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Abstract. We present adaptive coarsening, a multi-resolution lossy com-
pression algorithm for scientific datasets. The algorithm provides guar-
anteed error bounds according to the user’s requirements for subsequent
post-processing. We demonstrate compression factors of up to an order
of magnitude with datasets coming from solutions to time-dependent
partial differential equations in one and two dimensions.

1 Introduction

A current challenge in large scale computing is how to compress, without los-
ing valuable information, the prodigious output of simulations of ever increasing
fidelity. Compression is traditionally applied to data visualization [11, 5, 9, 6].
However, analysis and post-processing of scientific data often entails taking spa-
tial derivatives, and the required tolerances usually exceed that of visualization
itself. Not surprisingly, users are reluctant to compress data in the spatial do-
main. Instead, they often compress by sub-sampling in the time domain. While
such sub-sampling introduces aliasing errors, users seem less concerned about
the artifacts introduced in the temporal domain than in the spatial domain. An
alternative is to use lossless compression [8, 4]. But owing to the presence of
noise in floating point data, compression is modest—often far less than a factor
of two.

We present a lossy compression strategy called adaptive coarsening which
coarsens data selectively and locally according to how the user intends to sub-
sequently process the data. Our algorithm produces a compact representation
providing guaranteed error bounds for the designated post-processing opera-
tions. An adaptively coarsened dataset includes geometric meta data describing
the structure of the multi-resolution mesh. This information may be used to
optimize subsequent data access and analysis.

We discuss preliminary results with two data sets coming from solutions to
one and two dimensional partial differential equations. Using Adaptive Coarsen-
ing, we obtained compression factors of up to 11 and 15, respectively. Like wavelet
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compression [9], adaptive coarsening is a multi-resolution technique; however, it
does not represent data progressively.

This paper makes two contributions: (1) it offers an adaptive sub-sampling
procedure for scientific data represented as uniform arrays, and (2) a framework
that takes into account the context in which the data is subsequently post-
processed.

2 Adaptive Coarsening

Consider the numerical solution to a time-dependent partial differential equation
in one dimension shown in Fig.1, which has been computed on a uniform mesh
using a finite difference method. Owing to the irregularity of the solution, some
portions of the mesh may be stored at a lower resolution than others without
significant loss of accuracy. As a result we may approximate the uniform mesh
with a mesh with variable spacing as shown in Fig.2.

Adaptive coarsening works by coarsening a mesh, re-constructing the result
back to the original mesh’s index domain, and coalescing (coarsening) those
points where the re-constructed data approximates the original data with suf-
ficient accuracy. This process is carried out recursively on the newly generated
coarse mesh(es) until it is no longer possible to coarsen the data: either further
coarsening would violate a specified error bound, or the resultant new coarse
meshes fall below some minimal size threshold. As previously mentioned, the
notion of “sufficient accuracy” is measured with respect to the designated post-
processing operations. For example, if we are interested in accurately reconstruct-
ing second derivatives from compressed data, then we measure the accuracy in
terms of the second derivative of the input, rather than the input itself.

Adaptive coarsening employs the following error estimation procedure to de-
termine which points may be safely stored at a lower resolution. Let Gh be a
set of points defined uniformly over a discrete index space, which is a set of
contiguous integers in one dimension. (In general we have a regularly spaced set
of points in d dimensions.) Let u(Gh) or, by an abuse of notation, uh, represent
the data on Gh. Define the sub-sampling operator R : uh → u2h which maps
values from a mesh defined on Gh onto a coarsened index domain G2h, which,
in one dimension, has half as many points.3 Define the up-sampling operator
P : u2h → uh, that maps values from a coarse index domain G2h onto the
refined domain Gh.

