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Abstract

Time series reconstruction is an important data processing step in time-domain
astronomy, and also forms the foundation for fitting light curves and conduct-
ing time-domain analysis research. For MapReduce distributed models such
as Hadoop and Spark, the tasks {between nodes} in the distributed cluster
are relatively independent during execution, requiring minimal cross-node data
transmission. A non-blocking asynchronous execution flow is proposed, where
each distributed process continuously processes data exclusively for indepen-
dent sky regions, while identification tasks for newly added celestial objects
at block edges that affect other nodes are appended in delayed batches. The
appending method is determined based on the varying progress rates among pro-
cesses, ensuring no omission in identification computations, thereby improving
concurrency efficiency while guaranteeing algorithmic accuracy. Furthermore,
different Join strategies between two tables are investigated from both theoreti-
cal and experimental perspectives, and a Join-free strategy is proposed. Finally,
the aforementioned research is validated through the design of an efficient time
series reconstruction system based on the Spark distributed framework. Experi-
mental results demonstrate that, compared with previous studies, the efficiency
of this time series reconstruction algorithm is significantly improved, establish-
ing a solid foundation for conducting astronomical time series data analysis in
time-domain astronomy.
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Abstract

Time series reconstruction is a crucial data processing step in time-domain as-
tronomy and serves as the foundation for fitting light curves and conducting
time-domain analysis. MapReduce distributed models such as Hadoop and
Spark feature relatively independent tasks among distributed cluster nodes dur-
ing execution, requiring minimal cross-node data transmission. This paper pro-
poses a non-blocking asynchronous execution flow where each distributed pro-
cess performs continuous processing exclusively on data from independent sky
regions. Additional identification tasks triggered by newly added celestial bod-
ies at block edges are appended in delayed batches to other nodes, with the
appending method determined based on the varying progress among processes
to ensure no omission in identification calculations. This approach significantly
improves concurrent efficiency while guaranteeing algorithmic accuracy. Fur-
thermore, different Join strategies between two tables are investigated from
both theoretical and experimental perspectives, and a Join-free strategy is pro-
posed. Finally, the aforementioned research is validated through the design of
an efficient time series reconstruction system based on the Spark distributed
framework. Experimental results demonstrate a notable improvement in the
efficiency of the proposed time series reconstruction algorithm compared to pre-
vious studies, establishing a solid foundation for astronomical time series data
analysis in time-domain astronomy.

Keywords: time-domain astronomy; cross-match calculation; time series re-
construction; distributed computation; Spark

1 Introduction

In time-domain astronomy, a fundamental task is to perform cross-matching
on continuous multiple observations from the same telescope to establish corre-
spondences between celestial bodies across different observation records, thereby
generating time series data. This process often involves a contradiction be-
tween massive data volumes and high-speed processing requirements. Taking
the Ground-based Wide Angle Cameras (GWAC) as an example, this data pro-
cessing must be completed within a single exposure cycle. Therefore, designing
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and developing efficient time series data generation methods for large-field time-
domain surveys is of significant importance.

In recent years, advances in time-domain observation technologies have provided
extremely rich data resources for time-domain astronomy research. For instance,
Gaia DR3 released astrophysical parameters for 1.59 billion sources and 470
million celestial bodies collected over 34 months. GWAC generates 1.1 GB of
data every 15 seconds, with star catalog data alone reaching up to 2 TB per
observation night. The Large Synoptic Survey Telescope (LSST) produces 15
TB of data per night, with a projected total of 60 PB over its 10-year operation.
Faced with such vast accumulated data and rapidly growing new archival data,
traditional cross-matching algorithms struggle to simultaneously meet accuracy
and efficiency requirements.

The first challenge is the boundary source leakage problem that arises after data
partitioning, which impacts both accuracy and efficiency. Current main solu-
tions include: Zhao et al. adding extra edge data to each star catalog, which
is complex to implement and inefficient; Du et al. and Yu et al. adopting hy-
brid identification calculation methods based on HTM and HEALPix indexing,
which reduce cross-boundary data transmission but increase storage and com-
putational overhead while still exhibiting a certain proportion of source leakage
and accuracy loss. Therefore, the edge source leakage problem requires further
optimization.

