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Abstract
The double neutron star PSR J1846–0513 is discovered by the Five-hundred-
meter Aperture Spherical radio Telescope (FAST) in Commensal Radio Astron-
omy FAST Survey. The pulsar is revealed to be harbored in an eccentric orbit
with e = 0.208 and an orbital period of 0.613 day. The total mass of the system
is constrained to be 2.6287(35)M�, with a mass upper limit of 1.3455 M� for the
pulsar and a mass lower limit of 1.2845 M� for the companion star. To reproduce
its evolution history, we perform a 1D model for the formation of PSR J1846–
0513 whose progenitor is assumed to be neutron star—helium (He) star system
via MESA code. Since the large eccentricity is widely believed to originate from
an asymmetric supernova explosion, we also investigate the dynamical effects
of the supernova explosion. Our simulated results show that the progenitor of
PSR J1846–0513 could be a binary system consisting of a He star of 3.3–4.0 M�
and a neutron star in a circular orbit with an initial period of �0.5 day.
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Abstract
Open clusters (OCs) serve as invaluable tracers for investigating the properties
and evolution of stars and galaxies. Despite recent advancements in machine
learning clustering algorithms, accurately discerning such clusters remains chal-
lenging. We re-visited the 3013 samples generated with a hybrid clustering
algorithm of FoF and pyUPMASK. A multi-view clustering (MvC) ensemble
method was applied, which analyzes each member star of the OC from three
perspectives—proper motion, spatial position, and composite views—before in-
tegrating the clustering outcomes to deduce more reliable cluster memberships.
Based on the MvC results, we further excluded cluster candidates with fewer
than ten member stars and obtained 1256 OC candidates. After isochrone fit-
ting and visual inspection, we identified 506 candidate OCs in the Milky Way.
In addition to the 493 previously reported candidates, we finally discovered 13
high-confidence new candidate clusters.

Key words: galaxies: star clusters: general – (Galaxy:) open clusters and asso-
ciations: general – methods: data

1. Introduction
Open clusters (OCs), or Galactic disk star clusters, are groups of stars formed
from the same giant molecular cloud simultaneously. The Gaia (Gaia Collab-
oration et al. 2018, 2022; Riello et al. 2021) mission has identified many OCs,
and the discovery process is ongoing and not yet finished. The release of Gaia
substantially boosted OC identification and research efforts. The number of
OCs reported in the scientific literature is over 7000. A total of 4000 OCs have
been released (Castro-Ginard et al. 2018, 2019, 2020; Liu & Pang 2019; Li et
al. 2022) based on Gaia Data Release 2 (DR2; Gaia Collaboration et al. 2018)
and Early Data Release 3 (EDR3; Lindegren et al. 2021). Chi et al. (2023c)
reported 46 OCs in Gaia EDR3 and 83 OCs (Chi et al. 2023a) and 1179 OCs
(Chi et al. 2023b) in Gaia Data Release 3 (DR3). During the preparation of
this work, Hunt & Reffert (2024) derived completeness-corrected photometric
masses for 6956 clusters from their work (Hunt & Reffert 2023) and found that
only 5647 (79%) of the clusters from their previous catalog are compatible with
bound OCs by calculating cluster masses and Jacobi radii.

Although numerous studies have been conducted to identify OCs, applying ma-
chine learning algorithms to obtain the most appropriate parameters for the
models remains challenging. We applied the Friends-of-Friends (FoF) algorithm
to find the corresponding OC identification in the previous works. As a com-
plicated clustering method, FoF cannot handle noisy data. If FoF parameters
(e.g., linking length) are not properly set, cluster members mixed with field star
pollution can be easily obtained during cluster identification. After the initial
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identification of OC candidates, especially using the FoF method, unsupervised
photometric membership assignment algorithm (UPMASK, Krone-Martins &
Moitinho 2014), Random Forest (Mužić et al. 2022; Chi et al. 2023c), and deep
set neural network (van Groeningen et al. 2023) are generally used for further
screening of member stars, but these methods still have certain limitations.
Some OCs cannot reasonably be described by the classic King model (King
1962) embedded in UPMASK or pyUPMASK (Zhong et al. 2022). Arunima
et al. (2023) showed that the much-used method of distance and velocity cut-
offs for membership determination often leads to false negatives and positives,
and membership determination is still challenging for young star clusters. It is
also still difficult to distinguish member stars of star clusters and associations
between the foreground and background populations (Gagné et al. 2018).