As previously mentioned, compression will be carried out in the context of
post-processing. Let Φ be the post-processing operator. We compress the data,
post-process it, and then re-construct the original by up-sampling, i.e. interpo-
lation. That is, we compute P ◦Φ◦R (uh). Noting that P ◦R is not the identity
operator, we define the error operator E = Φ−P◦Φ◦R. Now, for a given relative
error threshold ε << 1, we may coarsen the mesh without a significant loss of
accuracy where |E(uh)/Φ(uh)| < ε, and | · | is the absolute value taken point-

3 The coarsening factor may be greater than two.
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Fig. 1. The solution to a time dependent partial differential equation.
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Fig. 2. An adaptively coarsened mesh.

wise4. We carry out this procedure recursively on the newly coarsened portions
of the mesh until it is no longer possible to coarsen the data.

The adaptive coarsening algorithm appears as pseudo code in Fig. 3. The
algorithm proceeds one level at a time (line 2), starting from the initial (finest)
level 0. Line (5) estimates the error and coarsens the mesh accordingly, gener-
ating a list of intervals (rectangles in 2D, etc.). Since there may be more than
one subdomain at the parent’s level, we augment the existing coarse grids at the
current level with a union ∪ operation (6). We also remove from the previous
finer level any points that have been coarsened, since each point may appear in
at most one level.5 We perform this operation using set difference (7).

Adaptive coarsening requires rules for coarsening and refining the data, that
is, the operations P and R. These rules may be defined by the user, in particular,
to customize them to the data and the postprocessing operator Φ. At present
we use simple sub-sampling for R, that is, selecting every Cth point, where C is
the sub-sampling rate. Our up-sampling operator P currently uses a piecewise
cubic Hermite interpolating polynomial6.

3 Results

We present results for 1D and 2D datasets obtained by solving time-dependent
partial differential equations.

1D dataset. We solved a variant of the Burger’s equation on a mesh with
16,385 points over a series of 163,840 timesteps. The dataset consists of 81 snap-
shots spaced at equal intervals in time, including the initial data. We take the
second derivative as the post-processing operation.

We applied adaptive coarsening to the 81 snapshots, using relative error
thresholds of 10−3 and 10−4. We obtained compression factors of 11.4 and 3.86,
respectively.

4 Clearly the significance of “loss of accuracy” depends on the choice of an appropriate
definition of ε.

5 By comparison, progressive methods would represent values at all levels, up to the
coarsest one.

6 Matlab pchip, www.mathworks.com/access/helpdesk/help/techdoc/ref/pchip.html
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1. let level[0] = uh

2. for i := 1 to maxLev
3. let hi := discretization at level i
4. foreach subdomain uhi−1

j ∈ level[i-1]

5. where E(uhi−1

j ) < ε, create a new coarse domain uhi

6. level[i] := level[i] ∪ uhi

7. level[i-1] := level[i-1] \Puhi

8. end foreach
9. end for

Fig. 3. The adaptive coarsening algorithm. The operations \ and ∪ are set union and
set difference operations.

If we do not take into account the context of post-postprocessing, i.e., we
set Φ to the identity operation, compression increases significantly: in our case
to 53.8 and 19.6, respectively. Thus, we reduce compression effectiveness when
we take into account how the data will be subsequently analyzed. However, this
tradeoff is essential: it gives us the assurance that we will incur only modest, i.e.
acceptable, errors when we take second derivatives of the compressed data.

In order to compensate for the decreased spatial sampling rate in coarsened
data, we computed the 2nd derivative post processing operation using a higher
order (4th order) 5-point centered-difference formula. Compared with the 3-point
2nd order formula, the higher order formula boosts compression by about 20%
[10]. The added cost of this higher order stencil is modest. While the number
of floating point operations increases, the number of memory accesses stays the
same, and these largely determine the cost of taking spatial derivatives. More-
over, the cost of the I/O dominates the cost of CPU processing,