Secondly, time series identification requires cross-matching calculations across
multiple continuous observation catalogs, resulting in higher computational
demands than traditional multi-band cross-matching, necessitating further re-
search on parallel computing frameworks. Du et al. proposed a multi-threaded
identification algorithm to accelerate computation, while Zhao et al. introduced
a multi-core parallel cross-matching algorithm capable of processing catalogs
with over 100 million and 470 million records, respectively. However, these meth-
ods are not executed in large-scale distributed environments, imposing certain
performance limitations for time series reconstruction across multiple catalogs.
In studies of time series for homologous catalogs, Yu et al. implemented time
series reconstruction in an MPI parallel environment with up to 6 processes,
improving identification efficiency but using a parallel environment that is not
easily scalable to handle further data volume increases. Xu et al. proposed a
rapid time series reconstruction algorithm based on MongoDB, which offers ref-
erence value for non-relational data selection in time series reconstruction but
lacks sufficient integration with large-scale distributed frameworks.

Therefore, for time series reconstruction of massive homologous catalogs, new
parallel frameworks must be introduced to further improve efficiency while main-
taining accuracy. Cloud computing based on the MapReduce ecosystem, repre-
sented by Hadoop and Spark, has gradually become an important solution for
big data processing challenges. Spark, as a general-purpose distributed frame-
work based on in-memory computing, offers greater efficiency advantages and
has recently found applications in astronomical information processing. For ex-
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ample, Brahem et al. proposed an astronomical data query processing method
leveraging Spark’ s efficient data processing characteristics, Zecevié¢ et al. in-
troduced a scalable astronomical analysis framework based on Spark, and Liu
et al. combined MapReduce/Spark with an unsupervised clustering approach
for pulsar candidate screening. These developments demonstrate that adopting
distributed computing technology has become a trend for astronomical research
under massive data volumes.

However, direct application of Spark is unsuitable for this problem. MapReduce
distributed models like Hadoop and Spark require relatively independent tasks
among multiple processes during execution; otherwise, frequent inter-node com-
munication becomes an efficiency bottleneck. Yet due to the classic boundary
source leakage problem in cross-matching, edge data transmission is unavoidable,
severely reducing the acceleration ratio in practical applications. Therefore, we
designed a non-blocking asynchronous execution flow where each distributed
process performs continuous processing exclusively on independent sky region
data. Additional identification tasks triggered by newly added celestial bodies at
block edges are appended in delayed batches, significantly improving concurrent
efficiency while ensuring no omission in identification calculations.

Moreover, when transforming cross-matching calculations into Join operations
between two tables, the choice of optimization strategy is also critical to ef-
ficiency. Considering these issues comprehensively, this paper designs a dis-
tributed time series reconstruction algorithm suitable for massive star catalogs,
focusing on three key optimizations: (1) addressing the boundary source leak-
age problem by designing a non-blocking asynchronous execution flow suitable
for Spark architecture, which reduces data transmission while ensuring accuracy
and effectively improves algorithmic efficiency; (2) transforming time series iden-
tification into Join operations between large and small tables, comparing two
different Join implementation strategies and a Join-free operation strategy, and
providing applicable scenarios for different algorithms; and (3) validating the
research content through the design and implementation of a time series identi-
fication system based on the Spark distributed framework.

2 Design of Asynchronous Non-blocking Multi-process Ex-
ecution Mode and Distributed Update Synchronization

After distributed partitioning of star catalogs, the boundary source leakage prob-
lem emerges: due to positional errors, the counterpart of a celestial body located
at a partition boundary in another observation may cross the boundary and ap-
pear in a different block. Therefore, edge data requires additional processing to
improve matching accuracy. In time series reconstruction, where cross-matching
occurs between continuous observation catalogs, newly added celestial bodies
at block edges necessitate cross-node synchronous updates. If multi-nodes in
a distributed architecture operate in blocking mode, global updates for newly
added celestial bodies can be guaranteed, but this means that calculations for
all celestial bodies in each observation record must be completed before pro-
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cessing the next observation data, constraining the efficiency advantages of the
distributed framework and causing computational resource waste.

To address these issues, this paper proposes an asynchronous non-blocking multi-
process execution mode that significantly improves efficiency and concurrent
processing capability. The non-blocking mode means that when newly added
celestial bodies at edges are updated to adjacent blocks, the adjacent blocks do
not halt their current batch processing to handle the new data. Instead, they
continue with batch identification calculations for the star catalog, with each
process operating independently in terms of processing progress, allowing each
to efficiently process subsequent data within the block sequentially. Identifica-
tion omissions caused by asynchronous progress among processes are addressed
through centralized appending after batch identification calculations conclude.
This non-blocking multi-process mode maximizes computational resource uti-
lization across nodes, achieving high-efficiency parallel processing.