In our previous work, we utilized the FoF method and pyUPMASK to identify
OC candidates (Chi et al. 2023b). However, how to further improve member star
identification accuracy has also been a key issue troubling us. In this study, we
introduce a multi-view clustering (MvC) ensemble method to further enhance
OC membership determination accuracy.

The rest of the paper is structured as follows. In Section 2, we describe the
methodology developed for determining OC membership. We then introduce
the production of OC samples in Section 3. Section 4 presents our results and
the newly found OCs. The MvC algorithm is discussed in Section 5. The
conclusion is provided in Section 6.

2. Multi-view Clustering Ensemble Method
Distance metrics in high-dimensional spaces would lose efficacy (Beyer et
al. 1999; Hinrichs et al. 2014), resulting in poor density-based clustering.
According to Chang et al. (2014), high-dimensional data have the charac-
teristics of being sparse, a dimensional disaster, and noise, which reduce
the possibility of class recognition in all dimensions, making the traditional
clustering algorithm unsuitable for high-dimensional data clustering. With
the subview approach (Zhao et al. 2017), since each viewpoint characterizes
the same subject differently when all viewpoint features are concatenated
together, they can be considered as a description of the same subject from a
new viewpoint. The learned consistency graph can describe the structure of all
perspective features.

Inspired by multi-view learning (Zhao et al. 2017), we introduced the MvC
method and applied it to determine OC memberships. The flowchart of apply-
ing MvC is illustrated in Figure 1 [Figure 1: see original paper]. Note that
MvC is only used to process OC candidate data initially identified by FoF and
pyUPMASK. This is done by clustering the data from multiple views separately
and then using the voting mechanism to obtain a more plausible member star
result.
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2.1. Definitions of Subviews

In general, two principles should be considered while using multi-view data: (1)
The consistency principle: we must ensure consistency among multiple views.
(2) The complementarity principle: each view of multi-view data may contain
information or knowledge that others do not share.

Considering that, in a real physical system, an OC should have a stellar over-
density in the proper motion space and a stellar overdensity in the sky position
space (Piatti et al. 2022), we divided the traditional high-dimensional single
view (SYN) (l, b, �𝛼, �𝛿, �) into two low-dimensional subviews, i.e., proper mo-
tion subview (PMS) and sky position subview (SPS), for each star. According
to the requirements of MvC, subviews are related and not independent of each
other. Members of an OC should have similar distances within the Gaia DR3
parallax uncertainties. Both view spaces are affected by parallax. Therefore,
we use parallax as the association between all views.

2.2. Member Star Identification Based on Subviews

We use the clustering algorithm to perform secondary clustering on all members
in the PMS and SPS views separately. For example, in the SPS view, we use
the HDBSCAN algorithm to cluster {l, b, �}, with cluster label of 1 for member
stars and cluster label of −1 for field stars.

Since the data in the PMS and SPS views are the consequence of FoF clustering,
we simply used the HDBSCAN algorithm with the hyperparameter � having
a value of twice the feature space dimension, which is the same as Ghosh &
Sulistiyowati (2022).

The clustering on PMS could ensure that the OC has a stellar overdensity in
the proper motion space. This is one of the typical physical characteristics of
OC because OC originates from the same dense molecular cloud undergoing the
same starburst. The clustering on SPS ensures that the identified clusters have
physical characteristics of overdensity distribution in the sky position space.

Integration strategy has been successfully applied in astronomy (Chi et al. 2022).
Inspired by this, we further combined the clustering results of the three views.
We use a voting integration strategy to integrate the clustering results of the
three views. For each cluster member, we use clustering results of three views to
conduct voting statistics, and we reserve the final member star which wins more
than or equal to 2 votes. For example, one star with more than two views of SPS,
PMS, and SYN as a member will eventually be considered a current member. In
contrast, a star with less than one view as a member will be regarded as a field
star. It should be noted that we filtered the intersection of the noise points of
the three views prior to integration. These points are recognized as background
noise data on all three views and should be removed. After eliminating the
noise the HDBSCAN clustering algorithm identified, we further eliminated the
clustering results of subviews with a small number of member stars. When we
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used HDBSCAN to cluster in subviews, we discarded star groups with less than
10 member stars after subview clustering according to Hunt & Reffert (2021)
who suggested that the minimum possible size of a star cluster is set to 10 for
HDBSCAN.