Adaptive coarsening is similar to adaptive sub-sampling employed in High
Definition TV signal processing [1], which splits the index domain into fixed
size pieces and sub-samples each piece separately. This strategy results in a
more regular structure, and lower software bookkeeping overheads, than adaptive
coarsening. Owing to additional constraints on the sub-sampling process, we
expect that adaptive sub-sampling will yield a lower compression factor than
adaptive coarsening. Indeed, the simplicity of adaptive sub-sampling comes at a
cost. Compared with adaptive coarsening, compression drops to 7.56 and 3.33,
respectively. At a threshold of 10−3, adaptive coarsening is about 40% more
effective than adaptive sub-sampling. The added flexibility offered by adaptive
coarsening fits the sub-sampling pattern more tightly to the measured error in
the data, leading to a higher degree of compression.

2D data set. The 2D data set was obtained by solving the Navier Stokes
equations.7 There were 51 snapshots, each comprising an array of 1020 × 1020
floating point numbers. These data carry a differentiated quantity (vorticity),
and hence have already been post-processed. We have preliminary results for

7 http://www.math.ucla.edu/∼anderson/270e.1.04f/Assignment8/Assign8.html.
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just one threshold: 10−3. We applied adaptive sub-sampling in two dimensions,
obtaining a compression factor of 14.9.

We then selected the parts of the mesh that could not be compressed at all,
unraveling them in row major order into 1D arrays and applying 1D adaptive
coarsening to the result. Because the data are smoother in the X direction than
the Y, this optimization increased compression by about 10% to 16.4. However,
knowing which direction to compress along requires some user intervention. We
are currently extending adaptive coarsening to multiple dimensions, and pursu-
ing automated strategies for anisotropic compression.

4 Conclusions and Future Work

We have demonstrated a multi-resolution compression technique called adaptive
coarsening. Our approach is based on the philosophy that technological factors
present an opportunity to employ plentiful processing cycles to reduce the space
required to store massive data sets. We have been able to achieve an order of
magnitude in compression for uniform mesh data sets. The effect is to signifi-
cantly reducing the time to transfer data from off-line storage, and to process the
data in subsequent analysis. Moreover, this level of compression was obtained
while retaining engineering precision. Compression drops rapidly as the number
of digits increases. To this end we are investigating more sophisticated sampling
and interpolation procedures. Our ultimate target is three dimensional data, and
work is currently in progress.

Although Adaptive Coarsening was applied to data arranged on a regular
array of points, the technique is applicable to irregular data sets, e.g. arising
in finite element methods, so long as there exist appropriate sub-sampling and
up-sampling procedures [7].

Adaptive coarsening parallelizes readily. Sub-sampling and up-sampling op-
erations require nearest neighbor communication only. Some collective commu-
nication is required to ensure that the irregular mesh structure makes balanced
use of parallel I/O, but the cost is modest compared with that of the I/O.

Multiresolution compression techniques have been employed for several years
in computer graphics, signal processing, and efficient mesh generation [11, 5, 9,
6, 9]. A complete list of references is too lengthly to include here. Hierarchical
triangulations have been applied to the visualization of geophysical data [6].
Adaptive coarsening is similar in spirit to this technique, though the goal is to
conserve space rather than bandwidth. By conserving space, adaptive coarsening
also conserves bandwidth.

Our approach permits the direct manipulation of the compressed data sets;
that is, without the need to reconstruct the original data. This capability is de-
sirable because it enables data analysis to proceed within the reduced footprint
of the compressed data and promotes the reuse of existing analysis code bases,
simplifying post-processing application development. A framework may be con-
structed to apply the analysis code to each mesh component. This frees the user
from having to manage the details. In general, the user needs to provide ap-
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plication dependent coarsening and refinement modules along with appropriate
metrics for estimating the error. While such operations are often application-
dependent, strategies based on Richardsonian extrapolation, for example, are
robust in Structured Adaptive Mesh Refinement [3, 2]. Thus, there is hope that
they may prove equally useful in adaptive coarsening. These issues await further
study.
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