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Abstract—Data compression is a powerful solution for address-
ing big data challenges in database and data management. In sci-
entific data compression for vector fields, preserving topological
information is essential for accurate analysis and visualization.
The topological skeleton, a fundamental component of vector
field topology, consists of critical points and their connectivity
(i.e., separatrices). While previous work has focused on preserv-
ing critical points in error-controlled lossy compression, little
attention has been given to preserving separatrices, which are
equally important. In this work, we introduce TspSZ, an efficient
error-bounded lossy compression framework designed to preserve
both critical points and separatrices. Our key contributions
are threefold. First, we propose TspSZ, a topological-skeleton-
preserving lossy compression framework that integrates two
algorithms, enabling existing critical-point-preserving compres-
sors to also retain separatrices, significantly enhancing their
topology preservation capabilities. Second, we optimize TspSZ
for efficiency through tailored improvements and parallelization.
Specifically, we introduce a new error control mechanism to
achieve high compression ratios and implement a shared-memory
parallelization strategy to boost compression throughput. Third,
we evaluate TspSZ against state-of-the-art lossy and lossless
compressors using four real-world scientific datasets. Experi-
mental results show that TspSZ achieves compression ratios of
up to 7.7× while effectively preserving the topological skeleton,
ensuring efficient storage and transmission of scientific data
without compromising topological integrity.

Index Terms—Scientific data management, high-performance
computing, lossy compression, vector field topology

I. INTRODUCTION

With the recent advancement in high-performance com-
puting, scientific applications are generating extremely large
volumes of data that require remote access and long-term
storage. This poses grand challenges because of the limited
data transfer bandwidth and/or retrieval rate from the storage
systems, which significantly hinders the speed of scientific
discoveries in a wide range of applications.

Compression is regarded as one of the most promising ways
to address such big data problems and has been extensively
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used in the field of database and data management, including
the design of databases [1]–[5], acceleration of queries [6],
[7] and speedup for analytics [8], [9]. However, generic
lossless compression techniques [10]–[12] only have modest
compression ratios on scientific data, necessitating the need
for effective lossy compression. Meanwhile, traditional lossy
compression techniques for image compression [13], [14] can-
not provide a quantifiable error bound and thus fail to preserve
the integrity of scientific data. As such, error-controlled lossy
compressors [15]–[22] have been proposed to produce decent
compression ratios while enforcing user-specified constraints.

Most existing error-controlled lossy compressors, including
SZ [17], ZFP [19], and MGARD [20], enable error con-
trol in terms of point-wise error bounds or mean-squared
errors. While providing error control is important, it may
still alter critical features essential for scientific discoveries.
For example, previous studies [23] have shown that directly
applying off-the-shelf error-controlled compressors can distort
the detection of blobs—key structures used to analyze the
separatrix of high-energy particles in fusion energy science.

Topological data analysis offers powerful tools for extract-
ing topological features from scientific data across various do-
mains, including turbulent combustion [24], cosmology [25],
climatology [26], and computational physics [27]. In vector
field data, the topological skeleton is a key topological feature
that provides a concise representation of flow behavior. It
consists of critical points and separatrices, which connect
specific pairs of critical points. In fluid dynamics, the topo-
logical skeleton is utilized to examine vortex structure and
boundary layer behavior [28], [29]. In medical imaging, it
assists in analyzing blood and airflow patterns [30]–[32]. And
in climate studies, it helps characterize the internal structure
of atmospheric rivers [33].

Many of these scientific applications produce vast amounts
of data, straining storage and transmission systems. For in-
stance, Phase 6 of the Coupled Model Intercomparison Project
(CMIP) in climate simulation generates 28 PB of data [34],
posing significant challenges for archiving and data transfer.



While several error-controlled lossy compressors have been
proposed to reduce data size while preserving critical points
(e.g. [35], [36]), none have focused on preserving the topo-
logical skeleton during compression.

Preserving the entire topological skeleton of the target vec-
tor field during lossy compression is nontrivial. First, preserv-
ing critical points is the first step in preserving the topology,
which is a challenging problem by itself. Second, separatrices
are constructed from numerical integration, where minor errors
could accumulate to make a huge difference. For the same
reason, it is hard to derive a theoretical bound to enable preser-
vation. Third, the extraction of separatrices is computationally
expensive and thus requires careful parallelization. These gaps
motivate us to develop a high-performance compression frame-
work that preserves the topological skeleton while efficiently
reducing the data size.