3. Data Preparation
Based on Gaia DR3, Chi et al. (2023b) filtered out faint stars (G > 18 mag), lim-
ited parallax (�) from 0.14 to 5 kpc, and obtained more than 20 million target
sources. Based on these stellar data sources, rough grid clustering was per-
formed using the FoF algorithm. A member probability census was carried out
using pyUPMASK. Then, according to the quality of the fit with the isochrone
from high to low, the data sets for the OC candidates are divided into three
categories (Class A (1194), Class B (5252), and Class C (5925)). The samples
in Class C have a loose color–magnitude diagram (CMD) distribution and poor-
fitting results. Therefore, by focusing on the data analysis of Class A and B,
Chi et al. identified a total of 3763 high-confidence OC candidates, including
2584 clusters that have already been published, and 1179 OCs that are new
discoveries.

We did not apply FoF or pyUPMASK to search for OC candidates again in the
study. We just re-visited the rest of the data (3013 OC candidates in total) in
Class A and B which were not identified and reported by Chi et al. (2023b).
These 3013 samples were meticulously analyzed for membership using the MvC
method.

4. OC Identification and Results
Based on the OC candidates prepared in Section 3, we applied the MvC method
to identify member stars of each possible OC. According to Section 2, we first
created three views (SPS, PMS, SYN) for each OC candidate. Subsequently, in
each of these three views, we performed HDBSCAN to cluster all members of
each OC again to further determine the member stars and field stars of each OC
more precisely. To integrate the clustering results of the three views, we used a
voting integration strategy. After the processing of MvC, we selected 1256 more
plausible candidate OCs from 3013 candidate OCs.

4.1. Isochrone Fitting

Based on these 1256 OC candidates, we performed isochrone-fitting for each new
result, following the methods described in Chi et al. (2023c). Due to the small
number of stars with G magnitudes less than 17 mag in the ID3041, ID12455,
and ID1446 candidate clusters, there would be large uncertainties in the fit
results. We discard these candidate clusters and 1069 OC candidates are thus
fitted.
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4.2. Visual Inspection

We adopted the methods described in Chi et al. (2023a) to perform manual
validation. After manual validation, we obtained 506 OC candidates with high
confidence. An example is shown in Figure 2 [Figure 2: see original paper]. For
comparison, we also present the membership probabilities obtained with the
same pyUPMASK as in Chi et al. (2023b) in the color bar of each subplot.

Figure 2 shows that a few member stars deviate from the main sequence, which
could be caused by blue or yellow stragglers, variable stars, or dust extinction.
These are usually special members of some OCs but these members are also
identified by our method.

4.3. Cross-matched and New Open Clusters

Considering only the galactic longitude (l) and latitude (b) provided by the star
catalog, our approach to cross-matching is to deem an observed star cluster as
coincident with a cataloged cluster if the centers of both clusters fall within a
0°.5 radius in both the galactic longitude and latitude coordinates. If the cluster
catalog from literature also includes information on individual cluster members,
we then proceed to a more detailed analysis of the members of both clusters, as
illustrated in Figure 3 [Figure 3: see original paper].

We cross-matched with 26 main star cluster catalogs, i.e., Cantat-Gaudin et
al. (2018, 2019, 2020), Castro-Ginard et al. (2018, 2019, 2020, 2022), Bica et
al. (2019), Ferreira et al. (2019, 2020, 2021), Liu & Pang (2019), Torrealba
et al. (2019), Cantat-Gaudin & Anders (2020), Hao et al. (2020, 2021, 2022a,
2022b), Casado (2021), Dias et al. (2021), He et al. (2021, 2022a, 2022b, 2022c),
Hunt & Reffert (2021), Jaehnig et al. (2021), Qin et al. (2021), Vasiliev &
Baumgardt (2021), Tarricq et al. (2022), Li et al. (2022), Chi et al. (2023a,
2023b, 2023c), Hunt & Reffert (2023), Li & Mao (2023) and Sim et al. (2019).