This paper uses the earliest star catalog on the identification timeline as the
reference catalog. Each celestial body in subsequent observation records under-
goes pairwise spherical distance calculation with celestial bodies in the same
partition of the reference catalog. The calculation formula is:

d = arccos[sin ¢, sin ¢y + cos @, cos P, cos(a; — ay)]

where (o, ¢;) represents the coordinates of celestial body A and (ay, ¢5) rep-
resents the coordinates of celestial body B. When the angular distance between
two celestial bodies is very small, the angular distance formula can be approxi-
mated as:

V@1 —ag)cos o + (61 — 6277
where ¢ = (¢, + ¢)/2.

Given certain error radii, assuming the error radii of the two star catalogs are
r; and 7y, two celestial bodies can be identified as the same if they satisfy:

d <|rq| + |rol

Since different observation catalogs are matched with the reference catalog, only
the reference catalog requires edge replica redundancy storage, reducing replica
storage data volume. A small number of newly added celestial bodies during
identification are appended to the reference catalog, and if located at block
edges, require simultaneous updates to the reference catalogs across multiple
computing nodes.

Due to the designed non-blocking multi-process computation mode, each dis-
tributed process performs continuous processing exclusively on independent sky
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region data. When newly added celestial bodies at block edges are synchro-
nized across nodes, any identification omissions due to progress advancement
are compensated in later batches. This results in stronger system concurrency,
higher computational resource utilization, and greater suitability for time series
reconstruction of massive star catalogs.

The specific update flow diagram is shown in Figure 1 [Figure 1: see original
paper]. Since identification calculation tasks are executed asynchronously, the
progress of identification in the current block and adjacent blocks is not synchro-
nized. The solution to the specific update synchronization problem for newly
added celestial bodies is as follows:

Figure 1. Flowchart of cross-node update for edge celestial bodies in
the reference catalog

(1) Adjacent block identification progress is ahead. In this case, one
possibility must be considered: if edge celestial body X is a supernova, its
first appearance might occur in this adjacent block. Before updating X
to the adjacent block’ s reference catalog, it may already exist. As shown
in Figure 2 [Figure 2: see original paper|, a new celestial body X appears
in block A on day 15. Because X is at the edge between blocks A and B,
it is added to block A’ s reference catalog while being sent to the node
where block B resides. If X first appears in block B on day 10 and has
already been sent to A, then block A would not have new celestial body X
appearing on day 15. Due to transmission delays, X was not updated to
block A’ s reference catalog in time, leading to its rediscovery, while block
B already had celestial body X before day 15. Therefore, when block B’ s
node receives celestial body X, it only needs to perform identification with
newly added celestial body data in block B’ s reference catalog from day 11
to day 25: if identification succeeds, discard X because it was previously
discovered in B; if identification fails, add X to block B’ s reference catalog
and perform identification with all celestial bodies in block B from day 11
to day 25.

Figure 2. Schematic diagram of edge update when adjacent block
identification progress is ahead

(2) Adjacent block identification progress is behind. Edge celestial
bodies are added to adjacent blocks’ reference catalogs and identified with
subsequent celestial bodies based on observation time. If a subsequent
celestial body’ s observation time is earlier than that of the edge celestial
body, identification is not performed.

3 Comparison of Different Join Strategies Between Two
Tables

To calculate pairwise distances between celestial bodies under the same block
number and perform threshold judgment, two approaches are considered: one
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utilizes Join operations in databases, while the other directly employs Spark
HDFS file data and operator operations without using Join. This chapter details
the Join-based method; the Join-free method is described in Section 4.2.

To implement distance calculation and threshold filtering, non-equijoin is
adopted, with the join condition being that the spherical distance between a
record in the reference catalog and a record in the catalog to be identified is
less than the threshold, as specified in formulas (1)-(5). Successfully joined
results represent matched record pairs. To improve processing performance,
Hash Join is employed, mapping join field values to buckets in a hash table to
reduce reshuffle or reordering, demonstrating good adaptability for large-scale
data.