In this work, we propose Topological-Skeleton-Preserving-
SZ (TspSZ), a novel error-controlled lossy compression frame-
work that encapsulates two methods to preserve the topological
skeleton for scientific data. Building upon the recently de-
veloped critical-point-preserving lossy compressor cpSZ [35],
TspSZ features the preservation of the entire topological skele-
ton, which comprises both critical points and the separatrices,
during lossy compression. This is fundamentally different from
cpSZ, which only preserves critical points and overlooks the
preservation of separatrices. We further optimize the TspSZ
to achieve high compression ratios with decent compression
performance, and evaluate it on four real-world scientific
datasets. In summary, our contributions are as follows.
� We design and develop TspSZ, an error-controlled lossy

compression framework capable of preserving the full
vector field topology with a two-phase workflow. By
enhancing cpSZ with a lossless encoding of cells with
present critical points in the first phase, TspSZ preserves
all critical points with exact positions and eigenvectors;
it then encapsulates two methods in the second phase
for the reservation of separatrices: an intuitive method
with bounded execution time and an iterative method that
trades off performance for high compression ratios.

� We analyze the error accumulation in the computation
of separatrices and identify the potential low-data-quality
problem in TspSZ due to the use of point-wise relative
error bound in cpSZ. We then replace it with point-
wise absolute error bound through rigorous derivation to
significantly improve the quality of the reconstructed data
and thus reduce the number of wrong separatrices in the
second phase of TspSZ.

� We optimize TspSZ through careful implementation
along with tailored parallelization in a shared-memory
environment. In particular, we parallelize both the critical-
point-preserving compression in cpSZ and the newly
proposed methods for preserving separatrice to ensure the
entire workflow is highly scalable.

� We evaluate TspSZ and compare it with cpSZ, a derived
variant of cpSZ [36], and lossless compressors using four
real-world datasets. Experimental results demonstrate that

TspSZ faithfully preserves the topology of vector fields
while delivering up to 7:7� compression ratios, which
is significantly better than existing lossless compressors.
In addition, TspSZ demonstrates high scalability with
hundreds of threads in a shared-memory environment,
leading to very high performance for decompression with
acceptable performance for compression.

The remaining sections of the paper are organized as
follows. Section II discusses related works. Section III reviews
the background on vector fields and topological skeleton.
Section IV formulates the research problem and provides
an overview. In Section V, we introduce the methods for
preserving separatrices in TspSZ. In Section VI, we present the
analysis of error accumulation in the computation of separa-
trices, followed by our optimization strategy to replace point-
wise relative error control with absolute error control in cpSZ.
In Section VII, we demonstrate our parallelization strategies
to achieve high efficiency and scalability. In Section VIII, we
present and analyze the experimental results. In Section IX,
we conclude our work with a vision for future work.

II. RELATED WORKS

In this section, we review the literature on scientific data
compression and topology-preserving compression.

A. Error-controlled lossy compression for scientific data

As scientific computing scales in size and complexity, the
volume of generated data increases correspondingly, neces-
sitating the need for efficient data compression methods to
support data storage and transmission. Lossless compression
techniques, such as GZIP [10], ZSTD [11], and BLOSC [12],
suffer from limited compression ratios (often less than two
according to existing studies [37], [38]). As such, lossy
compression methods capable of providing much higher com-
pression ratios are increasingly considered a viable alternative
to address the growing data challenge.

Nevertheless, traditional lossy compression methods, such
as JPEG [13] and JPEG2000 [14] from the image processing
domain, generally fail to provide a quantifiable bound on
the reconstruction error. This failure severely limits their
use in scientific applications that require error guarantees to
ensure the accuracy of downstream data analytics. As a result,
researchers have been focusing on developing error-controlled
lossy compression techniques to ensure that compressed data
remains analytically valid for scientific purposes.

Error-controlled lossy compression methods are broadly
categorized as prediction-based [15]–[18] and transform-based
approaches [19]–[21]. SZ [15] is a typical prediction-based
compressor comprising three major components in the com-
pression pipeline: prediction, quantization, and lossless encod-
ing. The input data is first decorrelated by various prediction
algorithms and then quantized to integers with guaranteed
error control and reduced entropy. These integers are then fed
into lossless encoders such as Huffman [39] and ZSTD [11]
for actual size reduction. ZFP [19] is a typical transform-based
compressor that compresses data in a block-wise fashion.



The input data is divided into individual blocks and operated
independently. Inside each block, the data is aligned to the
same exponent and converted to fix-point representation, and
then a near-orthogonal transform is performed to decorrelate
the data. To this end, embedded encoding is applied to the
transformed data to reduce the size with error control.