Recently, Qin et al. (2023) reported 101 star clusters within 500 pc, and we also
performed a cross match. Li & Mao (2024) reported the discovery of 83 new star
clusters. Given that the star catalog only provides galactic longitude (l) and
latitude (b), our strategy for cross-matching involves considering an observed
OC to be positionally coincident with a cataloged one if the centers of both are
within a circular region of 1°.5 radius in both the galactic longitude and latitude
coordinates. To exclude previously reported star clusters as much as possible,
we cross-match the most recently updated UCC catalog (Perren et al. 2023)
(containing 16,179 clusters) using the same method.

After cross-matching, 490 OC candidates were reported in the previous litera-
ture. We are confident that the remaining 13 OC candidates have never been
reported. The parameter information of 13 OCs is given in Table 1 , and the
member information of star clusters is given in Table 2 .
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5. Discussions
No matter how machine learning algorithms might identify OCs, each OC will
have to be manually verified. However, machine learning algorithms can signif-
icantly decrease the number of potential candidates, reducing manual identifi-
cation.

The hybrid approach of FoF+pyUPMASK+MvC shows excellent application
results in this study. First, MvC reduces the number of OC candidates
that need to be manually confirmed from 3013 to 1256. Furthermore, the
FoF+pyUPMASK+MvC hybrid algorithm addresses the problem that FoF
needs to be more accurate in identifying field stars.

5.1. Multi-view Voting Mechanism for Member Star Determination

Chang et al. (2014) pointed out that high-dimensional data have the charac-
teristics of sparsity, dimensional catastrophe, and noise variables, reducing the
possibility of identifying classification in all dimensions, making the traditional
clustering algorithms less effective when facing high-dimensional data cluster-
ing. Thus, we have learned from Xie et al. (2019)’s approach, i.e., constructing
multiple views (global view + multiple subviews) for clustering, which can sig-
nificantly improve the clustering effect. We introduce this approach to the task
of identifying star clusters in astronomy by clustering the global view (l, b, �𝛼,
�𝛿, �) and two subviews (l, b, �) and (�𝛼, �𝛿, �) for MvC. The clustering of the two
subviews reduces the dimensionality of the clustered features, which overcomes
the “curse of dimensionality” (Hinrichs et al. 2014) in favor of improving the
effectiveness of downstream density-based clustering algorithms. Second, we re-
fer to Jiang et al. (2018) for clustering integration to get more robust clustering
results. Specifically, the integration is performed on the clustering results of
three views: (l, b, �), (�𝛼, �𝛿, �) and (l, b, �𝛼, �𝛿, �). First, we eliminate the
members identified as noise points in all three views achieving the elimination
of highly reliable field stars. Then, we discard potential field stars by voting to
retain members with two or more views and consider member stars as the final
cluster members. This mitigates the sensitivity of the downstream clustering
algorithm to the parameters to obtain reliable cluster member stars.

Based on the clustering results in the three subviews, voting is performed to
give the final results. The application is very effective from a practical point
of view. To a certain extent, it compensates for the difficulties of parameter
optimization in traditional clustering algorithms and enhances the robustness of
the algorithm. The HDBSCAN method used in the subview can also be replaced
by other clustering algorithms, such as Gaussian Mixture Models (GMMs) or
DBSCAN. HDBSCAN is chosen in this study because it has been successfully
applied to cluster mining and identified many OCs (Chi et al. 2023a; Hunt &
Reffert 2023).
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5.2. Effectiveness of MvC in Removing Field Stars

To further illustrate the effect of clustering in multiple views, we selected a well-
studied OC (i.e., M67 (NGC 2682)) whose members have been meticulously
studied by many researchers (Castro-Ginard et al. 2020; Agarwal et al. 2021;
Jadhav et al. 2021; Ghosh & Sulistiyowati 2022). We downloaded a conical
source with a radius of 50 pc around the OC center from Gaia DR3. We pre-
processed it according to Section 2. Then, SPS, PMS, and SYN were clustered
separately using HDBSCAN with the hyperparameter mclSize set to 4. We
obtained 432 (SPS), 982 (PMS), and 1285 (SYN) member stars, respectively
(see Figure 4 [Figure 4: see original paper]). Compared with the results of
Agarwal et al. (2021), the accuracy of the member stars of SPS, PMS, and SYN
was 38.1%, 86.7%, and 83.5%, respectively. After voting, the total accuracy of
the member stars reached 91.69%.