Considering that reference catalog data needs to be matched one-to-one with
other catalogs along the continuous time axis, the reference catalog is treated as
the small table while other catalogs along the continuous time axis are integrated
as the large table. To further enhance performance, two hash join strategies
suitable for small and large tables are experimentally compared: Shuffle Hash
Join (SHJ) and Broadcast Hash Join (BHJ).

SHJ implementation involves repartitioning both large and small tables accord-
ing to the join key using the HashPartitioner method, i.e., the Shuffle operation.
This aims to place data with the same key from both tables into the same
partition, then perform join operations on data within the same partition.

BHJ implementation broadcasts small table data to other nodes in Spark, then
independently executes join operations on each node, maximizing CPU resource
utilization for join operations. This join strategy sacrifices node space to some
extent to avoid time-consuming Shuffle operations, but broadcasting large tables
may impose significant pressure on driver nodes, as the cost of broadcasting large
tables is expensive.

This paper implements identification calculations between two tables based on
these two join strategies and conducts comparative studies. Experimental re-
sults are presented in Section 5.3, demonstrating that when computational re-
sources are sufficient, BHJ is more advantageous for identification calculations
using Join operations between two tables, while SHJ should be selected when
resources are insufficient.

Figure 3 [Figure 3: see original paper] illustrates the Join flow between two
tables. First, the textFile operator reads HDFS metadata to create RDDs
(Resilient Distributed Datasets) [13]. Then, the map operator and toDF function
convert RDDs to DataFrames. The two tables are joined based on the Healpix
index to return a new DataFrame. The withColumn function adds a new column
(angular distance between two celestial bodies), and the filter function selects
data where the angular distance is less than the threshold. Finally, qualified
data is output to HDFS (Hadoop Distributed File System) [14], completing the
time series reconstruction process for star catalog data.
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Figure 3. Flowchart of Join between two tables

4.1 Design Architecture of Massive Star Catalog Data Time
Series Reconstruction Method Based on Spark

This paper proposes a massive star catalog time series reconstruction method
under Spark’ s asynchronous non-blocking mode, with the overall framework
shown in Figure 4 [Figure 4: see original paper]. In the preprocessing stage,
raw star catalog data is effectively filtered to reduce storage and identification
costs and generate metadata files. HEALPix indices are then calculated, and
data is formatted. Notably, adjacent block indices for celestial bodies must also
be recorded to enable redundant storage of edge data from adjacent blocks in
the reference catalog. Finally, star catalog data is partitioned into different
HEALPix block files through Spark’ s custom partition function, awaiting sub-
sequent identification calculations. Next, preprocessed star catalogs undergo
distributed identification calculations. In the final stage, time series data for
celestial bodies is generated.

Figure 4. Overall framework of massive star catalog data time series
reconstruction method based on Spark

4.2 Join-Free Identification Calculation Method

Chapter 3 introduced the method of integrating distance calculation and thresh-
old filtering into database join operations. While simple to program and im-
plement, frequent Join operations still impact efficiency. To further optimize
efficiency, a Join-free method is considered here, which directly applies distance
calculation formulas and threshold filtering to HDF'S data files. Data from differ-
ent HEALPix partitions execute identification calculation tasks in parallel, with
the reference catalog requiring frequent read/write operations stored in mem-
ory. Star catalogs along the continuous time axis are sequentially matched with
celestial bodies in the reference catalog. The identification calculation flow is
shown in Figure 5 [Figure 5: see original paper]. This method will be compared
with the Join-based method and previous excellent methods.

(1) After reading star catalog data from HDFS, the reference star table for
the current partition is created.

(2) If there are celestial bodies to be identified in the current partition and
edge celestial bodies for the current partition exist in the Redis database,
edge celestial bodies are updated to the reference star table according to
the solution for reference star table update synchronization problems.

(3) If no edge celestial bodies for the current partition exist in the Redis
database or updates are completed, the next time period’ s star table
is matched with the reference star table: if matching fails, the celestial
body is considered new and added to the reference star table; if matching
succeeds, data for both celestial bodies is recorded.
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(4) If a new celestial body is an edge body, indicating potential edge source
leakage in adjacent partitions, it is first added to Redis data. Through step
(2), this edge celestial body will be added to adjacent partitions’ reference
star tables. Redundant storage of edge celestial bodies in reference star
tables prevents edge source leakage.

(5) Repeat step (2) until identification for all time period star tables in the
current partition is completed.

