE variation with k value.

3. Analysis of Galaxy Spectral Clustering Results
3.1 First-Layer Clustering Results Analysis

K-means clusters the 27,272 spectra into three clusters (clusterl, cluster2, clus-
ter3). Their cluster centers [Figure 2: see original paper] reveal galaxy types:
emission-line galaxies are dominated by emission lines, with clusterl showing
strong emission lines from galaxies with weak stellar components; absorption-
line galaxies show dominant absorption lines with weak or undetectable emission
lines, identifying cluster2 as absorption-line galaxies; cluster3 shows weak emis-
sion lines from galaxies with stellar components.
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To assess stability, k-means is applied to four S/N subsets: r-band S/N > 5,
10, 15, and 20, containing 23,465, 15,593, 9,120, and 5,166 spectra respectively.
The resulting cluster centers [Figure 3: see original paper| consistently identify
emission-line, absorption-line, and weak emission-line galaxies across all subsets,
demonstrating k-means stability.

[Figure 4: see original paper] shows distance distributions between each spec-
trum and cluster centers. Overall, cluster i is closest to its own center. The
left column shows clusterl-centerl distances peak near 0, with distant peaks for
other centers, indicating clear separation. Clusters 2 and 3 show closer distances
to their own centers within each S/N subset. As S/N increases, distances to their
own centers approach 0 (e.g., cluster2-center2 peak decreases from 0.65 to 0.4),
though cluster2 and cluster3 show less compact distributions than clusterl.

Comparing with traditional classification: conventional emission/absorption-

line discrimination uses line S/N ratios. References [?, ?] filter on He, HS,

[OIII]$ 5007, and[NII] 6585, butCid Fernandesetal.[?] foundthisexcludesweakemission—
linegalaxies.There fore,weonly filteronH $ with S/N > 3. In our results,

cluster]l and clusterd are emission-line galaxies, cluster2 is absorption-line.
Comparison shows agreement rates of 97.79%, 80.80%, and 84.52% per cluster,

with 89.0% overall agreement.

Color-magnitude diagrams for each cluster [Figure 5: see original paper] show
the bimodal distribution with red and blue peaks separated by a green valley.
Emission-line clusterl occupies the blue region, absorption-line cluster2 the red
region, and weak emission-line cluster3 the green valley, consistent with early-
type galaxies being predominantly red and late-type galaxies blue.

These results demonstrate that k-means efficiently classifies galaxy spectra
into absorption-line and emission-line types, converging quickly even for
large datasets. The clustering reflects physical properties and aligns with
traditional methods, proving its feasibility. Cluster centers provide templates
for automated classification pipelines with stronger noise resistance than
line-analysis-based templates.

3.2 Second-Layer Clustering Results Analysis

CLARA subdivides emission-line galaxies into five subtypes (emil-emi5) , with
cluster centers being actual spectra from each class [FIGURE:6, first column].
Distance statistics show each cluster is closest to its own center (peaking near
0) with five distinct peaks, indicating clear inter-class separation.

Comparison with BPT diagram classification: BPT methods measure line

strengths of Ha, HB, [OIII]$ 5007, and[NII] 6585.Galaxyspectraareconsideredcombinationso f stellarspectra.
frequencybackgroundwith201—pointmedian filtering, and fitsingleGaussianstoH ,[OI1I] 5007, and[N1I] 6F
Line intensity is calculated using:
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where F'(X) is observed flux and C'(\) is continuum. Due to high spectral quality
requirements and weak emission lines, only 8,122 emission-line galaxies could
be BPT-classified. Results for emil-emi5 are shown in and [FIGURE:6, middle
column], with background density showing all emission-line galaxies and red
points showing each class.

The BPT diagram includes: Kauffmann’ s K03 line [?] (Equation 5) for pure
star-forming galaxies (below line); Kewley’ s K01 line [?] (Equation 6) for pure
AGN (above line); and Cid Fernandes’ CF10 line [?] (Equation 7) separating
Seyfert 2 (above) from LINER (below) galaxies.

log([OITT)/HB) = 0.61/(log(|NTI]/Ha) — 0.05) + 1.3 (K03)

log([OI11] /HB) = 0.61/(log(INII]/Ha) — 0.47) + 1.19  (K01)

log([OTTI)/HB) = 0.01 x log([NII]/Ha) + 0.48 (CF10)

Emil distributes mostly below K01, including star-forming and composite galax-
ies. Emi2 is predominantly below K03 (84.00% star-forming). Emi3 resembles
emil but contains more AGN. Emi4 is below K03 (84.31% star-forming) but with
larger [OIII]/Hp ratios, showing stronger emission lines, flatter continua, and
weaker absorption than emi2. Emi5 contains 61.42% composite and AGN galax-
ies, with cluster centers dominated by stellar components and weak emission
lines, contrasting emi2 and emi4’ s emission-dominated centers. Overall, weaker
stellar components correlate with stronger emission lines and star-forming region
characteristics, evident in emi2 and emi4 centers.

Color-magnitude diagrams [FIGURE:6, right column] show star-forming galax-
ies (emi2, emid) are bluer with stronger emission lines, emil and emi3 occupy
the green valley, and emi5 leans red, consistent with AGN galaxies being pre-
dominantly early-type [?]. The progression from emi2/emi4 to emil/emi3 to
emib shows increasing AGN fraction and color transition from blue to red, sup-
porting Schawinski’ s [?] proposal that AGN activity suppresses star formation,
potentially driving galaxies across the green valley.

BPT classification is complex and demanding, only classifying a subset
of emission-line galaxies, while CLARA successfully partitions all spectra.
CLARA’ s advantages include low spectral quality requirements, no stellar
component fitting, simplicity, and effectiveness for large-scale automated
analysis, with results reflecting galaxy evolution.
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4. Conclusion

For LAMOST DR5 galaxy spectra, k-means clustering successfully separates
absorption-line and emission-line galaxies, consistent with line-detection-based
classification. K-means is simple, efficient, and suitable for large-scale auto-
mated analysis, with results reflecting galaxy properties and providing noise-
resistant templates for classification pipelines.

CLARA clustering further subdivides emission-line galaxies, showing expected
correlations with BPT and color-magnitude classifications and reflecting evolu-
tionary processes. CLARA requires low spectral quality, avoids stellar compo-
nent fitting, and enables fast, effective automated classification of large datasets,
providing templates for spectral classification pipelines.
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