Based on the same approach, we further analyzed other OC candidates. Figure
6 [Figure 6: see original paper] shows three randomly selected samples. The
gray dots are the member stars found by FoF. The blue color is the result after
further removal of field stars using MvC based on FoF results. The final fitted
results are shown in red. Obviously, the MvC algorithm can effectively remove
the field stars, thus effectively improving the quality of the sample fitting. The
ID of “c1084-32” in Figure 6(a) corresponds to NGC 581 of CG20, and “c2594-
16” corresponds to NGC 146 in CG20. This shows that the unidentified OCs
in Chi et al. (2023b) are correctly identified after MvC processing, proving that
the judgment of the field stars using MvC is correct. To a certain extent, it
solves the problem of low fitting quality of some samples in Chi et al. (2023b).

5.3. Correctness Analysis of the MvC Method

Chi et al. (2023b) provided a list of cluster candidates with different probabilities
based on the application of the FoF and pyUPMASK algorithms. Based on
probabilities, Chi et al. successfully identified 1760 OCs from high probability
candidates. However, are there OCs among the low-probability candidates, and
if so, what causes FoF+pyUPMASK to give low probability?

In Figure 5 [Figure 5: see original paper], we analyzed this issue using the NGC
581 star cluster (from CG20). In the FoF+pyUPMASK clustering method,
we kept stars with membership probabilities greater than 0.5 (gray points) af-
ter the pyUPMASK membership probability survey. For clusters like NGC
581, FoF+pyUPMASK is ineffective at eliminating mixed-field stars (see left
panel), making the cluster’s center appear significantly biased. The reason
should be the hyperparameter bFoF (Liu & Pang 2019; Chi et al. 2023b) used
in FoF+pyUPMASK, which is an empirical value set for simulated cosmology
but is ineffective in identifying some clusters. After further use of MvC, we
can obtain a clear and clean main sequence, which is relatively consistent with
CG20 and fits well with the theoretical isochrones (red dots).

To validate the result of the MvC method, we tested MvC using published OC
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samples. Agarwal et al. (2021) presented four types of OCs, i.e., NGC 2539,
IC 4651, NGC 2141, and Berkeley 18, which have difficulties in member star
determinations using the GMM method because those four clusters have a low
concentration of cluster members and/or the parameter peaks coincide (Deb
et al. 2022). In addition, we also chose NGC 2682 (M67) and Blanco 1 as
test OCs, because M67 is well-studied with DR2 and (E)DR3, such as Cantat-
Gaudin et al. (2020), Agarwal et al. (2021), Jadhav et al. (2021), Ghosh &
Sulistiyowati (2022) and Blanco 1 is a near-OC that has been well-studied with
Gaia DR3 (Zhang et al. 2020; Alfonso & García-Varela 2023) recently. For a fair
comparison, we reserved the cluster members we identified only for those with
G < 18 and with the same Gaia dataset (DR3) in works Tarricq et al. (2022,
hereafter T22) and Hunt & Reffert et al. (2023, hereafter H23).

Based on these four OCs data as the validation set, we performed the HDB-
SCAN/subviews method to identify member stars to verify the usability and
accuracy of the MvC method. We first conducted a cone query around the
center of each OC within 2° to obtain the source data sets. We then applied
the MvC method to the sources mentioned. The results are shown in Figure 7
[Figure 7: see original paper]. To fairly compare the scenes found by different
methods, we constrain the distribution range of the member stars in member
star matching. The radii are all controlled within the MvC spatial range.

Figure 7 demonstrates that the MvC method can effectively identify most of the
member stars (core members) of the four clusters, which are more concentrated
in spatial distribution and proper motion distribution. The CMD also indicates
that these core members are more tightly distributed in the main sequence. The
third row of Figure 7 affirms that the MvC can capture more diffuse potential
members at the same parallax compared with T22 and H23.