Figure 5. Flowchart of time series reconstruction calculation based
on Spark

5.2 Star Catalog Preprocessing Performance Evaluation

To analyze preprocessing performance of star catalog files, Figure 6 [Figure 6:
see original paper] shows file sizes before and after preprocessing and prepro-
cessing time for different datasets. Preprocessed star catalog files for AST3-1
datasets are approximately 28% of original files, while AST3-II datasets are
about 83%. Preprocessing time is within acceptable ranges. The processed file
sizes demonstrate that preprocessing raw star catalog data can significantly re-
duce data storage volume, save storage time, and avoid unnecessary cross-node
data transmission time, thereby improving time series reconstruction efficiency.

Figure 6. Preprocessing performance (HEALPix level = 10)

5.3 Comparison of Different Join Algorithms Between Two
Tables

To verify the performance of BHJ and SHJ algorithms for identification calcula-
tions between two tables, experiments were conducted using the Tess4 dataset
across different nodes and data volumes.

Figure 7a [Figure 7: see original paper] shows that with fixed star catalog data
volume, identification calculation time using BHJ is less than SHJ across differ-
ent node counts. With 16 computing nodes, BHJ reduces identification calcula-
tion time by 56.6% compared to SHJ. Figure 7b shows that with 32 computing
nodes, BHJ also outperforms SHJ across different star catalog data volumes
because SHJ s Shuffle operation is time-consuming, causing star catalog data
transmission across different nodes. Notably, when computational node mem-
ory is configured at 1 GB and two-table data sizes reach 150 MB and 600 MB
respectively, BHJ encounters insufficient memory, causing identification calcu-
lation failure. Therefore, BHJ is advantageous when computational resources
are sufficient, while SHJ should be selected when resources are insufficient.

Note: (a) Comparison of two-table Join across different computing node counts;
(b) Comparison of two-table Join across different data volumes.

Figure 7. Comparison of two-table Join
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5.4.1 Performance of Join-Free Identification Method at
Different HEALPix Levels

Different HEALPix levels produce different star catalog partitioning granulari-
ties. Higher levels yield finer granularity (more blocks), increasing edge data and
requiring additional time to process edge data and update cross-node edge data.
Lower levels increase the number of celestial bodies per partition, raising com-
putational load. For homologous star catalogs, target sky regions typically have
non-uniform celestial body distributions. In this paper’ s star catalog partition-
ing, some partitions contain only a few celestial bodies, causing nodes with small
counts to remain idle most of the time, wasting computational resources and
failing to fully exploit distributed computing performance. Therefore, HEALPix
level selection significantly impacts time series reconstruction performance, re-
quiring optimal level selection to reduce computational complexity.

To select an appropriate HEALPix level, experiments were conducted using 64
computing nodes to perform time series reconstruction on multiple datasets with
similar data volumes at different HEALPix levels. As shown in Figure 8 [Figure
8: see original paper], for all datasets in the experiments, computation time is
minimized at HEALPix level 10, increasing when level decreases to 8 or 9 or
increases to 11 or 12. Since HEALPix is a quadtree structure, each level increase
multiplies the number of star catalog blocks by approximately 4, increasing
identification calculation task counts. Excessive tasks increase task startup and
switching overhead, degrading performance. Each level decrease reduces block
count to 1/4 but increases data per partition by about 4 times, reducing task
count and failing to fully exploit cluster parallel computing capabilities, slowing
execution and potentially causing out-of-memory exceptions. For this paper’
s experimental environment, HEALPix level 10 is optimal, and all subsequent
experiments use level 10. This value may differ in different test environments.

Figure 8. Join-free identification calculation time at different
HEALPix levels

5.4.2 Performance Evaluation of Join-Free Method with
Different Nodes

To meet efficiency and accuracy requirements in time series reconstruction, this
paper proposes a Join-free identification method under Spark’ s asynchronous
non-blocking mode, which breaks through traditional Join algorithms to further
improve time series reconstruction efficiency.

Figure 9 [Figure 9: see original paper] shows that identification calculation
time for each dataset decreases as computing node count increases. With fixed
computing node count, identification calculation time increases with dataset
file size (except for Tess5-13). Although Tess5-13" s total file size is similar to
HD117688, its identification calculation time is about 56% longer due to more
edge data requiring additional processing time.
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Figure 9. Join-free identification calculation time at different
HEALPix levels

5.4.3 Comprehensive Performance Evaluation of Join-Free
Identification Method

To verify the overall performance of the Join-free method, experiments were
conducted using the AST3-I dataset across different computing node counts with
a dataset size of 100 GB. As shown in Figure 10 [Figure 10: see original paper],
identification calculation time decreases as node count increases, requiring only
6.18 minutes with 64 computing nodes.