B. Topology-preserving lossy compression

Given the critical role of topological features in scientific
data, certain research efforts concentrate on how to effectively
preserve these features within lossy compression frameworks.
Topological structures often represent essential data charac-
teristics, such as flow structures or segmented regions, that
are crucial for scientific interpretation and analysis. Several
approaches have been proposed to address this need in scalar
fields. For example, MSz [40] is a specialized compression
algorithm that preserves piecewise linear Morse-Smale seg-
mentations, making it suitable for applications requiring the
retention of gradient and segmentation information within
scalar fields. Soler et al. [41] developed a topology-controlled
compression method that preserves the persistence diagram
by adaptively quantizing data based on a specified persistence
simplification threshold. Yan et al. [42] proposed TopoSZ,
which enhanced the SZ 1.4 compression algorithm by incor-
porating topological constraints derived from segmentations
guided by contour trees. Despite the usefulness of these
methods in preserving scalar field topology, they cannot be
directly generalized to vector fields.

Vector field compression has also been studied for a long
time. Lodha et al. [43] presented a method to compress
2D vector fields via iterative clustering, but the underlying
algorithm is difficult to generalize to 3D cases. Dey et al. [44]
applied a Delaunay simplification to vector fields, but it did
not provide explicit preservation of the topological features.
Theisel et al. [45] also leveraged edge collapse algorithms for
guaranteed topology preservation, but this method is very time-
consuming and enforces no point-wise error control. Recently,
variations of error-controlled lossy compressors [35], [36] have
been proposed to preserve critical points in vector fields while
enabling point-wise error control. This includes guaranteed
preservation of critical points extracted from both numer-
ical methods [35] and sign-of-determinant predicates [36].
Nonetheless, both these methods overlook the preservation of
separatrices, which is at least of equal importance to critical
points in vector field topology.

Although built upon cpSZ [35], the proposed Tsp-SZ is
significantly different from cpSZ in three aspects. First, Tsp-
SZ enhances cpSZ by providing two algorithms to preserve
separatrices during lossy compression, which enables the
preservation of the topological skeleton, which is essential for
scientific applications. Second, Tsp-SZ replaces the point-wise
relative error control in cpSZ with absolute error control to im-
prove the quality of decompressed data, which in turn reduces
the number of wrong separatrices after enabling critical point
preservation. Third, Tsp-SZ features a careful parallelization
on shared-memory systems, delivering decent compression

TABLE I
NOTATIONS

Symbol Meaning
nv Number of vertices/data points.
nc Number of cells.

u;v Components of the vector fields.
u0;v0 Decompressed forms of u;v.
ui; vi One element in the corresponding component.
�k Barycentric coordinates of critical points.
h Step size used in RK4.
s Position of a critical point.

ratios with high performance and scalability. Note that the
algorithms in Tsp-SZ can also be applied to cpSZ-sos [36] to
preserve the topological skeleton computed from critical points
extracted by the simulation of simplicity [46]. However, this
may create discrepancies in the visualization because these
critical points may not align with the numerically extracted
ones and the numerically integrated separatrices. As such, we
implement Tsp-SZ upon cpSZ instead of cpSZ-sos.

III. BACKGROUND

In this section, we review the background on vector field
topology and critical-point-preserving lossy compression. The
commonly used notations in the paper are described in Table I.

A. Vector field and streamlines

Vector fields are functions of a space whose value at each
point is a vector quantity. They are usually used to represent
velocity-related variables in scientific applications, such as
wind speed in climatology, current speed in oceanology, and
magnetic field directions in physics. A 2D vector field is
usually defined as V = (u;v), where (ui; vi) represents the
vector quantity at the i-th vertex.

One normal operation in a vector field is streamline tracing,
which computes the separatrix of a particle when it is placed
in the flow using numerical integration. The most widely used
method to perform such integration is the Runge–Kutta method
(RK4) [47], [48], which computes the discrete points along the
separatrix using the formula below:
k1 = f(tn; yn); k2 = f

�
tn + h

2 ; yn + h
2k1

�
;

k3 = f
�
tn + h

2 ; yn + h
2k2

�
; k4 = f(tn + h; yn + hk3);

yn+1 = yn + h
6 (k1 + 2k2 + 2k3 + k4)

(1)
where ki represents the intermediate slopes calculated at

different points in the interval [tn; tn+1]. Specifically, k1 is
the slope at the beginning of the interval; k2 is the slope at
the midpoint, estimated using k1; k3 is another midpoint slope,
this time using k2; and k4 is the slope at the end of the interval,
calculated using k3.

The RK4 method has a local truncation error of order O(h5)
at each integration step, where h is the step size. After t
steps, the global truncation error for a fixed time interval [0; T ]
becomes � O(h4).

B. Topological skeleton

The topological skeleton gives a compact description of the
global flow behavior in a vector field by separating the flow
into areas of different behaviors. It mainly comprises critical
points and their connections, a.k.a separatrices. We introduce