The MvC ensemble clustering method can identify most member stars, which
is considered an effective method for star cluster member identification. MvC
ensemble clustering is able to identify reliable member stars, but for some clus-
ters, it might ignore members of substructures in the core region of the cluster,
especially those far from the cluster center.

5.4. Assessment of the Physical Reality of 13 OCs

To ascertain the physical authenticity of the 13 clusters in question, we con-
ducted a comprehensive evaluation based on five critical dimensions as outlined
by Piatti et al. (2022). This multifaceted approach includes: (1) Spatial Dis-
tribution: Analyzing the spatial arrangement of the clusters to discern whether
they exhibit characteristic distribution patterns indicative of genuine OCs. (2)
Radial density profile (RDP) Fitting: Assessing the RDP of the clusters to eval-
uate their density distribution, which confirms their status as authentic OCs.
(3) CMD Morphology: Examining the CMD morphology to understand the
stellar composition within the clusters, thereby determining their legitimacy as
true OCs. (4) Age–Mass Relationship: Investigating the correlation between
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the age and mass of the stellar entities within the clusters to verify their reality
as OCs. (5) Mass–Radius Relationship: Exploring the relationship between the
mass and radius of the clusters to further substantiate their classification as gen-
uine OCs. This rigorous, multi-dimensional analysis facilitates a more precise
determination of cluster authenticity.

The RDP serves as an essential instrument in the examination of spatial distri-
bution within star clusters. Our methodology begins by establishing the star
cluster center as a reference point, or the origin. Subsequently, the cluster is
meticulously segmented into a series of concentric “i-rings.” The procedure then
involves calculating the stellar surface density encompassed within the ith ring.
This is achieved through the formula:

Σ𝑖 = 𝑁𝑖
𝜋(𝑟2

𝑖+1 − 𝑟2
𝑖 )

Here, 𝑁𝑖 represents the count of stars situated within the ith ring, which is
bounded by the inner radius 𝑟𝑖 and the outer radius 𝑟𝑖+1. This calculation
allows for a detailed analysis of how star density varies across different regions
of the cluster, providing valuable insights into its structural composition and
potential dynamics. In this study, we have utilized the King (1962) model to
accurately determine the stellar surface density values. As shown in Figure 8
[Figure 8: see original paper], the three candidate OCs can be well-fitted by the
King function.

In previous research, Joshi et al. (2016) identified an age–mass relationship
through an in-depth analysis of nearly 1300 star clusters listed in the Milky
Way Star Clusters (MWSC) catalog, which are located within a distance of 1.8
kpc from our solar system. This relationship is mathematically articulated as:

log(𝑀/𝑀⊙) = −0.05 log(𝑇 ) + 0.4

where 𝑀⊙ signifies the mass of the Sun, 𝑇 represents the cluster’s age, and 𝑀
serves as cluster mass. The left panel of Figure 9 [Figure 9: see original paper]
presents a comparative examination of our empirical findings juxtaposed with
the theoretical model proposed by Joshi et al. (2016). It is observable that
there is a striking congruence between our results and the theoretical function’s
pattern, thereby validating the reliability of our analysis.

Furthermore, examining the mass–radius relationship is essential for gaining
insights into the temporal progression and development of the star cluster. Joshi
et al. (2016) delineated that the mass–radius relationship in star clusters is
characterized by two distinct distribution functions. The first function is linear
and is expressed as:

log(𝑅) = 0.10 log(𝑀/𝑀⊙) + 0.4
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Here, 𝑅 represents the cluster’s radius, 𝑀 is its mass, and 𝑀⊙ is the solar
mass, which is used as a unit of measurement. The second function, applicable
to clusters situated within the solar orbit, adheres to a power-law relationship,
which is described as 𝑅 ∝ 𝑀0.5.

The right panel of Figure 9 offers a visual representation of the mass–radius
distribution for 68 candidate OCs. It is evident that the majority of these
clusters are well-fitted by the power-law function, highlighting the prevalence of
this relationship in the observed data. Finally, a comprehensive decision table
for cluster authenticity is given in Table A1 [TABLE:A1]. The comprehensive
evaluation shows that the 13 clusters reported have high confidence.