Figure 10. Comprehensive experimental performance across different
node counts

Figure 11 [Figure 11: see original paper| shows the speedup ratio across different
computing node counts. Acceleration becomes apparent as node count increases,
partly due to excellent performance in reference star table replica strategy and
reduced cross-node data transmission. As computing nodes increase, identifica-
tion calculation time decreases, showing essentially linear growth trend.

Figure 11. Speedup ratio variation with computing node count

5.4.4 Comparison with Previous Work

Currently, time series reconstruction across continuous multiple star catalogs
remains relatively rare. The work by Yu et al. [7] is most similar to this pa-
per. They implemented parallel computation through MPI programming in
an experimental environment with Ubuntu OS, Intel i7-4790 CPU (8 cores @
3.6 GHz), and 16 GB memory. This paper compares results using the same
dataset with their 6-process experiments. Although Yu et al.” s method offers
a visualization interface with usability advantages, this paper’ s method sur-
passes their performance using only 5 computing nodes. As shown in Figure
12 [Figure 12: see original paper|, when computing node count continues to
increase, this paper’ s method achieves sustained performance improvements.
With 64 nodes, identification calculation times for HD88500, HD117688, and
HD136488 datasets are 30%, 18%, and 19% of Yu et al.” s method, respectively,
representing substantial performance improvements. Moreover, as node count
increases in the distributed environment, this paper’ s method achieves near-
linear speedup because it only replicates the reference star table, processing
other catalogs in blocks according to HEALPix levels. The primary paralleliza-
tion is data-parallel, with independent computation tasks across nodes and asyn-
chronous multi-node synchronous updates and appended identification for newly
added celestial bodies, resulting in minimal cross-node data transmission during
identification and near-linear acceleration with increasing nodes. In summary,
this paper’ s large-scale distributed architecture based on Spark and excellent
speedup provide good scalability and adaptability for time series reconstruction
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tasks from increasingly large time-domain telescopes like GWAC. Additionally,
this time series reconstruction method requires only one indexing approach, ef-
fectively saving data storage space. In terms of computational accuracy, this
paper’ s theoretical source leakage rate is 0, while Yu et al.” s hybrid HTM and
HEALPix indexing method has a source leakage rate of approximately 4.5%.
The introduction of new parallel frameworks and algorithmic design plays a
decisive role in performance improvement.

Figure 12. Comparison with previous method

5.4.5 Comparison of Different Identification Methods

To compare the performance of Join-free identification with the two Join al-
gorithms, experiments were conducted using the HD88500 dataset on 64 com-
puting nodes. Table 3 shows that the Join-free method is significantly more
efficient than traditional Join-based identification methods. Join-based meth-
ods suffer from cross-node data transmission and data skew issues, while the
Join-free method avoids substantial cross-node data transmission through pre-
processing, greatly reducing identification calculation time and improving effi-
ciency for faster results.

Table 3. Comparison of different identification methods

6 Conclusion

This paper addresses challenges in time series reconstruction of massive astro-
nomical star catalog data, combining latest theoretical methods for star catalog
indexing, algorithm design, and data updates to solve efficiency and accuracy
problems, providing data support for subsequent research. The paper first pro-
poses a time series reconstruction method under asynchronous non-blocking
mode, introducing a reference star table replica strategy that reduces data trans-
mission while ensuring accuracy. For cross-node data update and synchroniza-
tion issues in distributed environments, corresponding solutions are provided
for different scenarios. Additionally, theoretical and experimental comparisons
of Broadcast Hash Join and Shuffle Hash Join algorithms between two tables
are presented, with applicable scenarios identified for each. Finally, a Join-free
time series reconstruction method based on the Spark distributed framework is
proposed, achieving more efficient time series reconstruction for massive astro-
nomical star catalogs. Experiments demonstrate that the designed time series re-
construction algorithm is efficient, feasible, and practically valuable, promoting
development in time-domain astronomy. The large-scale distributed computing
architecture based on Spark and near-linear speedup make this method appli-
cable to time series reconstruction tasks for larger-scale time-domain telescopes
like GWAC.
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