5.5. Limitations of the MvC

Accurately identifying cluster members is challenging work. Uncertainties about
membership and stellar properties are the primary issues in identifying cluster
members. As described by Penev & Schussler (2022), modeling these uncer-
tainties is difficult. Although MvC has made progress in accurately identifying
cluster members, limitations are also obvious. In general, the number of OC
member stars based on the FoF+pyUPMASK+MvC algorithm is smaller than
the number obtained by directly using DBSCAN or HDBSCAN. This is caused
by multiple views, which reduce the number of member stars while improving
member star reliability.

We also note that in some cases, MvC identifies members more concentrated in
the middle of the OC. Those high-reliability members are usually in the OC’s
high-density region (the cluster’s core body). For this reason, we realize that
MvC results have a considerable degree of confidence. However, low-density
periphery members might be missed. Members located in the low density of the
extended structure of OC, such as “halos,” “strings,” “coronae,” “outskirts,”
and “tidal tails,” need a specific study of a single OC combined with cluster
morphology and dynamics. After using FoF+pyUPMASK+MvC to identify
OCs, it is worth considering further employing other methods, such as GMM,
to further search for member stars. This will make OC data more accurate.

5.6. Results Analysis

In the cross-matching comparison check of the 13 clusters reported in this study,
we identified five binary open cluster candidates (BOCs). Figure 10 [Figure 10:
see original paper] presents five pairs of BOCs. Because the focus of this paper
is not on the study of binary OCs, these five pairs of binary OCs are worthy
of further dynamical study using the method in Li & Zhu (2024) and N-body
simulations in the future.

The central 0°.5 matching strategy is too small to be applicable for clusters
with a large number of members, suggesting that it is necessary to expand it.
In Figure 11 [Figure 11: see original paper], when conducting a cross-matching
of cluster members, although the central coordinates of the cluster 14567-3 and
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Collinder 69 differ by more than 0°.5, the members of cluster 14567-3 are clearly
part of the known OC Collinder 69. This indicates that the previous work’s
approach of using a 0°.5 match based on the cluster center is not applicable for
matching corresponding large-scale clusters.

From Figure 3, some previously reported cluster members are evidently incom-
plete. Figure 12 [Figure 12: see original paper] indicates that the members of
the cluster c0775-4 found by our method overlap with the members of the known
cluster OC 0537. Considering other views, it is highly likely that they belong
to the same cluster. If this is the case, our method has re-identified 62% of the
new members. In this work, we are more inclined to consider them as a pair of
binary clusters with the same physical evolution, because the number of shared
members is only six, which constitutes a small proportion. We believe that the
intersection of the six members is likely due to the algorithmic selection effect.
Similar to this, there is also OC 0537 cross-matched with c0775-4 (Figure 13
[Figure 13: see original paper]), and BH 90 cross-matched with c0775-4 (Figure
14 [Figure 14: see original paper]).

6. Conclusions
We proposed an effective clustering method for identifying reliable cluster mem-
ber stars. The identification results show that the MvC algorithm is capable of
effectively identifying reliable member stars. This is the first attempt at using
MvC to develop an ensemble clustering technique for hunting star clusters. As
a result of re-identification, 13 reliable OCs are reported in this work through
isochrone-fitting and visual inspection.

The newly found objects enrich our understanding of the Galactic OC population
and indicate that the present OC sample is far from complete. It is anticipated
that many new OCs can still be detected through careful observational data
analysis.
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Appendix
Additional Figures and Tables

Figure A1 [FIGURE:A1] shows a complete list of figures for 13 new OCs. Blue
points represent cluster members. The red dotted curves are the best-fitting
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isochrones. The color bars represent the cluster probability of the member stars
calculated by pyUPMASK.

Table A1 [TABLE:A1] presents the assessment results of the physical reality of
13 OCs.

Cluster
ID

Spatial
Distribution

RDP
Fitting

CMD
Morphol-
ogy

Age–Mass
Relation

Mass–Radius
Relation

c0410-1
c0514-0
c0518-2
c0656-1
c0775-4
c1409-1
c2915-0
c3059-1
c5076-0
c6080-1

Note: The table is incomplete in the original text.

Figure A1. Full list of 13 OCs. Blue points represent cluster members. The
red dotted curves are the best-fitting isochrones. The color bars represent the
cluster probability of the member stars calculated by pyUPMASK.
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